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Sepsis-associated acute respiratory distress syndrome (ARDS) is a heterogeneous disease with high 
morbidity and mortality. Lactylation plays a crucial role in sepsis and sepsis-induced lung injury. This 
study aimed to identify distinct lactylation-based phenotypes in patients with sepsis-associated ARDS 
and determine relevant molecular biomarkers. We analyzed blood transcriptome and clinical data 
from patients with sepsis-associated ARDS and calculated the lactylation activity. KEGG pathway 
analysis, drug sensitivity prediction, and immune cell infiltration analysis were performed. Candidate 
molecular biomarkers were identified by intersecting the feature genes extracted from four machine 
learning models. Lactylation activity showed significant heterogeneity among patients with sepsis-
associated ARDS, which enabled the classification into low- and high-lactylation activity phenotypes. 
Patients with high-lactylation experienced longer hospital stays and higher mortality rates, as well as 
distinct signaling pathways, drug responses, and circulating immune cell abundances. Six key markers 
(ALDOB, CCT5, EP300, PFKP, PPIA, and SIRT1) were identified to differentiate the two lactylation 
activity phenotypes, all significantly correlated with circulating immune cell populations. This study 
revealed significant heterogeneity in lactylation activity phenotypes among patients with sepsis-
associated ARDS and identified potential biomarkers to facilitate the application of these phenotypes 
in clinical practice.
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Sepsis is a critical condition resulting from a systemic inflammatory response to infection and is characterized 
by multiorgan dysfunction and high mortality rates1,2. Acute respiratory distress syndrome (ARDS) is a serious 
complication that occurs when inflammation leads to increased vascular permeability and impaired gas 
exchange in the lungs3,4. A large prospective cohort study showed that sepsis was the underlying cause of ARDS 
in approximately 75% of patients5. The mortality rate among patients with sepsis-associated ARDS is notably 
higher than that associated with other causes of ARDS, reaching approximately 30–40%5,6. ARDS and sepsis 
have long been considered highly heterogeneous, with many clinical, physiological, and biological phenotypes. 
The failure of clinical trials of pharmacological treatments is partly due to such heterogeneity7–10. Two molecular 
phenotypes of ARDS (hyperinflammation and hypoinflammation) have been proposed, each associated with 
distinct clinical outcomes and varying responses to specific therapies10,11. Although recent advances have been 
made, there remains a significant need to identify novel homogeneous molecular phenotypes and biomarkers 
that can enhance disease stratification and improve diagnostics and personalized treatment approaches for 
patients with sepsis-associated ARDS.

Lactate, traditionally viewed as a metabolic by-product, is now recognized as a key player in the inflammatory 
response and a predictive biomarker for sepsis12. Numerous studies have demonstrated that elevated serum 
lactate levels serve as biomarkers for sepsis, with higher lactate levels correlating with higher mortality 
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rates13,14. Another function of lactate known as lysine lactylation has also been identified15. Lactylation is a 
posttranslational modification similar to acetylation that occurs when lactate attaches to lysine residues on 
proteins, catalyzed by two types of enzymes (lactylase and delactylase), thereby regulating gene transcription, 
metabolism, and inflammation, and participating in various pathological and physiological processes, including 
cancer development, macrophage polarization, and Alzheimer’s disease16–20. Recent studies have explored the 
role of lactylation in sepsis and sepsis-induced lung injury21–23. Li et al.21 identified specific lactylation-related 
genes, such as S100A11 and CCNA2, that are strongly associated with sepsis and could serve as valuable diagnostic 
and prognostic markers. All the evidence indicates that lactylation serves as a promising novel biomarker for 
stratifying sepsis-associated ARDS and guiding potential therapeutic interventions.

Despite growing interest in lactylation, few studies have investigated the specific patterns of lactylation 
that distinguish between different clinical phenotypes in sepsis-associated ARDS. Therefore, we hypothesize 
that lactylation-based phenotypes could offer a novel approach to understanding the heterogeneity of sepsis-
associated ARDS. In the present study, we categorized patients with sepsis-associated ARDS into low- and 
high-lactylation activity phenotypes and identified associated molecular biomarkers. Our findings enhance 
the understanding of the distinct biological mechanisms underlying these lactylation-based phenotypes and 
contribute to the development of personalized therapeutic strategies for managing sepsis-associated ARDS.

Materials and methods
Data collection and preprocessing
First, whole blood samples from 31 patients with sepsis-associated ARDS were selected from the GSE32707 
dataset24 (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​3​2​7​0​7). We further analyzed the 
transcriptome data of blood specimens obtained from patients with sepsis-associated ARDS on the day of 
admission (day 0; n = 18) and 7 days later (day 7; n = 13). The patient information is presented in Supplementary 
Table S1. Raw microarray data were was preprocessed using the robust multiarray Average (RMA) method 
implemented in the R package Affy (version 1.44)25 using the default parameters, including quantile normalizion 
and log2 transformation. The arrays were normalized separately and the same gene corresponded to probe 
intensity was combined afterwards to obtain gene expression data matrix in each sample. In addition, 332 
lactylation-related genes were obtained from the literature (Supplementary Table S2)22,26.

Lactylation activity estimation
Single-sample gene set variation analysis (ssGSVA) is a statistical method used to assess the enrichment of 
predefined gene sets in individual samples, rather than in a whole dataset. Based on the expression profiles 
of lactylation-related genes, ssGSVA within gene set variation analysis (GSVA) package in the R was used 
enrichment analysis. Subsequently, we estimated the lactylation activity score for each sample, providing a 
quantitative measure of lactylation levels.

Clustering analysis
The subtypes were determined by the k-means clustering algorithm and the NbClust in the R package factoextra 
(version 1.0.5). The k-means clustering was utilized to cluster samples according to their lactylation activity, 
while Nbclust analysis was conducted to identify the most stable number of clusters. Based on the average 
silhouette width obtained from the clustering results, two clusters were determined to be optimal. The samples 
were classified into low- and high-lactylation activity groups. To identify the normative cut-off values, the single 
minimum value of the higher cluster is chosen to be the best estimate27. Principal component analysis (PCA) 
was utilized to assess the reliability of the groupings and to facilitate visualization by selecting the two primary 
dimensions.

Differential expression analysis
Differentially expressed genes between the low- and high-lactate activity groups were selected according to 
the criteria of |log2 fold change (FC)| > 1 and adjusted p ≤ 0.05. The analysis was performed using the limma 
package28, which is a widely used tool in R for identifying differentially expressed genes in microarray and RNA-
seq studies.

Gene set variation analysis
Kyoto Encyclopedia of Genes and Genomes (KEGG) gene sets were obtained from the Molecular Signature 
Database29. The GSVA package in R30 was employed to score the activities of these KEGG pathways for each 
sample, transforming gene expression data into a format that facilitates the assessment of pathway activity at the 
individual sample level. Pathway analysis was conducted using the KEGG database31–33, following the citation 
guidelines provided at http://www.kegg.jp/kegg/kegg1.html.

Drug sensitivity prediction
For drug sensitivity prediction, we used expression profiling and drug sensitivity data sourced from the Genomics 
of Drug Sensitivity in Cancer database34. Clinical drug responses in patients with sepsis-associated ARDS were 
predicted using the OncoPredict package35, an R tool that estimates drug sensitivity based on gene expression 
profiles and a reference database of cancer cell line responses.

Immune infiltration analysis
The abundance levels of 22 immune cell populations were estimated using the CIBERSORT package36. 
CIBERSORT employs a deconvolution algorithm that utilizes gene expression data to infer the proportions of 
various immune cell types within a mixed cell population. In addition to estimating immune cell abundances, the 
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relationships between distinct immune cell types were also calculated. Furthermore, differences in the abundance 
of immune cell populations between the groups were analyzed. Correlation analysis was also conducted on the 
expression of specific genes and abundance levels of immune cell populations.

Machine learning
Genes with high expression correlations were identified and eliminated using the findCorrelation function in 
the Caret package. This streamlined the gene set and retained only the most informative genes for analysis, 
thereby enhancing the performance and interpretability of subsequent machine learning models. Subsequently, 
the recursive feature elimination (rfe) function was employed to determine the genes that contributed most 
significantly to the grouping. The samples were then divided into training and test sets in a ratio of 7:3 using 
the CreateDataPartition function. For model training, four classification algorithms–Logit Boost, Random 
Forest, Support Vector Machine (SVM), and Naïve Bayes–were selected to predict the function and generate 
classification results37. The pROC package was used for receiver operating characteristic (ROC) analysis38.

Identification of candidate biomarkers
Feature genes were extracted from the four classification models and intersected. The obtained genes were 
regarded as candidate biomarkers for classification. ROC analysis was performed to evaluate the performance of 
the candidate biomarkers in classification prediction.

Statistical analysis
All the analyses were conducted using R Studio (version 4.0.2; http://www.R-project.org) and GraphPad Prism 
(version 9.0.9; GraphPad Software Inc.). For normally distributed data, results were expressed as mean ± standard 
deviation (SD) and analyzed using the independent samples t-test. Non-normally distributed data were 
expressed as median (interquartile range, IQR) and analyzed with the Mann–Whitney test. Categorical variables 
were analyzed using the chi-square or Fisher’s exact test and expressed as numbers and percentages. Correlation 
analysis was performed using Pearson or Spearman correlation tests. Statistical significance was set at p < 0.05.

Results
Landscape of lactylation activity across blood samples from patients with sepsis-associated 
ARDS
The present study gathered transcriptome data from blood samples of 31 patients with sepsis-associated ARDS. 
After data normalization (Supplementary Fig. S1A, B), we calculated the lactylation activity score for each 
sample based on the expression of lactylation-related genes. The results showed that lactylation activity was 
notably heterogeneous among the sepsis-associated ARDS blood samples (Fig. 1A). By assessing the average 
silhouette width from our clustering analysis, we found that 2 was the optimal and stable number of clusters 
(Supplementary Fig. S2). Using an optimal cutoff value of 0.8757, we classified all samples into low (n = 13) 
and high (n = 18) lactylation activity phenotypes (Supplementary Table S3). PCA demonstrated transcriptional 
differences between the two phenotypes (Fig. 1B). Differential expression analysis was conducted to determine 
transcriptional heterogeneity between the two phenotypes. As a result, 1449 up- and 368 down-regulated 
genes (|log2FC| > 1 and adjusted p ≤ 0.05) were determined in high- versus low-lactylation activity phenotypes    
(Fig. 1C–E), which might be related to lactylation modification in the progression of sepsis-associated ARDS.

Clinical features and outcomes of high- versus low- lactylation activity phenotypes in sepsis-
associated ARDS
As shown in Table 1, no significant differences were found in gender, age and race between the two lactylation 
subtypes. Although the average age was slightly higher in the high-lactylation group (57.2 ± 15.1) compared to 
the low-lactylation group (48.6 ± 10.3), this difference was not statistically significant (p = 0.074). The patient 
cohort was predominantly White (87.1%), which suggested a relatively homogeneous ethnic background. We 
found that patients with high lactylation activity had significantly longer hospital stays (36.0 days, IQR 11.0-
49.5) compared to those with low-lactylation activity (11.0 days, IQR 8.0–20.0; p = 0.028). The high-lactylation 
group also had a significantly higher APACHE II score (42.6 ± 14.1) compared to the low-lactylation group 
(31.0 ± 10.0; p = 0.017), further indicating a poorer prognosis for those with higher lactylation activity. Moreover, 
the high-lactylation group exhibited a significantly higher 28-day mortality rate (55.6% vs. 15.4%; p = 0.032) 
and an increased one-year mortality rate (66.7% vs. 23.1%; p = 0.029) compared to the low-lactylation group. 
Although the in-hospital mortality rate was higher in the high-lactylation group, this difference did not reach 
statistical significance (p = 0.129). Collectively, these findings suggest that lactylation activity phenotypes are 
probably associated with critical illness severity and patient outcomes in sepsis-associated ARDS and have the 
potential to identify patients at higher risk of poor prognoses.

Heterogeneous signaling pathways and drug responses between the two lactylation activity 
phenotypes
In our KEGG pathway analysis, we identified significant differences in activity between the high- and low-
lactylation activity phenotypes in patients with sepsis-associated ARDS. Notably, the TGF-β signaling pathway, 
primary bile acid biosynthesis, cocaine addiction, arginine biosynthesis, steroid hormone biosynthesis, Hippo 
signaling pathway, complement and coagulation cascades, synthesis and degradation of ketone bodies, and 
arginine and proline metabolism were significantly more active in the high-lactylation activity phenotype. 
Conversely, pathways associated with neurodegeneration-multiple diseases, the GnRH signaling pathway, central 
carbon metabolism in cancer, valine, leucine, and isoleucine biosynthesis, 2-oxocarboxylic acid metabolism, 
thiamine metabolism, protein export, protein processing in the endoplasmic reticulum, autophagy other, 
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mitophagy animal, thyroid cancer, and glycosylphosphatidylinositol-anchor biosynthesis exhibited significantly 
higher activity in the low-lactylation activity phenotype (Fig.  2A, B). These findings suggested that distinct 
molecular signatures and potential therapeutic targets are associated with lactylation in sepsis-associated ARDS.

We observed that the low-lactylation activity phenotype displayed a lower half-maximal inhibitory 
concentration (IC50) for AZD6482, rapamycin, sorafenib, MG-132, OSI-027, ruxolitinib, bortezomib, 
GSK1904529A, lapatinib, and dasatinib. Conversely, the high-lactylation activity phenotype displayed a 
lower IC50 for MK-2206, vinblastine, docetaxel, RO-3306, AZD8055, KU-55,933, vinorelbine, vorinostat, 
camptothecin, cytarabine, gemcitabine, navitoclax, axitinib, temozolomide, cisplatin, olaparib, gefitinib, 
AZD7762, XAV939, and 5-fluorouracil (Fig. 2C). These results indicate heterogeneity in drug responses between 
the two lactylation activity phenotypes.

Heterogeneous circulating immune cells between the two lactylation activity phenotypes
The abundance of immune cell populations was examined in each sepsis-associated ARDS blood sample 
(Fig.  3A). Circulating immune cell populations exhibited intricate interactions in sepsis-associated ARDS 

Fig. 1.  Landscape of lactylation activity across blood samples from patients with sepsis-associated ARDS. 
(A) Heatmap of lactylation activity in blood samples from patients with sepsis-associated ARDS on the day of 
admission (day 0) (n = 18) and 7 days later (day 7) (n = 13). The lactylation activity score gradually increases 
from blue to red. (B) PCA demonstrating transcriptional differences in the low- and high-lactylation activity 
phenotypes. (C, D) Volcano plot displaying the up- and down-regulated genes (|log2FC| > 1 and adjusted 
p ≤ 0.05) in high- versus low-lactylation activity phenotypes. (E) Heatmap displaying the top 20 up- and down-
regulated genes in the two phenotypes.
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(Fig. 3B). Among the circulating immune cell populations, M1 macrophages and T follicular helper cells were 
more abundant in the low-lactylation activity phenotype, whereas naïve CD4+ T cells were more abundant in 
the high-lactylation activity phenotype (Fig. 3C, D), reflecting the heterogeneity in the circulating immune cell 
populations between the two lactylation activity phenotypes.

Establishment of classification models for differentiating the two lactylation activity 
phenotypes
Next, we established four classification models to better differentiate the two lactylation activity phenotypes. The 
feature genes were selected using the four machine learning models (Fig. 4A, C, E, G), and they were presented in 
Table 2. ROC analysis confirmed the high discriminatory accuracy of the LogitBoost, NaïveBayes, RandomForest, 
and SVM classification models in distinguishing between the two lactylation activity phenotypes, with an area 
under the curve (AUC) of 1.000, 0.944, 1.000, and 1.000 in the training set; 0.833, 0.944, 0.861, and 1.000 in 
the test set; and 0.923, 0.944, 0.934, and 1.000 in the total set, respectively (Fig. 4B, D, F, H). By intersecting the 
feature genes identified from the four classification models, six candidate molecular biomarkers were identified: 
aldolase B (ALDOB), chaperonin containing TCP1 subunit 5 (CCT5), E1A binding protein P300 (EP300), 
phosphofructokinase-1 platelet type (PFKP), peptidylprolyl isomerase A (PPIA), and sirtuin 1 (SIRT1) (Fig. 4I).

Identification of candidate biomarkers enabling differentiation of the two lactylation activity 
phenotypes
The six candidate molecular biomarkers, ALDOB, CCT5, EP300, PFKP, PPIA, and SIRT1, showed notably 
higher expression in the high- versus low-lactylation activity phenotypes (Fig. 5A). In addition, ROC analysis 
demonstrated that they enabled the accurate differentiation of the two lactylation activity phenotypes, with AUC 
values of 0.863, 0.906, 0.872, 0.915, 0.940, and 0.923, respectively (Fig. 5B).

Correlations between the candidate biomarkers and Circulating immune cells
Further analysis demonstrated that the expression of ALDOB, CCT5, EP300, PFKP, PPIA, and SIRT1 was 
strongly associated with the abundance of circulating immune cells in patients with sepsis-associated ARDS 
(Fig. 6A–F). In particular, all biomarkers showed negative relationships with M1 macrophages and T follicular 
helper cells and exhibited positive relationships with naïve CD4+ T cells. These findings indicate the potential 
roles of these six biomarkers in the modulation of systemic inflammatory responses in sepsis-associated ARDS.

Discussion
The present study categorized sepsis-associated ARDS into two phenotypes, low- and high-lactylation, each 
characterized by distinct transcriptional patterns, signaling pathways, drug sensitivity, and immune infiltration. 
Additionally, using machine learning algorithms, six molecular biomarkers (ALDOB, CCT5, EP300, PFKP, 
PPIA, and SIRT1) were identified to differentiate between the two lactylation-based phenotypes. These findings 
provide insights into targeted therapeutic strategies and improve patient stratification for the management of 
sepsis-associated ARDS.

Sepsis-associated ARDS is a highly heterogeneous syndrome, which contributes to the challenges faced in 
clinical trials of pharmacological treatment7–10. Recognizing the distinct phenotypes in heterogeneous patients 
is crucial for the clinical management of sepsis-associated ARDS. Lactylation has emerged as a significant 
factor in sepsis and its associated lung injury21–23, making it a potential biomarker for distinguishing between 

Characteristics
Total
(n = 31) High-lactylation (n = 18) Low-lactylation (n = 13) p-value

Age, mean (SD) 53.4 (14.0) 57.2 (15.1) 48.6 (10.3) 0.074

Gender, n (%) > 0.999

 Male 15 (48.39) 9 (50.0) 6 (46.15)

 Female 16 (51.61) 9 (50.0) 7 (53.85)

Ethnicity, n (%) 0.880

 White 27 (87.1) 16 (88.9) 11(84.6)

 Black 0 (0.0) 0 (0.0) 0 (0.0)

 Asian 1 (3.2) 0 (0.0) 1 (7.7)

 Others 3 (9.7) 2 (11.1) 1 (7.7)

APACHE II, mean (SD) 37.7 (13.7) 42.6 (14.1) 31.0 (10.0) 0.017

Hospital stay, median (IQR) 17.0 (10.0–43.0) 36.0 (11.0-49.5) 11.0 (8.0–20.0) 0.028

Mortality, n (%)

 Hospital 10 (32.3) 8 (44.4) 2 (15.4) 0.129

 28-day 13 (41.9) 10 (55.6) 2 (15.4) 0.032

 One-year 15 (48.4) 12 (66.7) 3 (23.1) 0.029

Table 1.  The clincal characteristics of critically ill patients with sepsis-associated ARDS between the two 
lactylation activity phenotypes. APACHE II, the Acute Physiology and Chronic Health Evaluation II; ARDS, 
acute respiratory distress syndrome; IQR, internal quartile range; SD, standard deviation.
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different clinical phenotypes of ARDS. Lactate regulates gene transcription via lactylation, influencing N6-
methyladenosine levels by enhancing p300-mediated H3K18ac binding to the METTL3 promoter, thereby 
affecting ACSL4 and promoting ferroptosis, a cell death mechanism linked to sepsis-induced lung injury23. In 
the present study, we calculated the lactylation activity scores based on the transcriptomic profiles of lactylation-
related genes and classified the samples into low- and high-lactylation activity phenotypes using a cutoff value 
of 0.8757. As indicated in Table 1, patients in the high-lactylation group experienced worse clinical outcomes, 
including longer hospital stays and higher mortality rates. In addition, we observed significant heterogeneity in 
signaling pathway enrichment and drug responses between these phenotypes in patients with sepsis-associated 
ARDS. This heterogeneity suggests that lactylation provides valuable insights into understanding both patient 
variability and the underlying mechanisms of sepsis-associated ARDS. Overall, our findings suggest that 
lactylation serves as a promising biomarker for distinguishing ARDS phenotypes and is probably associated 
with patient outcomes. It may reflect disease severity and assist in guiding treatment strategies, thereby paving 
the way for more personalized interventions based on individual lactylation activity profiles.

Next, we investigated the landscape of immune cell infiltration across different lactylation phenotypes in the 
context of sepsis-associated ARDS. Lactate, the end product of anaerobic glycolysis, is produced in high amounts 
by innate immune cells during inflammatory activation and acts as a metabolic mediator influencing the fate 
and function of immune cells. In the present study, we observed that M1 macrophages and T follicular helper 
cells were predominant in the low-lactylation phenotype, whereas naïve CD4+ T cells were more prevalent in 
the high-lactylation phenotype. This heterogeneity likely reflects the diverse metabolic states and functional 
capacities of immune cells in response to lactate levels. Immune cells, particularly macrophages and T cells, play 
crucial roles in lactate production and subsequent lactylation39,40. Macrophage-derived lactate has been shown to 
influence various lactylation processes, including HMGB1 lactylation and histone lactylation during sepsis15,22. 
Conversely, lactylation regulates immune cell phenotypes and functions through epigenetic mechanisms, such as 
influencing gene expression patterns. For example, M1 macrophages exhibit elevated histone lactylation during 

Fig. 2.  Heterogeneous signaling pathways and drug responses between the two lactylation activity phenotypes. 
(A) Bar graph showing the differential GSVA scores in KEGG pathways between the low- and high-lactylation 
activity phenotypes. (B) Heatmap of the GSVA score in KEGG pathways with p ≤ 0.1 and |t| ≥ 2 across blood 
samples. (C) Box plot showing the differential IC50 values of drugs between the two phenotypes. The KEGG 
images were constructed as per the citation guidelines: www.kegg.jp/kegg/kegg1.html.
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the late phase of polarization in sepsis15,39. Collectively, these findings indicate that the relationship between 
immune cells and lactylation phenotypes is complex and likely bidirectional. Immune cell activation enhances 
lactate production and lactylation levels, while lactylation influences immune cell phenotypes and functions. 
This bidirectional relationship highlights the potential for therapeutic strategies targeting both immune cell 
dynamics and metabolic pathways. Treatments such as dexmedetomidine, curcumin, IL-35, and HMGB1 
inhibition have shown promise in promoting the differentiation of naïve CD4+ T cells into regulatory T cells, 
thereby reducing ARDS severity41–44. Future research should explore the intricate mechanisms underlying this 
relationship to develop more effective therapeutic strategies for sepsis-associated ARDS.

To overcome the limitations of transcriptome sequencing and bioinformatics analysis in clinical settings, we 
employed four classification algorithms (LogitBoost, RandomForest, SVM, and NaiveBayes) to identify ALDOB, 
CCT5, EP300, PFKP, PPIA, and SIRT1 as key biomarkers distinguishing two lactylation activity phenotypes. 
These biomarkers are significantly associated with circulating immune cells in patients with sepsis-associated 
ARDS. ALDOB, a glycolytic enzyme, plays a crucial role in regulating lactylation in cancers45,46. CCT5 is involved 
in cancer progression and resistance47 and serves as a biomarker for liver metastasis in lung cancer48. EP300, a 
histone acetyltransferase and a critical lactyltransferase, catalyzes lactylation and is found to be elevated in ARDS, 
correlating with IL-17 levels and survival outcomes49,50. PFKP lactylation in colon cancer cells directly reduces 
enzyme activity, creating a negative feedback loop with lactate production51. SIRT1, a deacetylase, facilitates the 
deacetylation of HMGB1, thereby mitigating acute kidney injury associated with sepsis52. The identification 
of these biomarkers paves the way for developing targeted therapies and diagnostic tools. Modulating their 
expression or activity could potentially control inflammatory responses and enhance patient outcomes in sepsis-
associated ARDS. Furthermore, these biomarkers could serve as indicators of treatment efficacy and disease 
progression, supporting personalized medicine approaches.

Fig. 3.  Heterogeneous circulating immune cells between the two lactylation activity phenotypes. (A) Stacked 
bar chart showing the relative abundance of immune cell populations across blood samples from patients with 
sepsis-associated ARDS. (B) Heatmap showing the relationships between the immune cell populations. (C, 
D) Heatmap and box plot showing the differential abundance of immune cell populations between the two 
lactylation activity phenotypes.
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The hypoinflammatory and hyperinflammatory subphenotypes of ARDS, as defined by Calfee et al.8. , 
have been validated across multiple trial cohorts11,53,54. However, the relationship between lactylation-based 
and inflammation-based subphenotypes in ARDS remains unclear. Inflammatory responses, particularly in 
hyperinflammatory states, can enhance lactate production, leading to increased lactylation36,37. Hyperlactylation 
may indicate elevated circulating lactate levels, probably associated with hyperinflammatory states. Immune 
cells, especially macrophages, exhibit distinct lactylation patterns that influence their polarization (M1 vs. M2) 
and function15,36,37. Lactylation can modulate inflammatory responses by altering the activity of key proteins, 
such as histones and transcription factors, affecting pro-inflammatory cytokine expression15,21,22,36. These 
findings directly link lactylation to inflammatory subtypes. Further investigation is needed to explore the 
interplay between lactylation and inflammation in patients with sepsis-associated ARDS.

Although our study provides valuable insights into the role of lactylation phenotypes in sepsis-associated 
ARDS, several limitations must be acknowledged. First, the small sample size limits the applicability of our 

Fig. 4.  Establishment of classification models for differentiating the two lactylation activity phenotypes. (A–H) 
Feature gene selection using four classification algorithms: (A) LogitBoost, (C) NaïveBayes, (E) RandomForest, 
and (G) SVM, and ROC analysis to evaluate the performance of the (B) LogitBoost, (D) NaïveBayes, (F) 
RandomForest, and (H) SVM models in differentiating the two lactylation activity phenotypes in the training, 
test, and total sets. (I) Venn diagram displaying the intersection of the feature genes (ALDOB, CCT5, EP300, 
PFKP, PPIA, and SIRT1) extracted from the four classification models.
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findings and may lead to overfitting in the analysis. This increases the risk of over-interpreting clinical outcomes, 
such as mortality rates and hospital stays, in high-lactylation phenotypes. Therefore, validation in larger cohorts 
is essential to support these findings. Second, variability in gene expression across different cohorts challenges 
the generalizability of our model, requiring external validation and more accessible testing methodologies. 

Fig. 5.  Candidate biomarkers enabling differentiation of the two lactylation activity phenotypes. (A) Box 
plot showing the differential expression of the candidate biomarkers, ALDOB, CCT5, EP300, PFKP, PPIA, 
and SIRT1 in the two lactylation activity phenotypes. (B) ROC analysis to evaluate the performance of the 
candidate biomarkers in differentiating the two lactylation activity phenotypes.
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 PFKM, THUMPD1, EIF3J, ECHDC1,  CRABP2, WDR33, PHF6,
 DFFA, PDLIM1, CBR1, RANBP2, SH3GL1,  SFPQ,  IRF2BP2, 
 ALDH1A1, CSRP2, MTA1, HMGB1, GTF2I, HEXIM1, HNRNPK,
 YLPM1,  DHX9, RBM39, RPL29,  RFC4, MYH13, PDAP1,
 KIF2C,  H2AFV,  SIRT3, CDV3, TCOF1, PES1,  ZMYM3,
 ZC3H18,  HSPE1, CWC15, BRD4, RECQL, THOC2, RFC1,
 KRT1,  IARS2,  CBX3, CNN3, WIZ, THRAP3, PSMA7,
 PRCC,  ALB, PPIL4,  LRPPRC, PRKDC, ARPP19, MKI67,
 RIMS1,  SF3B1, XRCC4, HIST1H4A, ACAT2, TMSB4X,  SPR,
 JMJD1C, TMPO,  PPP1CB,  HIST1H3A, CALML5, HIST2H2BE, NUDT21,
 HNRNPC, HIST1H2BB,  RPS23, FUBP1, MAGOHB, GFAP,  CCNA2,
 RB1, HNRNPA1,  BCLAF1, HIST1H2BL, DDX42, DDX3X

Random Forest

PPIA, PFKP, SIRT1, CCT5, ALDOB, EP300, SF3A1,
 HNRNPF, SRRM1,  FKBP3, EHMT2, PRPF6, HLTF, NHLRC2, 
 ECHDC1, HMGA1,  RALYL, VARS, EIF3J, THUMPD1,  NOLC1,
 GTF2I, CBR1, DFFA, MYH13, HEXIM1, SNRPA1, KIF2C,
 YLPM1, RPL29,  CEBPZ, PDLIM1, WDR33, CACYBP, MTA1,
 ALDH1A1, SH3GL1, IARS2, HSPE1, HNRNPK, CRABP2, FUBP1,
 IRF2BP2, RANBP2, H2AFV

Support Vector Machine

Table 2.  The feature genes screened by the four machine learning models.
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Third, the measurement of the six molecular biomarkers identified is not yet feasible at the bedside, impeding 
rapid clinical decision-making. Additional research is needed to translate these findings into actionable clinical 
tools. Furthermore, this study did not capture essential clinical information, including key prognostic indicators 
(PaO2/FiO2 ratio, organ failure, and ventilation-free days) and predictive factors (responses to PEEP, fluid, 
and statins)55, limiting a comprehensive understanding of lactylation subphenotypes and their prognostic 
implications. Finally, we could not obtain additional plasma samples to measure key biomarkers such as IL-6, 
IL-8 and soluble TNF receptor-155,56, restricting our ability to explore the interactions between lactylation and 
inflammatory subtypes. Future prospective studies measuring these biomarkers are essential to elucidate the 
overlap between lactylation and inflammation in ARDS subphenotypes.

Conclusion
In conclusion, our transcriptomic analysis revealed notable heterogeneity in the lactylation activity among 
patients with sepsis-associated ARDS. Six molecular biomarkers (ALDOB, CCT5, EP300, PFKP, PPIA, and 
SIRT1) were identified with potential implications for the translation of lactylation activity phenotypes into 
clinical practice for patients with sepsis-associated ARDS. These findings can enhance patient stratification, 
unveil new therapeutic targets, and provide more effective treatments in this challenging clinical landscape.

Data availability
The datasets analyzed in this study are available in the GEO database (GSE32707, ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​n​c​b​​i​.​n​​l​m​.​n​​​i​h​.​​g​
o​​v​/​​g​e​o​​/​q​​u​e​r​y​​​/​a​c​​c​​.​c​g​​i​?​a​c​c​=​G​S​E​3​2​7​0​7), MsigDB (http://www.gseamsigdb.org/gsea/index.jsp) and Genomics of 
Drug Sensitivity in Cancer database (https://www.cancerrxgene.org/).
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