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Background

Severe burns can lead to systemic inflammatory response syndrome (SIRS) and multiple organ dysfunction syndrome (MODS) due to inflammation-immunity dysregulation. This study aimed to identify key immune-related molecules and potential drugs for immune regulation in severe burn treatment.





Method

Microarray datasets GSE77791 and GSE37069 were analyzed to identify immune-related differentially expressed genes (DEGs), enriched pathways and prognosis-related genes. The DGIdb database was used to identify potentially clinically relevant small molecular drugs for hub DEGs. Hub DEGs were validated by total RNA from clinical blood samples through qPCR. The efficacy of drug candidates was tested in a severe burn mouse model. Pathologic staining was used to observe organ damage. Enzyme Linked Immunosorbent Assay (ELISA) was used to detect the serum IL-1b, IL-6, TNF-a and MCP-1 contents. Activation of the NF-κB inflammatory pathway was detected by western blotting. Transcriptome sequencing was used to observe inflammatory-immune responses in the lung.





Results

A total of 113 immune-related DEGs were identified, and the presence of immune overactivation was confirmed in severe burns. S100A8 was not only significantly upregulated and identified to be prognosis-related among the hub DEGs but also exhibited an increasing trend in clinical blood samples. Methotrexate, which targets S100A8, as predicted by the DGIdb, significantly reduces transcription level of S100A8 and inflammatory cytokine content in blood, organ damage (lungs, liver, spleen, and kidneys) and mortality in severely burned mice when combined with fluid resuscitation. The inflammatory-immune response was suppressed in the lungs.





Conclusion

S100A8 with high transcription level in blood is a potential biomarker for poor severe burn prognosis. It suggested that methotrexate has a potential application in severe burn immunotherapy. Besides, it should be emphasized that fluid resuscitation is necessary for the function of methotrexate.
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1 Introduction

The dangers associated with burns are often underestimated. Approximately 180,000 individuals are estimated to succumb annually to burns and their subsequent complications (1). Immune dysregulation and an inflammatory response are commonly observed in severe burn patients (2, 3).

Existing research indicates that the immune status following severe burn injury can be broadly categorized into three phases: an early phase of immune over-activity, which progresses to immune dysregulation, and ultimately culminates in a late phase of immune suppression (4, 5). In brief, the persistent high-level inflammation and immune hyperactivation in the early stages of severe burns lead to immune exhaustion in both peripheral blood and bone marrow, ultimately inducing immunosuppression (1, 6–12).

However, the main treatment strategies for severe burns such as fluid resuscitation, infection control, wound management and nutrition support, primarily depend on residual physiological recovery potential, which are not proactive interventions for immune dysregulation (1, 13, 14). While immune dysregulation has garnered attention in the clinical management of severe burns, it is often considered primarily as a background factor contributing to the exacerbation of inflammatory responses and the development of sepsis (1).In anti-inflammatory treatment strategies, restoring tissue perfusion and inhibiting the coagulation cascade are the primary therapeutic approaches. As a result, early administration of crystalloid and colloid fluids, along with antithrombin, has become a cornerstone of supportive treatment for patients with severe burns and sepsis (15–17). Ulinastatin may be one of the few immunomodulatory agents utilized in the treatment of severe burns, though it is predominantly used as an adjunct therapy in most cases (1, 18).

Besides, existing clinical biomarkers such as procalcitonin, C-reactive protein, and lactate levels in arterial blood cannot directly reflect immune dysregulation and lack a link to the triggering of SIRS (systemic inflammatory response syndrome) and MODS (multiple organ dysfunction syndrome), though they could reflect the inflammation level and prognosis to some extent (17, 18). Current research primarily focuses on immune abnormalities and key cell types, as well as potential regulatory targets, within the context of infection-induced sepsis (1). However, there remains a need for more targeted studies addressing immune dysregulation, SIRS, and MODS resulting from extensive tissue necrosis in severe burn injuries. Some studies have employed bioinformatics analysis to identify early warning or prognostic biomarkers for severe burns. Notably, transcriptomic data from peripheral blood immune cells have suggested that NFATC2 (Nuclear Factor Of Activated T Cells 2), RORA (RAR Related Orphan Receptor A), and CAMK4 (Calcium Dependent Protein Kinase IV) may serve as prognostic biomarkers for post-burn immune suppression (19). Additionally, analysis of skin samples has indicated that the expression of immune-related genes, and the skin regeneration-related gene could represent critical therapeutic targets for treating burn injuries (20). In related studies validated through in vitro experiments, TNF-α (Tumor Necrosis Factor α), the NLRP3 (NLR Family Pyrin Domain Containing 3) inflammasome, D3, neutrophil extracellular traps and PPAR-γ (Peroxisome Proliferator Activated Receptor Gamma) have emerged as significant intervention targets and strategies (21–25).

In contrast to previous studies that have identified infection or sepsis as causes of SIRS, MODS, or immune suppression, this research emphasizes that the early, intense, and prolonged immune over-activity following severe burn injuries is the fundamental cause underlying the development of SIRS, MODS and late-stage immune suppression. In our study, up-regulated S100A8 was identified as a key gene associated with immune dysregulation and prognosis in severe burns through bioinformatics analysis and clinical sample validation. The small molecular drug methotrexate, predicted by S100A8, combined with fluid resuscitation significantly reduced inflammatory cytokine levels, organ damage, and mortality in severely burned mice. Therefore, targeting and suppressing excessive immune over-activity in the early stages of severe burns can reduce the severity of inflammation and inhibit or interrupt the progression of SIRS/MODS. Furthermore, this approach helps to maintain and protect the immune system’s potential, which might have positive implications for later defenses against microbial pathogen invasion.

Overall, for the first time, we highlighted the potential value of immunotherapy as one of the two most necessary major actions in the early stages of severe burns, the other being fluid resuscitation. The study proposes that elevated transcription levels of S100A8 might serve as an early warning indicator for poor prognosis in severe burns. Compared to other small molecular compounds such as Paquinimod, the commonly used drug methotrexate for immune-related diseases has a stronger foundation in evidence-based medicine, making it more secure and valuable for clinical applications. Based on these findings, the study also suggests that methotrexate could be a potential primary agent for immunotherapy in severe burns.




2 Method



2.1 Data sources

The GSE77791 and GSE37069 datasets were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). In this study, the GSE77791 dataset was based on the GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array and comprised 30 burn samples collected before treatment and 13 control samples. The GSE37069 dataset was based on chip data from the GPL570 platform and comprised 553 burn samples and 37 control samples. GSE77791 and GSE37069 were used as the training set and external validation set, respectively. A total of 2533 immune-related genes were obtained by combining ImmPort and InnateDB (28, 29).




2.2 Identification of DEGs

The R package “limma” was used to identify the DEGs between the burn and control groups in GSE77791 under the criteria of adjusted p value <0.05 and |log2-fold change (FC)|>1 (30). The results were visualized by heatmaps and volcano plots using the “ggplot2” and “pheatmap” R packages, respectively.




2.3 WGCNA

WGCNA was performed on the GSE77791 expression data using the R package “WGCNA” (31). First, all samples were checked for outliers to construct a sample clustering tree. The outliers in the sample were then removed based on cutHeight. Then, we chose the best soft-thresholding power β according to standard scale-free networks. Next, co-expression modules were identified by the dynamic pruning method. By WGCNA, the modules most relevant to burns were identified.




2.4 Functional enrichment analysis

The intersection of DEGs, key module genes and immune-related genes was determined using the “VennDiagram” R package, and the DEGs were defined as immune-related DEGs and were used for subsequent analysis. GO and KEGG pathway enrichment analyses using the clusterProfiler package were used to explore the functions of immune-related DEGs (32). GO is a powerful tool for analyzing the cellular component (CC), biological function (BP) and molecular function (MF) of immune-related DEGs. The “OmicCircos” R package was utilized to visualize the expression patterns and chromosomal locations of the immune-related DEGs (33).




2.5 PPI network construction

The PPI interaction network between the immune-related DEGs was constructed with the STRING database (http://string-db.org) (version 11.5) (34). The hub genes in the PPI networks were identified using the CytoHubba plug-in in Cytoscape (http://www.cytoscape.org) (version 3.9.0). In the Cytohubba plug-in, a total of three algorithms, namely, gene connection degree, maximum neighborhood component (MNC), and maximal clique centrality (MCC), were applied, and the top ten genes were screened. The hub genes were identified by overlapping the top 10 genes of three CytoHubba algorithms.




2.6 ROC curve analysis and expression analysis

In the GSE77791 dataset, 30 burn and 13 control samples were utilized to plot ROC curves, from which we obtained their area under the ROC curve (AUC) through the “pROC” package. Good discrimination was defined as an area under the ROC curve (AUC) greater than 0.7. Boxplots of candidate hub gene expression were drawn using “ggplot2” in the R package. The GSE37069 dataset was used to validate the hub genes. When the AUC was > 0.7, the hub was considered to be a key immune-related gene.




2.7 Small-molecule drug prediction and GSEA

The key immune-related genes were selected as promising targets for searching for drugs through the Drug Gene Interaction Database (DGIdb) (35). The results were visualized in Cytoscape. The potential functions of the key immune-related genes were analyzed by GSEA. The “clusterprofile” package was utilized to perform GSEA of the key immune-related genes. “C2.cp.kegg.v7.0.symbols.gmt” served as the reference gene set for GSEA.




2.8 Establishment of a LASSO logistic regression model

The LASSO model was established using the “glmnet” R package based on the gene expression profiles of key immune-related genes (36). Then, we selected related genes to construct a logistic regression model and constructed a nomogram using the GSE77791 training set. Calibration curves and receiver operating characteristic (ROC) curves were generated to estimate the accuracy and discrimination of the nomogram. Finally, we validated the model using the external validation set GSE37069.




2.9 Quantitative real-time PCR

Blood from seven severe burn patients with a TBSA (total body surface area) >30% who entered the care unit from July to September and seven healthy volunteers were sampled in appropriate EDTA-K2 and SST tubes (SKU/REF 368589, BD, US). Red blood cell lysis buffer (R1010, Solarbio, China) was used to isolate leukocytes from whole blood, and total RNA was extracted with a Fast-Pure Cell/Tissue Total RNA Isolation Kit (RC112-01, Vazyme, China). RNA and PrimeScript™ RT Master Mix (Perfect Real Time) (RR036A, Takara, Japan) were used for cDNA synthesis. cDNA and TB Green® Premix Ex Taq™ II (Tli RNaseH Plus) (RR820A, Takara, Japan) were used for qPCR with the primers listed in Supplementary Table S1. The 2−ΔΔCT method was used for data quantification.




2.10 Different interventions for severe burn mouse model with 72-hour survival curves

C57/bl mice (n=85, eight-week, male; Gempharmatech, China) whose backs were depilated on the previous day were anesthetized with sodium pentobarbital intraperitoneally and fixed. Subsequently, the backs of the mice were immersed in boiling water at 95°C for 4 seconds to construct a severe burn mouse model. The mice were divided into the no fluid resuscitation group (NFR), no fluid resuscitation but methotrexate therapy group (NFRM), fluid resuscitation group (FR), fluid resuscitation combined with methotrexate therapy group (FRM), and control group (NC). All groups consisted of 20 mice, except for the NC group, which consisted of 5 mice. A total of 600 μL of sodium lactate Ringer’s injection was injected intraperitoneally every 12 h after injury as a liquid resuscitation treatment in the FR and FRM groups. MTX (2 μg/kg; HY-14519, MCE, US) was injected intraperitoneally into the NFRM and FRM groups, and the amount of methotrexate solution was considered the total amount of liquid resuscitation. The mice were observed and recorded every 6 hours, and a 72-hour survival curve was constructed.




2.11 Enzyme-linked immunosorbent assay

Serum was extracted from the whole blood of mice at 24, 48, and 72 h. The levels of IL-1β, IL-6, TNF-α and MCP-1 were measured using ELISA kits (EK0394, EK0411, EK0527, EK0568, Boster Bio, US). The procedures were in accordance with previous methods (37).




2.12 Western blotting analysis

Total protein was extracted with radioimmunoprecipitation buffer (WB3100, NCM Biotech, RIPA) supplemented with protease and phosphatase inhibitors (P6730, P1260, Solarbio, China). Protein concentrations were determined using a Pierce™ BCA Protein Assay Kit (23227, Thermo Fisher, US). An Omni-PAGE™ gel (HEPES 10%, 10 wells) (LK202, Epizyme Biotech, China) was used for protein separation, and proteins were then transferred to PVDF membranes (ISEQ00010, Millipore, US). After blocking with 5% bovine serum albumin, the membranes were washed with TBS plus Tween (TBST) and incubated with primary antibodies against p-IKK (ab194528, Abcam, 1:1000), p-IKBα (ab133462, Abcam, 1:1000), IKBα (ab76429, Abcam, 1:1000), p-p65 (ab76302, Abcam, 1:1000), p65 (ab32536, Abcam, 1:1000), and GAPDH (ab181602, Abcam, 1:1000) overnight, followed by incubation with HRP-conjugated secondary antibodies (LF101, Epizyme Biotech, China, 1:2000) for 1 h. Finally, chemiluminescence was observed on an Amersham Imager 600 multifunctional imaging analysis system (Cytiva, US). All antibodies were diluted in TBST.




2.13 Immunohistochemical analysis

Isolated fresh organ samples were sliced into 4-mm thick sections and fixed in 4% paraformaldehyde for 24 h. After dehydration, the samples were embedded in paraffin. Then, the samples were sliced further into 40-μm-thick sections using an SM2000R microtome (Leica, Germany). Sections were deparaffinized in xylene and then hydrated through an alcohol series. HE staining (G1120, Solarbio, China) was performed using hematoxylin to stain the nuclei of the cells to obtain a blue or purple color. After rinsing in clear water, the cytoplasm and other tissue structures were stained with eosin to afford a pink color. The sections were dehydrated with alcohol and cleared using xylene. The sections were sealed for microscopic observation using a sealer.

A semi-quantitative scoring system was used where segments of liver, kidney, spleen and lungs were separately scored for acute inflammation. For renal sections, the degree of tubular injury was scored using the Paller scoring at the severity of the lesion (38). For liver sections, the severity of histopathological changes in the liver was assessed using the Ishak scoring system (39). For lung sections, the Smith Lung Injury Scoring System was used to assess the severity of acute lung injury (40). Enlargement of the B- and T-lymphocyte zones of the spleen (0, none; 1, slight; 2, moderate; 3, marked) was scored. A single value was used for each organ section after separate scoring (minimum value of 0 and maximum value of 6) (41). The score for each tissue sample represents the average of five different high magnification microscopic views.




2.14 Transcriptome sequencing analyses

The lungs, one of the earliest and most frequently affected organs in SIRS/MODS, sensitively reflects the state of inflammatory injury (42, 43). Therefore, the lung was selected as a target organ for the assessment of inflammatory injury and immune system activation based on transcriptome sequencing. RNA extraction, purification, reverse transcription, library construction and sequencing were performed at Hangzhou Cosos Wisdom Biotechnology Co., Ltd. (Hangzhou, China) according to the manufacturer’s instructions (Illumina, San Diego, CA). The RNA-seq transcriptome library was prepared following Illumina® Stranded mRNA Prep, Ligation from Illumina (San Diego, CA) using 1 μg of total RNA. Briefly, messenger RNA was first isolated by oligo(dT) beads according to the poly(A) selection method and then fragmented by fragmentation buffer. Second, double-stranded cDNA was synthesized using a SuperScript double-stranded cDNA synthesis kit (Invitrogen, CA) with random hexamer primers (Illumina). Then, the synthesized cDNA was subjected to end repair, phosphorylation and ‘A’ base addition according to Illumina’s library construction protocol. Libraries were size selected for cDNA target fragments of 300 bp on 2% low-range Ultra agarose followed by PCR amplification using Phusion DNA polymerase (NEB) for 15 PCR cycles. After quantification with a Qubit 4.0, the paired-end RNA-seq library was sequenced with a NovaSeq 6000 sequencer (2 × 150 bp read length). After quality control and read mapping, differential expression and functional enrichment analysis were performed.




2.15 Statistical analysis

Protein immunoblot images were measured in grey scale using the Analyze-Gels plug-in in image J software. Data were recorded using Microsoft Excel software. The data are presented as the means ± SD. Independent two-sample t tests, one-way analysis of variance and Tukey’s post hoc tests (GraphPad Prism; version 9.5; GraphPad Software, Inc.) were used for comparisons between ≥3 groups. P < 0.05 was considered to indicate a statistically significant difference.





3 Results



3.1 Identification of module genes of burn, DEGs and immune-related DEGs

The sample clustering tree indicated that there were no abnormal samples (Supplementary Figures S1A, B). By setting the soft-thresholding power to 3 (scale-free R2 = 0.85), we eventually identified 25 modules (Supplementary Figure S1C). From the heatmap of module-trait correlations, we determined that the blue module was the most highly correlated with burn (correlation coefficient=0.88, p=4e-15; Figure 1C). The blue module contained a total of 3621 genes.




Figure 1 | Analyses to obtain immune-related DEGs and functional enrichment. (A) Filtering of immune-related DEGs by Venn diagrams with the intersection of total DEGs, module genes and immune-related genes. (B) Volcano plot for DEGs between severe burn patients and controls. (C) Identification of the module most strongly correlated with burn. (D, E) KEGG/GO analysis of immune-related DEGs.



A total of 1664 DEGs were screened, which consisted of 859 upregulated genes and 805 downregulated genes (burn vs. control) (Figure 1B). A heatmap of the part of the DEGs is shown in Supplementary Figure S2A.

We identified 113 immune-related DEGs through the intersection of DEGs, genes in key modules of WGCNA and immune-related genes (Figure 1A).




3.2 Functional Enrichment of immune-related DEGs

As shown in Figure 1D, the GO analysis indicated that immune-related DEGs were mainly enriched in pathways related to the positive regulation of cytokine production, secretory granule lumen, transmembrane receptor protein kinase activity, and immune receptor activity. KEGG analysis was performed to explore the pathways associated with these 113 immune-related DEGs. As shown in Figure 1E, KEGG enrichment analysis revealed that these immune-related DEGs were significantly involved in tuberculosis, cytokine−cytokine receptor interactions, and the JAK−STAT signaling pathway. We selected the 113 immune-related DEGs to visualize their expression patterns and chromosomal locations (Supplementary Figure S2B). These 113 immune-related DEGs were distributed on chromosomes 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 17, 19, 20, 21, 22, and X.




3.3 Protein−protein interaction network and hub gene identification

A PPI network of immune-related DEGs was constructed using the STRING database (Figure 2A). Hub genes were identified by CytoHubba in the present study. The top 10 hub genes, which were selected based on the 3 most commonly used classification methods in cytoHubba, are displayed in Figure 2B. By overlapping the top 10 genes identified by the three methods, 8 hub genes (SPI1, TLR8, S100A9, S100A12, S100A8, ITGAM, FCGR3B, and CYBB) were identified, as shown in Figure 2C.




Figure 2 | Identification of hub DEGs. (A) The PPI network of immune-related DEGs was established using the STRING database. (B) The top 10 hub genes selected based on the 3 most commonly used classification methods in CytoHubba. (C) Identification of hub DEGs by overlapping the degree, MCC and MNC results. (D, E) The expression levels of hub DEGs in the GSE77791 and GSE37069 datasets. (F, G) ROC curves of the diagnostic value of the hub DEGs whose AUC values were > 0.7 both in the GSE77791 and GSE37069 datasets. ***: p< 0.001, ns: is non-significant.






3.4 Expression analysis and ROC curve analysis of the hub genes

We observed that the gene expression levels of the hub genes, except for FCGR3B, were significantly greater in burn samples than in control samples in the GSE77791 dataset (Figure 2D). An external dataset (GSE37069) was used for validation of the expression levels of the 8 hub genes. The results showed that, except for FCGR3B, the expression levels of the remaining seven genes were upregulated, which was consistent with the GSE77791 dataset (Figure 2E). As shown in Figure 2F, in GSE77791, the AUC values of SPI1, TLR8, S100A9, S100A12, S100A8, ITGAM, FCGR3B, and CYBB were 0.979, 0.972, 1.000, 1.000, 1.000, 0.997, 0.972, and 1.000, respectively, demonstrating that these hub genes had good diagnostic value. In GSE37069, the AUC values of SPI1, TLR8, S100A9, S100A12, S100A8, ITGAM, FCGR3B, and CYBB were 0.874, 0.812, 0.902, 0.972, 0.832, 0.955, 0.589, and 0.672, respectively (Figure 2G). Therefore, the six genes of SPI1, TLR8, S100A9, S100A12, S100A8, and ITGAM were identified as the key immune-related genes in burn.




3.5 GSEA analyses

The PPI network demonstrated strong and complex functional linkages of the hub DEGs in the String Database (Figure 3A). First, the functional similarity results showed that S100A8 had the highest functional similarity score (Figure 3B). The correlation results showed that S100A9 and S100A12 had the strongest positive correlation (r=0.99, Figure 3C). Then, the functions of our key immune-related genes were explored via GSEA (Figure 3D). We found that TLR8, S100A9, S100A12, S100A8, and ITGAM were related to “antigen processing and presentation”. SPI1, TLR8, S100A9, S100A12, S100A8, and ITGAM are associated with “oxidative phosphorylation”.




Figure 3 | GSEA analyses. (A) PPI network of the hub DEGs in the String database. (B) GSEA of the functional similarity score. (C) The correlation results showed that S100A9 and S100A12 had the strongest positive correlation (r=0.99). (D) TLR8, S100A9, S100A12, S100A8, and ITGAM were related to “antigen processing and presentation”. SPI1, TLR8, S100A9, S100A12, S100A8, and ITGAM were associated with “oxidative phosphorylation”.






3.6 Construction of a survival-related risk regression model

Thereafter, the LASSO algorithm was used to further screen gene signatures (S100A8 and ITGAM) of burn tissue from key immune-related genes (Supplementary Figures S3A, B). Thus, we constructed a logistic regression model using burn samples (survival and nonsurvival) based on S100A8 and ITGAM and constructed a nomogram (Figure 4A). Figure 4B shows the calibration curves of the model. The area under the curve (AUC) of the ROC curve of the regression model was 0.82 (Figure 4C). We measured the model’s prognostic prediction ability in the external cohort (GSE37069), and the area under the curve (AUC) value indicated excellent prediction ability (AUC: 0.79) (Figure 4D).




Figure 4 | Identification of prognostic molecular and clinical sample validation (A, B) Construction of logistic regression models and calibration curves using burn samples (survivors and nonsurvivors) based on S100A8 and ITGAM and visualization via column line plots. (C, D) ROC curves with an AUC>0.7 indicated excellent prognostic ability. (E) Validation of immune-related hub genes using clinical samples from patients with severe burns. ns: p>0.05 there was no statistic difference between the two groups, *: p< 0.05, versus the normal group.






3.7 Validation of immune-related hub genes

As depicted in Figure 4E, the expression levels of S100A8 and S100A12 in patients with severe burns were significantly greater than those in the control group (S100A8, p=0.0262; S100A12, p=0.0175). However, the differences in the transcription levels of S100A9, ITGAM, TLR8, and SPI1 did not reach statistical significance between the two groups (S100A9, p=0.2086; ITGAM, p=0.62; TLR8, p=0.4557; SPI1, p=0.3829).




3.8 Screening of small molecule drugs

Twenty-one potential drugs for treating burn patients were identified using DGIdb (Supplementary Table S2). In this study, 4, 2, 5, 1, and 10 drugs were found to interact with TLR8, S100A9, S100A12, S100A8, and ITGAM, respectively. However, we did not find any small molecule drugs that could target SPI1 in this database. Additionally, drug–gene networks were constructed with Cytoscape (Figure 5A).




Figure 5 | Survival curves and pathological staining in animal experiments. (A) Prediction of potential small molecule drugs of immune-related hub genes in the DGIdb database. (B) Survival curves of the animals (n=20 in each group; n=5 in sham/NC group) after 72 h. (C) HE pathological staining of the lungs, liver, spleen and kidneys of various groups of mice. (D) Inflammation injury scoring of kidney, liver, spleen and lungs. ns: p>0.05 there was no statistic difference between the two groups, *: p< 0.05, **: p< 0.01, ***: p< 0.001 and ****: p<0.0001 versus the NFR group. ^: p< 0.05 versus the FRM group. Black arrow with number: ① renal tubular protein tubular pattern; ② renal tubular erythrocyte tubular pattern; ③ renal tubular cell detachment; ④ inflammatory hepatic exudation; ⑤ fusion of splenic lymphocytes in the cortical area; ⑥ lymphoblastoid differentiation; ⑦ alveolar wall thickening; ⑧ hyaline membrane formation; ⑨ alveolar or interstitial hemorrhage; ⑩ lymphocytic or neutrophilic infiltration.






3.9 Survival curves of severe burn mouse model treated with different therapies

The survival curves over a 72-hour period are shown in Figure 5B. The mortality rates at 6, 12, 24, 48 and 72 hours for each group were NC (0%), FRM (5%, 15%, 20%, 45%, 50%), FR (5%, 5%, 10%, 65%, 95%), NFRM (5%, 10%, 30%, 85%, 95%), and NFR (55%, 65%, 75%, 90%, and 95%).

According to the log-rank test, the survival curves of FRM (p<0.0001), FR (p=0.0022), and NFRM (p=0.0273) were significantly different from those of NFR, and the survival curves of FR (p=0.0152) and NFRM (p=0.0023) were significantly different from those of FRM. There was no significant difference between the survival curves of FR and NFRM (p=0.1365).

The Gehan-Wilcoxon test showed that when early survival characteristics were taken into account, the survival curves of FRM (p<0.0001), FR (p<0.0001), and NFRM (p=0.0008) were significantly different from those of NFR; there was no significant difference between the survival curves of FR and FRM (p=0.1167); the survival curves of NFRM and FRM were significantly different (p=0.0163); and the survival curves of NFRM and FR were significantly different (p=0.0389).




3.10 Pathological findings

HE staining revealed the following pathological changes across the NFR, FR, NFRM groups (Figure 5C): (1) Renal tubular protein tubular pattern, erythrocyte tubular pattern, renal tubular cell detachment and collecting duct injury; (2) Inflammatory hepatic exudation and central venous dilatation; (3) Fusion of splenic lymphocytes in the cortical area, lymphoblastoid differentiation; (4) Alveolar wall thickening, hyaline membrane formation, alveolar or interstitial hemorrhage, lymphocytic or neutrophilic infiltration. In terms of injury scores of the four groups (Figure 5D), the FRM group had the least organ injury, the NFRM and FR groups had similar levels of injury, and the NFR group had the most severe organ injury.




3.11 Transcription level of S100A8 in group FR and FRM

Due to the loss of body fluids as a result of severe burns, only the FR and FRM groups were able to obtain sufficient amounts of RNA for subsequent qPCR to detect the transcript levels of S100A8. As shown in Figure 6A, the transcript level of S100A8 in the FRM group (n=8) was significantly lower than that in the FR group (n=8) (p=0.0074). It indicated that methotrexate could effectively reduce the transcript level of S100A8, validating the effectiveness of the predicted drug.




Figure 6 | Transcription level of S100A8 in leucocytes, WB and ELISA results for inflammation. (A) Transcription level of S100A8 between group FRM and FR. (B) Immunoblot images of key proteins of the NF-κB signaling pathway in lung tissue. (C) WB analysis of the activation of the NF-κB signaling pathway via the phosphorylation of IKK, IKBα and p65 and the content of IKBα. (D) Serum Concentrations of IL-1β, IL-6, TNF-α and MCP-1 tested by ELISA. ns: p>0.05 there was no statistic difference between the two groups, *: p< 0.05, **: p< 0.01, ***: p< 0.001 and ****: p<0.0001 versus the NC group. WB: Western blotting; ELISA: Enzyme-linked immunosorbent assay.






3.12 Levels of NF-κB signaling pathway activation

The WB results are shown in Figure 6B. The grayscale values of the protein bands were normalized across the groups by using the NC as a baseline “1”. The results indicated that in the FRM group, the levels of p-IKK, the p-IKBα/IKBα ratio, and the p-p65/p65 ratio were significantly lower than those in the NFR, NFRM, and FR groups, while the IKBα content was greater. These findings suggested that the activation level of the NF-κB pathway in the FRM group was lower than that in the NFR, NFRM, and FR groups. In the FR and NFRM groups, the levels of p-IKK, the p-IKBα/IKBα ratio, and the p-p65/p65 ratio were significantly lower than those in the NFR group, while the IKBα content was greater, indicating that the activation level of the NF-κB pathway in the FR and NFRM groups was lower than that in the NFR group. There was no significant difference between the levels of p-IKK and IKBα or the p-IKBα/IKBα ratio between the FR and NFRM groups, except for the p-p65/p65 ratio. This finding suggested that there might be no difference between the NFRM and FR groups in terms of the activation level of the NF-κB pathway.




3.13 Cytokine levels

The ELISA results are shown in Figure 6C. At all time points, the cytokine levels in the FRM group were significantly lower than those in the FR, NFRM, and NFR groups. At 24 hours, the cytokine levels in the FR and NFRM groups were significantly lower than those in the NFR group. There was no significant difference between the cytokine levels in the FR and NFRM groups, except for those of the IL-1β and TNF-α groups. At 48 hours, the cytokine levels in the FR and NFRM groups, with the exception of TNF-α, were significantly lower than those in the NFR group. There were significant differences in the cytokine levels between the FR and NFRM groups, except for the IL-6 level. At 72 hours, the cytokine levels of the FR and NFRM groups, except for TNF-α, were significantly lower than those of the NFR group, and there was no significant difference between the cytokine levels of the FR and NFRM groups, except for IL-1β.




3.14 Transcriptome sequencing findings

The GO biological process enrichment analysis plot in Supplementary Figure S5 shows that compared with FR, FRM downregulated the basic processes of the immune response. Compared to NFRM, FRM upregulated the negative regulation of external stimulus perception and hydrolase activity, as well as the humoral immune response, demonstrating organ-protective effects. Methotrexate significantly downregulated the activation of the JAK-STAT pathway (p=0.029; Figure 7).




Figure 7 | KEGG enrichment of transcriptome sequencing results. (A) Downregulated signaling pathways in FRM vs NFR. (B) Downregulated signaling pathways in NFRM vs FR.







4 Discussion

Overactivated inflammation and immunity devastate the physiological potential and are significantly correlated with poor prognosis (1, 24–26). Through algorithmic screening and clinical sample validation, the transcription level of S100A8 in peripheral blood has been identified as a prognostic marker for patients with severe burns. S100A8 was strongly associated with the cytotoxic effects of neutrophils on acute inflammation in PPI network.

The acute inflammatory response triggered by severe burns is typically accompanied by significant activation and aggregation of neutrophils, which is the initial response of the host’s immune defense mechanism (1, 27). Neutrophil activation in burn injuries is primarily mediated by the release of a series of cytokines and chemokines. These mediators not only promote the migration and aggregation of neutrophils but also enhance their phagocytic activity and reactive oxygen species production, leading to secondary damage at the burn site and distant organs. Recent studies have shown that S100A8 is a crucial calcium-binding protein synthesized and secreted by neutrophils, playing a vital role in calcium homeostasis, apoptosis, and inflammation, and is essential in combating microbial infections and maintaining immune homeostasis. Research indicates that S100A8 mediates inflammation progression via the NLRP3 pathway (28, 29). S100A8 has garnered attention as a potential marker for inflammation and sepsis (30–32). However, the potential of S100A8 to regulate immune dysregulation and improve prognosis in severe burns has not been fully demonstrated. Our study provides a valuable contribution in this area. Huang et al. showed that blocking the binding of S100A8 protein to TLR-4 with Paquinimod reduced mortality in severely burned mice, indirectly supporting the validity of our research (18).

To enhance clinical applicability, our study used the DGIbd database to predict methotrexate as a targeted small-molecule drug for S100A8, based on evidence from evidence-based medicine. Application of methotrexate in severely burned mice significantly reduced the transcription level of S100A8 in peripheral blood, partially proving the predicted targeting efficacy of methotrexate. To date, research on immunosuppressants has focused on autoimmune inflammatory diseases, with limited studies on their application in burns. Achauer and Cetinkale demonstrated that cyclosporine can improve microcirculation, reduce inflammation at the burn site, and increase the survival of skin grafts (33, 34). However, there is no research on cyclosporine’s effects on overall immune dysfunction in burns. Studies have shown that rapamycin can improve acute damage to wounds and organs by inducing autophagy (35–37). Contradictorily, Dunn et al. found that rapamycin increased lung infection risk and reduced survival rates in burned mice (38). Importantly, our bioinformatics analysis revealed that the JAK-STAT signaling pathway is significantly upregulated in severe burn. Methotrexate could sufficiently inhibit pathologic overactivation of the JAK-STAT pathway to control disease and deliver the benefits of specific JAK inhibitors without blocking the physiological activation (39–41). The classical inflammatory JAK-STAT pathway can be activated by pro-inflammatory factors, promoting the expression of inflammatory mediators and further mobilizing immune cells, exacerbating severe reactions. Many studies aim to reduce sepsis inflammation by inhibiting the JAK-STAT signaling pathway (42, 43). However, it must be considered that inhibition of the JAK-STAT pathway can lead to decreased immune cell function, reduced antibody production, cytokine imbalance, and weakened inflammatory response, increasing the risk of inadequate infection control. Clinically, patients treated with JAK inhibitors (e.g., tofacitinib) for autoimmune diseases have shown an increased risk of infection (44, 45). These drugs reduce inflammation and autoimmune responses by inhibiting the JAK-STAT pathway but also lower the body’s immune defense capability, making patients more susceptible to bacterial, viral, and fungal infections. Compared to these immunosuppressants, methotrexate has a relatively mild immunosuppressive effect, helping to retain some immune function for hematopoiesis and the response to infection while controlling the disease (39–41, 46). Although methotrexate has side effects, its severe long-term side effects are relatively fewer and more controllable compared to potent immunosuppressants like cyclophosphamide and corticosteroids. Regular monitoring of liver and kidney function and blood counts can detect and manage potential side effects promptly. Methotrexate can be used in combination with various biologics, enhancing efficacy and reducing the required dosage of biologics, thereby lowering potential side effects.

Additionally, this study explored the application conditions of methotrexate in the treatment of severe burns. The in-vivo findings suggest that methotrexate can inhibit immune processes to varying degrees, regardless of fluid resuscitation. Remarkably, methotrexate combined with fluid resuscitation therapy may offer a survival advantage and better inflammation-suppression effect over other treatment modalities, especially methotrexate only. Additionally, the mice in the combined treatment group (FRM) overcame lethargy within 24 hours postinjury and were able to voluntarily consume food and water. And fluid resuscitation alone had a greater effect than methotrexate alone in the first 48 h, although this approach did not significantly alter the mortality rate within 72 hours postburn in mice. Although the expression of inflammatory factors was reduced by methotrexate, they would still accumulate in the circulation gradually without fluid resuscitation to be eliminated. Therefore, the poor prognostic outcome may not be effectively improved. In contrast, a stable circulatory volume combined with methotrexate successfully improved the condition of severely burned mice. Thus, we emphasized the necessity of fluid resuscitation as a cornerstone for application of methotrexate in severe burn.

Overall, these results demonstrate that the combination of methotrexate and fluid resuscitation can significantly inhibit excessive immune activation in the early stages of severe burns, effectively maintaining immune and inflammatory responses to preserve organ function. This significant protective effect on organ function markedly improves the prognosis of severely burned mice.

The multivariate analysis did not include variables that may confound the prediction of severe burns, such as preexisting nutritional and immune status, comorbidities, duration of burn wound excision, or further supportive therapeutic measures. In addition, methotrexate has a wide range of downstream sites, and its interaction with S100A8 needs to be further clarified. Therefore, more multicenter clinical trials and in vitro studies are necessary to gain a comprehensive understanding of immune modulation for the treatment of severe burns and to elucidate the underlying cellular and molecular mechanisms involved.




5 Conclusion

This study provides insight into the role of immune-related molecules in severe burns and examines the impact of targeted small molecule drugs on the development and severity of SIRS/MODS. The starting point of our study was to screen for S100A8, which is strongly associated with neutrophil activity and prognosis. After validation with clinical samples, S100A8 was predicted to yield the targeted clinical small-molecule drug methotrexate. Combining methotrexate with fluid resuscitation resulted in reduction of severe burn mortality, attenuation of immune and inflammatory responses, and organ damage in severely burned mice.
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Supplementary Figure 1 | Construction of co-expression networks. (A) The sample clustering tree indicated that there were no abnormal samples. (B, C) Twenty-five gene modules were identified by setting the soft-thresholding power to 3 (scale-free R2 = 0.85) in WGCNA.

Supplementary Figure 2 | Heatmap and distribution on chromosomes of DEGs. (A) Part of DEGs were screened in heatmap. (B) These 113 immune-related DEGs were distributed on chromosomes 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 17, 19, 20, 21, 22, and X.

Supplementary Figure 3 | Construction of a survival-related risk regression model. (A, B) LASSO algorithm was to further screen gene signature (S100A8 and ITGAM) of burn from key immune-related genes.

Supplementary Figure 4 | Pathological staining. HE pathological staining images (100X to original magnification) of the lungs, liver, spleen and kidneys of various groups of mice. Black arrow with number: ① renal collecting duct injury; ② inflammatory hepatic exudation; ③ hepatic central venous dilatation; ④ fusion of splenic lymphocytes in the cortical area.

Supplementary Figure 5 | Transcriptome sequencing results. (A) GO functional enrichment analysis of biological processes in the FRM versus FR groups. The left panel shows genes whose expression increased, and the right panel shows genes whose expression decreased. (B) GO functional enrichment analysis of biological process terms associated with FRM versus NFRM. The left figure shows the upregulation process, and the right figure shows the downregulation process.
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