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Editorial on the Research Topic 
Cellular and molecular mechanisms of lung regeneration, repair, and fibrosis


Organ fibrosis poses a significant threat to human health, contributing to over 30% of diseases that result in disability and mortality (Rockey et al., 2015; Zhou et al., 2022; Bhattacharya and Ramachandran, 2023; Yan et al., 2023). Idiopathic pulmonary fibrosis (IPF) is a progressive and often fatal lung disease characterized by fibrosis. Unfortunately, the median survival for IPF patients is only 3–5 years. Currently, the FDA-approved oral agents for pulmonary fibrosis, Pirfenidone and Nintedanib, can only slow down disease progression and do not provide a cure. Therefore, there is an urgent need to develop more effective therapeutic approaches for lung fibrosis and gain a deeper understanding of the cellular and molecular mechanisms underlying this condition (Zhang et al., 2023a; Zhang et al.; Podolanczuk et al., 2023).
Impaired lung regeneration and repair processes can contribute to the development of lung fibrosis after injury (Basil et al., 2020). The lungs function as the primary organs of the respiratory system, taking in over 10,000 L of air daily to facilitate oxygen uptake into the bloodstream and the elimination of carbon dioxide (Neupane et al., 2020; Qiu et al., 2023). As organs in direct contact with the external environment, the lungs are susceptible to injury from various factors such as environmental pollution, smoking, chemical substances, and viral and bacterial infections (Zhang et al.; Deng et al., 2023). Following injury, the lungs possess a regenerative capacity and initiate a repair program by mobilizing various type of stem cells, including type 2 alveolar epithelial (AT2) cells, basal cells, club cells, lineage-negative epithelial progenitors (LNEPs), bronchioalveolar stem cells (BASCs), and respiratory airway secretory cells (RASCs) (Figure 1) (Meng et al., 2023). Effective lung repair and regeneration are crucial biological processes for restoring the normal physiological function of lungs after injury. However, chronic damage or disease can impede the lung regenerative abilities, resulting in fibrosis and functional impairment (Basil et al., 2020). Understanding of the cellular and molecular mechanisms underlying lung regeneration and repair is essential for comprehending the pathogenesis of lung fibrosis and developing effective therapeutic strategies.
[image: Figure 1]FIGURE 1 | Stem cell populations involved in lung repair and regeneration following injury. Following airway injury, basal cells can differentiate into club cells and ciliated cells; club cells can differentiate into ciliated cells and possess the ability to dedifferentiate into basal cells when basal cells are depleted; BASCs can differentiate into both club cells and ciliated cells. Following alveolar injury, BASCs contribute to the replenishment of both AT1 and AT2 cells; LNEPs have the potential to differentiate into AT2 cells; RASCs can differentiate into AT2 cells, while AT2 cells themselves can differentiate into AT1 cells. AT1, Type 1 alveolar epithelial cells; SMC, Smooth muscle cell; ECM, Extracellular matrix; AM, Alveolar macrophages.
The cellular and molecular mechanisms of lung regeneration, repair, and fibrosis are currently not fully understood. This Research Topic includes eight original articles and one review article that enhance and expand our knowledge regarding theses mechanisms. The findings contribute to our understanding of lung regeneration, repair, fibrosis, and offer potential new prognosis and therapeutic approaches for lung fibrosis and associated disorders.
Lung fibrosis and chronic obstructive pulmonary disease (COPD) occur due to lung injury and inadequate repair processes (Basil et al., 2020). Lung regeneration and repair following injury depends on the interaction between epithelial progenitor cells and fibroblasts in the alveolar stem cell niche. However, distorted Wnt/β-catenin signaling in fibroblasts may disrupt the crucial interactions between epithelial cells and fibroblasts, leading to impaired lung regeneration and repair (El Agha and Thannickal, 2023). In this regard, Khedoe et al. investigated the impact of cigarette smoke (CS) on Wnt/β-catenin signaling in fibroblasts and its effect on lung epithelial organoid formation. They exposed fibroblasts to CS extract (CSE) and an endoplasmic reticulum (ER) stress inducer Thapsigargin (Tg). CSE induced oxidative stress, while Tg stimulated the integrated stress response (ISR) and the unfolded protein response. Both CSE and Tg suppressed Wnt/β-catenin signaling and impaired the ability of fibroblasts to support lung epithelial organoid formation. Moreover, treatment with the Wnt activator reversed this inhibitory effect. These findings demonstrated that CSE exposure induces oxidative stress and hampers lung epithelial organoid formation via inhibiting the Wnt/β-catenin signaling pathway in fibroblasts.
Moreover, airway organoids offer an ideal model for studying the cellular and molecular mechanisms underlying airway epithelium regeneration and repair (van der Vaart and Clevers, 2021). Gentemann et al. employed airway organoids combined with femtosecond laser-based nanosurgery to investigate airway repair at a high spatio-temporal resolution, which is challenging to achieve in vivo. They found that the repair of airway organoids after cell ablation involves crucial mechanisms regulating native airway epithelial wound healing. This in vitro airway injury model provides a new approach to studying airway repair following localized injury and offers valuable insights into the single-cell level mechanisms driving epithelial repair.
Early intervention plays a crucial role in effectively treating IPF. However, the prognosis for individuals diagnosed with IPF is currently discouraging. To improve outcomes, it is essential to identify precise biomarkers, especially during the early stages of the disease, to enable timely therapeutic interventions (Moss et al., 2022). Zhang et al. integrated expression datasets from bulk tissue and single-cell datasets to analyze gene expression patterns in IPF. They found differentially expressed switch genes that showed correlations with clinical indicators, with the midkine (MDK) gene emerging as a particularly strong marker for the disease. The cellular communication-related genes of MDK were found to be differentially expressed in epithelial cells. A midkine score was calculated using MDK and its related genes, and machine learning models were developed to predict IPF using bulk gene expression datasets. The midkine score showed correlations with clinical indexes, and the machine learning model achieved a high level of accuracy in classifying IPF. These findings not only provide a new biomarker for IPF diagnosis but also offer valuable insights into the pathogenesis of the disease.
Besides MDK, cuproptosis-related genes (CRGs) may also serve as biomarkers for diagnosing IPF. Metal ions, including iron and copper, play crucial roles in cell metabolism, survival, and death. Alongside iron-dependent ferroptosis, cuproptosis has emerged as a recently identified form of programmed cell death. Cuproptosis is characterized by its dependence on copper, the accumulation of fatty acylated proteins, and the reduction of iron-sulfur cluster proteins (Stockwell, 2022; Tang et al., 2022; Xu et al., 2023). Shi et al. investigated the association between cuproptosis and IPF. They identified a positive correlation between activated dendritic cells and CRGs such as lipoyltransferase 1 (LIPT1), lipoic acid synthetase (LIAS), glutaminase (GLS), and dihydrolipoamide branched chain transacylase E2 (DBT). They also found correlations between CRGs and immune cell infiltration, emphasizing the significance of immune heterogeneity in IPF patients with distinct cuproptosis clusters. Moreover, an eXtreme Gradient Boosting (XGB) machine-learning model was developed for IPF diagnosis, exhibiting promising performance with lower residuals, a higher area under the curve, and validation using external datasets. These findings offer novel insights into the relationship between cuproptosis and IPF, as well as a potential diagnostic model for IPF patients.
In addition to CRGs, chemokines hold potential as biomarkers for diagnosing IPF. Chemokines, which are small proteins secreted by various cell types, play a crucial role in lung repair and fibrosis (Liu et al., 2021). Zhao et al. investigated the potential of a chemokine-related gene signature as a biomarker for IPF diagnosis. They successfully identified eleven chemokine-related genes that effectively differentiated IPF patients from controls. Additionally, two IPF subtypes were identified based on chemokine-related gene expression, with subtype 1 exhibiting higher pulmonary function parameters and stromal scores compared to subtype 2. Notably, altered expression of chemokine-related genes was observed in both bleomycin-induced mice and transforming growth factor beta-1 (TGFβ-1)-induced fibroblast cells. These findings suggest the potential of the identified chemokine-related genes as biomarkers for IPF and shed light on their involvement in the disease’s pathogenesis.
IPF and scleroderma-associated interstitial lung disease (SSc-ILD) are chronic fibrotic diseases that share common fibrosis pathways. SSc-ILD occurs in individuals with scleroderma, an autoimmune disease, and affects the lungs (Fields et al., 2023). It is characterized by inflammation and fibrosis in the lungs, resulting in progressive scarring and impaired lung function. The current treatment options for SSc-ILD involve non-specific immunosuppressive drugs and anti-fibrotic agents. However, these therapies have varying effectiveness, high costs, and potential side effects (Vonk et al., 2021). Woo et al. discussed the potential of targeting the nucleotide-binding domain and leucine-rich repeat protein-3 (NLRP3) inflammasome signaling pathway and the associated cytokines, including tumour necrosis factor α (TNFα), interleukin-1β (IL-1β), and interleukin-18 (IL-18), as novel therapeutic approaches for SSc-ILD. This review highlights that modulating these factors could offer new strategies for treating SSc-ILD.
SARS-CoV-2 infection, the virus responsible for COVID-19, can also contribute to lung injury and fibrosis. Individuals with diabetes and hypertension have been found to be susceptible to lung injury (Fuso et al., 2019; Rajasurya et al., 2020). Zhang et al. found that fibroblasts are upregulated in individuals with diabetes, hypertension, and hypertension-diabetes comorbidity who were infected with SARS-CoV-2, leading to reduced lung function. They identified specific genes associated with enhanced endothelial cell activation in fibroblasts and suggested kringle containing transmembrane protein 1 (KREMEN1) as a potential receptor for the activation of fibroblasts. Comparing Pirfenidone and Nintedanib, they propose Nintedanib as a more suitable treatment for COVID-19 patients with diabetes and hypertension and fibrotic lung lesions. These findings provide new insights into the modulation of fibroblasts during SARS-CoV-2 infection in comorbid conditions.
In addition to lung fibrosis and COPD, asthma, a prevalent chronic lung disease characterized by airway hyperresponsiveness and persistent airway inflammation, can also lead to reduced lung function. Globally, approximately 300 million people are affected by asthma. While medication is the primary approach for managing asthma, physical therapy, which includes exercise therapy, respiratory exercises, and muscle training, has proven to be effective (Brusselle and Koppelman, 2022). Zhou et al. has revealed that regular exercise can improve lung function, immune responses, and quality of life in children with asthma. Swimming and aerobic exercise have been identified as particularly beneficial for children with asthma. It is recommended to engage in these activities at least 2 to 3 times per week for a duration of 8 weeks, with each session lasting 40–60 min.
BALB/c and C57BL/6 mouse strains are commonly utilized in respiratory disease research, including studies on asthma. Among these strain, BALB/c mice have been observe to exhibit higher airway responsiveness than C57BL/6 mice (Duguet et al., 2000). Zeng et al. investigated the underlying mechanism using precision-cut lung slices. They found that BALB/c mice exhibited stronger small airway contraction and faster Ca2+ oscillations in airway smooth muscle (ASM) cells when exposed to agonists. This was attributed to increased store-operated Ca2+ entry (SOCE), resulting from elevated expression of SOCE components (STIM1, Orai1) in BALB/c mice’s small airway ASM cells. The mathematical model further supported that the elevated SOC current may lead to enhanced agonist-induced Ca2+ oscillations. These findings suggest that the inherently higher SOC activity in BALB/c mice contributes to the enhanced frequency of Ca2+ oscillations in ASM cells, stronger small airway contraction, leading to grater airway responsiveness compared to C57BL/6 mice.
In summary, the publications within this Research Topic have the potential to improve our understanding of the cellular and molecular mechanisms involved in lung regeneration, repair, and fibrosis. Furthermore, the papers make valuable contributions towards advancing the treatment options available for lung fibrosis and improving the diagnosis of individuals afflicted by this disease.
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Background

Idiopathic pulmonary fibrosis (IPF) is a chronic progressive interstitial lung disease with limited therapeutic options. Recent studies have demonstrated that chemokines play a vital role in IPF pathogenesis. In the present study, we explored whether the gene signature associated with chemokines could be used as a reliable biological marker for patients with IPF.





Methods

Chemokine-related differentially expressed genes (CR-DEGs) in IPF and control lung tissue samples were identified using data from the Gene Expression Omnibus database. A chemokine-related signature of the diagnostic model was established using the LASSO-Cox regression. In addition, unsupervised cluster analysis was conducted using consensus-clustering algorithms. The CIBERSORT algorithm was used to calculate immune cell infiltration across patient subgroups. Finally, we established a mouse model of bleomycin-induced pulmonary fibrosis and a model of fibroblasts treated with TGFβ1. Expression levels of chemokine-related signature genes were determined using real-time quantitative polymerase chain reaction (RT-qPCR).





Results

We established a chemokine-related eleven-gene signature of a diagnostic model consisting of CXCL2, CCRL2, ARRB1, XCL1, GRK5, PPBP, CCL19, CCL13, CCL11, CXCL6, and CXCL13, which could easily distinguish between IPF patients and controls. Additionally, we identified two subtypes of IPF samples based on chemokine-related gene expression. Pulmonary function parameters and stromal scores were significantly higher in subtype 1 than in subtype 2. Several immune cell types, especially plasma cells and macrophages, differ significantly between the two subtypes. RT-qPCR results showed that the expression levels of Cxcl2 and Ccl2 increased considerably in bleomycin-induced mice. Meanwhile, Arrb1, Ccrl2, Grk5, and Ppbp expression was significantly reduced. Furthermore, multiple chemokine-related genes were altered in TGFβ1 or TNFα-induced fibroblast cells.





Conclusions

A novel chemokine-related eleven-signature of diagnostic model was developed. These genes are potential biomarkers of IPF and may play essential roles in its pathogenesis.
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1 Introduction

Idiopathic pulmonary fibrosis (IPF) is a chronic progressive lung disease characterized by pulmonary scarring (1). The incidence of IPF is increasing, and IPF is a leading cause of death in an aging population (2). The prognosis for IPF is often poor, with an average survival of 3–5 years after diagnosis (1). The incidence and prevalence of IPF were analyzed as 0.09–1.30 per 10,000 and 0.33–4.51 per 10,000, respectively (3). The treatment options for IPF are limited. Pirfenidone and nintedanib are currently FDA-approved oral agents that reduce IPF progression (4, 5). Thus, identifying specific biomarkers, especially for early stage and prompt therapy, is vital for improving the prognosis of patients with IPF.

The pathogenesis of IPF involves multiple environmental risk factors and multi-gene alterations that contribute to epithelial cell damage and apoptosis, recruit immune cells to the site of injury, and activate fibroblasts to secrete extracellular matrix to initiate repair (6). Chemokines play an essential role in injury and repair (7). Chemokines are small-molecular-weight proteins secreted by multiple cell types and are involved in the process of pulmonary fibrosis (8–10). For example, alveolar epithelial cell (AECs) injury increases the expression of both CCL2 and CCL12, and alveolar epithelial cell-specific deletion of CCL12 prevents pulmonary fibrosis in mice, but not in CCL12 null mice. Loss of CCL12 in AECs leads to decreased macrophage recruitment (10). During pulmonary fibrosis, alveolar macrophages secrete multiple chemokines such as CCL18 and CCL1, which directly activate pulmonary fibroblasts and stimulate collagen production (8, 11). CCL18 levels significantly increase in the serum and bronchoalveolar lavage fluid (BALF) of patients with multiple interstitial lung diseases, including IPF (12). Serum CCL18 concentrations >150 ng/mL significantly increased mortality in patients with IPF, indicating that serum CCL18 concentrations are a good predictor of IPF (13). Neutralizing CCL1 or inhibiting CCL1 signaling reduces pulmonary fibrosis in vitro and in vivo, indicating that CCL1 is a potential therapeutic target for IPF (8). In IPF, various cells express chemokines and chemokine receptors, constituting a complex chemokine system that regulates the pathogenesis of IPF. Thus, the role of chemokine system-related genes in the diagnosis and prognosis of IPF remains unclear and requires further investigation.

In the present study, we identified chemokine-related differentially expressed genes (CR-DEGs) in the control and IPF samples. Based on the least absolute shrinkage and selection operator (LASSO), eleven CR-DEGs were included to establish a diagnostic model in the training and validation sets. In addition, IPF samples were divided into two subgroups based on eleven genes and characterized for each subgroup. Finally, we examined the expression of eleven CR-DEGs in bleomycin-induced injury and TGFβ1-induced pulmonary fibroblasts.




2 Materials and methods



2.1 Data source and processing

The gene expression matrix and clinical data of IPF samples were downloaded from the NCBI GEO database (http://www.ncbi.nlm.nih.gov/geo/) (14). The training cohort consisted of 122 IPF and 91 control samples from GSE47460 [GPL14550 platform]. The validation cohort comprised 112 IPF and 20 control samples from GSE70866 [GPL14550 platform]. GSE47460 [GPL6480 platform] served as a validation cohort. One hundred thirteen chemokine-related genes (CRGs) were extracted from GeneCards (https://www.genecards.org/).




2.2 Identification of the CR-DEGs

Differentially expressed genes (DEGs) were extracted between the IPF and normal samples using the “limma” R package (the absolute value of log2 fold change (log2FC) was more significant than 1, and false discovery rate (FDR) was less than 0.05). We compared the differences between DEGs and CRGs and retained the pooled portion as CR-DEGs. The “pheatmap” R package and “cor” functions were used to draw heatmaps and calculate the correlation between the CR-DEGs. Protein-protein interactions (PPI) between CR-DEGs were predicted using the STRING database. Cytoscape Version 3.0.0 was used to visualize the PPI network (15). Next, we enriched GO biological processes and KEGG signaling for genes in the network using Cluster Profiler version 4.4.4 (16).




2.3 Construction of diagnostic models

Based on the expression levels of CR-DEGs in the GSE47460 [GPL14550 platform] cohort, “rms” R packages were used for univariable logistic regression. We then used LASSO to screen for optimal CR-DEGs. For the GSE47460 [GPL14550 platform] cohort, a CR-DEG-based diagnostic classifier was constructed using the Support Vector Machine (SVM) method. The diagnostic model was evaluated using the ROC curve method in the training cohort (GSE47460 [GPL14550 platform]) and two independent validation cohorts (GSE70866 and GSE47460 [GPL6480 platform]).




2.4 Clinical relevance of CR-DEGs

Clinical information, including age, diffusion capacity of carbon monoxide (dlco), forced vital capacity (fvc), and forced expiratory volume in 1 s (fev1), was extracted from the GSE47460 dataset. Fisher’s exact test was used for categorical variables to analyze the distribution of clinical information in the samples. The Kruskal–Wallis test was used to compare continuous data variables, and correlations between the expression levels of CR-DEGs and clinical parameters were calculated using the cor function.




2.5 Analysis of immune infiltration

We used CIBERSORT to estimate the proportional immune cell types in the GSE47460 [GPL14550 platform] samples. We then compared the variability of immune cell distribution in the IPF and control groups using the Kruskal–Wallis test. Correlations between the expression levels of CR-DEGs, which were used to construct diagnosis models and immune cells, were calculated using a cor function.




2.6 Prognostic relevance of diagnostic CR-DEGs

We obtained survival information from the GSE70866 cohort to observe the prognostic relevance of diagnostic CR-DEGs. The IPF samples were divided into two groups (high- and low-expression groups) according to the median gene expression value. The prognostic difference between the high- and low-expression groups was assessed using the Kaplan–Meier curve method (survival package) in the R language, and the p-value was calculated using the log-rank test.




2.7 Analysis of molecular subtype

Based on the expression levels of CR-DEGs constructed for diagnostic models, we performed a consensus clustering analysis of the IPF samples from the GSE47460 [GPL14550 platform] cohort using the “Consensus ClusterPlus” package. The “GSVA” package assessed the chemokine scores for each IPF sample, and then the chemokine scores of the different subtypes were compared using the Kruskal–Wallis test. As described above, we also compared the differences in clinical parameters, immune infiltration, and stromal scores between the subtypes.




2.8 Pathway enrichment analysis in subgroups

All KEGG data were downloaded from the GSEA database. We then quantified each KEGG pathway using the “GSVA” package based on the gene expression levels in the GSE47460 [GPL14550 platform] sample. We then used the “limma” package to screen for differentially expressed genes between subgroups (FDR<0.05 and |log2FC|>0.263). The ClusterProfiler” package was used to perform Gene Ontology (GO), including biological processes (BP), and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis.




2.9 Animal model

Eight-week-old male C57BL/6J mice were purchased from the SLRC Laboratory Animal Company (Hunan, China). All animals were kept in an SPF environment at China Three Gorges University. The animal experimental protocol was approved by the Ethics Committee of China Three Gorges University (Approval No. 2022B100A). The animal model of lung fibrosis was established by a single intratracheal administration of bleomycin (2 U/kg, Hisun Pharmaceutical, China) or an equal amount of saline as a control. Mice were sacrificed 21 days after establishment of the mouse model. The body and lung weights were measured. The left lung was embedded in paraffin and stained with Masson’s trichrome. The right lung was collected and frozen in liquid nitrogen for real-time quantitative polymerase chain reaction (RT-qPCR).




2.10 Cells culture and treatment

The human embryonic lung fibroblast MRC-5 cell line was purchased from Procell (Wuhan, China) and cultured in Minimum Essential Medium (MEM, Procell) containing non-essential amino acids, 10% fetal bovine serum (FBS, VivaCell) and 1% penicillin-streptomycin (VivaCell) at 37°C with 5% CO2. MRC-5 cells were treated with TGFβ1 (5 ng/mL), and TNFα (10 ng/mL) for 24 h.




2.11 RT-qPCR

The expression of these core CR-DEGs in fibroblasts stimulated with TGF-β1 and TNF-α or bleomycin-treated lung tissue was further verified using RT-qPCR. Total RNA was isolated using TRIZOL. The cDNA was synthesized using a cDNA synthesis kit (Vazyme, Nanjing, China). RT-qPCR was performed using the Taq Pro Universal SYBR qPCR Master Mix (Vazyme, Nanjing, China). GAPDH or ACTB was used as the reference gene. The relative fold-change was calculated using the 2−△△Ct method.




2.12 Western blot analysis

Western blot analysis was performed to detect protein level of GRK5, ARRB1, and CCRL2 in fibroblasts stimulated with TGF-β1 and TNF-α. Briefly, MRC-5 cells were lysed on ice using radioimmune precipitation assay (RIPA) lysis buffer (Servicebio, Wuhan, China). Protein concentration was measured using BCA protein assay kit. Protein extracts (20 ug) were separated by SDS-polyacrylamide gels (SDS-PAGE), transferred to PVDF membranes. Membranes were then incubated with primary antibodies against α-SMA (1:1000, Cell Signaling Technology, MA, USA), FN1 (1:2000, Proteintech, Wuhan, China), Tubulin (1:2000, Santa Cruz, CA, USA), GRK5 (1:1000, Proteintech, Wuhan, China), ARRB1 (1:1000, Proteintech, Wuhan, China), CCRL2 (1:3000, Proteintech, Wuhan, China) overnight at 4°C. Horseradish peroxidase (HRP)-conjugated anti-mouse or anti-rabbit whole IgG secondary antibodies (1:5000, Birmingham, AL, USA) was identify the primary antibody. Protein bands were detected using Super ECL Star kit (US Everbright, Suzhou, China).




2.13 Statistical analysis

Statistical analysis was performed using the R software (version 3.6.1) and GraphPad Prism software (version 8.0). Different R packages were used to analyze the gene expression profiles. Data from RT-qPCR were presented as “mean ± standard error of mean (SEM)” or “mean ± standard deviation (SD)”. An Independent samples t-test was used to compare the treatment and control groups. Statistical significance was set at p<0.05.





3 Results



3.1 Identification of chemokine-related differentially expressed genes

The workflow is illustrated in Figure 1. We investigated the DEGs in 122 IPF and 91 normal tissue samples (CTRL) from GS47460 [GPL14550 platform]. These specimens were obtained surgically and were diagnosed as having IPF or being controls by clinical history, CT scan, or surgical pathology. The baseline characteristics of the IPF and control individuals are shown in Table 1. As shown in the volcano map, 891 DEGs (306 downregulated and 585 upregulated) were identified (Figure 2A). In total, 113 CRGs were retrieved from the GeneCards database (Table S1). Thirty-four CR-DEGs were identified by investigating the intersection of the DEGs and CRGs (Figure 2B). The heatmap showed 34 CR-DEGs in IPF and control samples (Figure 2C). Chemokine receptors often play an essential role in the binding of specific chemokines. Based on this, we performed a correlation analysis between the CR-DEGs (Figure 2D). Additionally, we constructed a PPI network of CR-DEGs using the STING database. Among these CR-DEGs, CCL13, CCL11, CCL7, CXCL13, GRK5, ARRB1, CCRL2, and CXCL2 with the highest degrees were considered hub genes in this network (Figure S1). Biological processes of GO enrichment analysis revealed that CR-DEGs were mainly involved in cell chemotaxis, response to chemokines, chemokine-mediated signaling pathways, etc. (Figure S2A). The enrichment analysis of KEGG pathways included the chemokine signaling pathway, cytokine-cytokine receptor interaction, and IL-17 signaling pathway (Figure S2B).




Figure 1 | Flow diagram of this study.




Table 1 | The baseline characteristics of the study subjects.






Figure 2 | The differentially expressed chemokine-related genes (CRs) in IPF cohort. (A) Volcano plot of differentially expressed genes (DEGs). (B) Venn diagram of DEGs and CRs. (C) Heatmap of CR-DEGs in IPF samples. (D) Heatmap of correlation between CR-DEGs.






3.2 Construction of diagnostic model based on chemokine-related hub genes

We performed univariate logistic regression analysis of 34 CR-DEGs (Figure 3A). Next, we used LASSO to screen for optimal CR-DEGs. Eleven CR-DEGs were subjected to LASSO Cox regression analysis to construct a diagnostic model (Figures 3B, C). The  heatmap showed that eleven CR-DEGs in the diagnostic model had significant differences in precision between the IPF and control samples in the training cohort (GS47460 [GPL14550 platform]) (Figure 3D) and two external validation cohorts (GSE70866 and GS47460 [GPL6480 platform]) (Figures 3E, F). Figures 3G–I show the ROC curves of the eleven CR-DEGs diagnostic models in the GS47460 [GPL14550 platform], GSE70866, and GS47460 [GPL6480 platform] datasets, respectively. Eleven CR-DEGs were significantly associated with clinical parameters in patients, such as age, dlco, fev1, and fvc (Figure 4A). For example, ARRB1 expression was significantly positively correlated with dlco, indicating that higher ARRB1 expression is associated with better lung function. In contrast, CXCL6 expression was significantly negatively correlated with dlco, suggesting that CXCL6 is a marker of poor lung function (Figure 4A). Therefore, these results suggest that the eleven CR-DEGs signatures may serve as potential diagnostic factors in IPF patients. Based on the median values, patients with IPF from the GSE70866 cohort were divided into two groups. The association between gene expression and outcome was assessed using Kaplan–Meier curves. Six genes (ARRB1, CCRL2, CXCL2, CCL13, PPBP, and GRK5) showed a prognostic value. In bronchoalveolar lavage (BAL) cells, high expression of CCRL2, CXCL2, CCL13, PPBP, and GRK5 was significantly associated with shorter survival times. High ARRB1 expression was associated with better outcomes (Figures 4B–G).




Figure 3 | Construction and validation of diagnostic models based on CR-DEGs. (A) The logistic regression analysis of CR-DEGs. (B) Diagnostic model construction using a least absolute shrinkage and selection operator (LASSO) Cox regression model. (C) Coefficient distribution plots to select the optimum lambda value. (D–F) Heatmap of the gene-expression profiles of model-related CR-DEGs in the training (D) and external validation cohorts (E, F). (G–I) ROC curves of diagnostic models in training (G) and external validation cohorts (H, I).






Figure 4 | Association of clinical parameters and prognostic value of eleven CR-DEGs in IPF patients. (A) Correlation between eleven CR-DEGs and age, dlco, fev1, and fvc. (B–G). K-M analysis and the predictive value of ARRB1 (B), CCRL2 (C), CXCL2 (D), CCL13 (E), PPBP (F), and GRK5 (G) for the survival in the BALF of patients with IPF.






3.3 CR-DEGs and immune cell infiltration

The CIBERSORT algorithm was used to assess the immune microenvironment of the GSE GS47460 [GPL14550 platform] dataset. A boxplot indicated that the infiltration of multiple immune cells was significantly different between IPF and control samples (Figure 5A). For example, plasma cells, naïve CD4+ T cells, macrophages (M0 and M2), and activated mast cells infiltrated significantly higher levels in the IPF tissue (Figure 5A). Next, we explored the relationship between eleven CR-DEGs and immune cell infiltration. The results suggest that eleven CR-DEGs were significantly associated with the infiltration level of immune cells (Figure 5B).




Figure 5 | Immune cell infiltration. (A) Distribution of immune cells in normal and IPF lung tissue. (B) Correlation between eleven CR-DEGs expression levels and levels of infiltration immune cells.






3.4 Subtype based on the diagnosis of CR-DEGs

To explore the biological characteristics of chemokine-related genes, IPF samples were classified into two clusters (subtype 1 and subtype 2) using the “ConsensusClusterPlus” package in R, according to eleven CR-DEGs expression levels. Subtypes 1 and 2 contained 81 and 41 IPF samples, respectively (Figure 6A). The chemokine score for each sample was assessed using the GSVA algorithm. As shown in Figure 6B, the chemokine score was significantly higher for subtype 1 than for subtype 2. The heatmap shows the expression patterns of eleven CR-DEGs in subtypes 1 and 2 (Figure 6C). Pulmonary function parameters (dlco, fev1, and fvc) and stromal scores were significantly higher in subtype 1 than in subtype 2 (Figures 6D–G). In addition, immune infiltration analysis showed that the levels of infiltration of multiple immune cells differed significantly between the two subtypes (Figure 6H).




Figure 6 | Identify different subtypes based on eleven CR-DEGs. (A) Hierarchical map of subtype analysis. (B) The chemokine score between the two subtypes. (C) Distribution of the eleven CR-DEGs in GSE47460 cohorts in subtype, sex, and smoking. (D) The pulmonary function parameters, dlco (D), fev1 (E), and fvc (F) in two subtypes. (G) Stromal score in two subtypes. (H) The proportion of 22 types of immune cells in two subtypes.






3.5 Functional enrichment analysis

To further investigate changes in biological function between subtypes based on the expression levels of the eleven CR-DEGs, we performed GSEA for subtypes 1 and 2. The significantly enriched pathways in subtypes 1 and 2 are shown in Figure 7A. Subsequently, GSEA was performed for these two subtypes. The results indicated that the samples in subtype 1 were significantly enriched in unsaturated fatty acid biosynthesis, glycosaminoglycan degradation, and snare interactions in vesicular transport. Subtype 2 was significantly enriched in ribosomes (Figure 7B).




Figure 7 | Enrichment analysis between the two subtypes. (A) GSVA enrichment analysis. (B) GSEA enrichment analysis.






3.6 Validation of model gene expression in TGFβ1- or TNFα-treated lung fibroblast cells

Upon stimulation with various cytokines, pulmonary fibroblasts are transformed into myofibroblasts that synthesize large amounts of the extracellular matrix. TGF-β1 and TNF-α, well-known profibrotic and proinflammatory cytokines, are widely used to induce fibroblast-to-myofibroblast transformation (17, 18). The mRNA levels of the eleven CR-DEGs were estimated using RT-qPCR. Primer sequences are listed in Table S2. Treatment of MRC-5 cells with TGF-β1 (5 ng/mL for 24 h) significantly upregulated ACTA2 (encoding α-SMA) and FN1 (encoding fibronectin) expression (Figure 8A), suggesting that TGF-β1 promotes fibroblast-to-myofibroblast transformation. Additionally, the expression of several chemokines and receptors decreased, including CXCL2, CCRL2, ARRB1, GRK5, CXCL6, CCL13 (human only), and CCL11. Stimulation of MRC-5 cells with TNF-α (10 ng/mL for 24 h) resulted in a significant increase in CXCL2, CCRL2, and CXCL6 expression, whereas ARRB1, GRK5, CCL13, CCL11, CCL19, and CXCL13 expression was significantly decreased (Figures 8B–K). XCL1 was not detected in the MRC-5 cells. Western blot revealed elevated of α-SMA and FN1, as well as down-regulated GRK5, ARRB1 in TGFβ1-treated lung fibroblasts (Figures 8L–P, Figure S3).




Figure 8 | The expression of the eleven CR-DEGs in MRC-5 treated with TGFβ1 or TNFα for 24 h. (A) mRNA levels of ACTA2 and FN1 in control, TGFβ1, and TNFα group. (B–K) mRNA levels of CXCL2 (B), CCRL2 (C), ARRB1 (D), GRK5 (E), PPBP (F), CCL19 (G), CCL13 (H), CCL11 (I), CXCL6 (J), and CXCL13 (K) in control, TGFβ1, and TNFα group, (L) Protein levels of α-SMA, FN1, GRK5, ARRB1, and CCRL2. (M-P) Quantitative analysis of α-SMA, FN1 (M), GRK5 (N), ARRB1 (O), and CCRL2 (P). Values were expressed as mean ± SEM, *p < 0.05, **p < 0.01, ***p < 0.001. t test was used. Ctrl, control; ns, not significant difference.






3.7 Validation of model gene expression in bleomycin induced-pulmonary fibrosis model

Bleomycin-induced murine pulmonary fibrosis is the most representative and commonly used experimental model for IPF studies (19). We further validated model gene expression in BLM-induced pulmonary fibrosis. We established a model of pulmonary fibrosis by intratracheal injection of bleomycin (2 U/kg). The mice were sacrificed on day 21, and lung tissues were harvested (Figure 9A). The lung index was significantly increased in mice treated with bleomycin (Figure 9B). Masson staining showed that bleomycin significantly increased collagen deposition (Figure 9C). The fibrosis marker genes Col1a1, Acta2, and Fn1 were also significantly upregulated in bleomycin-induced mice (Figure 9D). These results suggest that the pulmonary fibrosis model was successfully established. Next, validation of the model genes mRNA levels was validated using RT-qPCR. Primer sequences are listed in Table S2. The results demonstrated that Cxcl2 and Ccl2 (human homolog CCL13) expression were significantly increased in bleomycin-induced mice (Figures 9E, F). Meanwhile, Arrb1, Ccrl2, Grk5, and Ppbp levels were significantly reduced (Figures 9G–J). Cxcl13, Ccl11, Ccl19, Xcl1, and Cxcl5 (human homolog CXCL6) mRNA levels did not change between the two groups of mice (Figures 9K–O).




Figure 9 | The expression of the eleven CR-DEGs in bleomycin-induced lung fibrosis. (A) Schematic diagram of bleomycin-induced lung fibrosis. (B) Lung index (lung weight/body weight). (C) Representative images of Masson’s trichrome staining of the lung section. (D) mRNA levels of Col1a1, Acta2, and Fn1 in lung tissue. (E-O) mRNA levels of Cxcl2 (E), Ccl2 (F), Arrb1 (G), Ccrl2 (H), Grk5 (I), Ppbp (J), Cxcl13 (K), Ccl11 (L), Ccl19 (M), Xcl1 (N), and Cxcl5 (O) in control and bleomycin group.. Values were expressed as mean ± SD (n = 4), *p < 0.05, **p < 0.01, ***p < 0.001. t test was used. Ctrl, control; BLM, bleomycin; ns, not significant difference.







4 Discussion

Idiopathic pulmonary fibrosis is a chronic, progressive, and fatal disease characterized by alveolar epithelial injury, immune cell recruitment, and fibroblast activation despite the application of anti-fibrotic therapy. Accumulating evidence indicates that injured epithelial cells and abnormally activated macrophages secrete chemokines that induce fibroblast expansion and activation (6). Chemokine and chemokine receptor signals play a role in cell migration, activation, and response to lung injury repair, including IPF (8, 10, 20, 21). Antibodies that neutralize chemokines may contribute to treating IPF (8). In the lung tissues, many cells secrete chemokines or express chemokine receptors. The analysis of chemokines and receptors may be conducive to diagnosing and treating IPF, even when evaluating the prognosis of patients with IPF. Therefore, establishing a multi-gene diagnostic model for patients with IPF based on the chemokine system is necessary.

In the present study, 34 CR-DEGs were screened from the GSE47460 dataset, containing 112 IPF and 91 control samples. Eleven CR-DEGs signatures were identified using the LASSO regression model to construct a diagnosis IPF model. The diagnosis model easily distinguished between IPF and control samples, highlighting that the chemokine system differs between patients with IPF and control individuals. In addition, we explored the prognostic role of the eleven IPF genes in the GSE70866 dataset. The results suggest that ARRB1, CCRL2, CXCL2, CCL13, PPBP, and GRK5 are better factors for determining the prognosis of IPF. Furthermore, consensus clustering was used to classify patients with IPF into two subgroups based on the expression levels of eleven CR-DEGs. Finally, we evaluated the expression of eleven CR-DEGs in a bleomycin-induced pulmonary fibrosis model and in TGFβ1-activated human lung fibroblasts. Although preclinical models of bleomycin-induced pulmonary fibrosis are the most commonly experimental models to investigate the mechanisms of pulmonary fibrosis, there are differences with IPF, such as recovery from bleomycin-induced pulmonary fibrosis. Consistent with the transcriptome data of IPF lung tissue, Arrb1, Ccrl2, and Grk5 mRNA levels are significantly reduced in a bleomycin-induced mouse model that should be investigated further. The lack of changes in Cxcl13, Ccl11, Ccl19, Xcl1, and Cxcl5 mRNA levels may be due to differences in bleomycin-induced pulmonary fibrosis and IPF, although models of bleomycin-induced pulmonary fibrosis are the most common experimental models for investigating IPF.

A previous study reported that PADI4, IGFBP7, and GADD45A serve as biomarkers for IPF, which may contribute to the diagnosis of IPF (22). This is the first study to establish and validate a diagnostic model using eleven chemokine-associated genes (CXCL2, CCRL2, ARRB1, XCL1, GRK5, PPBP, CCL19, CCL13, CCL11, CXCL6, and CXCL13). Among the eleven CR-DEGs, some have been studied in lung injury. CXCL2 is significantly upregulated in mouse lung tissue in a bleomycin-induced model of pulmonary fibrosis, and 5-azacytidine (a DNA methyltransferase inhibitor) reduces CXCL2 expression (23). The neutralization of CXCL2 reduced hydroxyproline in the lung tissue of bleomycin-induced mice, but did not reduce lung neutrophil infiltration. Interestingly, stimulation with CXCL2 did not promote the proliferation of lung fibroblasts or collagen expression (20). In our study, CXCL2 expression levels were inversely correlated with lung function parameters. High expression of CXCL2 in alveolar lavage fluid cells from patients with IPF suggests a poor prognosis. Interestingly, CXCL2 expression is reduced in IPF lung tissue, possibly due to different extents across cell types.

CCRL2 is a seven-transmembrane protein expressed in epithelial cells, endothelial cells, and a variety of leukocytes. CCRL2 is upregulated under inflammatory conditions and recruits CXCR2-mediated neutrophils at sites of inflammation (24). Additional studies have demonstrated that CCRL2 deficiency worsens obesity and insulin resistance by increasing macrophage infiltration into adipose tissue (25). CCRL2 was downregulated in IPF samples, bleomycin-induced pulmonary fibrosis, and TGFβ1-induced fibroblast. ARRB1, initially thought to be a negative regulator of G-protein-coupled receptor signaling, has been shown to regulate cellular functions and is involved in various physiological processes, including inflammation, immune responses, and tumorigenesis (26, 27).

Deletion of Arrb1 significantly inhibited autophagy and induced neuronal apoptosis and necrosis in a model of cerebral ischemia (28). Autophagy is a highly conserved intracellular process involved in cellular degradation and recycling that has been found to delay the pathological progression of IPF (29). XCL1 and its receptor (XCR1) are significant regulators of dendritic and T-cell immune responses. For example, T cell-derived XCL1 contributes to intestinal XCR1+ DC activation and migration (30). Mice deficient in XCL1 or XCR1 have attenuated CD8+ T-cell responses and lack the ability to generate regulatory T cells. However, the role of XCL1-mediated immune responses in IPF has not been previously reported.

GRK5 has been reported to be highly expressed in the cardiac fibroblast. Nuclear translocation of GRK5 results in fibroblast activation. Fibroblast-specific deletion of GRK5 attenuates myocardial fibrosis and hypertrophy after chronic Ang II infusion or ischemic injury (31). GRK5 expression was significantly reduced in fibroblasts from the IPF cohort and TGFβ1-treated fibroblasts. Thus, the role of RGK5 in IPF pathogenesis warrants further investigation. PPBP, also known as CXCL7, is expressed by multiple cells, including platelets, neutrophils, natural killer cells, lymphocytes, and megakaryocytes (32). It has been found that CXCL7 regulates various processes, including glucose metabolism, mitogenesis, extracellular matrix and plasminogen activator synthesis (33). Proteomic analysis of serum extracellular vesicles showed that PPBP could represent a potential biomarker of liver fibrosis in patients with chronic hepatitis C (34). Recent evidence suggests that PPBP is upregulated in the serum of COVID-19 patients compared to influenza and serves as a potential biomarker for the severity of COVID-19 (35). The role of increased PPBP in IPF pathogenesis remains to be determined.

Our findings were consistent with those previously reported. CCL19 has been reported to be highly expressed in the lung tissue of patients with IPF, which facilitates the recruitment and accumulation of dendritic cells to fibrotic lung and sustains chronic inflammation, driving IPF development (36). Plasma CCL13 and CXCL13 are prognostic markers of IPF, and a higher concentration of CXCL13 is associated with higher all-cause mortality (37). CXCL6 has been reported to be upregulated in IPF-derived BAL. CXCL6 mRNA levels significantly increased on day 1 after bleomycin treatment, and then gradually decreased to normal levels. The inflammatory response induced by CXCL6 promoted the progression of pulmonary fibrosis. CXCL6 antibody neutralization attenuates early lung inflammation and prevents pulmonary fibrosis after bleomycin administration (38). Taken together, our findings support the ongoing assessment of the prognostic potential of chemokines as biomarkers in future IPF trials.

Increasing evidence suggests that immune cells are involved in the pathogenesis of IPF (39–42). Immune cells produce chemokines and cytokines that regulate fibroblast phenotypes. Alveolar macrophages and CD4+ T cells secrete CCL1, which promotes the differentiation of lung fibroblasts into myofibroblasts and contributes to pulmonary fibrosis (8). High levels of CD138 plasma cells have been demonstrated in the lung tissues of IPF patients and in mouse models of bleomycin-induced pulmonary fibrosis. Treatment of mice with bortezomib resulted in the depletion of plasma cells, which attenuated the development of bleomycin-induced pulmonary fibrosis, suggesting that plasma cells are essential effector cells in the pathogenesis of pulmonary fibrosis (43). In the current study, we also observed higher levels of plasma and macrophages (M0 and M2) in the IPF cohort than in the control cohort. Subtype analysis showed a decrease in dlco, fev1, and fvc in subtype 2, which indicated that patients with subtype 2 had more severe disease. Immune cell infiltration revealed increased levels of plasma cells and M0 macrophages in subtype 2 tumors. Further research is required to determine the exact mechanism by which plasma cells and macrophages promote IPF progression.

Despite this, several limitations of this study still exist. First, lung tissue specimens from patients with IPF were not available to validate the analysis, despite using a bleomycin-induced lung fibrosis model and a TGFβ1-induced cell model. Second, not only do the mRNA levels of hub genes need to be verified, but the expression levels of these genes also need to be confirmed to further understand the molecular mechanisms of IPF. Third, to gain a comprehensive understanding of the nature of chemokines and their receptors in IPF, especially their unique roles in different cell types, further functional and mechanistic investigations are necessary to determine the potential role of chemokine-associated genes in IPF pathogenesis.

In conclusion, our study established and validated a chemokine system-related eleven-gene signature in a diagnostic model for IPF. The model could serve as a diagnostic biomarker and contribute to a better understanding of the role of chemokines in IPF pathogenesis. Moreover, we validated hub gene expression levels by RT-qPCR in bleomycin-induced pulmonary fibrosis and a TGFβ1-induced cell model. Further studies are required to clarify these findings.
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Background

Idiopathic pulmonary fibrosis (IPF) has attracted considerable attention worldwide and is challenging to diagnose. Cuproptosis is a new form of cell death that seems to be associated with various diseases. However, whether cuproptosis-related genes (CRGs) play a role in regulating IPF disease is unknown. This study aims to analyze the effect of CRGs on the progression of IPF and identify possible biomarkers.





Methods

Based on the GSE38958 dataset, we systematically evaluated the differentially expressed CRGs and immune characteristics of IPF disease. We then explored the cuproptosis-related molecular clusters, the related immune cell infiltration, and the biological characteristics analysis. Subsequently, a weighted gene co-expression network analysis (WGCNA) was performed to identify cluster-specific differentially expressed genes. Lastly, the eXtreme Gradient Boosting (XGB) machine-learning model was chosen for the analysis of prediction and external datasets validated the predictive efficiency.





Results

Nine differentially expressed CRGs were identified between healthy and IPF patients. IPF patients showed higher monocytes and monophages M0 infiltration and lower naive B cells and memory resting T CD4 cells infiltration than healthy individuals. A positive relationship was found between activated dendritic cells and CRGs of LIPT1, LIAS, GLS, and DBT. We also identified cuproptosis subtypes in IPF patients. Go and KEGG pathways analysis demonstrated that cluster-specific differentially expressed genes in Cluster 2 were closely related to monocyte aggregation, ubiquitin ligase complex, and ubiquitin-mediated proteolysis, among others. We also constructed an XGB machine model to diagnose IPF, presenting the best performance with a relatively lower residual and higher area under the curve (AUC= 0.700) and validated by external validation datasets (GSE33566, AUC = 0.700). The analysis of the nomogram model demonstrated that XKR6, MLLT3, CD40LG, and HK3 might be used to diagnose IPF disease. Further analysis revealed that CD40LG was significantly associated with IPF.





Conclusion

Our study systematically illustrated the complicated relationship between cuproptosis and IPF disease, and constructed an effective model for the diagnosis of IPF disease patients.





Keywords: idiopathic pulmonary fibrosis disease, cuproptosis, machine learning, immune infiltration, molecular clusters




1 Introduction

IPF is among the most severe form of interstitial pneumonia, characterized by chronic and progressive lung scars and usual interstitial pneumonia (1). IPF has a poor prognosis, with a median life expectancy of only 2-3 years from diagnosis (2). Epidemiological studies of North America, the US, and Europe demonstrated that the number of IPF patients increased, placing a growing economic burden on global health care (1). Currently, the primary drugs used to treat IPF are pirfenidone and nidanib. Nevertheless, there are some limitations in preventing disease progression and improving the quality of life of patients because of the treatment efficacy of Individual differences, and side effects (gastrointestinal intolerance, skin reactions and diarrhea) caused by the Nintedanib and Prefenidone (3). IPF is the result of various mechanisms. Alveolar epithelial injury and infiltration of inflammatory cells, such as neutrophils, macrophages, and lymphocytes, are the primary causes of the destruction of lung tissue structure, alveolar atrophy and collapse, and regression of pulmonary vessels (4). The accumulation of extracellular matrix in lung tissue leads to fibroblast foci and collagen fiber reconstruction (5). In addition, the development of IPF is favored by the interaction of epithelial-mesenchymal transition (EMT), interleukin, TGF-β, and oxidative stress.

Cuproptosis, a novel unique non-apoptotic programmed cell death, targets and leads the aggregation of fatty acylated components and the loss of Fe-S cluster-containing proteins, causing proteotoxic stress and cell death (6). At present, more articles reveled the cuproptosis-related genes (CRGs) as a bio-marker play an important role in the development of disease, such as stomach adenocarcinoma (STAD), hepatocellular carcinoma (HCC) and head and neck squamous carcinoma (HNSC) (7–9). Furthermore, copper is essential for all living organisms and serves as a catalyst, antioxidant defense, autophagy, and even arouses immune activation (10). Notably, copper homeostasis strongly correlates with the concentration of T cells, neutrophils, and macrophages (11). In the development of pulmonary fibrosis, H2O2 was increased in alveolar macrophages due to the translocation of Cu and Zn-SOD to the mitochondrial intermembrane space (12). In addition, NLRP3, a cuproptosis gene, was involved in TGF-β and EMT signaling pathways and promoted fibrosis progression (13, 14). Therefore, we hypothesize that cuproptosis-related genes (CRGs) may play a role in developing IPF. This study investigated the underlying mechanism and immune cell infiltration on IPF and analyzed the effect of CRGs on IPF. In this study, the underlying mechanism and immune cell infiltration of IPF was investigated, and the effect of CRGs on IPF was analyzed.




2 Materials and methods



2.1 Raw data acquisition and processing

Three datasets (GSE38958, GSE28042, and GSE33566) were downloaded from the database of the website GEO (GEO, www.ncbi.nlm.nih.gov/geo). Database GSE38958 (platform GPL5175), which includes 45 healthy and 70 IPF blood samples, was selected to analyze the relationship between CRGs and IPF and construct the machine learning model to diagnose IPF. Datasets GSE28042 (GPL6480 platform) (containing 19 healthy and 75 IPF blood samples) and GSE33566 (GPL6480) (containing 30 healthy and 93 IPF blood samples) were used for the validation of the IPF prediction model and following analysis. The three datasets were processed with limma package and normalized using the normalizeBetweenArrays method.




2.2 CRGs difference expression and correlation analysis

According to Peter Tsvetkov’s report (6), 19 cuprotosis-related genes were reported and analyzed, including NFE2L2, NLRP3, ATP7B, ATP7A, SLC31A1, FDX1, LIAS, LIPT1, LIPT2, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A, DBT, GCSH, and DLST. These genes were selected for analysis of CRGs expression in the blood of 45 healthy and 70 IPF patients. The differentially expressed cuprotosis-related genes was analyzed by the wilcox.test, and p-values < 0.05 was considered to be significantly different. The heatmap and boxplot were exhibited using R packages heatmap and ggpubr. Then, the conspicuous expression of CRGs in IPF was selected for correlation analysis. The results were exhibited using the R packages corrplot (version 0.92) and circlize (15). P-values below 0.05 represented a significant correlation.




2.3 Relationship between cuproptosis-related genes expression and immunity

CIBERSORT R package (16) and LM22 signature matrix were applied to esimate the relative abundance of 22 types of immune cells infiltrated in IPF patients. Correlations between CRGs and immune cells infiltration level in IPF were performed using the R packages tidyverse (17), ggplot2 (18), and reshape2. The sum of the 22 immune cells proportions in each sample was 1 (16), and p < 0.05 represented a significant correlation.




2.4 IPF patients classification analysis

The R package ConsensusClusterPlus (19) and the k-means algorithm with 1,000 iterations were applied to classify 70 IPF samples into different clusters based on the differentially expressed CRGs profile acquired from 2.2. The maximum subtype k was 9 and the optimal clusters numeber was comprehensively evaluated based on the result of the cumulative distribution function (CDF) curve, consensus matrix and consistent cluster score (> 0.9).




2.5 Gene set variation analysis

GSVA, a non-parametric unsupervised analytical method, is mainly used to evaluate the results of gene enrichment by R packages limma, GSEABase, and GSVA. We downloaded “c2.cp.kegg.v7.4.symbols” and “c5.go.bp.v7.5.1.symbols” from the MSigDB website database. Finally, the top 10 GO and KEGG pathways were selected for statistical analysis and ridge mapping. The absolute value of t value of GSVA score more than 2 was considered as significantly altered.




2.6 Weighted gene co-expression network analysis analysis

Co-expression modules were identified by the R package WGCNA (20). The top 25% of genes with the highest variance were used for subsequent WGCNA analysis. We then constructed an adjacency matrix with the optimal soft power value and converted it into a topological overlap matrix (TOM). Based on the hierarchical clustering tree algorithm, the modules were determined using the TOM dissimilarity measure (1-TOM) and the minimum module size was set to 100. Each module was assigned a random color. Module eigengene represented the gene expression profiles in one module. The correlation between genes, clinical phenotype, modules, and disease status were also identified. The modular significance showed the relationship between modules and disease status. Gene significance was described as the correlation between a gene with the clinical phenotype.




2.7 Construction and verification of multiple machine learning model

Four machine-learning models: Support Vector Machines (SVM), XGB, generalized linear model (GLM), and Random Forest (RF) models were built by the R package caret, and all the models worked with default parameters and assessed via 5-fold cross-validation. Data were randomly divided into a training set (70%, N=81) and a test set (30%, N=35). Interpretive analysis of the 4 models was performed by the DALEX package (21), and then the cumulative residual distribution map and boxplot distribution map of these machine-learning models were visualized. The ROC curves were obtained and visualized using the pROC R package. Next, the optimal learning model was determined, and the top 4 key genes were selected as the predictive genes related to the IPF. Subsequently, the ability of the predictive model was validated with GSE33566 using the ROC analysis. In addition, we performed the correlation between four key genes and TGF-β and constructed a gene-gene interaction network by the GeneMANIA website for key genes (http://www.genemania.org). R package rms was used to build a nomogram model, and the predictive power of the nomogram model was tested by the calibration curve and decision curve analysis (DCA).




2.8 The analysis of clinical features

To determine the relationship between key genes and clinical indicators associated with IPF, including age, diffusing capacity of the lung for carbon monoxide (DLCO), and FVC, the spearman correlation analysis was performed to explore the correlations. R packages ggplot2, ggpubr (version 0.4.0), and ggExtra (version 0.10.0) were used to draw the scatter plot. P < 0.05 represented a significant correlation and R represented a correlation coefficient.





3 Results



3.1 CRGs expression and immune activation in IPF

We systematically analyzed the differentially expressed curproptosis genes between healthy and IPF patients using the GSE38958 database. There were 9 CRGs with significant differences in IPF patients including, NLRP3, ATP7B, ATP7A, SLC31A1, FDX1, LIAS, LIPT1, DLAT, GLS, CDKN2A, and DBT. Among them, 3 CRGs in IPF samples were higher than that in healthy subjects, including NLRP3, SLC31A1, and CDKN2A, while others exhibited a lower expression, especially GLS (Figures 1A, B). The location of 9 CRGs on chromosomes is shown in Figure 1C. We also performed the correlation analysis among the 9 CRGs to examine whether these genes play an essential functional role in the progression of IPF. The results showed an apparent synergistic effect among the LIPT1, LIAS, GLS, DBT, ATP7A, and DLAT, and the most robust antagonistic effect was found between CDKN2A and LIPT1, LIAS, GLS, DBT, ATP7A and DLAT (Figure 1E). The Cyclograph was constructed to detect further the relationships of the differentially expressed CRGs (Figure 1D).




Figure 1 | CRGs expression and immune cells infiltration in IPF. (A) Significantly differential expressed CRGs between normal individuals and IPF patients -Heatmap. (B) The CRGs expression between Normal group and IPF group. (C) The location of 9 CRGs on chromosomes. (D) Correlation of differentially expressed CRGs - Cyclograph. (E) Correlation of differentially expressed CRGs, red and green represent positive correlation and negative correlation, respectively-Pie chart. (F) The relative percent of immune cells in Normal and IPF groups. (G) The differentially expressed CRGs expression in immune cells. *p< 0.05, **p< 0.01, ***p< 0.001.



We estimated the relative percent of 22 types of immune cells in healthy and IPF patients to find immune cell infiltration differences. The boxplot results revealed that IPF patients had higher immune cell infiltration of Monocytes and Monophages M0 than healthy subjects but lower naive B cells and memory resting T cells CD4 infiltration (Figure 1F). Meanwhile, we also examined the correlation between CRGs and immune infiltration. The results showed a strong positive relationship between activated dendritic cells and LIPT1, LIAS, GLS, and DBT. In addition, these four genes also showed a positive relationship with plasma cells, memory activated and resting T Cells CD4, and naive T cells CD4. However, a negative relationship was found between the macrophages M0 and LIPT1, LIAS, GLS, DLAT, DBT, and ATP7A. The monocytes displayed the most robust positive relationship with NLRP3 and a negative relationship with GLS (Figure 1G).




3.2 Identification of cuproptosis related IPF subtypes

To elucidate the cuproptosis-related expression patterns in IPF, we classified 70 IPF samples based on differentially expressed CRGs. The cluster numbers were most stable when the k value was set to two (k = 2). Moreover, the CDF curves fluctuated within a minimum range at a consensus index of 0.2 to 0.8 (Figures 2A, E). When k = 2 to 9, the area under the CDF curves exhibited the difference between the two CDF curves (k and k-1) (Figure 2D). Furthermore, the consistency score of each subtype was >0.9 only when k = 2. (Figure 2C). Furthermore, the two clusters showed significant differences (Figure 2B).




Figure 2 | Identification of cuproptosis-related IPF subtype. (A) Consensus matrix when k=2. (B) CDF delta area curves when k was ranged 2 to 9. (C) Representative cumulative distribution function (CDF) curves. (D) The score of consensus clustering. (E) Principal component analysis (PCA) of two subtypes.






3.3 CRGs and immune cell infiltration in different cuproptosis related IPF subtypes

The differences in immune cell infiltration and differentially expressed CRGs were also examined in different cuproptosis-related IPF subgroups, and there were 9 differentially expressed CRGs between Cluster 1 and Cluster 2. ATP7A, LIAS, LIPT1, DLAT, GLS, and DBT overexpressed in Cluster 1, and CDKN2A overexpressed in Cluster 2 (Figures 3A, B). Moreover, Cluster 1 exhibited higher immune cell infiltration of naive T cells CD4, memory resting and activated T cells CD4, but a lower level of monocytes, macrophages M0, and resting mast cells (Figure 3C).




Figure 3 | Identification of CRGs expression and immune characteristics between the two cuproptosis related IPF subtype (clusters). (A) CRGs expression between the two cuproptosis related IPF clusters - Heatmap. (B) CRGs expression between the two cuproptosis related IPF clusters. (C) The relative percent of 22 infiltrated immune cells between two cuproptosis related IPF clusters. *p< 0.05, **p< 0.01, ***p< 0.001.






3.4 GSVA analysis

To explore the GO function and KEGG pathway in different clusters, the GSCA algorithm was applied to quantify the test value of GSVA between clusters. The results of GO analysis indicated that Cluster 2 IPF group was enriched in the ubiquitin ligase complex, ubiquitin mediated proteolysis, tRNA methylation, monocyte aggregation, nucleotide sugar metabolic process, cell-cell adhesion via plasma membrane adhesion molecules, circulatory system development, myotube differentiation, and synaptic membrane, among others (Figure 4A). KEGG pathway enrichment showed that Cluster 2 IPF was enriched in aminoacyl tRNA biosynthesis, RNA polymerase, and calcium signaling pathway, among others (Figure 4B).




Figure 4 | GO enrichment and KEGG pathway enrichment between the two cuproptosis related IPF subtype (clusters). (A) GO enrichment. (B) KEGG pathway enrichment.






3.5 WGCNA co-expression analysis

To find out the essential gene modules related to the IPF, the co-expression network and modules were constructed using the WGCNA algorithm, and the top 25% of differently expressed genes were opted to further analysis. When the optimal value of soft power was set to 5, the co-expressed gene modules were identified, and R2 was equal to 0.92 (Figure 5A). Thus, 8 distinct modules with different colors were obtained, and the topological overlap matrix was displayed (Figures 5B–D). The yellow module strongly correlated with the IPF with a correlation coefficient of 0.6 and p value of 9×e-24 (Figure 5E). A total of 253 genes were in the yellow module, as shown in Figure 5F.




Figure 5 | Co-expression network of differential expressed genes between IPF patients and normal individuals. (A) Exponential curve fitting and mean connectivity of power value. (B) The correlation between different modules in dendrogram. (C) Gene clustering dendrogram with dynamic identification of modules. Different colors show distinct co-expression modules. (D) Network heatmap of the correlation among 8 modules. (E) Module-trait relationships. Each row represents a module; each column represents a clinical status. (F) Scatter plot between module membership in yellow module and the gene significance for IPF.



We also used the R package WGCNA to analyze the correlations between cuproptosis clusters and critical genes modules. The scale-free network was ensured when β = 4 (scare-free R2 = 0.97) (Figure 6A). There were 8 significant modules determined (Figures 6B–D), and the turquoise module had the highest relationship with IPF (Figure 6E). The scatter plot portrayed the relationship between members in the turquoise module and the significant gene of Cluster 2 (Figure 6F).




Figure 6 | Co-expression network of differential expressed genes between two cuproptosis related IPF clusters. (A) Exponential curve fitting of power value. (B) The correlation between different modules in dendrogram. (C) Gene clustering dendrogram with dynamic identification of modules. Different colors show distinct co-expression modules. (D) Network heatmap of the correlation among 8 modules. (E) Module-trait relationships. Each row represents a module; each column represents a clinical status. C1 and C2 represent cluster 1 and cluster 2, respectively. (F) Scatter plot between module membership in turquoise module and the gene significance for cluster 2.






3.6 Establishment and evaluation of machine learning

To identify specific genes with a high diagnostic capacity for IPF, 66 core genes (Figure 7A) were used to train a machine-learning model with different methods, including SVM, XGB, GLM, and RF. XGB and GLM models displayed a relatively low residual (Figures 7B, E). Subsequently, the top 10 feature variables of each method were ranked according to the root mean square error (RMSE, Figure 7D). Moreover, all four machine learning models were evaluated for the discriminative performance by calculating receiver operating characteristic (ROC) curves, and all the performance of models were compared by AUC-ROC value (RF, AUC = 0.729; SVM, AUC = 0.630; XGB, AUC= 0.700; GLM, AUC= 0.599, Figure 7C). Above all, the XGB model was the best model to distinguish IPF. Moreover, the 4 genes, including XKR6, MLLT3, CD40LG and HK3, were applied as predictor genes for further analysis.




Figure 7 | The construction and verification of Study machine learning. (A) The core gene of differently expressed gene in IPF and IPF clusters. (B) Boxplots of four machine learning models. (C) ROC analysis of machine learning models. (D) Top gene of four models. (E) Cumulative residual distribution of XGB, RF, GLM and SVM machine learning models.



To further assess the predictive efficiency of the XGB model a clinical nomogram was created, which assigns all risk factors to points and judges the IPF risk according to the total points (Figure 8D). The R package rms made the calibration curve and DCA to assess the predictive efficiency of the nomogram model. Results showed that the nomogram had high accuracy in diagnosing IPF, with the predicted probability presenting a small error and the decision curve of the model far from the curve of all models (Figures 8A, B). We then validated the 4-gene prediction model with ROC analysis, which showed satisfactory performance with an AUC value of 0.7 in the GSE33566 database (healthy vs. IPF patients) (Figure 8C). The results indicated that our diagnosis model is effectively distinguishes IPF from healthy patients.




Figure 8 | Validation of the 4-gene-based XGB model. (A, B) Predictive efficiency of the nomogram model by the DCA (A) and calibration curve (B). (C) ROC curve of the 4-gene-based XGB model in the GSE33566. (D) The construction of nomogram for predicting the rate of IPF based on the 4-gene-based XGB model.






3.7 The relationship analysis between clinical characteristics and the 4 critical genes

To explore the correlation between clinical characteristics and the 4 most critical genes, we enrolled them in the GSE38958 databases to validate the correlation between the predictor genes and clinical characteristics. DLCO was selected as the factor related to IPF. The results revealed that 3 genes exhibited a positive correlation with DLCO (p < 0.05, CD40LG, R = 0.35; XKR6, R = 0.29; MLLT3, R = 0.36), except HK3 (R = -0.44, p < 0.01) (Figures 9A–D).




Figure 9 | Correlation of clinical characteristics with CRGs based on two datasets and the construction of gene-gene network. (A–D) The correlation between key genes and DLCO. (E, F) The correlation between four key genes and TGF-β in GSE38958 (E) and GSE33566 (F). (G) The gene-gene interaction network of CD40LG from GeneMANIA. (H) Go enrichment and KEGG pathway enrichment for genes related to CD40LG.



We also constructed the heatmap portraying the correlation between the 4 genes and genes related to TGF-β in the GSE38958 and GSE33566 databases. Two databases showed that XKR6, MLLT3, and CD40LG had a negative correlation with TGFβ1, while HK3 presented a positive relationship (Figure 9E, F). Meanwhile, the gene-gene interaction network for CD40LG was constructed using GeneMANIA, and the functions with high significance were selected to display (Figure 9G). Moreover, the function and pathways analysis revealed that CD40LG was prominently enriched in tumor necrosis factor (TNF) receptor binding, TNF-mediated signaling pathway, CD40 receptor complex, NF-κB signaling pathway, and cytokine and regulation of immune effector process (Figure 9H).





4 Discussion

IPF is a progressive and irreversible lung disease with different etiology. There is no effective treatment but lung transplantation for IPF patients (22). A new mechanism, copper-dependent cell death, has been reported to be strongly associated with disease progression through the aggregation of lipoylated mitochondrial enzymes and loss of iron-suffer cluster proteins (6). As there was no study about the role of CRGs in IPF patients blood, more studies needed to analysis the relationship between CRGs and IPF in blood samples, and the correlation between CRGs and immune cells in IPF patients. Therefore, we sought to clarify the role of CRGs in the progression of IPF and the effect on the immune microenvironment of IPF patients, which may provide a novel treatment approach for IPF. Additionally, gene signatures related to cuproptosis were used to predict IPF subtypes, and define biomarkers for the diagnosis of IPF.

It’s reported that the CRGs, such as FDX1, LIAS, DLD, PDHA1, PDHB, DLAT, and LIPT1, were down-regulated in the lung tissues of pulmonary fibrosis mouse model, and the same results were obtained via analysis of lung tissues scRNA-seq data for human pulmonary fibrosis (23). In our study, differential expression analysis showed that there were 9 different expressed CRGs in blood samples of IPF patients compared with healthy individuals, suggesting that CRGs may participate in the development of IPF. Of the 9 CRGs, NLRP3, SLC31A1, and CDKN2A were upregulated in IPF, while ATP7A, LIAS, LIPT1, DLAT, GLS, and DBT were downregulated in IPF patients than healthy subjects. It also has been reported that the overactivation of NLRP3 in IPF patients leads to the increased production of Class I of collagens (24, 25), and NLRP3 inflammasome can promote fibrosis via pathways involving TGF-β1 and EMT (26). Besides, CDKN2A, a cell cycle negative regulator, is involved in the progression of dysregulated epithelial cell senescence and triggering the activation of fibroblasts and myofibroblasts in IPF patients (27, 28).Therefore, CRGs may attend to the progression of IPF, but more studies are needed.

Subsequently, we further calculated the correlation between the CRGs to clarify the relationship between cuproptosis regulators and IPF. There was an apparent synergistic effect among LIPT1, LIAS, GLS, DBT, ATP7A, and DLAT, and a robust antagonistic effect between CDKN2A and LIPT1, LIAS, GLS, DBT, ATP7A, and DLAT in IPF patients. Moreover, the abundance of immune cells differed between healthy subjects and IPF patients. In this study, IPF patients exhibited high infiltration levels of monocytes, which was consistent with previous studies, and can be considered a biomarker for assessing IPF patients (29). Further, based on the expression landscapes of CRGs, we used unsupervised cluster analysis to illustrate the different cuproptosis regulation patterns in IPF patients. Two distinct cuproptosis-related clusters were identified. We found that most CRGs were downregulated in the Cluster 2 IPF group. In addition, the cluster 2 group had a high infiltration of monocytes and macrophages M0, and low infiltration of naive T cells CD4 and memory resting and activated T cells CD4. Elevated monocyte counts in IPF have been associated with worse outcomes (30, 31). Growing data also shows monocyte-derived cells in lungs display discrete profibrotic phenotypes characterized by the expression of markers of alternative macrophage activation (32). In addition, macrophages are activated by activators such as IFN-γ, IL-10, or IL-3, acquiring profibrotic phenotype (33). Even more, macrophages can be polarized to M1 or M2 by these chemokines and release TGF-β and IL-10 to regulate endothelial cell proliferation, fibroblast activation, angiogenesis, and extracellular matrix (ECM) deposition to facilitate fibrosis formation (34, 35). Few T cells are in the fibrotic lung compared to the healthy lung (36). Above all, we believe that cluster 2 IPF patients are more likely to have worse outcomes, but more studies are needed. GO enrichment showed that the Cluster 2 IPF group was enriched in the ubiquitin ligase complex, ubiquitin-mediated proteolysis, tRNA methylation, monocyte aggregation, nucleotide sugar metabolic process, cell-cell adhesion via plasma membrane adhesion molecules, circulatory system development, myotube differentiation, and synaptic membrane, among others. KEGG pathway enrichment showed that Cluster 2 IPF was enriched in aminoacyl tRNA biosynthesis, RNA polymerase, calcium signaling pathway, and other pathways.

The performance of 4 selected machine-learning models (RF, SVM, GLM, and XGB) was compared and selected based on the high predictive efficacy in the testing cohort. Results showed that the XGB-based machine-learning model had the best performance in predicting the IPF. We then selected 4 critical genes (XKR6, MLLT3, CD40LG, and HK3) to construct a 4-gene-based XGBand nomogram models. The constructed 4-gene-based XGB model could accurately predict IPF, validated in other external datasets (AUC = 0.700), which provides new insights into the diagnosis of IPF. The nomogram was established for the diagnosis of IPF, exhibiting effective predictive efficacy with possible clinical application. Next, we analyzed the correlations between the clinical characteristics of IPF and 4 critical genes. DLCO was used to evaluate the diffusing capacity of the lung for carbon monoxide and aiding in IPF diagnosis. Our result revealed that only DLCO strongly correlated with the selected 4 genes. Additionally, an increasing number of studies have confirmed that TGF-β1 is a fundamental pathological mechanism, which contributes to the progression of IPF by promoting the transformation of fibroblast into myofibroblast, epithelial cells into mesenchymal cells, the production of collagen, filamentous actin, and α-SMA (37). Therefore, we performed a correlation analysis between these 4 predictor genes and TGF-β in two databases. The results suggested that HK3 was positively associated with TGF-β1, while the other 3 predictor genes were negatively correlated with TGF-β1 levels. Overall, the 4-gene-based XGB model is a satisfactory indicator of the diagnosis of IPF.

We also constructed a gene-gene network and performed Go and KEGG analyses of similar genes related to the 4 critical genes. GO analysis of CD40LG showed that tumor necrosis and NF-κB were primarily enriched. Many studies have demonstrated that the tumor necrosis factor is primarily produced by macrophages and monocytes linked to a number of pulmonary inflammatory diseases, including IPF (38, 39). It also has been widely reported that NF-κB is one of the essential pathways in the progression of IPF, and blockade of NF-κB prevented lung fibroblast-mediated IL-6, IL-8, and CXCL6 cytokine secretion as well as accumulation of profibrotic factors (40). Meanwhile, regulation of the immune and tumor necrosis factor-mediated signaling pathways are enriched in KEGG. Therefore, CD40LG may correlated with the progression of IPF and the immune system. HK3, one of the 4 critical genes, is a protein-coding gene related to the glycolysis pathway. It has been observed that glycolysis reprogramming drives fibroblast activation when macrophages direct the metabolic fate of adjacent cells, implying that HK3 may be influenced in the development of IPF (41). MLLT3, as a critical gene, acts upstream of or within the negative or positive regulation of the canonical Wnt pathway, which has been reported to be associated with lung fibroblast activation, differentiation, and dysregulation of repairing processes (42). Although the correlation between IPF and MLLT3 has not been reported, we believe that MLLT3 may play a role in regulating the Wnt signaling pathway to participate in the progression of IPF. In addition, the correlation of XKR6 with IPF has not been reported. However, the mechanism of the 4 critical genes in regulating IPF progression needs more studies.

This study has some limitations. Firstly, more IPF samples are needed to demonstrate the correlation between CRGs and IPF disease or immune cells infiltration. Secondly, it is necessary to do more experiments to clarify the regulation and mechanism of the 4 critical genes identified and CRGs in the progression of IPF. Lastly, more clinical features are required to confirm the validity of the predictive model.




5 Conclusions

In conclusion, our study clarified that CRGs might play a role in IPF progression. We also showed the correlation between CRGs and immune cell infiltration, and elucidated the significance of immune heterogeneity in IPF patients with distinct cuproptosis clusters. The prognostic model based on the 4 critical genes may allow a new way to predict the prognosis of IPF.
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BALB/c and C57BL/6 mouse strains are widely used as animal model in studies of respiratory diseases, such as asthma. Asthma is characterized by airway hyperresponsiveness, which is eventually resulted from the excessive airway smooth muscle (ASM) contraction mediated by Ca2+ oscillations in ASM cells. It is reported that BALB/c mice have inherently higher airway responsiveness, but show no different contractive response of tracheal ring as compared to C57BL/6 mice. However, whether the different airway responsiveness is due to the different extents of small airway contraction, and what’s underlying mechanism remains unknown. Here, we assess agonist-induced small airway contraction and Ca2+ oscillations in ASM cells between BALB/c and C57BL/6 mice by using precision-cut lung slices (PCLS). We found that BALB/c mice showed an intrinsically stronger extent of small airway narrowing and faster Ca2+ oscillations in ASM cells in response to agonists. These differences were associated with a higher magnitude of Ca2+ influx via store-operated Ca2+ entry (SOCE), as a result of increased expression of SOCE components (STIM1, Orai1) in the ASM cells of small airway of BALB/c mice. An established mathematical model and experimental results suggested that the increased SOC current could result in increased agonist-induced Ca2+ oscillations. Therefore, the inherently higher SOC underlies the increased Ca2+ oscillation frequency in ASM cells and stronger small airway contraction in BALB/c mice, thus higher airway responsiveness in BALB/c than C57BL/6 mouse strain.
Keywords: airway smooth muscle, asthma, precision-cut lung slices, Ca2+ oscillations, airway hyperresponsiveness
1 INTRODUCTION
Asthma is clinically characterized by airway hyperresponsiveness (AHR), a phenomenon of excessive airway narrowing in response to agonists. Although AHR might result from hypertrophy and hyperplasia of airway smooth muscle (ASM) induced by airway inflammation (Bentley and Hershenson, 2008), the contractility of ASM itself also contributes to AHR. ASM contraction is driven by the phosphorylation of myosin light-chain (MLC) via the activation of MLC kinase, which is induced by the binding of calmodulin and intracellular calcium (Sieck et al., 2001). Previous reports have shown that agonist-induced ASM contraction is accompanied by repetitive waves of increased intracellular calcium concentration ([Ca2+]i) of ASM, termed Ca2+ oscillations, the frequency of Ca2+ oscillations determines the extent of ASM contraction (Prakash et al., 1998; Perez and Sanderson, 2005). Notably, the sustained Ca2+ oscillations cause a small and continual loss of Ca2+ across the plasma membrane (PM) via PM Ca2+ ATPases (PMCA) and Na+/Ca2+ exchanger (NCX). Therefore, the maintenance of agonist-induced Ca2+ oscillations and ASM contraction requires an influx of extracellular Ca2+. We has demonstrated that this influx occurs mainly via store-operated calcium entry (SOCE) (Chen and Sanderson, 2017), which involves a PM-resident Ca2+ channel called Orai1, and a sarcoplasmic reticulum (SR) membrane-spanning Ca2+-sensing protein called stromal interaction molecule 1 (STIM1) (Prakriya and Lewis, 2015).
Mouse is commonly proposed as an experimental animal model to investigate the pathogenesis of AHR. Different mouse strains were used to measure airway reactivity, therefore, the inherent differences among mouse strains have been observed. For example, two widely used mouse strains, BALB/c and C57BL/6, have been demonstrated to display substantial differences in the distribution of inflammatory cells, expression of proinflammatory cytokines, ASM mass, and subepithelial collagen and fibronectin deposition after acute or chronic exposure to allergens (Gueders et al., 2009; Van Hove et al., 2009). It is worth noting that BALB/c mice showed stronger agonist-induced airway responsiveness and increased shortening velocity of ASM than C57BL/6 mice (Duguet et al., 2000). However, BALB/c and C57BL/6 mice show no difference in the contractive response of tracheal ring segments to agonists (Safholm et al., 2011), indicating that tracheal contraction might not account for the different airway responsiveness. Recently, small airway contraction has been increasingly acknowledged in the pathogenies of AHR (Kjellberg et al., 2016; Stenberg et al., 2017). Nevertheless, it is still unclear whether BALB/c and C57BL/6 mice have inherent differences in the small airway contractility and whether the Ca2+ oscillations regulated by the magnitude of SOCE contributes to these differences.
In this study, we used an established precision-cut lung slices (PCLS) to access the agonist-induced contraction of the small airway and Ca2+ oscillations of ASM cells in BALB/c and C57BL/6 mice. We report that BALB/c mice show an inherently stronger extent of small airway narrowing and a higher frequency of Ca2+ oscillation in ASM cells in response to agonists, which might be associated with an increased Ca2+ influx via SOCE.
2 METHODS AND MATERIALS
2.1 Animals
Age matched female C57BL/6 mice and BALB/c mice (8–12 weeks with bodyweight of 19–22 g) were purchased from Charles River Breeding Laboratories (Needham, MA, United States) and GemPharmatech Co. Ltd (Nanjing, Jiangsu, China). The mice were bred in a specific pathogen free environment. The adequate number of mice was estimated by a power analysis. All protocols were in accordance with the Guide for the Care and Use of Laboratory Animals and approved by the Institutional Animal Care and Use Committee of University of Massachusetts Medical School and West China Hospital (approval number: 2018049A).
2.2 Reagents
Hanks’ Balanced Salt Solution (HBSS) was prepared by supplementing 20 mM HEPES buffer and adjusted to pH 7.4 (sHBSS). Hanks’ 0-Ca2+ solution (0-Ca2+ sHBSS) was prepared with no-Ca2+ HBSS supplemented with 1 mM Na2H2-EGTA, 20 mM HEPES and 0.9 mM MgSO4. Oregon Green 488 BAPTA-1 a.m. was purchased from Life Technologies (Grand Island, NY, United States). Ryanodine was purchased from Abcam Inc (Cambridge, MA, United States), other reagents were purchased from either Sigma-Aldrich (St. Louis, MO, United States) or Thermo Fisher Scientific (Pittsburgh, PA, United States).
2.3 Precision-cut lung slices (PCLS)
The detailed protocol has been previously described (Perez and Sanderson, 2005). 1.8% low melting point agarose was prepared in sHBSS. Mice were killed by cervical dislocation, and the lung was inflated with ∼1 mL 1.8% low melting point agarose via an intratracheal catheter at 37°C, 0.3 mL air was injected subsequently to flush the agarose within the airway into the distal alveoli. The cardiac lobe was disassembled after gelling agarose with 4°C sHBSS, and sectioned into 180 μm thick PCLS by a vibratome (VF-300, Precisionary Instruments, Greenville, NC, United States). As the slicing might stimulate a spontaneous airway contraction in PCLS preparation, all experiments were performed on the second day of slicing when the airways were fully relaxed. The PCLS were maintained in DMEM supplemented with antibiotics at 10% CO2 and 37°C for up to 2 days, within the periods the contractility of small airway remains unchanged. The experiments were performed at 37°C, and repeated at room temperature, in a custom-made, temperature-controlled microscope enclosure as described previously (Bai and Sanderson, 2009).
2.4 Airway contraction and relaxation
The detailed protocol has been previously described (Chen and Sanderson, 2017). The PCLS were held down by a 200 μm nylon mesh with a hole aligned over a selected airway on a cover-glass. To make a perfusion chamber, a smaller cover-glass was placed on the top of the nylon mesh and the side edges were sealed with silicone grease. We used two different agonists, methacholine (MCh) and 5-hydroxytryptamine (5-HT), which bind to their respective cell-surface receptors and activate different downstream G protein-coupled pathways to trigger airway contraction.
The contraction assay was performed by giving increasing doses (100, 200, 400, 800, 2000 nM) of MCh/5-HT sequentially with washing-out of agonists by sHBSS between each dose. The extent of airway narrowing in response to the agonists was determined by the change in lumen area, which was recorded by a CCD camera at 1 image per 2 s on an inverted microscope (Nikon Diaphot or Olympus IX71). The area of the lumen was calculated by using ImageJ, and then normalized by the formula: Area (%) = 100% * Lumen area at a certain time/Initial lumen area.
To compare the extent of airway narrowing between BALB/c and C57BL/6 mice, the extent of airway contraction was defined and calculated by the formula: airway contraction (%) = 100% *(Initial lumen area-lumen area at a certain time)/Initial lumen area. Then a dose-response curve was plotted by using the extent of airway contraction in response to increasing doses of agonists at sequential timepoints (5, 15, 25, 35 and 45 min) of the contraction assay. For each assay, 6 BALB/c mice and 6 C57BL/6 mice were used, 1–2 PCLS were obtained from each mouse, 2 randomly selected airways in each PCLS were assessed, and specific sample sizes were reported in the figure legends.
2.5 Intracellular Ca2+ signaling
The detailed protocol has been previously described (Chen and Sanderson, 2017). The PCLS were loaded with 20 μM Oregon Green (OG) 488 BAPTA-1-AM supplemented with 0.1% Pluronic F-127 and 200 μM sulfobromophthalein (SB) at 30°C for 1 h, and then placed in 200 μM SB at room temperature for 30 min to allow the de-esterification of OG. After washing the PCLS with sHBSS in the perfusion chamber, the intracellular Ca2+ signaling of a single ASM cell in the PCLS was recorded by a custom-built, video-rate scanning 2-photon laser microscope at a rate of 15 images per second. The change in fluorescence intensity in an interest region (8 × 10 pixels) of an ASM cell was analyzed by Video Savant 4 (IO Industries, Montreal, Canada) with custom-written code. The fluorescence intensity at a particular time (Ft) was normalized to the initial time (F0) as Ft/F0. For each assay, five to six BALB/c mice and five to six C57BL/6 mice were used, 1–2 PCLS were obtained from each mouse, two to three randomly selected ASM cells in each PCLS were assessed, and specific sample sizes were reported in the figure legends.
2.6 SOCE-activated PCLS
The validation of SOCE-activated PCLS has been reported (Bai and Sanderson, 2006). Briefly, the PCLS was treated with 20 mM caffeine and 50 μM ryanodine simultaneously for 5 min, followed by a thorough washout with sHBSS. This treatment gates the ryanodine receptors (RyR) of SR in an open state and leads to a decreased Ca2+ concentration in SR ([Ca2+]SR), activating SOCE to induce Ca2+ influx. The SOCE-activated PCLS remains viable for at least 5 h, during this time the [Ca2+]SR is kept in a low level due to the persistent opening of RyR, and consequently the activation of SOCE is sustained and irreversible. As a result, the [Ca2+]i is determined by the extracellular Ca2+ concentration ([Ca2+]e) via SOC influx.
2.7 Immunofluorescence
Mice were anesthetized with intraperitoneal injection of 2.5% sodium pentobarbital, and subsequently euthanized through exsanguination from the right ventricle to collect lung tissue. The left lung was inflated and preserved with 10% formaldehyde solution, followed by paraffin embedding and slicing. We employed tyramide signal amplification (TSA) principle for immunofluorescence staining, by using a multiplex fluorescence kit and following the guidelines provided by the manufacturer (RS0035, Immunoway). Briefly, the lung sections underwent dewaxing and rehydration, followed by antigen retrieval. Protein blocking was performed using peroxidase blocking solution for 30 min before each of the three staining cycles. Primary antibodies against Na+/K+ ATPase (NKA, 1:200, YT2973, Immunoway), α-smooth muscle actin (α-SMA, 1:200, 19245S, CST), STIM1 (1:200, ET1612-53, Huabio), and Orai1 (1:200, ER 1803–11, Huabio) were applied to the lung sections respectively for 2 h at room temperature. Then horseradish peroxidase (HRP)-labeled rabbit secondary antibodies were applied to the lung sections for 20 min, followed by incubation with TSA opal fluorophore (Opal 488, Opal 594 or Opal 647) for 10 min at room temperature. The antibody-TSA complex was removed through a heat-mediated antigen retrieval process using Tris/EDTA buffer (pH 9.0) during each staining cycle. Then the lung sections were counterstained with DAPI (P36931, Invitrogen). The immunofluorescence images were captured by Nikon A1R MP confocal microscope. We conducted a negative control to rule out the possibility of spontaneous fluorescence and non-specific signals by staining lung sections with vehicle instead of primary antibodies. The α-SMA (conjugated to Opal 488) was used to identify ASM cells. The fluorescence intensity of NKA (conjugated to Opal 594) was used as an internal control. We then quantified the fluorescence density of Orai1 and STIM1 (both conjugated to Opal 647) by normalizing the fluorescence intensity of Orai1/STIM1 to that of NKA in the same region of interest of ASM cells using ImageJ. Three BALB/c mice and three C57BL/6 mice were used for each staining, and two to three lung sections were obtained from each mouse. Three randomly selected ASM cells in each lung section were analyzed in a blinded manner, the specific sample sizes were reported in the figure legends.
2.8 Statistics
Data were statistically analyzed and plotted by GraphPad Prism 7.00 (GraphPad Software Inc., San Diego, CA, United States). For the comparison of two groups, the distribution of data was first tested by the Shapiro-Wilk normality test or KS normality test, and then the data were compared using the Unpaired t-test or Mann-Whitney test. For the comparison of dose-response curves, nonlinear regression analysis was performed first, and then the best-fits values, including the bottom, top and concentration for 50% of the maximal effect (EC50) of the curves, were compared between groups. Data are presented as the mean ± SD, the sample sizes and numbers of mice used in experiments were reported in the figure legends; a value of p < 0.05 was considered significant.
2.9 Mathematical model
The mathematical model has been reported previously and well validated in stimulating the dynamic structure of Ca2+ oscillations in the ASM of PCLS (Wang et al., 2010; Croisier et al., 2013; Croisier et al., 2015; Sneyd et al., 2017). In brief, the dynamics of intracellular Ca2+ concentration (c = [Ca2+]i) and the SR Ca2+ concentration (cs = [Ca2+]SR) are modelled by:
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where Jin accounts for the Ca2+ influx, primarily through SOCE, while JPMCA and JSERCA represent the Ca2+ fluxes through the PMCA and SR Ca2+ ATPases (SERCA) pumps, respectively. Jrel, on the other hand, models the efflux of Ca2+ from the SR through inositol trisphosphate (IP3) receptors (IP3R) and RyR. The comprehensive description of the mathematical model is provided in the supplement.
3 RESULTS
3.1 BALB/c mice showed stronger agonist-induced small airway contraction than C57BL/6 mice
To assess the extent of “small airway” narrowing, we distinguished airway generation as reported previously (Bai et al., 2007): the first airway generation was defined as the most distal airway that had an intact epithelium with ciliated cells, and then the next airway generation was identified when another airway branch merged into the airway. By sequentially cutting the PCLS from the cardiac lobe, 7–10 intrapulmonary generations of airways can be obtained. We defined “small airway” as airway generation four to five with a lumen diameter of approximately 0.2mm, which showed the strongest contraction compared to other airway generations (Bai et al., 2007). As the extent of small airway narrowing might be also affected by extracellular matrix tethering, which is mainly determined by the presence of agarose in the parenchymal spaces (Hiorns et al., 2016), we used an identical concentration of agarose (with identical stiffness after gelling) and carefully chose airways from similar positions in the same lobe of mice.
The extent of small airway narrowing in PCLS derived from BALB/c and C57BL/6 mice was visualized (Figure 1A) and analyzed (Figures 1B–E and Supplementary Figure S1) respectively. No pre-contraction of airways was observed in either BALB/c or C57BL/6 PCLS as previously reported (Chen et al., 2017). Both MCh (Figure 1B) and 5-HT (Figure 1C) induced dose-dependent small airway narrowing (as reflected by the change in airway lumen area) in the PCLS of BALB/c and C57BL/6 mice at 37°C. Compared to C57BL/6 mice, the extent of small airway narrowing in BALB/c mice was significantly stronger upon stimulation with both MCh (Figures 1B,D) and 5-HT (Figures 1C,E) at all concentrations tested (100–2000 nM), suggesting an overall increased small airway contraction in BALB/c mice. A similar pattern of increased airway contraction in BALB/c mice was also seen at room temperature (Supplementary Figure S1). These results demonstrate an intrinsically stronger small airway contraction in BALB/c mice than in C57BL/6 mice.
[image: Figure 1]FIGURE 1 | BALB/c mice show stronger airway contraction than C57BL/6 mice. (A) Representative phase-contrast images of 2 small airways in PCLS derived from BALB/c and C57BL/6 mice under resting conditions (left panel, scale bar = 100 μm) and exposed to 2 μM MCh (right panel) at 37°C. (B–C) The contraction assay show small airway contraction in response to increasing doses of MCh and 5-HT, respectively, at 37°C in PCLS derived from BALB/c (BLUE line) and C57BL/6 (RED line) mice. (D–E) The comparison of dose-response curves to MCh (D) and 5-HT (E) between BALB/c (BLUE line) and C57BL/6 (RED line) mice. Data are presented as the mean ± SD, *p < 0.0001 in (D), #p < 0.0001 in (E). Data are obtained from 14 airways in 8 PCLS of 6 BALB/c mice, and 12 airways in 6 PCLS of 6 C57BL/6 mice, respectively.
3.2 BALB/c mice showed higher Ca2+ oscillation frequency in ASM cells than C57BL/6 mice
Agonist-induced small airway contraction is largely induced by the contraction of ASM itself, which is mediated by intracellular Ca2+ oscillations (Perez and Sanderson, 2005). Therefore, we examined the intrinsic difference in Ca2+ oscillations of ASM cells stimulated by MCh and 5-HT. No spontaneous Ca2+ signaling was observed in ASM cells derived from either BALB/c or C57BL/6 PCLS as previously reported (Chen et al., 2017). In the presence of both MCh and 5-HT at 37°C, ASM cells exhibited periodic Ca2+ waves propagating along the length of the cells (Figures 2A,B), accompanied by ASM contraction. In the ASM cells of both BALB/c and C57BL/6 mice, MCh induced a dose-dependent increase in Ca2+ oscillation frequency (Figures 2A,B). Compared to C57BL/6 mice, the ASM cells derived from BALB/c mice showed significantly increased Ca2+ oscillation frequency upon stimulation with both MCh (Figures 2A–C) and 5-HT (Figure 2D) at all concentrations tested (100–2000 nM). A similar pattern of higher Ca2+ oscillation frequency in ASM cells of BALB/c mice was also noted at room temperature (Supplementary Figure S2). These results demonstrate an intrinsically higher Ca2+ oscillation frequency in ASM cells of BALB/c mice than in those of C57BL/6 mice.
[image: Figure 2]FIGURE 2 | BALB/c mice show an increased agonist-induced Ca2+ oscillation frequency in ASM cells compared to C57BL/6 mice. (A–B) Representative traces show Ca2+ oscillations of ASM cells in PCLS derived from BALB/c (A, BLUE line) and C57BL/6 (B, RED line) mice in response to increasing doses of MCh at 37°C. (C–D) The comparison of dose-response curves to MCh (C) and 5-HT (D) between BALB/c (BLUE line) and C57BL/6 (RED line) mice. Data are presented as the mean ± SD, *p < 0.0001 in (C), #p < 0.0001 in (D). Data are obtained from 18 ASM cells in 9 PCLS of 6 BALB/c mice, and15 ASM cells in 7 PCLS of 6 C57BL/6 mice, respectively.
3.3 The frequency of agonist-induced Ca2+ oscillation depends on the magnitude of SOCE
As SOCE is required for sustained agonist-induced Ca2+ oscillations in ASM (Chen and Sanderson, 2017), an inherently higher SOC current might contribute to the increased Ca2+ oscillations and thus stronger ASM contraction observed in BALB/c mice. Accordingly, we used an established mathematical model to predict the potential contribution of SOC current to the agonist-induced Ca2+ oscillations in ASM cells. As Figure 3A showed, the mathematical model predicted that the decreased magnitude of SOC current (VSOCC) reduced the frequency of Ca2+ oscillation. This prediction was validated in experiment that the blockage of SOCE by 1 μM and 10 μM GSK7975A, a specific inhibitor targets SCOE (Chen and Sanderson, 2017), significantly reduced MCh-induced Ca2+ oscillation frequency in a dose-dependent way in ASM cells of PCLS (Figures 3B,C). Therefore, both the mathematical model and experimental results suggested that SOCE magnitude regulates the Ca2+ oscillations frequency in ASM cells.
[image: Figure 3]FIGURE 3 | Reduced SOC current (VSOCC) leads to slower Ca2+ oscillations in ASM cells. (A) Mathematical model predicts that decreased VSOCC might lead to decreased Ca2+ oscillations in ASM cells. (B) The frequency of MCh (400 nM) induced Ca2+ oscillations in ASM cells of PCLS decreased when SOCE is inhibited by 1 μM and 10 μM GSK7975A (G7) respectively. (C) There are significant differences among Ca2+ oscillation frequency induced by 400 nM MCh, MCh +1 μM G7 and MCh +10 μM G7. Data are presented as the mean ± SD. For each bar in (C), seven to eight ASM cells obtained from 6 PCLS in 3 BALB/c mice are evaluated.
3.4 BALB/c mice showed higher [Ca2+]i in SOCE-activated ASM cells, which might be SOC current-dependent
To further investigate the possible increased magnitude of SOCE in ASM cells of BALB/c mice, we utilized a model called “SOCE-activated PCLS”. The rationale of SOCE-activated PCLS has been described previously (Bai and Sanderson, 2006; Chen and Sanderson, 2017). Briefly, PCLS is treated with ryanodine and caffeine simultaneously. While caffeine stimulates RyR opening, ryanodine irreversibly locks the RyR in a submaximal open state, which results in constitutive Ca2+ efflux from SR and consequently decreased [Ca2+]SR. This activates and maintains the SOCE to induce Ca2+ influx (Figure 4A). The treatment first induces an immediate transient increase of [Ca2+]i caused by Ca2+ released from the SR through RyR opening, followed by a sustained elevation of [Ca2+]i (Figure 4B). The steady level of this elevated [Ca2+]i results from a dynamic balance of Ca2+ influx through SOCE (SOC current, PSOC), Ca2+ efflux from SR through RyR (PRyR), Ca2+ uptake to the SR by SERCA (PSERCA), and intercellular Ca2+ efflux through plasma membrane Ca2+ ATPase (PCMA) and Na+/Ca2+ exchanger (NCX) (PPCMA and PNCX, Figure 4A). As previously validated (Bai and Sanderson, 2006), the SOCE-activated PCLS presents an irreversible decrease of [Ca2+]SR due to the constant opening of RyR and thus sustained activation of SOCE for at least 5 h since treatment of ryanodine and caffeine.
[image: Figure 4]FIGURE 4 | BALB/c mice show higher levels of [Ca2+]i in SOCE-activated ASM cells than C57BL/6 mice. (A) A sketch illustrates the development of SOCE-activated ASM cells: 1, PCLS were treated with 25 μM ryanodine (Rya) and 20 mM caffeine simultaneously to “lock” the ryanodine receptors (RyR) of SR in an open state; 2, Opening of RyR leads to the depletion of SR Ca2+; 3, Ca2+ depletion in SR induces Ca2+ influx through SOC to form SOCE; 4, The steady level of [Ca2+]i in SOCE-activated ASM cells results from a dynamic balance of Ca2+ influx through SOCE, Ca2+ efflux from SR through RyR, Ca2+ uptake to the SR by SERCA, and Ca2+ efflux through plasma membrane Ca2+ ATPase (PCMA) and Na+/Ca2+ exchanger (NCX). (B) SOCE-activated PCLS is prepared by exposing PCLS to a cocktail of 25 μM ryanodine and 20 mM caffeine at 37°C, ASM cells from BALB/c mice (BLUE line) show a higher steady level of [Ca2+]i than those from C57BL/6 mice (RED line). Each point of the line represents the mean ± SD of the intensity at selected time points (Ft) normalized to the initial intensity at the beginning time (F0). (C) Comparison of steady levels (Ft/F0) in SOCE-activated ASM cells derived from BALB/c and C57BL/6 mice. Data are presented as the mean ± SD, p = 0.0126. Data are obtained from 17 ASM cells of 5 BALB/c mice, and 20 ASM cells of 5 C57BL/6 mice, respectively.
We used the mathematical model to predict the contribution of PRyR, PSOC and PSERCA to the steady level of elevated [Ca2+]i in SOCE-activated ASM cells. As Supplementary Figure S3A, B show, with either a given PRyR or a given PSERCA, the steady level of [Ca2+]i changes little as PSERCA or PRyR increased. On the other hand, with a given PRyR, increased PSOC leads to an increased [Ca2+]i (Supplementary Figure S3C), indicating that the steady level of [Ca2+]i is mainly determined by the PSOC in SOCE-activated ASM cells. Interestingly, the influence of PRyR on the steady level of [Ca2+]i is only evidenced when the PSOC is sufficient (Supplementary Figure S3D), indicating that the contribution of PRyR to [Ca2+]i also depends on PSOC.
Accordantly, our experimental results showed that when exposed to the same [Ca2+]e, the steady level of [Ca2+]i in SOCE-activated ASM cells derived from BALB/c PCLS was significantly higher than that observed in C57BL/6 PCLS (Figures 4B,C). This observation suggested a completely different dynamic balance of Ca2+ influx and efflux in SOCE-activated ASM cells between BALB/c and C57BL/6 mice. As this steady level of [Ca2+]i is mainly determined by PSOC, it is assumed that the magnitude of SOCE in ASM cells of BALB/c mice is higher than those of C57BL/6 mice.
3.5 BALB/c mice showed higher SOC current in ASM cells than C57BL/6 mice
To further evaluate the SOC current in ASM cells, we removed the extracellular Ca2+ (by giving 0-Ca2+ sHBSS) to the SOCE-activated ASM cells firstly to decrease the [Ca2+]i and [Ca2+]SR. As shown in Figure 5A, 0-Ca2+ sHBSS induced decreased [Ca2+]i within 5 min. As previously described, the [Ca2+]i is primarily determined by the SOC influx in the SOCE-activated ASM cells, we then added back 1.3 mM Ca2+ to assess the transient Ca2+ influx via SOCE (Figure 5A). The SOC current was quantified and compared by measuring the rate of Ca2+ entry (Figure 5B) and the peak value of Ca2+ influx (Figure 5C). The results showed that both the rate of Ca2+ entry and the peak value of Ca2+ influx via SOCE were significantly higher in ASM cells of BALB/c mice than those of C57BL/6 mice, suggesting that the ASM cells of BALB/c mice have a higher SOC current.
[image: Figure 5]FIGURE 5 | BALB/c mice show faster and higher SOC currents in SOCE-activated ASM cells than C57BL/6 mice. (A) The SOC current is evaluated by removing extracellular Ca2+ first to empty the [Ca2+]i and [Ca2+]SR in SOCE-activated ASM cells, and then adding back 1.3 mM Ca2+ to assess the transient Ca2+ influx via SOCE. Each point of the line represents the mean ± SD of the intensity at selected time points (Ft) normalized to the initial intensity at the beginning time (F0). The SOC current was further quantified and compared by measuring (B) the rate of Ca2+ entry and (C) the peak value of Ca2+ influx. Data are presented as the mean ± SD, p < 0.0001 in (C). Data are obtained from 16 ASM cells in 8 PCLS of 5 BALB/c mice, and 15 ASM cells in 7 PCLS of 5 C57BL/6 mice.
3.6 BALB/c mice show increased expression of STIM1 and Orai1 in ASM cells of small airways compared to C57BL/6 mice
To support a higher PSOCE observed in ASM cells of BALB/c mice, we used semiquantitative immunofluorescent method to assess the expression of Orai1 and STIM1, two essential component proteins of SOCE, in the ASM cells of small airway derived from BALB/c and C57BL/6 mice. We used fluorescent intensity of NKA, a commonly used membrane marker, as the internal control to normalize the fluorescent intensity of Orai1 and STIM1 respectively (Figure 6A) in ASM cells labeled with α-smooth muscle actin (α-SMA). The results showed that the ASM cells of small airways obtained from BALB/c mice have higher intensity ratio of STIM1/NKA and Orai1/NKA respectively than those of C57BL/6 mice, indicating a relatively higher expression of essential elements of SOCE in ASM cells of BALB/c mice, in line with the larger SOC current observed in ASM cells of BALB/c mice.
[image: Figure 6]FIGURE 6 | BALB/c mice show increased expression of Orai1 and STIM1, two essential component proteins of SOCE, in ASM cells of small airway compared to C57BL/6 mice. (A) The representative fluorescent images show the co-staining of DAPI, Orai1 or STIM1, Na+/K+ ATPase (NKA) and α-smooth muscle actin (α-SMA) in ASM cells of BALB/c and C57BL/6 mice; the fluorescent intensity of Orai1 or STIM1 were normalized to that of NKA in the same region of interest within ASM cells, which was identified by α-SMA; The red arrows indicate the representative ASM cells of interest used for analysis; White scale bar: 100 μm, red scale bar: 25 μm. (B–C) A comparison of the normalized fluorescent density of Orai1 (B) and STIM1 (C) in ASM cells derived from BALB/c and C57BL/6 mice, respectively. Data are presented as the mean ± SD, p = 0.0193 in (B), p = 0.0003 in (C). The bar in (B) represents 9 ASM cells obtained from 6 slices in three BALB/c mice, and 9 ASM cells obtained from 8 slices in three C57BL/6 mice; the bar in (C) represents 9 ASM cells obtained from 7 slices in three BALB/c mice, and 9 ASM cells obtained from 9 slices in three C57BL/6 mice.
4 DISCUSSION
It is well known that airway responses appear differently among mouse strains, such as the contraction response to agonists (Levitt and Mitzner, 1988), IgE response to allergens (Larsen et al., 1992), force-velocity response in sensitized tracheal smooth muscle (TSM) strips (Fan et al., 1997), and different shortening velocities of ASM in both central and peripheral airways before or after sensitization with antigens (Duguet et al., 2000; Wagers et al., 2007). As BALB/c and C57BL/6 mice are widely used as animal models in studies of asthma and AHR, it is essential to characterize their innate differences in the airway response. Although BALB/c mice showed a higher agonist-induced airway response than C57BL/6 mice as assessed in vivo (Duguet et al., 2000), they showed no different response in the isometric tension of tracheal ring to agonists (Safholm et al., 2011). We hypothesized that the small airway contraction of BALB/c mice might differ from that of C57BL/6 mice, which could explain their different airway responses. Here, by using PCLS, a useful tool to investigate ASM physiology in relatively small airways in situ, we show that BALB/c mice have stronger extent of small airway narrowing and increased Ca2+ oscillation frequency in ASM cells in response to agonists than C57BL/6 mice. These observations are consistent with the increased airway response and ASM shortening velocity observed in BALB/c mice. As inspired by the increased steady level of [Ca2+]i observed in SOCE-activated ASM cells derived from BALB/c mice, we further show that ASM cells derived from BALB/c mice have inherently higher Ca2+ influx via SOCE and increased expressions of Orai1 and STIM1 compared to those derived from C57BL/6 mice. Furthermore, both the mathematical model and the experimental results suggest that decreased SOC current leads to decreased frequency of Ca2+ oscillation in ASM cells. Therefore, the inherently higher SOC current resulting from increased expression of Orai1 and STIM1 might account for the higher frequency of Ca2+ oscillation and stronger contraction of ASM cells in BALB/c mice than in C57BL/6 mice.
Previous studies have demonstrated that the agonist-induced Ca2+ oscillations are generated by the cyclic release and re-uptake of Ca2+ from and to the SR (Wright et al., 2013). Specifically, agonist (such as MCh and 5-HT) binds to their respective cell-surface receptors and activates the different downstream G protein-coupled pathways to produce IP3, which binds IP3R to release Ca2+ from the SR into the cytoplasm; Ca2+ in the cytoplasm is pumped back into the SR by SERCA (Prakash et al., 2009). Ca2+ efflux from the SR might also occur via RyR (Croisier et al., 2015). During Ca2+ oscillations, the cytoplasmic Ca2+ continually loss via PMCA and NCX, therefore, an in-time supplementation of intracellular Ca2+ is essential for the sustained agonist-induced Ca2+ oscillations in ASM. We have demonstrated that SOCE, rather than voltage-gated Ca2+ channels, is the major Ca2+ influx pathway for sustaining agonist-induced Ca2+ oscillations in ASM cells (Chen and Sanderson, 2017).
The molecular basis of SOCE (Orai1 and STIM1) has been well demonstrated (Prakriya and Lewis, 2015). STIM1 senses the decreased [Ca2+]SR, and then oligomerizes and translocates to a region near the PM, where it interacts with Orai1 to generate a local Ca2+ influx current to replenish the Ca2+ lost in ASM cells (Croisier et al., 2013). Previous studies reported that the expressions of STIM1 and Orai1 are increased in ASM cells derived from experimental asthmatic mice (Spinelli et al., 2012; Qiu et al., 2017). In addition, STIM1 and Orai1-mediated SOCE has been associated with the proliferation of ASM cells (Zou et al., 2011). Furthermore, STIM1 is required for ASM remodeling through metabolic and transcriptional reprogramming and cytokine secretion (Johnson et al., 2022). In the present study, we demonstrate that inherently higher SOC current might induce increased Ca2+ oscillation frequency in ASM cell, leading to increase of [Ca2+]i due to spatial and temporal integration, and thus resulting in stronger contraction. These results together highlight the regulatory role of SOCE in the Ca2+ oscillations of ASM cells and the contraction of ASM, which is closely associated with AHR.
It is worth noting that agonist-induced airway contraction is not only determined by the Ca2+ oscillations of ASM cells. Previously, we reported that both the Ca2+ oscillation frequency and the Ca2+ sensitivity of ASM cells contribute to innate ASM contractility (Bergner and Sanderson, 2003; Bai and Sanderson, 2009), whether the Ca2+ sensitivity of ASM cells in BALB/c mice differs from that in C57BL/6 mice is still unknown and worth further investigation. In addition, it is reported that different SERCA expression (Chen et al., 2017), IP3R receptor density (Narayanan et al., 2012) and imbalance of GPCR-derived signals (Wright et al., 2013) could affect the agonist-induced Ca2+ oscillation frequency, whether BALB/c and C57BL/6 mice have different SERCA or IP3R expression might need further investigation. Furthermore, it has been reported that the contractile protein content in ASM cells (Ammit et al., 2000), the tone of ASM cells themself (Fairbank et al., 2008), and the extracellular matrix stiffness (Polio et al., 2019) also exert impacts on airway contractility, however, whether these factors contribute to the different extents of small airway narrowing between BALB/c and C57BL/6 mice is unclear, but beyond our scope here. Finally, the absolute quantification of Orai1 and STIM1 protein expression in the ASM cells of small airway should be investigated in future study.
Taken together, our findings demonstrate that, as compared to C57BL/6 mice, BALB/c mice have inherently higher small airway contraction along with increased agonist-induced Ca2+ oscillation frequency, which might result from higher SOCE influx due to increased expression of Orai1 and STIM1 in ASM cells. These results suggest that an increased SOC current in ASM itself might lead to a higher Ca2+ oscillation frequency and stronger airway contraction, highlighting the importance of SOCE in understanding the mechanisms of AHR.
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Background: Although numerous studies have demonstrated the clear benefits of exercise for people with asthma, controversy remains. This study evaluated the effects of sustained exercise types on lung function and quality of life in patients with asthma.
Methods: We searched PubMed, EMBASE, Web of Science, Cochrane Library, China National Knowledge Infrastructure (CNKI), and Wanfang database since January 2000 to August 2022 .included randomized controlled trials (RCTs) of asthmatic children intervened with exercise. The outcomes were lung function and asthma-related quality of life. Fixed-effects model (I2≤50%) or random-effects model (I2>50%) was applied to calculate the pooled effects. Funnel plots were quantified to present publication bias, and a P value <0.05 was statistically significant.
Results: Eventually, 15 trials conformed to the selection criteria. The exercise group significantly improved lung function (FEV1 and FVC) in asthmatic children compared with the control group. Forced Expiratory Volume in 1 Second (MD = 2.12, 95%CI = 0.70, 3.53; p = 0.003; I2 = 15%); Forced Vital Capacity (MD = 2.78, 95%CI = 1.26, 4.31; p = 0.0004; I2 = 56%). The immune system markers IL-6 and TNF-α, were significantly reduced in the exercise group. Interleukin-6 (MD = −0.49, 95%CI = −0.81, −0.17; p = 0.003; I2=0%); tumor necrosis factor-α (MD = −0.54, 95%CI = −0.92, −0.15; p = 0.006; I2 = 0%). That quality of life (PAQLQ) was significantly improved in children with asthma in the exercise group. PAQLQ-Total score (MD = 1.06, 95%CI = 0.46, 1.66; p = 0.006; I2 = 94%); PAQLQ-Emotional (MD = 0.91, 95%CI = 0.76, 1.06; p<0.00001; I2 = 90%); PAQLQ-symptoms (MD = 0.87, 95%CI = 0.71, 1.02; p<0.00001; I2 = 95%); PAQLQ-activities (MD = 1.20, 95%CI = 0.58, 1.82; p = 0.00001; I2 = 93%). Meta-analysis showed significant improvements in body composition in the exercise group. BMI (MD = −2.42, 95%CI = −4.40, 0.44; p = 0.02; I2 = 85%).
Conclusions: This meta-analysis demonstrated the effectiveness of exercise in improving pulmonary function index (FEV1, FVC), immune system (IL-6, TNF-α, Feno), exercise ability (6MWT), body composition (BMI), and quality of life (PAQLQ) in asthmatic children. Asthmatic children should regularly participate in physical exercise.
Keywords: asthma, exercise therapy, children, lung function, immune system
1 INTRODUCTION
Asthma is one of the most common chronic diseases among adults and children all around the world. Asthma is a heterogeneous disease characterized by chronic airway inflammation and airway hyperresponsiveness. The chronic inflammation causes associated airway hyperresponsiveness that leads to recurrent wheezing, cough, breathlessness, and chest tightness, which often triggers attacks or exacerbates at night and in the early morning. Around 300 million people of all ages experience asthma and related complications, and about 250,000 people die from asthma each year (Bousquet and Khaltaev, 2007). Experts predict that 100 million people will still live with asthma in 2025. The prevalence of childhood asthma in China soared from 1.09% in 1990 to 3.02% in 2010 (BAO Yixiao et al., 2016). However, standardized treatment of asthma is mature and has been used globally for many years. With the introduction of the GINA program and the implementation of the guidelines for the prevention and treatment of childhood asthma in China, the early diagnosis and management of childhood asthma in Chinese pediatricians have been enhanced. However, the overall control of childhood asthma is still poor (Sha Li et al., 2016). The Third National Childhood Asthma Epidemiological Survey in China showed that 77% of children with asthma had an acute episode in the past year (LIU Chuanhe et al., 2013). Medication has long been the primary means of asthma control, but physical therapy is another effective means. Physical therapy mainly includes exercise therapy, respiratory exercise, and muscle training (Wang et al., 2019).
Although some scholars have conducted systematic reviews and meta-analyses on the effects of physical therapy on childhood asthma, these scholars did not exclude adults in the research process. Also, they lumped together three different physical therapy methods: exercise therapy, respiratory exercise and respiratory muscle training (Wang et al., 2019; hang et al., 2021; YANG Yiyun et al., 2021). Compared with respiratory exercise and respiratory muscle training, exercise therapy is more social and recreational, and exercise therapy can better promote children’s physical development. Exercise therapy has also been shown as safe and effective, and the benefits of regular exercise are significant for children with asthma (Lang, 2019). Therefore, this meta-analysis only focused on children and excluded respiratory exercise and muscle training. This study aimed to show the effects of different exercise intensity, no exercise modes, and other exercise intervention times on children’s lung function and quality of life and to provide recommendations and references for pediatricians to treat and control children’s asthma using exercise therapy.
2 METHODS
This meta-analysis was performed following the statement of the Preferred Reporting Items for Systematic Review and Meta-Analysis (PRISMA) guidelines (Moher et al., 2009) in order to provide comprehensive and transparent reporting of methods and results.
2.1 Search strategy
Electronic article searches were conducted between January 2000 and August 2022 in PubMed, Cochrane Library, Web of Science, EMBASE, China National Knowledge Infrastructure (CNKI), and Wanfang database. The language of articles was English and Chinese. The search terms in this review were a combination of exercise intervention terms AND asthma related terms AND adolescent population terms. Figure 1 provides the keywords and search strategy. Three researchers independently screened titles, abstracts, and full-text articles of potentially relevant studies. We further searched for additional relevant articles in Google Scholar and identified potential references for inclusion from previous systematic review and meta-analyses.
[image: Figure 1]FIGURE 1 | A search strategy for English database using the following keywords b and search strategy using the following keywords to search Chinese databases.
2.2 Eligibility criteria
The inclusion criteria for studies are as follows: 1) Participants: Participants should have asthma diagnosed by well-defined or internationally recognized criteria, and they should not be older than 18 or younger than 6, regardless of gender, ethnicity, or region. 2) Intervention type: We included studies with an exercise training intervention in children with asthma, and the intervention period less than 2 weeks were acceptable. 3) Outcome: At least one of the four main outcomes (lung function, airway inflammation, exercise ability, and health and life quality) had to be reported to be included. The specific outcome measures of lung function were Forced Vital Capacity (FVC), Forced Expiratory Volume in 1 Second (FEV1), and Peak Expiratory Flow (PEF). The exercise capacity outcome measure was six walk minute test (6WMT). The airway inflammation indicators were tumor necrosis factor-α (TNF-α), Interleukin- 6 (IL-6), and Fractional exhaled nitric oxide (FeNO). The health and life quality outcomes were Pediatric Asthma Quality of Life Questionnaire (PAQLQ) and Body Mass Index (BMI). 4) Study design: We included randomized controlled trials that compared exercise training interventions with no intervention.
2.3 Studies screening and data extraction
Two authors independently evaluated all studies for potential eligibility. In the case of disagreement, a third party adjudicated whether a study met the inclusion criteria. The documents were transferred to a third researcher for adjudication if they disagreed. For each study, data were extracted regarding the first author’s last name, year of publication, country, participants characteristics (mean age, sample size), exercise intervention (type, duration, frequency, intensity), and the mean values of two time points (pre- and post-intervention) with corresponding standard deviations. The outcome measures were: FVC, FeV1, PEF, 6WMT, TNF-α, IL-6, FeNO, BMI, PAQLQ-Total score, PAQLQ-Emotional score, PAQLQ-symptoms score, and PAQLQ-activities score. When there was insufficient information the research team attempted to contact the corresponding author. Tables 1, 2 provides detailed information on these studies.
TABLE 1 | Exercise Program details of eligible studies.
[image: Table 1]TABLE 2 | Demographics and outcomes.
[image: Table 2]2.4 Study selection
We searched identified 53,865 articles, including 45,042 articles from PubMed, 1,253 articles from the Cochrane Library studies, 6,285 articles from the Embase studies, 809 articles from the Web of Science studies, 198 articles from the WanFang, and 278 articles from the CNKI.47,162 duplicate articles eliminated. By reading the title and abstract, six thousand five hundred seventy-three irrelevant documents were removed. There were 130 to read, 115 to delete, and 15 included in the Meta-analysis. Figure 2 shows a flow chart of the search screening process (Counil et al., 2003; Weisgerber et al., 2003; Basaran et al., 2006; WANG and HUNG, 2009; Wicher et al., 2010; Onur et al., 2011; El-Kader et al., 2013; de Andrade et al., 2014; Latorre-Román et al., 2014; Jia et al., 2016; Abdelbasset et al., 2018; Carew and Cox, 2018; Jing et al., 2019; Chen et al., 2020; Winn et al., 2021).
[image: Figure 2]FIGURE 2 | Search screening process.
2.5 Risk of bias in studies
Two reviewers independently assessed each included study using the Cochrane risk of bias tool. For RCTs, the Cochrane Collaboration Guideline specifies six domains, including bias arising from the randomization process, bias owing to deviations from intended interventions, bias owing to missing outcome data, bias in measurement of the outcome, bias in selection of the reported, and other biases (Higgins et al., 2011). Risk of bias was stated as “low risk,” “high risk,” or “unclear.”
Risk of bias are provided in Table 2. 6/15 studies described the randomization method of the subjects in detail. 2/15 studies described the allocation concealment scheme of the subjects in detail. 2/15 studies blinded patients and experimenters, and 3/15 studies blinded outcome evaluators. 10/15 studies reported the integrity of the results in detail, 1 study did not report the number of lost visits in detail, and 4 studies had too many lost visits, which affected data integrity. 13/15 studies reported the results of the data in detail, and 2 studies did not report the results. There was no other bias in 14/15 studies.
2.6 Publication bias
Publication bias was assessed by funnel plot and Egger test. First, funnel plot was drawn by Stata 17 software, and then Egger test was carried out. When p>0.05, there was no publication bias. The risk of bias is summarized in Figure 3 and Figure 4.
[image: Figure 3]FIGURE 3 | Overall risk bias evaluation.
[image: Figure 4]FIGURE 4 | Overall risk bias summary.
2.7 Statistical analysis
A meta-analysis was performed using ReMan software (version 5.3) to evaluate the effect of exercise intervention on children with asthma. Effect sizes for main outcomes are expressed as standardized mean differences (SMD). If the standard deviation was not reported, it was estimated from the reported standard error, the 95% confidence interval, interquartile range or p-value related to the pertinent number of participants. To better interpret SMD, we used Hedges “gas small (0.2), medium (0.5) and large (0.8) (Cohen, 2013).” The heterogeneity between trial results was tested for I2 statistics. I2 values of <25%, 25%–50%, and >50% are acknowledged to represent small, medium, and large amounts of heterogeneity (Higgins and Thompson, 2002).
If heterogeneity is greater than 50%, a sensitivity analysis will be performed. Moreover, two analyses with subgroups were studied: exercise type (HIIT, Swimming, Ball, Aerobic exercise) and frequency of the exercise intervention (≤8 weeks vs. > 8 weeks).
3 META-ANALYSIS
3.1 Effects of exercise on lung function in children with asthma
Meta-analysis showed that the exercise group significantly improved lung function (FEV1 and FVC) in asthmatic children compared with the control group, but exercise did not improve PEF alone significantly. Forced Expiratory Volume in 1 Second (MD = 2.12, 95% CI = 0.70, 3.53; p = 0.003; I2 = 15%); Forced Vital Capacity (MD = 2.78, 95% CI = 1.26, 4.31; p = 0.0004; I2 = 56%), Peak Expiratory Flow (MD = 1.84, 95% CI = −2.83, 6.51; p = 0.44; I2 = 72%) (Figure 5).
[image: Figure 5]FIGURE 5 | (A) FEV1 forest map (B) FVC forest map (C) PEF forest map.
The results of the subgroup analysis showed that aerobic exercise and swimming significantly improved lung function (FEV1 and FVC) in children with asthma and that HIIT and ball exercise improvements were not significant. Exercise intervention of over 8 weeks significantly improved lung function (FEV1 and FVC) in children with asthma, and exercise intervention effects of less than 8 weeks were not significant. The exercise was insignificant in children with asthma (PEF) (Table 4).
Effects of different exercise modes on FEV1 in asthmatic children. Swimming (MD = 5.98, 95% CI = 0.85, 11.11; p = 0.02; I2 = 0%); Aerobic exercise (MD = 2.89, 95% CI = 0.58, 5.19; p = 0.01; I2 = 57%); Ball (MD = 0.79, 95% CI = −3.94, 5.51; p = 0.74; I2 = 0%); HIIT (MD = −0.95, 95% CI = 5.83, 3.92; p = 0.70; I2 = 0%). Effects of different exercise modes on FVC in asthmatic children. Swimming (MD = 11.07, 95% CI = 6.33, 15.82; p < 0.00001; I2 = 24%); Aerobic exercise (MD = 5.06, 95% CI = 1.57, 8.54; p = 0.004; I2 = 30%); Ball (MD = 0.77, 95% CI = −3.88, 5.43; p = 0.74; I2 = 0%); HIIT (MD = 0.80, 95% CI = −4.28, 5.89; p = 0.76; I2 = 46%). Effects of different exercise modes on PEF in asthmatic children: Swimming (MD = 2.49, 95% CI = −7.80, 12.78; p = 0.64; I2 = 0%); Aerobic exercise (MD = 0.61, 95% CI = 4.26, 5.49; p = 0.8; I2 = 0%); Ball (MD = 0.06, 95% CI = −5.94, 6.07; p = 0.98; I2 = 0%); HIIT (MD = −1.34, 95% CI = −6.63, 3.9; p = 0.62; I2 = 46%).
Influence of different exercise intervention cycles on FEV1 in asthmatic children. More than 8 weeks (MD = 2.89, 95% CI = 1.09, 4.69; p = 0.02; I2 = 55%); less than 8 weeks (MD = 0.85, 95% CI = 1.45, 3.15; p = 0.47; I2 = 0%). Influence of different exercise intervention cycles on FVC in asthmatic children. More than 8 weeks (MD = 5.88, 95% CI = −1.30, 10.46; p = 0.01; I2 = 56%); less than 8 weeks (MD = 0.70, 95% CI = −2.32, 3.71; p = 0.65; I2 = 78%). Influence of different exercise intervention cycles on PEF in asthmatic children. More than 8 weeks (MD = 4.65, 95% CI = −3.68, 12.98; p = 0.89; I2 = 0%); less than 8 weeks (MD = −0.27, 95% CI = −3.93, 3.39; p = 0.27; I2 = 85%).
3.2 Effects of exercise on the immune system in children with asthma
Meta-analysis showed that the immune system markers, IL-6 and TNF-α, were significantly reduced in the exercise group. However, exercise did not significantly improve FeNO in asthmatic children: Interleukin-6 (MD = −0.49, 95% CI = −0.81, −0.17; p = 0.003; I2 = 0%); tumor necrosis factor-α (MD = −0.54, 95% CI = −0.92, −0.15; p = 0.006; I2 = 0%); Fractional exhaled nitric oxide (MD = −2.45, 95% CI = −11.91, 7.02; p = 0.61; I2 = 0%) (Table 3).
TABLE 3 | Effects of exercise on lung function, immune system, body composition, exercise capacity and quality of life in children with asthma.
[image: Table 3]3.3 Effects of exercise on the quality of life index in children with asthma
Meta-analysis showed that quality of life (PAQLQ) was significantly improved in children with asthma in the exercise group. PAQLQ-Total score (MD = 1.06, 95% CI = 0.46, 1.66; p = 0.006; I2 = 94%); PAQLQ-Emotional (MD = 0.91, 95% CI = 0.76, 1.06; p < 0.00001; I2 = 90%); PAQLQ-symptoms (MD = 0.87, 95% CI = 0.71, 1.02; p < 0.00001; I2 = 95%); PAQLQ-activities (MD = 1.20, 95% CI = 0.58, 1.82; p = 0.00001; I2 = 93%) (Table 3).
3.4 Effects of exercise on motor ability and body composition in children with asthma
Meta-analysis showed significant improvements in body composition in the exercise group. BMI (MD = −2.42, 95% CI = −4.40, 0.44; p = 0.02; I2 = 85%) (Table 3). Subgroup analysis showed that aerobic exercise significantly improved BMI in children with asthma, and exercise intervention for less than 8 weeks significantly improved BMI in children with asthma (Table 4).
TABLE 4 | Subgroup analysis.
[image: Table 4]Effects of different exercise modes on BMI in asthmatic children. Aerobic exercise (MD = −3.12, 95% CI = −5.58, −0.66; p = 0.01; I2 = 78%); HIIT (MD = −0.06, 95% CI = −5.58, −0.66; p = 0.96; I2 = 43%); Influence of different exercise intervention cycles on BMI in asthmatic children. More than 8 weeks (MD = −1.90, 95%CI-5.15, 1.35; p = 0.25; I2 = 85%); less than 8 weeks (MD = −2.99, 95% CI = −5.70, −0.28; p = 0.03; I2 = 77%).
The meta-analysis showed a significant improvement in 6WMT in the exercise group. 6WMT (MD = 115.33, 95% CI = 54.64, 176.02; p = 0.0002; I2 = 94%).
4 DISCUSSION
This meta-analysis demonstrated the effectiveness of exercise in improving pulmonary function index (FEV1, FVC), immune system (IL-6, TNF-α, Feno), exercise ability (6MWT), body composition (BMI), and quality of life (PAQLQ) in asthmatic children. Asthmatic children should regularly participate in physical exercise.
4.1 Effects on lung function
GINA (Global Initiative for Asthma) recommends exercise therapy as a treatment for children with asthma (Bateman et al., 2008). Exercise is also an integral part of the treatment of children with asthma. Exercise-induced asthma is the main reason why most parents ban their asthmatic children from participating in the exercise (de Valois Correia et al., 2012). The effect of exercise on the lung function of children with asthma has been controversial in the past. However, a growing number of published studies have shown that children with asthma can benefit from regular exercise training (Higgins and Thompson, 2002; Higgins et al., 2011; Cohen, 2013). Our meta-analysis shows that exercise intervention can effectively improve pulmonary function parameters FEV1 and FVC in asthmatic children. This is consistent with Xinggui Wu and coworkers’ conclusion (Wu et al., 2020). FEV1 is an essential index of airway function, which reflects airway patency, airway function, and respiratory muscle strength, and used to evaluate the degree of airway obstruction and lesion in asthmatic patients (Alfrayh et al., 2014). FVC reflected the vital capacity of asthmatic patients and be used to assess whether the patients had dysfunction of ventilation. The increase of FEV1 and FVC indicated that exercise could improve airway ventilation function and alleviate asthma symptoms in children with asthma. Our results reinforce previous findings (Wu et al., 2020). Exercise can effectively improve the lung function of children with asthma, which is of great clinical significance. Our meta-analysis results showed that exercise had no significant improving effect on PEF in asthmatic children. This is inconsistent with Xinggui Wu and coworkers’ conclusion (Wu et al., 2020). Due to age differences in subjects, our study focused primarily on 7- to 12-year-old asthmatic children and did not include adults. This suggests that exercise intervention may have different effects on PEF in patients of different ages.
There is no consensus as to which exercise program is most beneficial for children with asthma. Hence, our study used a subgroup analysis of exercise patterns and cycles. We examined the effects of swimming, aerobic exercise, ball games, and HIIT exercise on lung function in children with asthma. We found that swimming and aerobic exercise significantly improved asthmatic children’s pulmonary function index (FEV1, FVC), while ball and HIIT exercise had little effect on FEV1 FVC in asthmatic children. HIIT and ball games did not significantly improve FEV1. This is inconsistent with the findings of Ertürk et al. (2021), which showed that long-term application of HIIT in patients with asthma can achieve better results in lung function and VO2max. This is probably due to the exclusion of two training structures, SIT and RST, into the HIIT study. A recent study showed that the effects of interval sprint training on airway responsiveness are similar to those of aerobic exercise (Good et al., 2019). HIIT training structure based on intermittent sprint training may be more effective in FEV1 of asthmatic children. Ball exercise did not improve FEV1 significantly, possibly due to the short period of exercise included in the study (all less than 8 weeks) and the undetermined intensity of the exercise. Studies have shown that the average heart rate of children participating in ball exercise is higher than aerobic exercise. Ball exercise intervention significantly improves children’s performance in intermittent exercise and reduces cardiovascular stress during submaximal exercise (Bendiksen et al., 2014). This suggests that the HIIT structure should be given more weight in intermittent sprint training, and the intensity of exercise should be paid more attention to in the future. For the analysis of intervention time, we chose the intervention time of 8 weeks as the node, divided into more than 8 weeks, less than or equal to 8 weeks. By comparing the intervention time, we found that more than 8 weeks of intervention time significantly improved pulmonary function index (FEV1, FVC) in children with asthma. The American Thoracic Society/European Respiratory Association recommends 2-3 exercises per week of 30 min each for at least 8 weeks (Rochester et al., 2015). We suggest that children with asthma choose aerobic exercise and swimming as exercise mode, each 30–40 min, and stick to 8 weeks.
4.2 Effects on the immune system
Asthma is characterized by the limitation of variable airflow secondary to airway narrowing, airway wall thickening, and mucus accumulation. Airway narrowing is the result of chronic airway inflammation secondary to plasma extravasation and influx of inflammatory cells (such as eosinophil granulocyte, neutrophil, lymphocyte, macrophages and mast cells), and airway hyperresponsiveness (AHR) is an important physiological feature of asthma (Boonpiyathad et al., 2019). AHR may act directly with TNF-α on airway smooth muscle, or release cysteinyl leukotriene C4, D4 indirectly.
TNF-α is produced mainly by macrophages and mast cells and promotes neutrophil (Brightling et al., 2008). IL-6 is secreted by non-white blood cells. Compared with allergic asthma, IL-6 levels are also influenced by viral infection, obesity and increased intrinsic asthma (Simpson et al., 2013; Berry et al., 2006). There was a negative correlation between the level of IL-6 in saliva and the predicted percentage of FEV1. The increase of serum IL-6 in obese asthma patients was related to the impairment of lung function (Raundhal et al., 2015; Lee et al., 2011). The expression of IL-6 and TNF-α in asthmatic patients is closely related to the severity of asthma symptoms. IL-6 and TNF-α are involved in the inflammatory reaction of asthma (Luyu, 2013). We found that exercise intervention can effectively reduce IL-6 and TNF-α levels in children with asthma. This may be due to reduced proinflammatory cytokine release and increased release of anti-inflammatory cytokines (IL-10) (Brüggemann et al., 2015). Fractional Exhaled Nitric Oxide is closely related to airway hyperresponsiveness and airway inflammation, suggesting that airway inflammatory state is an indicator of asthma inflammation (Ricciardolo et al., 2015). We found that the effects of exercise intervention on FeNo were not significant, as is consistent with Toennesen et al. (2018)’s results. This may be due to a certain overlap of FeNO levels between asthmatic and non-asthmatic children, which does not effectively distinguish the different types of allergic disease population. The effects of exercise on improving FeNo in children with asthma need further confirmation.
4.3 Effects on motor ability and body composition and quality of life
Eating Habits and physical activity have a significant impact on the quality of life of children and adolescents. Poor eating habits and low level of physical activity can lead to childhood obesity and affect the quality of life of children (Martins et al., 2021). The global prevalence of obesity has increased over the past 30 years, resulting in an increase in the incidence and clinical manifestations of many respiratory diseases. In the United States, about 19 per cent of children aged 6–11 are obese, and the proportion of severely obese children was 5.2% (Hales et al., 2018). Asthma is one of the most typical diseases associated with obesity, and among obese children, asthma is also exacerbated and poorly controlled, the quality of life is also reduced, and physical activity is severely inadequate or below the minimum physical activity level (Okubo et al., 2016; Holderness et al., 2017; Kupkina et al., 2020). Studies have shown that children with asthma have higher BMI and higher rates of obesity than other children (Glazebrook et al., 2006). Having a high BMI can also reduce the quality of life in children with asthma (Kupkina et al., 2020). Our meta-analysis shows that exercise interventions can be effective in reducing BMI in children with asthma. We have also carried on the subgroup analysis to the movement pattern and the movement cycle. We found that aerobic exercise was more effective than HIIT, and the possible reason may be that HIIT exercise requires higher cardiopulmonary capacity of asthmatic children, and the intensity of HIIT exercise is higher, which leads to poor effect of HIIT exercise intervention in asthmatic children. We also found that exercise cycles of less than 8 weeks were significantly more effective. The reason for this result was that the subjects in Kader (2013) had a higher BMI. When excluded this article, more than 8 weeks’ exercise cycle were found to be effective in improving BMI in children with asthma. Indeed, the heterogeneity between the studies impacts the interpretation of the associations with >8 weeks cycles, which also reminds us to be more cautious in the subsequent studies. At the same time, we found that the quality of life and exercise ability of asthmatic children improved significantly after exercise intervention, and the total score (emotional, symptom, activities) of all four parts of the questionnaire improved significantly, and the walking distance of 6 WMT increased significantly. These results suggest that exercise interventions can reduce BMI, improve quality of life, and improve exercise performance in asthmatic children, and these three trends occur at the same time. This is due to the increase of physical activity in asthmatic children, the decrease of BMI in asthmatic children caused by the increase of energy expenditure, and increased participation brought about by regular physical activity. Subjects’ quality of life scores may also be partially biased, because although we think it is a relatively objective evaluation method, it is also derived from subjects’ subjective evaluation, and studies with large sample size can reduce the bias.
The decrease of BMI and the increase of exercise ability have a good effect on the quality of life of children with asthma (Holderness et al., 2017). A high BMI affects immune cells in adipose tissue, leading to an increase in macrophages, mainly pro-inflammatory phenotypes, and an increase in other pro-inflammatory factors (such as TNF-α and Il-6) in obesity (Bulló et al., 2003). Adipose tissue is an important source of mast cell progenitor cells, and mast cells are the key mediators of allergy (Poglio et al., 2010). These factors may lead to asthma symptoms in children with asthma. Regular exercise over a long period of time can effectively reduce the BMI of asthmatic children and promote the release of anti-inflammatory factors (such as IL-4 and IL-5), thereby reducing the symptoms of asthma (Bantulà et al., 2021). Quality of life is a multidimensional concept that includes physical, psychological, emotional and social wellbeing. The positive effects of sports on children are not only reflected in physiology, but also demonstrated by the improved quality of life in children with asthma. Studies show that the higher the physical activity level of asthmatic children, the better their quality of life (Basso et al., 2013). A number of factors limit the participation of asthmatic children in physical activities: their own limited understanding of the symptoms, parents’ concerns about the risks of physical activity, and family values of physical activity. These factors reduce children’s levels of physical activity and athletic ability (Williams et al., 2008). Studies have shown that exercise does not worsen symptoms in children with asthma, but improves the quality of life in children with asthma (Furtado et al., 2019). All the studies included in this meta-analysis showed a significant improvement in the 6 WMT distance of asthmatic children after exercise intervention, indicating that exercise intervention improved the exercise ability of asthmatic children. Recently, a meta-analysis found that cardiorespiratory fitness (CRF) and muscular fitness (MF) were positively correlated with the quality of life in asthmatic children, and higher CRE and MF could improve the relationship between asthmatic children and their peers and families (Bermejo-Cantarero et al., 2021). Therefore, reasonable and effective exercise can significantly improve the body composition, exercise capacity and quality of life of children with asthma, which can be used as a reference for clinical exercise rehabilitation.
4.4 Limitations
This study has certain limitations. First of all, the literature included in the experimental methods was not blindly included, because the way of exercise intervention is difficult to implement double-blind method. Second, the inclusion of the study used different ways of exercise intervention and different cycle, and the difference of exercise time may be the source of clinical difference. Finally, although some indexes were based on random effect model, there were still some heterogeneities between some studies.
5 CONCLUSION
Exercise intervention can effectively improve the pulmonary function index (FEV1 and FVC) and the immune system (IL-6 and TNF-α) of asthmatic children, improve the quality of life and exercise ability of asthmatic children and effectively reduce the BMI of asthmatic children. We found that swimming and aerobic exercise were more effective in helping children with asthma than other types of exercise, with a duration of at least 8 weeks, 2 to 3 times per week, and 40–60 min of exercise each time.
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Airway organoids derived from adult murine epithelial cells represent a complex 3D in vitro system mimicking the airway epithelial tissue’s native cell composition and physiological properties. In combination with a precise damage induction via femtosecond laser-based nanosurgery, this model might allow for the examination of intra- and intercellular dynamics in the course of repair processes with a high spatio-temporal resolution, which can hardly be reached using in vivo approaches. For characterization of the organoids’ response to single or multiple-cell ablation, we first analyzed overall organoid survival and found that airway organoids were capable of efficiently repairing damage induced by femtosecond laser-based ablation of a single to ten cells within 24 h. An EdU staining assay further revealed a steady proliferative potential of airway organoid cells. Especially in the case of ablation of five cells, proliferation was enhanced within the first 4 h upon damage induction, whereas ablation of ten cells was followed by a slight decrease in proliferation within this time frame. Analyzing individual trajectories of single cells within airway organoids, we found an increased migratory behavior in cells within close proximity to the ablation site following the ablation of ten, but not five cells. Bulk RNA sequencing and subsequent enrichment analysis revealed the differential expression of sets of genes involved in the regulation of epithelial repair, distinct signaling pathway activities such as Notch signaling, as well as cell migration after laser-based ablation. Together, our findings demonstrate that organoid repair upon ablation of ten cells involves key processes by which native airway epithelial wound healing is regulated. This marks the herein presented in vitro damage model suitable to study repair processes following localized airway injury, thereby posing a novel approach to gain insights into the mechanisms driving epithelial repair on a single-cell level.
Keywords: airway organoids, acute lung damage, epithelial repair, laser-based nanosurgery, femtosecond laser
1 INTRODUCTION
Due to its physiological function, the lung is constantly exposed to external, airborne hazards such as pollutants or viruses. While this can lead to acute irritation of the lung epithelial tissue, long-term or high-dosage exposures might induce chronic inflammatory conditions (Vernooy et al., 2002; Guo et al., 2018). These pathologies are often accompanied by high rates of tissue damage, which, at a certain point, cannot be repaired by endogenous regeneration mechanisms anymore, making pulmonary diseases one of the world’s leading causes of death (Hogan et al., 2014; Barkauskas et al., 2017). While, under homeostatic conditions, the airway epithelium represents a rather quiescent tissue, it unleashes a remarkable regenerative potential with high lineage plasticity upon injury (Rao Tata and Rajagopal, 2017; Wu et al., 2022). In this context, several studies have identified Trp63+, Krt5+ basal cells as the airway epithelium’s resident stem cells serving for self-renewal and as progenitors during repair (Rock et al., 2010; Wu et al., 2022). The balance between basal cell maintenance or differentiation is regulated by the dynamic activity of different signaling pathways. Especially Notch signaling controls the fate of basal as well as their derivative luminal secretory cells during homeostasis and following injury (Tsao et al., 2009; Rock et al., 2011; Xing et al., 2012; Mori et al., 2015; Pardo-Saganta et al., 2015). While luminal Krt8+, Scgb1a1+ secretory cells can give rise to multiciliated cells under low Notch activity, the maintenance of their secretory cell state is regulated by juxtacrine Notch signals derived from basal cells (Pardo-Saganta et al., 2015). Besides their capability to further differentiate, secretory cells were shown to be able to fully restore an ablated basal cell population by dedifferentiation, thereby acting as a backup progenitor cell population (Rawlins et al., 2009; Tata et al., 2013; Wu et al., 2022). Still, on the cellular level, it has yet to be solved which events are necessary for effective repair or, vice versa, finally lead to the aforementioned pathologies (Barkauskas et al., 2017).
To gain a better understanding of how early endogenous regeneration and repair processes occur and how these could be controlled or regulated to ultimately enable the development of cell-based therapeutics, it is essential to study the fate of single cells upon injury. In this context, the advancement of appropriate model systems is indispensable. Organotypic models, such as stem cell-derived, self-assembled organoids, mimic the native tissue’s complex three-dimensional structure and cell heterogeneity as well as interaction, thereby resembling its biological properties to a high extent (Clevers, 2016; Barkauskas et al., 2017). For in vitro regeneration studies of airway epithelial tissue, several injury models have been developed, which, in a majority of cases, are based on the application of either naphthalene, sulfur dioxide, or on ionizing radiation (Borthwick et al., 2001; Hsu et al., 2014). These methods induce broad and rather unspecific damage. To study localized acute injury and reaction, the spatially selective ablation of only a limited number of cells is desirable. This would allow the identification of events specifically triggered in cells close to the injury site, potentially serving as essential factors for repair. One possible approach for such a targeted and precise damage induction in cellular systems is the employment of femtosecond laser nanosurgery (König et al., 1999; Heisterkamp et al., 2005; Vogel et al., 2005; Müller et al., 2021). Based on non-linear optical effects within biological material, this method generates a low-density plasma of free electrons which causes the bonds between molecules to break (Vogel et al., 2005). Femtosecond laser nanosurgery outperforms other manipulation techniques due to its very high spatial selectivity. As there is negligible heating and confinement of all effects to the focal volume, precise 3D application is possible without adverse effects to surrounding cells (Cheng et al., 2021; Liang and Vogel, 2022). In the context of organoids, femtosecond laser nanosurgery has previously been applied to selectively ablate single cells and study the neighboring cells’ reparative response in colonoids (Donath et al., 2022).
Here, we apply targeted femtosecond laser-based nanosurgery in combination with state-of-the-art imaging technologies such as multiphoton or confocal microscopy to better understand epithelial repair in airway organoids (see Figure 1). The precise ablation of a single or up to ten cells enabled the investigation of the individual cells’ damage response dependent on their distance to the injured site in terms of their migratory and proliferative behavior. Moreover, we conducted RNA sequencing to support our findings on a molecular level and to identify further factors and processes functionally involved in epithelial repair after localized injury in airway organoid.
[image: Figure 1]FIGURE 1 | Airway organoids, mimicking the structure of proximal airway epithelial tissue mainly composed of basal as well as luminal secretory, ciliated, and goblet cells, were subjected to femtosecond laser-based nanosurgery for targeted ablation of a single or up to ten cells. Subsequently, multiphoton or confocal microscopy was employed to study the organoid’s response to the damage in terms of structural integrity, proliferation, migration and changes in gene expression to identify processes driving the epithelial repair.
2 MATERIALS AND METHODS
2.1 Isolation and preparation of airway organoids
The protocol for the isolation of airway epithelial cells was based on the work of Rabata et al. (2017). The experiments complied with the German Animal Protection Act (§4, TierSchG) and were approved by the local institutional advisory committee for animal care and research and by the Lower Saxony State Office for Consumer Protection and Food Safety (file number 42500/1H).
C57BL/6J wildtype mice (both sexes, 10–14 weeks) were sacrificed by CO2 inhalation and subsequent cervical dislocation. The lungs were collected and kept in 1× Dulbecco’s phosphate-buffered saline (DPBS, Sigma-Aldrich, MO, United States). Under sterile conditions, the tissue was cut into small pieces which were then transferred into freshly prepared and prewarmed (37°C) digestion solution (DMEM, high glucose (Sigma-Aldrich, MO, United States) supplemented with 3 mg/mL collagenase A (Sigma-Aldrich, MO, United States), 2 mg/mL trypsin (Sigma-Aldrich, MO, United States), 5% fetal calf serum (Pan Biotech, Germany), 5 μg/mL insulin (Sigma-Aldrich, MO, United States), 1× Cellshield (Biochrom, Germany)). After incubation of 1 h at 37°C under constant agitation, the cell suspension was centrifuged for 5 min at 450 × g and 4°C, followed by two subsequent erylysis steps for 2 min and 30 s, respectively, using Red Blood Cell Lysis Buffer (155 mM NH4Cl, 12 mM NaHCO3, 0.1 mM EDTA in ddH2O, pH 7.4). DNA digestion was conducted in DMEM supplemented with 20 U/mL DNase I (Sigma-Aldrich, MO, United States) for 3 min at room temperature (RT). To decrease the number of stromal cells, the cell suspension was subjected to differential centrifugation three times for 10 s each, at 450 × g and 4°C. The organoid-forming epithelial cells, concentrated in the cell pellet, were further dissociated into a single-cell solution by incubation in 1× TrypLE Select (Thermo Fisher Scientific, MA, United States) for 10 min at RT and passed through a 40 μm cell strainer (VWR, PA, United States). The cells were resuspended in Cultrex Reduced Growth Factor Basement Membrane Extract (BME), Type R1 (R&D Systems, MN, United States) at a concentration of 2.5 × 106 cells/mL and plated in domes of 30 µL/well in a 24-well plate (Costar® Cell Culture Plate, Corning Incorporate™, NY, United States of America) preheated to 37°C. After a subsequent incubation of the plated cells for 30 min at 37°C, 5% CO2 for gelation of the Cultrex, organoid growth medium (DMEM, high glucose, GlutaMAX™, pyruvate (Thermo Fisher Scientific, MA, United States of America) with 50% L-WRN-supernatant (ATCC® CRL3276™ in DMEM, high glucose, GlutaMAX™, pyruvate plus 10% fetal calf serum), 1× N2 (Invitrogen, CA, United States of America), 1× B27 (Invitrogen, CA, United States), 50 ng/μL recombinant mouse epidermal growth factor (Sigma-Aldrich, MO, United States), 10 μM Y-27632 (Tocris, Bristol, United Kingdom), 1× Cellshield (Biochrom, Berlin, Germany)) was added and the cells were kept at 37°C, 5% CO2 and a humidified atmosphere. During the first few passages (2–3 weeks), remaining non-epithelial cells that were initially seeded together with epithelial organoid-forming cells gradually underwent cell death, as previously described by Chiu et al. for a similar culture model (Chiu et al., 2022). While organoid culture was accompanied by an adherent stromal cell monolayer, solely airway epithelial organoids grew within Cultrex embedding. These airway organoids were characterized by a basal cell layer positive for Trp63 and cytokeratin 5 (CK5), and a luminal CK8-positive differentiated cell layer including ciliated cells (acetylated alpha-tubulin-positive) (Supplementary Figure S1, Supplementary Video S1, Supplementary Files S1–S3).
2.2 Airway organoid culture and transduction
Airway organoids were cultured in growth medium at 37°C, 5% CO2, and a humidified atmosphere as described above. Medium was changed every 2–3 days and organoids were passaged every 10–14 days. Genetic modification of organoid cells, allowing the expression of a fluorescent protein, was achieved via lentiviral transduction. Lentiviral particles were produced via third-generation split packaging protocol in HEK293T cells (DSMZ, Germany) as previously described (Schambach et al., 2006). The transfer plasmid contained the sequence for expression of a histone 2A-mCherry fusion protein under control of a Trp63 promoter, which was amplified from human genomic DNA as previously described (Lanza et al., 2006). Lentiviral transduction was performed based on a protocol previously described for employment in intestinal organoids by van Lidth de Jeude and colleagues (Van Lidth De Jeude et al., 2015).
2.3 Laser setup, imaging, and manipulation
For laser-based nanosurgery applications, including multiphoton imaging as well as manipulation, a Chameleon Ultra II laser system with a pulse length of 140 fs and a repetition rate of 80 MHz, previously described (Müller et al., 2019), was employed. Organoids labeled by histone 2A (H2A)-mCherry fusion protein were visualized at an excitation wavelength of 730 nm and emission was detected by a photomultiplier tube (Hamamatsu Photonics, Japan) using an emission filter at 607 ± 18 nm. Cell ablation was conducted with a wavelength of 730 nm, a pulse energy of 0.9 nJ, and a dissection speed of 15 μm/s.
2.4 Analysis of organoid morphology, cell proliferation, and migration
2.4.1 Analysis of organoid morphology and cell migration
For analysis of organoid morphology and cell migration, organoids were transferred to a glass-bottom dish (µ-Dish 35 mm, high Grid-500 Glass, Ibidi, Germany). Therefore, Cultrex was dissolved and airway organoids were selectively pulled out of the suspension under a transmitted light microscope using a 20 µL pipette, followed by embedding into fresh Cultrex and covering with growth medium. The following day, the medium was changed to FluoroBrite™ DMEM (Thermo Fisher Scientific, MA, United States), and laser nanosurgery was conducted yielding ablation of either none (control), a single, two, five, or ten cells per organoid. Following cell ablation, two-photon microscopy images (z-stacks in the range of ±10 µm from the ablation plane with a step-size of 2 µm) were captured every 30 min over 4–6 h, and again at 24 h post-ablation. Organoids were kept under culture conditions (37°C, 5% CO2) throughout the experimental procedure.
For analysis of the impact of cell ablation on organoid morphology, organoid growth was quantitively determined using a custom Fiji macro calculating the mean organoid diameter. For this, the organoid’s minor and major axes on each of ten images captured per time point (ten z-slices in distances of 2 μm) were measured and subsequently averaged for each time point to obtain the diameter.
As airway organoids are characterized by a nearly centrosymmetric structure, we decided to quantify data using a 2D representation. Thus, for analysis of cell migration within organoids, maximum intensity projections of the captured z-stacks (±6 µm from ablation plane with a step-size of 2 µm) were generated for every point in time via Fiji. Using Fiji TrackMate plugin in combination with Stardist detector (Schmidt et al., 2018; Ershov et al., 2022), all cells were detected via their fluorescently labeled nuclei and subsequent employment of LAP Tracker identified the individual cells’ trajectories. To obtain data on every single cell’s migratory behavior in dependence on their distance from the ablation site, track data was further processed by a custom Matlab script.
2.4.2 Analysis of cell proliferation
For analysis of cell proliferation within airway organoids, an EdU assay was performed as described previously by Donath et al. (2022). Briefly, organoids were transferred to a glass-bottom dish (µ-Dish 35 mm, high Grid-500 Glass, Ibidi, Germany) as described in Section 2.4.1. The following day, medium was changed to FluoroBrite™ DMEM (Thermo Fisher Scientific, MA, United States) supplemented with 10 µM 5-Ethynyl-2-deoxyuridine (5-EdU, Jena Bioscience, Germany) and organoids were incubated at 37°C, 5% CO2 for 2 h. Subsequent laser nanosurgery was conducted for ablation of either none (control), five or ten cells per organoid. At 4 h post cell ablation, organoids were fixed by incubation with 4% Roti®-Histofix (Carl Roth, Germany) supplemented with 1% glutaraldehyde (Carl Roth, Germany) for 20 min at RT. Cell permeabilization was conducted by incubation in 0.5% Triton X-100 (Carl Roth, Germany) in DPBS (Sigma-Aldrich, MO, United States) for 20 min at RT. A subsequent click-chemistry-mediated staining reaction was achieved by incubation of organoids in the reaction mix (1 mM Cu2SO4 (Jena Bioscience, Germany), 10 mM sodium ascorbate (Jena Bioscience, Germany), 8 µM 5-FAM Azide (Biomol, Germany) diluted in DPBS (Sigma-Aldrich, MO, United States)) for 1 h at 37°C in the dark, leading to fluorescent visualization of EdU that was incorporated into the DNA. Nuclear counterstaining was conducted using NucSpot® 650 (final 1×, Biotium Inc., United States). Multi-channel z-stacks in the range of ±8 µm from the ablation plane with a step-size of 2 µm were captured by confocal laser scanning microscopy (Leica TCS SP5). As described in Section 2.4.1, for analysis, 2D representations of image data was used. Therefore, image data were processed using Fiji to generate a z-projection (sum slices), which was then used for nuclei detection of both EdU-positive as well as all cells via Fiji Stardist (Schmidt et al., 2018). The relative proliferation rate, defined as the ratio of EdU-positive to all cells, was determined and, using a custom Matlab script, was put into relation to the cells’ distances from the ablation site.
2.5 Transcriptome analysis via bulk RNA sequencing
For transcriptome analysis, 45 organoids were transferred to a glass-bottom dish (µ-Dish 35 mm, high Grid-500 Glass, Ibidi, Germany). The following day, medium was replaced by FluoroBrite™ DMEM (Gibco, United States), and laser-based ablation of ten neighboring cells within each organoid was conducted. Another dish with 45 organoids prepared analogously and kept under the same experimental conditions remained untreated as control. The organoids were incubated at 37°C, 5% CO2 and a humidified atmosphere for 4.5 h after cell ablation, followed by organoid harvesting using Cultrex® 3D Culture Cell Harvesting Kit (Trevigen, MD, United States) according to the manufacturer’s protocol. After final centrifugation for 5 min at 850 × g and 4°C, organoids were resuspended in 1× DNA/RNA Shield™ (Zymo Research, CA, United States) and stored at −80 °C until all samples were collected. RNA isolation was conducted using Quick-RNA™ Microprep Kit (R1050, Zymo Research, CA, United States) following the manufacturer’s instructions. Subsequent library generation, RNA sequencing run, raw data processing, and differential expression analysis were performed by the Genomic core facility of Hannover Medical School.
2.5.1 Library generation, quality control, and quantification
150 ng of total RNA per sample were utilized as input for mRNA enrichment procedure with ‘NEBNext® Poly(A) mRNA Magnetic Isolation Module’ (E7490L; New England Biolabs) followed by stranded cDNA library generation using “NEBNext® Ultra II Directional RNA Library Prep Kit for Illumina” (E7760L; New England Biolabs). All steps were performed as recommended in the user manual E7760 (Version 1.0_02-2017; NEB) except that all reactions were downscaled to 2/3 of initial volumes.
cDNA libraries were barcoded by dual indexing approach, using “NEBNext Multiplex Oligos for Illumina–96 Unique Dual Index Primer Pairs” (6440S; New England Biolabs). All generated cDNA libraries were amplified with 10 cycles of final PCR.
One additional purification step was introduced at the end of the standard procedure, using 1.2x “Agencourt® AMPure® XP Beads” (#A63881; Beckman Coulter, Inc.). Fragment length distribution of individual libraries was monitored using “Bioanalyzer High Sensitivity DNA Assay” (5,067-4626; Agilent Technologies). Quantification of libraries was performed by use of the “Qubit® dsDNA HS Assay Kit” (Q32854; ThermoFisher Scientific).
2.5.2 Library denaturation and sequencing run
Equal molar amounts of individually barcoded libraries were pooled for a common sequencing run in which each analyzed library constituted 16.7% of overall flowcell/run capacity. The library pool was denatured with NaOH and was finally diluted to 1.8 p.m. according to the Denature and Dilute Libraries Guide (Document # 15048776 v02; Illumina). 1.3 mL of the denatured pool was loaded on an Illumina NextSeq 550 sequencer using a Mid Output Flowcell (130 M cluster) for 2 × 75 bp paired-end reads (20024904; Illumina). Sequencing was performed with the following settings: Sequence reads 1 and 2 with 76 bases each; Index reads 1 and 2 with 8 bases each.
2.5.3 BCL to FASTQ conversion
BCL files were converted to FASTQ files using bcl2fastq Conversion Software version v2.20.0.422 (Illumina).
2.5.4 Raw data processing and quality control
Raw data processing was conducted by use of nfcore/rnaseq (version 1.4.2) which is a bioinformatics best-practice analysis pipeline used for RNA sequencing data at the National Genomics Infrastructure at SciLifeLab Stockholm, Sweden. The pipeline uses Nextflow, a bioinformatics workflow tool. It pre-processes raw data from FastQ inputs, aligns the reads and performs extensive quality-control on the results. The genome reference and annotation data were taken from GENCODE.org (Mus musculus; GRCm38. p6).
2.5.5 Normalization and differential expression analysis
Normalization and differential expression analysis was performed on the internal Galaxy (version 20.05) instance of the RCU Genomics, Hannover Medical School, Germany with DESeq2 (Galaxy Tool Version 2.11.40.6) with default settings except for “Output normalized counts table”, which was set to “Yes” and all additional filters were disabled (“Turn off outliers replacement”, “Turn off outliers filtering”, and “Turn off independent filtering” set “Yes”). The different conditions were selected as primary factor whereas the batch was used as secondary factor in DESeq2 analyses (two factor design).
2.5.6 Gene ontology enrichment analysis
Gene ontology enrichment analysis was performed on the basis of all DEGs (p-adj <0.05) using Cytoscape software (version 3.9.1) (Shannon et al., 2003) and StringApp (Doncheva et al., 2019).
2.6 Image analysis and statistics
All image data analysis was performed via Fiji (Schindelin et al., 2012), including Stardist (Schmidt et al., 2018) and TrackMate (Ershov et al., 2022) plugins. Further data analysis, including graphical representation, was conducted using Matlab software (version 2022a) and OriginPro 2021b (version 9.8.5.201, OriginLab Corporation, Northampton, MA, United States).
Statistical analysis was performed using Microsoft Excel (Microsoft Corporation, Redmond, WA, United States). Student’s unpaired t-test and One-Way ANOVA were used to test for significant differences between groups, thereby applying a significance level of α = 0.05.
3 RESULTS
3.1 Local cell death has no consequences for organoid survival and long-term morphology
As described by Donath et al., native colonic epithelial repair processes can be observed in colonoids on a cellular level upon femtosecond laser-based ablation of as little as a single cell (Donath et al., 2022). Based on this, we aimed to generate an airway organoid damage model allowing for the examination of endogenous repair mechanisms on a single-cell level, triggered by highly localized injury induction via ablation of few cells.
Initially, to study how local cell death affects the overall viability and morphology of airway organoids, femtosecond laser-mediated damage was induced on a single-cell level, and organoids were tracked using multiphoton microscopy over a subsequent period of 24 h. Untreated organoids kept under the same experimental conditions served as control.
Upon ablation of either a single or multiple (two, five, or ten) neighboring cells, the overall organoid viability within 24 h post cell ablation, determined by microscopic examination of the organoid’s structural integrity, was closely 100% and did not differ from the survival rate observed in control organoids (Figure 2). For either condition, cell ablation immediately led to a strong autofluorescence signal within the damage site. Subsequently, a shedding of the dead cell/s into the organoid’s lumen and an invagination of cells surrounding the damaged area was observed within 1 h. While the injured area showed at least a partial repair at 4 h post laser-based ablation, especially in the case of ablation of five or ten cells, the damage site was still clearly visible at this point in time (Figure 2A). Independent of the extent of damage, the observed gap within the cell layer was closed within 24 h after laser treatment, the structural integrity was restored. Representative timelines of organoids subjected to ablation of either a single or ten cells, captured in the period from pre until 24 h post ablation via multiphoton microscopy, are shown in Figure 2A. Color-labeled image overlays of the organoid pre laser treatment (red) and either of the subsequent captures (cyan) served for better visualization of the damage site and potential morphological changes in the course of repair (Figure 2B).
[image: Figure 2]FIGURE 2 | Influence of single or multiple cell ablation on morphology, structural integrity, and growth behavior of airway organoids. The organoids’ structural integrity was restored within 24 h post cell ablation independent of the extent of damage. Organoids subjected to the ablation of five cells showed an increased growth potential in the early phase after damage induction, while ablation of ten cells tended to decelerate organoid growth within this time. (A): Representative timelines showing organoids pre, as well as 0, 1, 4, and 24 h post ablation of either a single (top row) or ten neighboring (bottom row) cells. Red arrows indicate ablation site. Scale bar: 50 µm. (B): Color-labeled overlays of organoid images captured pre (red) and post (cyan) laser manipulation. Immediately following cell ablation (top), red- and cyan-colored cells indicate the damage area, in which the cyan-colored signal originates from strong autofluorescence of ablated cells. At 24 h post laser ablation (bottom), the organoid had grown, indicated by non-overlapping red and cyan color-labeled cells. Scale bar: 50 µm. (C): Relative diameter of control organoids as well as of organoids subjected to ablation of either a single, two, five, or ten cells at 1, 2, 4, and 24 h post laser manipulation. Data shown represent mean ± SEM, n ≥ 6 per condition, *: p < 0.05, statistics refer to control if not stated otherwise.
For examination of the impact of cell ablation on organoid morphology, organoid growth was quantitively analyzed using a custom Fiji macro that determined the mean organoid diameter. For this, the organoid’s minor and major axes on each of the ten images captured per time point (ten z-slices in distances of 2 µm) were measured and subsequently averaged for each time point to obtain the diameter. For these experiments, organoids with an initial diameter of 148 ± 4 µm were used, and growth to a mean diameter of 157 ± 5 µm was observed within 24 h. For further analysis and better comparison between the groups, all raw data were normalized to the respective organoid’s initial size pre ablation.
The changes over time of the normalized organoid’s mean diameters of each group are depicted in Figure 2C. It was found that, within 24 h, the organoids’ diameters of the different conditions increased by 5.7% ± 1.3%, 6.5% ± 1.0%, 8.8% ± 1.5%, 5.6% ± 1.7% and 5.8% ± 1.4% in case of control, ablation of a single, two, five, and ten cells, respectively, with no statistically significant differences between any two conditions. In the early period of repair, especially ablation of five cells slightly promoted the organoids’ growth potential compared to the control. In this context, control organoid diameter increases to 101.2% ± 0.2%, subsequently to 101.7% ± 0.3%, and further to 102.5% ± 0.5% after one, two, and 4 h were measured. In comparison, organoids subjected to ablation of five cells had grown to 102.0% ± 0.5% (p = 0.09), 103.4% ± 0.7% (p = 0.03), and 104.4% ± 1.0% (p = 0.19) of their original diameter at the same time points. On the contrary, ablation of ten cells seemed to arrest organoid growth within the first 4 h post laser treatment. In this case, only minor increases in organoid diameter to 100.4% ± 0.3% (p = 0.08) and subsequently to 101.1% ± 0.3% and to 101.8% ± 0.3% after one, two, and 4 h after ablation were determined. These changes in size were less than those observed for the control group (p > 0.05) as well as for organoids subjected to two- or five-cell-ablation (p < 0.05).
In conclusion, laser-based ablation of up to ten cells did not affect the overall viability or mid-term (24 h) growth potential of airway organoids, while enhanced or decelerated organoid size increases were observed in the early repair period in case of ablation of five or ten cells, respectively.
3.2 Cell death leads to increased proliferation in airway organoids dependent on the extent of damage
Next, we aimed for a more detailed investigation of cell proliferation—a major contributing factor of organoid growth and epithelial restitution (Crosby and Waters, 2010)—within organoids following laser-based nanosurgery. For this, an EdU assay was performed to fluorescently label cells that underwent cell cycle S-phase within 4 h post cell ablation (Kotogány et al., 2010). As previous morphological analyses revealed that ablation of five or ten cells led to the most pronounced alterations in organoid growth behavior within 4 h post laser treatment, these conditions were chosen to examine the proliferation of individual cells within airway organoids. Organoids kept under the same experimental conditions without being subjected to laser nanosurgery served as control.
Qualitatively, confocal microscopy images of fixed organoids stained for EdU incorporation with nuclear counterstain show the extent of proliferative cells within each organoid, representatively illustrated in Figure 3A. For quantitative analysis of the relative proliferation rate within each organoid, Fiji Stardist plugin (Schmidt et al., 2018) was employed to recognize all as well as EdU positive cells only (Figure 3B) in images acquired via confocal microscopy. A subsequent application of a custom MatLab script fitted all organoid cells to a circle, in which the distance from the ablation site of each cell was determined (Figure 3C). Further, the script supplied data on the relative proliferation rate in dependence on the distance from the ablation site for each condition. As presented in Figure 3D, it was found that the overall proliferation rate in organoids subjected to ablation of five cells amounts to 18.4% ± 0.8% at 4 h post laser treatment, which represents a significant increase in comparison to untreated organoids (13.3% ± 2.1%, p = 0.04). It can further be observed that, in the case of ablation of five cells, an enhanced number of proliferative cells is located either in close proximity to or in an intermediate distance to the ablation site. In this context, proliferation rates of 19.7% ± 2.4% and 26.9% ± 3.5% were measured at distances from the ablation site of 30–60 μm and 120–150 μm, respectively. However, compared to the control, no significant alterations of the proliferation rate were detected for organoids subjected to ten-cell-ablation in either case of overall or location-dependent analysis. Against expectations gained from previous morphological analyses, the location-independent proliferation rate of organoids in which ten cells were ablated amounted to 17.1% ± 2.2%, which was slightly higher than the one determined for control organoids (p = 0.18). Also, similar to the observations made for organoids subjected to ablation of five cells, tendencies for enhanced proliferation rates in direct proximity to the ablation site (19.2% ± 4.1% at distances of 0–30 μm, p = 0.13) as well as further away (26.9% ± 4.9% at distances of 180–210 μm, p = 0.05) were detected in organoids after ablation of ten cells.
[image: Figure 3]FIGURE 3 | Influence of multiple cell ablation on proliferation within airway organoids. Ablation of five cells induced an enhanced proliferative behavior within 4 h post laser nanosurgery in cells within close proximity as well as at an intermediate distance to the ablation site. (A): Representative confocal microscopy images showing an organoid 4 h post ablation of ten cells, stained for EdU incorporation (green) and all nuclei (red). Scale bar: 50 µm. (B): Images obtained from Fiji analysis workflow showing detection of all cells via Stardist (left) and subsequent determination of EdU-positive (green circling) vs. all cells (red circling) (right). (C): Images obtained from Matlab analysis workflow showing the distance from ablation site (left) and the mean EdU staining intensity (right) of each cell. Cross indicates center of ablation site. (D): Relative location-independent (left) and location-dependent (right) proliferation rate of control organoids as well as of organoids subjected to ablation of either five or ten cells at 4 h post laser manipulation. Data shown represents mean ± SEM, n ≥ 8 per condition, *: p < 0.05, statistic refers to control if not stated otherwise.
In conclusion, it was found that especially ablation of five cells induced an enhanced proliferation rate within airway organoids in the early phase of damage repair. In this context, the observed broad induction of cell proliferation is attributable to locally significantly increased proliferation events in cells in close proximity to as well as in an intermediate distance from the ablation site.
3.3 Large-area damage results in increased localized migration
As epithelial restitution generally depends on both cell proliferation as well as migration (Zahm et al., 1997), we next aimed to examine the migratory behavior of organoid cells within 24 h post laser treatment. For this, images of organoids subjected to ablation of either no (control), five or ten cells acquired via multiphoton microscopy were analyzed using Fiji Stardist (Schmidt et al., 2018) and Trackmate (Ershov et al., 2022) plugins. The achieved track results, illustrated as the maximum distance traveled in Figure 4A, were employed in a custom Matlab script. Analogous to the handling of EdU data, the script fitted all organoid cells to a circle, in which the distance from the ablation site of each cell was determined and data of the migrated distance of each cell in dependence on the distance from the ablation site was supplied.
[image: Figure 4]FIGURE 4 | Influence of multiple cell ablation on single cell migration distance within airway organoids. Alterations in migratory behavior of cells in close proximity to or at an intermediate distance from the ablation site were detected in organoids subjected to ablation of ten cells. (A): Representative timeline showing an organoid 0, 1, 4, and 24 h post ablation of ten cells with visualization of each cell’s total distance travelled as detected by TrackMate. Scale bar: 50 µm. (B): Relative location-independent (left) and location-dependent (right) mean migration distance of control organoids as well as of organoids subjected to ablation of either five or ten cells at 24 h post laser manipulation. Data shown represents mean ± SEM, n ≥ 8 per condition, *: p < 0.05, statistic refers to control if not stated otherwise.
As represented in Figure 4B, organoid cells of all conditions showed similar migration behavior when analyzed location-independently with mean migration distances of 29.1 ± 1.8 µm, 32.0 ± 3.3 µm and 30.9 ± 1.4 µm within control organoids or after ablation of five or ten cells, respectively, within 24 h. Upon ablation of five cells, migratory activity was not found to be locally enhanced or reduced at 24 h post laser treatment in a significant manner. On the contrary, in comparison to the control, ablation of ten cells led to an increased migration distance of 38.7 ± 3.2 µm of cells within a distance of 30–60 µm from the ablation site (p = 0.02). Further, a decrease in migration distance to 23.1 ± 1.5 µm was observed in cells within an intermediate distance from the ablation site of 90–120 µm (p = 0.02).
Taken together, alterations in migratory behavior of cells were found in a location-dependent manner in response to ablation of ten, but not five cells.
3.4 Transcriptome analysis reveals the influence of cell ablation on migration, differentiation, and further developmental processes next to cell death and stress pathways
To gain further insights into the functional processes affected by laser-based damage induction and subsequent repair mechanisms, we compared the transcriptomes of organoid cells of untreated condition and post cell ablation via bulk RNA sequencing. According to previous results, which indicated both migration as well as proliferation as driving processes of repair in the case of ablation of ten cells, this condition was chosen for RNA sequencing. A schematic representation of the experimental procedure is shown in Figure 5A.
[image: Figure 5]FIGURE 5 | Influence of ablation of ten cells on airway organoids’ transcriptome. Both genes related to damage induction as well as to repair mechanisms were found to be differentially expressed. (A): Schematic illustration of experimental procedure for transcriptome analysis. (B): Biological processes significantly affected by laser treatment as determined by gene ontology enrichment analysis using STRING database. Data analysis was performed on the basis of RNA-seq data obtained from n = 6 samples per group.
In relation to the total number of cells an organoid is composed of, ablation of ten cells represents a rather small and highly localized injury. Thus, we expected that, primarily, cells in close proximity to the damage site are involved in early repair processes, which would lead to relatively small changes in the overall measured expression profiles of treated versus untreated organoids. We therefore decided to include all differentially expressed genes (DEGs) with a p-adjusted <0.05 for analysis, independently of their determined fold change. In this context, we identified a total of 218 mRNA transcripts, including 129 upregulated and 89 downregulated transcripts, that were differentially expressed in the laser-treated group compared to the control. Notably, these DEGs included Trp63 (p-adj = 4.79E-9) and Sox2 (p-adj = 2.54E-2), both of which play a pivotal role in the maintenance of airway epithelial basal cells (Ochieng et al., 2014), while Krt8 as the gene coding for a general marker of luminal cell types of the airway epithelium (Rock et al., 2009) was not found to be significantly dysregulated (FC = 0.10, p-adj = 0.26).
Subsequent gene ontology (GO) enrichment analysis using STRING database was performed based on all DEGs, which yielded 85 significantly enriched GO terms for biological processes (FDR <0.05), partially displayed in Figure 5B. It was found that, on the one hand, the analyzed DEGs are involved in the positive regulation of biological process (FDR = 2.80E-11, 73 genes, e.g., Cdc45, Tmprss2, Plin2, Pabpc1, Ier3), regulation of cell death (FDR = 1.13E-10, 37 genes, e.g., Ier3, Nqo1, Robo1, Xdh, Cyp1b1), cellular response to stress (FDR = 3.12E-8, 31 genes, e.g., Cdc45, Ier3, Nqo1, Atf6b, Robo1) and response to oxidative stress (FDR = 1.49E-6, 15 genes, e.g., Nqo1, Cyp1b1, Pycr1, Pcna, Slc7a11), which can all be directly linked to damage induction. On the other hand, the GO biological processes of tissue development (FDR = 4.53E-9, 35 genes, e.g., Lgr5, Vcl, Robo1, Cyp1b1, Hbegf), regulation of cell differentiation (FDR = 7.96E-8, 34 genes, e.g., Ptprg, Vcl, Robo1, Xdh, Ddit3), tube morphogenesis (FDR = 4.19E-6, 19 genes, e.g., Lgr5, Robo1, Cyp1b1, Hbegf, Epha7) and positive regulation of epithelial cell migration (FDR = 1.80E-3, 7 genes, e.g., Hbegf, Ptgs2, Tgfb2, Sema5a, Plcg2) were determined to be significantly enriched upon laser-based cell ablation. Further, enrichment analysis identified overall cell communication (FDR = 7.50E-4, 43 genes, e.g., Ier3, Stk38, Atf6b, Lgr5, Robo1) as well as Notch (FDR = 4.70E-3, 4 genes, Robo1, Tgfb2, Sox2, Trp63) and transforming growth factor beta (TGF-beta) receptor (FDR = 5.30E-3, 5 genes, Ltbp4, Tgfb2, Jun, Trp53, Skil) signaling pathways as specifically regulated in response to laser treatment. The involvement of genes in the top six significant GO biological processes as well as their fold-change determined by RNA-seq is illustrated in Supplementary Figure S2.
In conclusion, despite the presumably minor number of cells involved in the early repair processes of airway organoids upon laser-based ablation, changes in expression of genes related to both damage induction as well as cellular regenerative responses were detected.
4 DISCUSSION
Especially chronic pulmonary diseases can cause severe damage in airway epithelial tissue, often finally leading to conditions, in which endogenous regeneration mechanisms fail to repair (Rock and Königshoff, 2012; Barkauskas et al., 2017). Unfortunately, effective medication targeting early cellular injury responses, thereby supporting the cells’ native homeostasis and repair programs, have yet to be developed as the underlying mechanisms are still not fully understood (Barkauskas et al., 2017). To enable studying such mechanisms on the long-term, we established an in vitro damage model which enables the precise application of injury to airway epithelial cells within self-assembled organoids, allowing for subsequent tracking of triggered repair processes in a close-to-native, multicellular 3D environment via state-of-the-art microscopy techniques.
For the characterization of early repair processes induced in airway organoids upon targeted ablation of a single or up to ten cells, the effects of femtosecond laser-based manipulation on the organoids’ structural integrity as well as the cells’ migratory and proliferative behavior were studied. Airway epithelial tissue is described to unleash a remarkable endogenous regeneration potential upon injury (Rao Tata and Rajagopal, 2017). Based on this, we expected a fast and efficient repair of the gap within the cell layer restoring the epithelium’s structural integrity, induced by targeted ablation. This was observed in nearly all studied organoids (within 4–10 h post laser-based injury infliction). The obtained data show that both migration and proliferation are potentially involved in the airway organoids’ repair process following laser-based nanosurgery. This indicates that targeted cell ablation might induce a cellular program with similar mechanisms occurring during epithelial restitution upon injury in native lung tissue (Crosby and Waters, 2010). It was shown that the employed airway organoids are generally characterized by a consistent growth behavior, which is in good agreement with published data of similar cultures (Rabata et al., 2017; Sachs et al., 2019; Ekanger et al., 2022). Still, the underlying enhanced proliferation rate compared to the native tissue’s properties needs to be taken into consideration when employing this model for regeneration studies. In this context, on the one hand, the data suggest that ablation of five cells or less, posing a very small damage area, results in a fast repair dominated by early cell proliferation. On the other hand, cell cycle progress might be paused in an early phase upon ablation of ten cells, thereby enabling migration of nearby cells to take part in restoring the epithelial barrier. Notably, according to previous publications, one of the first and also most important processes that characterize repair of injured airway epithelial tissue is cell migration rather than proliferation (Erjefält et al., 1995; Zahm et al., 1997; Puchelle et al., 2006). Thus, the sequence of events occurring upon ablation of ten cells mimics the described procedure of epithelial wound healing, marking this as a potentially suitable model for studying early repair processes in vitro.
The results obtained by image analysis are further supported by the transcriptomic changes within airway organoids upon laser-based ablation of ten cells revealed by RNA-seq, which indicate the enrichment of the processes of cell cycle arrest and positive regulation of epithelial cell migration in the early phase of repair. Notably, also a variety of genes directly linked to epithelial repair were found to be differentially expressed. Among these, we found Trp63 to be significantly upregulated upon cell ablation. It was previously shown that Trp63 acts as a positive regulator of a set of genes functionally associated with epithelial differentiation and repair and necessary for wound healing (Warner et al., 2013). In good agreement with Warner et al., the described target genes such as CTNNB1 (beta-catenin), EGFR, and JAG1 (Jagged1) were not determined to be significantly differentially expressed, potentially attributable to a saturation of Trp63 signaling (Warner et al., 2013). Also, an increase in the number of basal cells, of which the expression of Trp63 is a major characteristic, could have contributed to the determined upregulation. Since, in accordance with the EdU assay, we did not find cell proliferation to be specifically enhanced after the ablation of ten cells, dedifferentiation processes of secretory cells might be involved in the restoration of the epithelial barrier. In this context, YAP-1 was described to act as an important transcriptional coactivator regulating the occurrence of a dedifferentiation program in secretory cells and would be an interesting candidate to focus on in further studies (Zhao et al., 2014). As the mechanism of secretory cell dedifferentiation has only been observed after the elimination of a majority of the basal cell population though (Rawlins et al., 2009; Tata et al., 2013), further experiments will be necessary to evaluate whether localized cell ablation analogously induces local dedifferentiation effects.
The positive regulation of Notch signaling pathway, which was determined to be enriched upon cell ablation, might have different effects. On the one hand, Notch signaling was reported to support the maintenance of basal cells (Carraro et al., 2020), while on the other hand, Pardo-Saganta et al. found that basal cells support the maintenance of their progenies’ secretory cell state also by Notch signaling (Pardo-Saganta et al., 2015).
Moreover, we showed that TGF-beta signaling was enriched in airway organoids upon targeted damage induction. TGF-beta is generally known to contribute to various regulatory functions including cell growth, migration, and differentiation (Zhao and Young, 1996; Beck et al., 2003). The physiological production of TGF-beta in airway epithelial cells under homeostatic conditions was shown to increase upon injury, suggesting that cytokine plays a role in wound healing (Thompson et al., 2006). While Thompson et al. demonstrated that TGF-beta2 contributes to the modulation of subepithelial extracellular matrix homeostasis (Thompson et al., 2006), Ito et al. further described TGF-beta as a stimulator of airway epithelial repair after mechanical injury (Ito et al., 2011). In this context, it was found that TGF-beta induces the production of HB-EGF in airway epithelial cells, which subsequently leads to phosphorylation of EGFR and thus autocrine activation of EGF signaling as key factor in the repair process (Ito et al., 2011). In good agreement with this, the expression of both TGF-beta2 and HB-EGF were determined to be upregulated in airway organoids upon cell ablation.
In conclusion, the employment of femtosecond laser-based nanosurgery for targeted cell ablation in airway organoids poses a novel approach for the investigation of cellular damage responses in the course of early epithelial repair after cellular lung injury. This method creates the possibility to reduce animal experiments and have a fine tempo-spatial resolution of the repair process and underlying mechanisms of airway epithelium. We showed that ablation of ten neighboring cells induces a repair program including cell migration and subsequent proliferation in airway organoids, thereby potentially resembling the mechanisms of epithelial restitution in native tissue. Further functional analyses revealed the involvement of Notch and TGF-beta signaling activity previously described to regulate epithelial repair in airways. Based on these findings, future experiments utilizing a lentiviral Notch signaling activity reporter allowing for the tracking of dynamic signaling levels in individual cells via live imaging are of high interest.
Together, the herein described in vitro 3D damage model of airway organoids can be employed to further enlighten the intra- and intercellular mechanisms induced by local injury and necessary for efficient epithelial repair. By combining the culture of airway epithelial cells with, e.g., immune cells such as macrophages, an even more complex model system can be designed and applied for translational studies.
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Cigarette smoke restricts the ability of mesenchymal cells to support lung epithelial organoid formation
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Adequate lung epithelial repair relies on supportive interactions within the epithelial niche, including interactions with WNT-responsive fibroblasts. In fibroblasts from patients with chronic obstructive pulmonary disease (COPD) or upon in vitro cigarette smoke exposure, Wnt/β-catenin signalling is distorted, which may affect interactions between epithelial cells and fibroblasts resulting in inadequate lung repair. We hypothesized that cigarette smoke (CS), the main risk factor for COPD, interferes with Wnt/β-catenin signalling in fibroblasts through induction of cellular stress responses, including oxidative- and endoplasmic reticulum (ER) stress, and thereby alters epithelial repair support potential. Therefore, we assessed the effect of CS-exposure and the ER stress inducer Thapsigargin (Tg) on Wnt/β-catenin signalling activation in MRC-5 fibroblasts, and on their ability to support lung epithelial organoid formation. Exposure of MRC-5 cells for 15 min with 5 AU/mL CS extract (CSE), and subsequent 6 h incubation induced oxidative stress (HMOX1). Whereas stimulation with 100 nM Tg increased markers of both the integrated stress response (ISR - GADD34/PPP1R15A, CHOP) and the unfolded protein response (UPR - XBP1spl, GADD34/PPP1R15A, CHOP and HSPA5/BIP), CSE only induced GADD34/PPP1R15A expression. Strikingly, although treatment of MRC-5 cells with the Wnt activator CHIR99021 upregulated the Wnt/β-catenin target gene AXIN2, this response was diminished upon CSE or Tg pre-exposure, which was confirmed using a Wnt-reporter. Furthermore, pre-exposure of MRC-5 cells to CSE or Tg, restricted their ability to support organoid formation upon co-culture with murine pulmonary EpCam+ cells in Matrigel at day 14. This restriction was alleviated by pre-treatment with CHIR99021. We conclude that exposure of MRC-5 cells to CSE increases oxidative stress, GADD34/PPP1R15A expression and impairs their ability to support organoid formation. This inhibitory effect may be restored by activating the Wnt/β-catenin signalling pathway.
Keywords: cigarette smoke extract, lung epithelial organoid, COPD, fibroblasts, oxidative stress, ER stress
INTRODUCTION
Lung injury and inadequate repair processes underlie a variety of chronic lung diseases, including chronic obstructive pulmonary disease (COPD) and interstitial lung diseases (ILD) (Kneidinger et al., 2011; Rock and Konigshoff, 2012; Baarsma et al., 2017). Adequate lung epithelial repair requires interactive cross-talk within the alveolar stem cell/progenitor niche between progenitor cells and their microenvironment, including structural cells such as fibroblasts (Baarsma et al., 2017; Skronska-Wasek et al., 2018). The mesenchymal niche orchestrates alveolar cell function and repair through secretion of fibroblast growth factors (FGFs), Wnt ligands, Wnt signalling activation and other growth factors (Frank et al., 2016; Zepp et al., 2017; Khedoe et al., 2021; Penkala et al., 2021). Dysfunctional signalling of repair pathways, including the Wnt/β-catenin pathway, has been implicated in aberrant lung epithelial repair in COPD (Rock and Konigshoff, 2012; Kneidinger et al., 2011). Importantly, Wnt-responsive mesenchymal cells dictate alveolar cell proliferation and differentiation, whereas myofibroblasts impair alveolar repair (Zepp et al., 2017). The Wnt/β-catenin signalling pathway is central to the interaction between epithelial cells and surrounding mesenchymal cells during repair processes. In lung diseases such as COPD, it has been hypothesized that this crosstalk is impaired, leading to inappropriate signalling between, for example, airway epithelial cells and fibroblasts. Wnt/β-catenin signalling is thus important for proper interaction between both lung epithelial cell and fibroblasts and its distortion may lead to disturbed cross-talk. In COPD, distorted Wnt/β-catenin signalling in fibroblasts may help to explain remodelling processes that together with tissue injury are a cause of impaired lung function (Baarsma et al., 2017).
One common cellular stress response, which is activated in smokers with and without COPD, is the unfolded protein response (UPR) to endoplasmic reticulum stress (ER stress) (Malhotra et al., 2009; Gan et al., 2011; Lawson et al., 2011; Marciniak, 2019). It has been demonstrated that ER stress may interfere with various repair pathways, which is relevant for COPD and ILD, since these pathways are overactivated in diseased lung tissue (Tanjore et al., 2012; Wei et al., 2013; Dickens et al., 2019). Whereas this cellular response is activated to restore homeostasis upon cellular or micro-environmental stress, prolonged activation can lead to cell dysfunction, inappropriate differentiation and cell death (Marciniak, 2019). Three transducers mediate sensing of ER stress and initiate activation of the UPR: ATF6, IRE1 and PERK. Autophosphorylation of the kinase domain of PERK results in attenuation of protein synthesis by phosphorylation of eukaryotic initiation factor (eIF2)-α, and this mechanism also contributes to the integrated stress response (ISR). However, in addition to PERK and ER stress, further eIF2α kinases can respond to a range of other cellular stresses to trigger the ISR resulting in similar downstream events (Emanuelli et al., 2020). Not only cigarette smoke, but also various endogenous and exogenous triggers are able to activate either the UPR or the ISR (Marciniak, 2019; Emanuelli et al., 2020; van 't Wout et al., 2015). Importantly, there is evidence for prolonged activation of the UPR and ISR in (epithelial) cells in cigarette smokers and COPD patients (Malhotra et al., 2009), and this has been implicated in dysfunction of both airway epithelial cells and pulmonary fibroblasts, leading to epithelial-to-mesenchymal transition (EMT) and myofibroblast differentiation (Delbrel et al., 2019; Song et al., 2019), respectively. Mutations in various genes, including SFPTC and MUC5B may induce ER stress in lung epithelial cells, contributing to EMT and fibrosis in IPF (Burman et al., 2018; Dickens et al., 2019). In addition to causing cellular dysfunction, prolonged activation of the UPR and ISR may interfere with mRNA processing and translation of proteins, leading to impairment of signalling pathways involved in repair.
In this study, we used an in vitro model of lung repair in which mesenchymal cells support epithelial organoid formation. Using this model, we have recently shown that TGF-β treatment of fibroblasts impairs their ability to support organoid formation (Ng-Blichfeldt et al., 2019). In the present study, our aim was to dissect the impact of cellular stress responses (e.g., oxidative stress and ER stress) on the supportive role of the lung fibroblast for lung epithelial cell repair. Therefore, we focused on the effect of cigarette smoke extract- and chemically-induced ER stress in MRC-5 fibroblasts, including Wnt/β-catenin signalling and their ability to support epithelial progenitor function.
MATERIALS AND METHODS
Mouse epithelial cell isolation
Lung epithelial cells were isolated from C57BL6/J mice (8–14 weeks) as described before (Ng-Blichfeldt et al., 2019; Wu et al., 2019). Mice were kept under a 12/12 h light/dark cycle and had ad libitum access to food and water. In short, after anesthesia (40 mg/kg ketamine and 0.5 mg/kg dexdomitor, i.p.) the pulmonary vasculature of C57BL/6N or C57BL6/J mice was flushed with PBS, after which the lungs were filled with Dispase (BD, Biosciences, Oxford, United Kingdom) in low-melting agarose (Sigma Aldrich, Poole, United Kingdom) for 45 min at room temperature (RT). Lung lobes were homogenized in DMEM containing DNase1 (Applichem, Germany), after which a single-cell suspension was prepared. Subsequently, using magnetic-activated cell sorting (MACS isolation), cell suspensions underwent a negative selection for CD45 (Miltenyi Biotec, Teterow, Germany) and CD31 (Miltenyi), after which EpCAM+ (CD326) epithelial cells were isolated (Miltenyi) as described before (Ng-Blichfeldt et al., 2019; Wu et al., 2019). Antibodies used for experimental procedures are listed in Table 1. EpCAM+ cells were resuspended in DMEM with 10% fetal calf serum (FCS, Bodinco, Alkmaar, Netherlands). Experimental animal protocols were approved by the University of Groningen animal experimentation committee under CCD license AVD105002015303.
TABLE 1 | Antibodies for experimental procedures.
[image: Table 1]MRC-5 lung fibroblast and MEF culture and stimulation
MRC-5 lung fibroblasts (ATCC CCL 171, United States) were cultured in MEM (Gibco) containing 100 U/ml penicillin/streptomycin (Gibco), 25 mM HEPES (Invitrogen), non-essential amino acids (NEAAS, Gibco) and 10% heat-inactivated FCS at 37°C in 5% CO2. For mRNA analyses, MRC-5 lung fibroblasts were grown to confluence and kept in serum-free medium overnight. MRC-5 were then stimulated for 15 min with 2 or 5 AU/mL freshly prepared cigarette smoke extract (CSE) generated as described in (23), washed with PBS and then further cultured for 6 h. To induce ER stress, MRC-5 fibroblasts were incubated for 6 h with 100 nM thapsigargin (Tg, Sigma). To examine the effect of Wnt/β-catenin activation on cellular stress responses (e.g., oxidative stress and ER stress), MRC-5 cells were treated with vehicle, 2 µM CHIR99021 or 10 mM N-acetylcysteine (NAC) during the 6 h exposure. After 6 h, MRC-5 cells were lysed for RNA isolation and gene expression analyses. Similar stimulation procedures were applied to mouse embryonic fibroblasts (MEFs), derived from WT, Gadd34−/−, Chop−/− or EIF2a AA signalling deficient mice (Scheuner et al., 2001).
For organoid assays, MRC-5 fibroblasts were first mitotically inactivated using 10 μg/mL Mitomycin-C (Sigma-Aldrich) (Ng-Blichfeldt et al., 2019), followed by washing and a restoration period of 1 h. MRC-5 fibroblasts were then stimulated for 15 min with 5 AU/mL freshly prepared CSE (Luppi et al., 2005), washed with PBS and then incubated for 6 h, either in the presence or absence of 2 µM CHIR99021 or 10 mM NAC. ER stress was induced using 100 nM Tg for 6 h, either or not in presence of CHIR99021 or NAC. MRC-5 fibroblasts were trypsinized thereafter and immediately used for organoid assays. An overview of the experimental set-up is shown in Figure 1A.
[image: Figure 1]FIGURE 1 | CSE induces stress responses in MRC-5 lung fibroblasts MRC-5 fibroblasts were cultured until confluency was reached, after which they were serum-starved for 24 h. Upon starvation, MRC-5 fibroblasts were exposed to vehicle (white dots/bars) freshly-prepared CSE (2 or 5 AU/mL, light and dark grey dots/bars resp.) for 15 min or Tg (dark grey dots/grey bars) and stimulated for 6 h. CHIR99021 or vehicle (2 μM, stripes bars) was added during stimulation with CSE or Tg (experimental set-up shown in (A)). Cells were then lysed for RNA isolation, cDNA synthesis and RT-qPCR. HMOX1 expression (B) was measured as marker for oxidative stress. GADD34 (C) and CHOP mRNA expression were determined as a read-out for activation of the ISR, whereas XBP1spl and BiP (D) were measured to determine UPR activation. Data are shown as mean ± SEM (with individual datapoints); N = 3–4 independent experiments; *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 Data were analyzed using One-way ANOVA statistical testing in Graphpad Prism 9.3.1. Abbreviations: AU/mL: arbitrary units/mL; CSE: cigarette smoke extract; ER stress: endoplasmic reticulum stress; ISR: integrated stress response; Tg: thapsigargin; UPR: unfolded protein response.
Organoid assay
Organoid assays were performed as previously described (Ng-Blichfeldt et al., 2019). Pre-treated or pre-exposed MRC-5 fibroblasts were resuspended in a 1:1 ratio (20.000 cells each) with EpCAM+ cells in 50 µL DMEM/10% FBS +50 µL growth-factor reduced Matrigel (Corning). Cell suspensions were seeded on 24-transwell inserts and subsequently incubated at 37°C for ∼30 min to enable polymerization of the Matrigel. Organoid cultures were maintained in DMEM/F12 with 5% (vol/vol) FBS, 2 mM L-glutamine, p/s, 1x insulin-transferrin-selenium (Gibco), recombinant mouse EGF (0.025 μg/mL, Sigma), bovine pituitary extract (30 μg/mL, Sigma), and freshly added all-trans retinoic acid (0.01 μM, Sigma) at 37°C with 5% CO2. Y-27632 (10 μM, Tocris, Oxford, United Kingdom) was added for the first 48 h of culture. To quantify colony-forming efficiency, the total number of organoids per well was counted manually 7 days after seeding using a light microscope at ×20 magnification. Organoid diameter was measured 14 days after seeding with a light microscope connected to NIS-Elements software (Nikon Europe, Netherlands). For immunofluorescence, organoid cultures were fixed with ice-cold acetone/methanol (1:1) for 12 min at −20°C, then non-specific binding sites were blocked in PBS with 5% bovine serum albumin (BSA; Sigma). Samples were stored at 4°C until immunofluorescence analysis.
Immunofluorescence staining
Immunofluorescence staining was performed as described before (Ng-Blichfeldt et al., 2019; Wu et al., 2019). Cultures were incubated with primary antibodies (alveolar cells: anti-proSP-C Millipore AB3786; ciliated cells: anti-Acetylated tubulin Sigma T6793) diluted in PBS with 0.1% (wt/vol) BSA and 0.1% (vol/vol) Triton X-100 at 4°C overnight, then washed three times in PBS (> 20 min between washes), after which cultures were incubated with secondary antibodies and DAPI at 4°C overnight. After 3x washing with PBS, transwell membranes were excised from inserts and mounted on glass slides with mounting media and glass coverslips. Immunofluorescence was visualized using a Leica SP8 confocal microscope (Wetzlar, Germany), and images were obtained with Leica Application Suite software. Per condition, > 150 organoids were analyzed at ×40 magnification, and the number of alveolar vs airway organoids was quantified (Ng-Blichfeldt et al., 2019; Hu et al., 2020).
TOP/FLASH reporter assay
The TOP/FOP flash assay was performed as described before (Baarsma et al., 2017; Wu et al., 2019). In short, MRC-5 fibroblasts were seeded in 96-well plates, and upon confluence, were transfected with 100 ng/well TOP luciferase reporter plasmid or negative control (FOP plasmid) using Lipofectamine™ LTX Reagent with PLUS™ Reagent (Invitrogen, Carlsbad, United States) in serum-free Opti-MEM® medium (Life Technologies, Carlsbad, United States) for 5 h. Thereafter, MRC-5 cells were stimulated for 6 h with vehicle, 2 or 5 AU/mL freshly prepared CSE (15 min exposure washed and incubated), 100 nM Tg without or with 2 µM CHIR99021 and/or 10 mM NAC in Opti-MEM® medium with 0.1% FBS. After incubation, MRC-5 fibroblasts were lysed using the Bright-Glo™ Luciferase Assay System (Promega) and luciferase activity was measured using a Spectramax Microplate Reader (Molecular Devices, San Jose, United States). SoftmaxPro (Molecular Devices) was used to collect and analyze data.
q-PCR analysis
RNA was isolated from MRC-5 fibroblasts according to the manufacturer’s instruction using Maxwell RNA extraction kits (Promega, Madison, WI, United States). Quantitative RT-PCR (q-PCR) was performed as described previously (Delbrel et al., 2019). q-PCR reactions were performed in triplicate. We included two reference genes, selected using the “Genorm method” (Genorm, Primer design, Southampton, United Kingdom), to calculate the normalized gene expression. Expression values were determined by the relative gene expression of a standard curve as determined by CFX manager software, and expressed as fold increase (Bio-Rad). Used primer pairs are listed in Table 2.
TABLE 2 | Primer pairs used for gene expression analysis.
[image: Table 2]Statistical analyses
Data are presented as mean ± SEM. N refers to number of independent experiments using MRC-5 fibroblasts, and n refers to number of independent experiments upon EpCAM+ isolation. Data were analyzed using One-way or Two-way ANOVA (as indicated in the legends) and Tukey post hoc test to compare differences amongst groups. All analyses were performed using Graphpad Prism 9.3.1. Differences at a value of p < 0.05 were considered statistically significant.
RESULTS
CSE induces cellular stress responses in MRC-5 lung fibroblasts, whilst impairing CHIR99021-induced Wnt/β-catenin signalling
The experimental set-up is visualized in Figure 1A. MRC-5 lung fibroblast were exposed to 5 AU/mL CSE for 15 min and subsequently incubated for 6 h, and a CSE-induced expression of HMOX1 (Figure 1B) was observed. Tg, a widely used nonspecific activator of the UPR, clearly increased expression of GADD34/PPP1R15A, CHOP, XBP1spl and BiP (Figures 1C, D, Supplementary Figure S1A), whereas CSE exposure only significantly increased GADD34/PPP1R15A expression (Figures 1C, D), and therefore we cannot conclude that CSE activates the UPR and/or ISR. As activation of the Wnt/β-catenin pathway is suggested to tip the balance towards a pro-repair and regenerative response in both epithelial cells and fibroblasts in COPD (Kneidinger et al., 2011; Hu et al., 2020), we treated MRC-5 lung fibroblasts with the Wnt/β-catenin activating compound, CHIR99021 (2 µM), during stimulation with CSE and Tg. Activation of the Wnt/β-catenin pathway did not modulate CSE-induced GADD34/PPP1R15A and HMOX1 expression. However, CSE inhibited CHIR-induced activation of the Wnt/β-catenin target gene AXIN2, whereas the inhibitory effect of Tg on CHIR-induced AXIN2 was less pronounced (Figure 2A). This inhibitory effect of CSE on CHIR99021-induced Wnt/β-catenin signalling activation was confirmed in a TOP/FLASH reporter assay (Figure 2B).
[image: Figure 2]FIGURE 2 | CSE lowers CHIR99021-induced Wnt/b-catenin signalling in MRC-5 lung fibroblasts. MRC-5 fibroblasts were cultured until confluency was reached, after which they were serum-starved for 24h. Upon starvation, MRC-5 fibroblasts were exposed to vehicle (white dots/bars) freshly-prepared CSE (2 or 5 AU/mL, light and dark grey dots/bars resp.) for 15 min or Tg (dark grey dots/grey bars) and stimulated for 6 h. CHIR99021 or vehicle (2 μM, stripes bars) was added during stimulation with CSE or Tg. Cells were then lysed for RNA isolation, cDNA synthesis and RT-qPCR. The effect on Wnt/β-catenin signalling was assessed by determining mRNA expression of AXIN2 (A) and using a TOP/FLASH reporter (B). Data are shown as mean ± SEM; N = 3-4 independent experiments; *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. Data were analyzed using One-way ANOVA statistical testing in Graphpad Prism 9.3.1. Abbreviations: AU/mL: arbitrary units/mL; CSE: cigarette smoke extract; Tg: thapsigargin.
To determine whether the CSE-mediated reduction of CHIR99021-induced Wnt/β-activation was dependent on components of the UPR and/or ISR pathways, we used mouse embryonic fibroblasts (MEF) from wildtype, Gadd34−/−, Chop−/− or EIF2a (AA) signalling deficient mice (Supplementary Figure S1A). In line with our observations in human MRC-5 cells, Gadd34 and Hmox1 expression was increased upon CSE exposure in MEFs, whereas CSE did not increase Xbp1spl (data not shown). In contrast to MRC-5 fibroblasts, CSE did increase Chop expression in MEFs (data not shown). CHIR99021-induced activation of Wnt/β-catenin signalling appeared less pronounced in MEF. Importantly, absence of Gadd34 or Chop did not affect CSE- or Tg-induced impairment in CHIR-induced responses (Supplementary Figures S1B–E), whereas this impairment was less clear in MEFs unable to phosphorylate eIF2α. These data suggest that Gadd34 and CHOP may not be required for the suppressive effect of CSE on activation of CHIR99021-induced Wnt/β-catenin signalling, whereas oxidative stress may be involved in this effect.
CSE exposure impairs repair-related factors
To further understand the effects of CSE and Tg exposure on MRC-5 fibroblast and their suggested supportive function for epithelial cells, we measured expression of several growth factors and Wnt ligands related to (impaired) repair. Expression of WNT5A was induced upon treatment with CHIR99021 compared to control, and exposure to 5 AU/mL CSE, but not Tg, reduced CHIR99021-induced WNT5A expression (Figure 3A). WNT5B was increased significantly upon exposure to 2 AU/mL CSE and CHIR99021 treatment compared to control and exposure to 5 AU/mL and Tg. Interestingly, also CHIR99021 alone significantly reduced FGF7 expression, which was not further reduced by CSE or Tg. These findings suggest that CSE and Tg both alter expression of repair-related mediators in MRC-5 cells, which could not all be restored by CHIR99021-induced Wnt/β-catenin activation.
[image: Figure 3]FIGURE 3 | CSE impairs repair-related factors. MRC-5 fibroblasts were cultured until confluency was reached, after which they were serum-starved for 24 h. Upon starvation, MRC-5 fibroblasts were exposed to vehicle (white dots/bars) freshly-prepared CSE (2 or 5 AU/mL, light and dark grey dots/bars resp.) for 15 min or Tg (dark grey dots/grey bars) and stimulated for 6 h. Cells were then lysed for RNA isolation, cDNA synthesis and RT-qPCR. Expression of Wnt ligands (WNT5A and WNT5B) (A) and growth factors (FGF2, FGF7, FGF10 and HGF) (B) were determined as a read-out of repair-related factors. Data are shown as mean ± SEM; N = 3–4 independent experiments; *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. Data were analyzed using One-way ANOVA statistical testing in Graphpad Prism 9.3.1. Abbreviations: AU/mL: arbitrary units/mL; CSE: cigarette smoke extract; FGF: fibroblast growth factor; HFG: hepatocyte growth factor; Tg: thapsigargin.
Exposure to CSE and ER stress in MRC-5 fibroblasts impairs support of epithelial organoid formation, which is partly restored by treatment with the Wnt/β-catenin activator CHIR99021
As Wnt/β-catenin signalling as well as expression of repair related factors was altered upon CSE/Tg exposure in MRC-5 fibroblasts, we performed a lung epithelial organoid assay in order to assess the functional consequence on lung epithelial progenitor function. Therefore, mitomycin-treated MRC-5 fibroblasts were stimulated with 5 AU/mL CSE or Tg to induce ER stress, and subsequently seeded in Matrigel with murine lung EpCAM+ epithelial cells (Figure 1A). Organoid formation was followed for 14 days. Pre-exposure of MRC-5 lung fibroblast to Tg resulted in a lower number of epithelial organoids both at day 7 and day 14, while CSE pre-exposure lowered epithelial organoid formation only at day 14 (Figure 4A); organoid size and composition was unaffected (Figures 4B, C). After showing that CSE and Tg impair CHIR-induced Wnt-signalling based on analysis of AXIN2 expression (Figure 2), we next investigated whether residual Wnt signalling sufficed to increase organoid formation. To this end, MRC-5 lung fibroblasts were treated with 2 µM CHIR99021 during stimulation with CSE and Tg and effects on support of epithelial organoid formation were assessed. Remarkably, CHIR99021 pre-treatment of MRC-5 fibroblasts alone did not increase organoid numbers, but pre-treatment with CHIR99021 during CSE exposure restored support of epithelial organoid formation (Figure 4A), which was evident most clearly at 14 days. Also, CHIR99021-pre-treatment of MRC-5 cells appeared to induce a more mature organoid phenotype with higher numbers of SFTPC+ cells compared to CHIR99021-untreated organoids, although this effect was not significant.
[image: Figure 4]FIGURE 4 | CSE and Tg pre-exposure of MRC-5 fibroblasts impairs mesenchymal support of epithelial organoid formation. MRC-5 fibroblasts were mitomycin-C inactivated for 2 h, followed by washing and a 1h recovery-period. Upon starvation, MRC-5 fibroblasts were exposed to vehicle (white dots/bars) freshly-prepared CSE (5 AU/mL, ldark grey dots/bars) for 15 min or Tg (dark grey dots/dark grey bars) and stimulated for 6 h. MRC-5 cells were then detached and seeded with freshly isolated mouse Epcam + lung epithelial cells in a 1:1 ratio in Matrigel, and organoid formation and growth was followed for 14 days. Organoid number (white arrows) was counted at day 7 and 14 (A). Data are shown as mean ± SEM; N = 4 independent MRC-5 fibroblast experiments, EPCAM+ cells: n = 8 mice; *p < 0.05, **p < 0.01, ***p < 0.001. Organoid size was determined at day 14 (B) in, and organoid composition was determined using immunofluorescence staining of organoids fixed at day 14 organoids. Organoids were costained for proSFTPC (alveolar, green) and ACT (bronchial, red) and displayed as percentage of total organoids expressing one, both, or neither markers (C) (for both n = 3 mice). The nuclei were visualized using DAPI (blue). Data presented in 4B were analyzed using One-way ANOVA statistical testing in Graphpad Prism 9.3.1. Data presented in Figures 4A,C were analyzed using Two-way ANOVA statistical testing in Graphpad Prism 9.3.1. Abbreviations: ACT: acetylated tubulin; AU/mL: arbitrary units/mL; CSE: cigarette smoke extract; SFTPC: pro-surfactant protein-C; Tg: thapsigargin.
These findings suggest that Tg and CSE pre-exposure of MRC-5 lung fibroblasts impairs their ability to support epithelial organoid formation. CSE-induced impairment of support of epithelial organoid formation and maturation of organoids was partly restored upon pre-treatment with the Wnt/β-catenin activator CHIR99021, suggesting that activation of Wnt/β-catenin signalling during CSE exposure reverses some of the CSE-induced anti-repair effects.
Treatment with the oxidative stress inhibitor, N-acetylcysteine, partly restores effects of CSE exposure
To determine the role of oxidative stress in the observed effects on Wnt/β-catenin signalling activation and support of organoid formation, MRC-5 fibroblasts were treated with CHIR99021 (2 µM) and/or N-acetylcysteine (NAC, 10 mM) or vehicle during the 6 h stimulation with CSE (2 or 5 AU/mL, 15 min exposure) or 100 nM Tg. There were no differences in expression of GADD34/PPP1R15A upon NAC or NAC + CHIR99021 pre-treatment (Figure 5A) compared to vehicle control. In contrast, XBP1spl was upregulated upon NAC pre-treatment of CSE-exposed cells (Figure 5B). Although non-significant, NAC pre-treatment reduced CSE-induced expression of HMOX1 (Figure 5C). mRNA expression of AXIN2 (Figure 5D) was unaltered upon NAC pre-treatment, which was confirmed using a Wnt/β-catenin reporter (Figure 5E). Despite our observation that NAC prevented CSE-induced effects on GADD34/PPP1R15A, and HMOX1, pre-treatment of MRC-5 cells with NAC did not affect epithelial organoid formation (Figure 5F). These findings suggest that the observed CSE-mediated inhibition of support of epithelial organoid formation (Figure 2A) only partly results from oxidative stress.
[image: Figure 5]FIGURE 5 | Pre-treatment with an anti-oxidant does not restore impaired Wnt/β-catenin signalling upon CSE exposure. MRC-5 fibroblasts were cultured until confluency was reached, after which they were serum-starved for 24h. Upon starvation, MRC-5 fibroblasts were exposed to freshly-prepared CSE (2 or 5 AU/mL) for 15 min or Tg and stimulated for 6h. CHIR-99021 (2 μM, pink dots and bars) or vehicle (white dots and bars) and (brown dots and bars)/or N-acetylcysteine (10 mM, blue dots and bars) was added during stimulation with CSE or Tg. Cells were then lysed for RNA isolation, cDNA synthesis and RT-qPCR. Gadd34 (A) mRNA expression were determined as a read-out for activation of the ISR, whereas XBP1spl (B) was measured to determine UPR activation. HMOX1 expression (C) was measured as marker for oxidative stress and the effect on Wnt/β-catenin signalling was assessed by determining mRNA expression of AXIN2 (D) and using a TOP/FLASH reporter (E). MRC-5 fibroblasts were mitomycin-C inactivated for 2 h, followed by washing and a 1 h recovery-period. MRC-5 fibroblasts were subsequently exposed to freshly-prepared CSE (5 AU/mL) for 15 min, Tg or Tm and stimulated for 6 h. N-acetylcysteine (10 mM) or vehicle was added during stimulation with CSE, Tg or Tm. MRC-5 cells were then detached and seeded with freshly isolated mouse Epcam + lung epithelial cells in a 1:1 ratio in Matrigel, and organoid formation and growth was followed for 14 days; organoid number was counted at day 14 (F). Data are shown as mean ± SEM; n = 3 mice; *p < 0.05. Data presented in (A–F) were analyzed using Two-way ANOVA statistical testing in Graphpad Prism 9.3.1. Abbreviations: AU/mL: arbitrary units/mL; CSE: cigarette smoke extract; NAC: N-acetylcystein; Tg: thapsigargin.
DISCUSSION
Crosstalk between fibroblasts and lung epithelial cells is crucial for both lung development and appropriate repair responses following lung injury, and this beneficial interaction has been suggested to be impaired in chronic lung diseases such as COPD. In this study, we show that exposure to cigarette smoke extract (CSE) of MRC-5 lung fibroblasts induced cellular stress responses, including oxidative stress and upregulation of GADD34/PPP1R15A. Furthermore, we showed that CSE caused an impairment of the ability of MRC-5 cells to support of epithelial progenitor function, as assessed by the organoid forming capacity of lung EpCAM+ cells. This effect was partially restored upon activation of the Wnt/β-catenin signalling pathway in fibroblasts during CSE stimulation.
Previous studies showed that CSE exposure induces myofibroblast differentiation of MRC-5 fibroblasts as assessed by enhanced α-SMA expression (Baek et al., 2012; Song et al., 2019) and altered expression profiles of proteins related to stress responses, mitochondrial activity, and aging in human fetal lung fibroblasts (HFL-1) (D'Anna et al., 2015). Myofibroblast activation has been associated with impaired repair and remodelling, and may contribute to progression of COPD and ILD (Ng-Blichfeldt et al., 2019; Liu et al., 2021). We showed that exposure to CSE induced expression of GADD34/PPP1R15A in MRC-5 lung fibroblasts, whereas UPR markers were unaffected. These findings are in contrast to previously reported findings using MRC-5 fibroblasts, in which the UPR was found to be activated upon CSE stimulation (Song et al., 2019). This apparent discrepancy may result from differences in CSE preparation method, CSE dosage and CSE exposure duration. Exposure to the chemical ER stress inducer Tg did activate markers of both the ISR and the UPR, which is in line with other studies. However, it needs to be noted that Tg may also activate other cellular processes unrelated to the UPR and ISR by its effect on intracellular calcium stores.
We showed that CSE and TG not only induced cellular stress responses in MRC-5 cells, but also decreased the capacity of the MRC-5 fibroblasts to support epithelial organoid formation. Furthermore, we showed that pre-exposure of MRC-5 cells to CSE resulted in (non-significantly) diminished expression of maturation markers in the organoids, as shown by an increase in SFTPC−/ACT− organoids. Interestingly, CHIR99021 treatment was able to partially restore this inhibitory effect of CSE treatment, although CSE pre-treatment did lower ((but did not abolish) CHIR-99021-induced AXIN2 expression as marker of Wnt/β-catenin signalling activation compared to control.
The reduced ability of MRC-5 fibroblasts to support organoid formation upon CSE or Tg exposure may result from a cascade of events, including impaired growth factor production and activation of cellular stress signals. TGF-β is increased in COPD lungs and contributes to myofibroblast formation (Konigshoff et al., 2009; Baarsma et al., 2011). Furthermore, we previously showed that fibroblast exposure to TGF-β decreases their capacity to support epithelial organoid formation (Ng-Blichfeldt et al., 2019), which results from altered expression of Wnt/β-catenin signalling components and target genes. Our results using Tg indicate that ER stress reduced CHIR99021-induced Wnt/β-catenin signalling activation. Whereas acute ER stress is important in maintaining cellular homeostasis (Marciniak, 2019), prolonged ER stress responses may result in cellular dysfunction and cell death and is closely linked to other cellular stress responses including oxidative stress, mitochondrial dysfunction and cellular senescence (Kanaji et al., 2014; Koloko Ngassie et al., 2021), processes that are increased in lungs from COPD patients. Fibroblasts from COPD patients show disorganized organelle organization and enhanced ER stress (Weidner et al., 2018), which may impact the niche-function of fibroblasts in lung epithelial repair. ER stress may interfere with Wnt/β-catenin signalling in various ways. Firstly, ER stress may interfere with Wnt ligand processing and secretion in Wnt-producing cells, leading to lower production or inactivity of secreted Wnt ligands (Verras et al., 2008). Secondly, ER stress leads to attenuation of protein translation resulting in a transient decrease in short-lived signalling molecules including bone morphogenic protein-4 (BMP-4) (Malzer et al., 2018) and potentially β-catenin. ER stress may also inhibit transcription of proteins downstream of β-catenin (van Lidth de Jeude et al., 2017), and finally ER stress responses may lead to proteosomal degradration of proteins (Fabre et al., 2019). There are thus several mechanisms by which ER stress may interfere in the Wnt/β-catenin signalling pathway, although the precise mechanism is unclear yet.
Although we did not find altered gene expression of β-catenin upon CSE- or Tg-induced ER stress (not shown), we did show that gene expression of various injury- and repair-related factors (FGF7, WNT5A) and CHIR99021-induced Wnt/β-catenin signalling activation was altered upon CSE exposure in MRC-5 cells. This is in line with previous findings showing that the mesenchymal niche secretes fibroblast growth factors (FGFs), Wnt ligands/signalling activation and other growth factors (Frank et al., 2016; Zepp et al., 2017; Khedoe et al., 2021; Penkala et al., 2021), and thereby orchestrates alveolar cell function. We did not measure protein levels of secreted growth factors, due to the short-lived nature of especially Wnt ligands, but do show a functional impairment in support of epithelial organoid formation. Various FGFs have been shown to enhance lung epithelial organoid formation (Rabata et al., 2020), and HGF and FGF7 were able to reverse diminished organoid growth upon co-culture with TGF-β-treated MRC-5 fibroblasts (Ng-Blichfeldt et al., 2019). Future studies are needed to define whether altered expression of these growth factors contributes to impaired repair in COPD. Furthermore, additional factors induced by CSE-exposure in MRC-5 cells, including pro-inflammatory factors, may have contributed to the impaired capacity to support lung epithelial progenitor function, which we did not study here.
Cigarette smoke induces oxidative stress and various studies suggest that oxidative stress may alter mitochondrial and ER function (Fabre et al., 2019) and Wnt/β-catenin signalling (Qu et al., 2019). Therefore, we investigated whether oxidative stress mediates the CSE-induced reduction in CHIR99021-induced AXIN2 expression. Reducing oxidative stress by NAC treatment has been shown to restore diesel-induced impaired lung epithelial organoid formation (Wu et al., 2022). Whereas we show that NAC treatment did reduce the oxidative stress (e.g., HMOX1 mRNA expression), NAC only partly restored AXIN2 expression and did not improve organoid supporting capacity of CSE-exposed MRC-5 fibroblasts, suggesting that the observed effects may be (partly) independent from oxidative stress. It has to be noted, that NAC not only has anti-oxidant activities, but also breaks disulfide bridges (Aldini et al., 2018). Previous research showed that DTT, which also breaks disulfide bridges, induces ER stress (Sundaram et al., 2018), which is in line with our observation that NAC increased XBP1spl in CSE- and Tg-exposed cells. Furthermore, oxidative stress has been shown to alter Wnt/β-catenin signalling (directly) by various mechanisms, which is discussed in detail elsewhere (Qu et al., 2019), and the direct interaction between oxidative stress and Wnt/β-catenin signalling activation is beyond the scope of the current study. CSE exposure induces various cellular stress responses, and CHIR99021-induced Wnt/β-catenin signalling activation was lowered by CSE exposure. However the relative contribution of oxidative stress, ER stress and factors related to repair to the ability of CSE to impair WNT/β-catenin signalling and organoid growth is unclear.
Whereas we show a clear effect of CSE and ER stress on mesenchymal cellular responses and their ability to support of epithelial organoid formation, there are several limitations of our model. We used a single exposure of CSE in MRC-5 cells. Future studies using repeated exposures may better mimic COPD pathogenesis. Here, we used MEF to determine the role of CSE-mediated reduction of CHIR-induced Wnt/β-catenin activation, and showed that MEFs deficient in components of the UPR or ISR, did not respond differently to CSE exposure compared to WT MEFs. A limitation could be that we did not use lung fibroblasts from mice deficient in UPR/ISR components. However, as WT MEF exhibited similar responses as MRC-5 fibroblasts, we do not expect large differences in responses. Furthermore, mice deficient in some of the UPR/ISR components present a lethal phenotype, and therefore experiments with lung fibroblasts for those mice was not feasible. Furthermore, heightened ER stress has also been shown in lung epithelial cells (Malhotra et al., 2009; Wang et al., 2017) and may also affect lung epithelial progenitor function (Goldfarbmuren et al., 2020). Here, we specifically investigated the cross-talk between mesenchymal cells and epithelial cells, as ER stress is also increased in fibroblasts of COPD patients (Weidner et al., 2018). Finally, we used Tg as a well-established activator of the UPR, that causes ER stress by depletion of Ca2+ stores. We cannot formally exclude the possibility that activities of Tg independent of UPR activation have contributed to our observations.
Despite these limitations, the findings from our study point to potential targets for improving altered cross-talk and lung epithelial repair in COPD. Studies have shown that CS-induced effects on ER stress and the subsequent activation of the UPR may be targeted through treatment with Tauroursodeoxycholic acid (TUDCA) (Tong et al., 2021) or 4-phenylbutyric acid (4-PBA) (Wang et al., 2017); treatment with these compounds prevented EMT in experimental fibrosis and experimental emphysema in mice. There are several other compounds available that also target the ER stress pathway, that may be studied in the context of lung epithelial repair. Our results show that the responses to ER stress and the ISR may partly mediate cigarette smoke-induced alterations in the cross-talk between mesenchymal cells and lung epithelial cells. Targeting ER stress or the ISR in fibroblasts may therefore represent an attractive therapeutic target to restore altered cross-talk and lung epithelial repair in COPD.
In conclusion, our study showed that CSE and ER stress impair Wnt/β-catenin activation in MRC-5 fibroblasts and subsequent cross-talk between lung fibroblasts and lung epithelial cells, resulting in impaired lung organoid formation at day 14. Thereby, we provide further insight into the way disturbed mesenchymal cell function in COPD may contribute to the impairment of repair processes observed in COPD.
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SSc-ILD (scleroderma associated interstitial lung disease) is a complex rheumatic disease characterized in part by immune dysregulation leading to the progressive fibrotic replacement of normal lung architecture. Because improved treatment options are sorely needed, additional study of the fibroproliferative mechanisms mediating this disease has the potential to accelerate development of novel therapies. The contribution of innate immunity is an emerging area of investigation in SSc-ILD as recent work has demonstrated the mechanistic and clinical significance of the NLRP3 inflammasome and its associated cytokines of TNFα (tumor necrosis factor alpha), IL-1β (interleukin-1 beta), and IL-18 in this disease. In this review, we will highlight novel pathophysiologic insights afforded by these studies and the potential of leveraging this complex biology for clinical benefit.
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INTRODUCTION
SSc (scleroderma) is a complex rheumatic disease characterized by diffuse microvascular injury and immune dysregulation leading to the progressive fibrotic replacement of normal tissue architecture (Denton and Khanna, 2017). One of the leading causes of morbidity and mortality of this condition is the development of ILD (interstitial lung disease) (Volkmann and Fischer, 2021), where current therapeutic strategies include non-specific immunosuppressive drugs (Denton and Khanna, 2017) and anti-fibrotic agents (Distler et al., 2019) that are associated with heterogenous efficacy, high costs, and at times, intolerable side-effects (Rahaghi et al., 2023). Because better treatment options are sorely needed, additional study of the fibroproliferative mechanisms mediating this disease has the potential to accelerate development of novel therapies.
While the mechanisms by which autoimmunity engenders pathologic remodeling of the SSc lung remains poorly understood, aberrant adaptive immune responses and fibroblast activation are heavily implicated (Herzog et al., 2014). Although the contribution of innate immunity is less known in this context, its role in fibrogenesis has been an emerging area of investigation (Taroni et al., 2017). Innate immunity is activated by PRRs (pattern recognition receptors), which senses epitopes broadly conserved across pathogenic microbes, known as PAMPs (pathogen-associated molecular patterns), and endogenous ligands, known as DAMPs (danger-associated molecular patterns), that are released by stressed or activated cells and tissues (Ellson et al., 2014). When sensing excessive amounts of PAMPs or DAMPs, PRRs mediate activation of downstream inflammatory pathways (Li and Wu, 2021), including assembly of multimeric protein complexes known as inflammasomes, a caspase-1 activating platform (Franchi et al., 2009). While several PRRs are known to trigger inflammasome formation (Franchi et al., 2009; Kelley et al., 2019), the fibroproliferative role of the NLRP3 (NOD [nucleotide-binding oligomerization domain], LRR [leucine-rich repeat] containing proteins, and PYD-3 [pyrin domain-containing protein-3]) inflammasome has been of significant interest in SSc-ILD. Thus, the purpose of our review is to highlight recent work characterizing the mechanistic and clinical relevance of the NLRP3 inflammasome and its associated cytokines in this disease.
NLRP3 inflammasome
Initially described in 2002, NLRP3 is a sensor protein that along with the adaptor protein ASC (apoptosis-related spot-like protein containing CARD [carboxy-terminal caspase recruitment domain]) and the effector protein caspase-1 comprises the NLRP3 inflammasome (Swanson et al., 2019; Yang et al., 2019). Its activation first requires a priming step mediated by NF-κB (nuclear factor kappa light chain enhancer of activated B cells) signaling, which occurs via PAMP or DAMP activation of TLRs (Toll-like receptors) or NOD2 (nucleotide binding oligomerization domain containing 2), or through soluble mediators such as TNFα (tumor necrosis factor alpha) and IL-1β (interleukin-1 beta) (Swanson et al., 2019; Gritsenko et al., 2020). Priming serves to (1) upregulate transcription of inflammasome components of NLRP3, pro-IL-18, and pro-IL-1β, and (2) induce post-translational modifications of NLRP3 to stabilize its function (Swanson et al., 2019; Gritsenko et al., 2020). Following this step, NLRP3 forms oligomers through homotypic interactions via NACHT domains (NAIP [neuronal apoptosis inhibitor protein], CIITA [MHC class II transcription activator], HET-E [incompatibility locus protein from Podospora anserina] and TP1 [telomerase-associated protein]) (Damiano et al., 2004), which recruits ASC proteins via homotypic PYD–PYD interactions to nucleate helical ASC filament formation (Swanson et al., 2019). Multiple ASC filaments coalesce into a single macromolecule, known as an ASC speck, to recruit caspase-1 through CARD–CARD interactions to facilitate caspase-1 self-cleavage and activation (Swanson et al., 2019; Yang et al., 2019). Caspase-1 cleaves and activates IL-1β, IL-18 (Swanson et al., 2019; Li et al., 2020), and the membrane pore-forming protein GSDMD (gasdermin-D), where its N-terminal domain (GSDMDNterm) oligomerizes to create a cell membrane pore (Shi et al., 2015; Swanson et al., 2019). Though the exact mechanism of NLRP3 inflammasome activation remains elusive, many sources suggest that common second-messenger pathways link the multiple upstream signals to inflammasome activation, including potassium efflux, decrease in intracellular calcium, lysosomal disruption, mitochondrial dysfunction, and reactive oxygen species (Artlett and Thacker, 2015; Elliott and Sutterwala, 2015; Man and Kanneganti, 2015; He et al., 2016). Given the inflammatory properties inherent with NLRP3 inflammasome activation, this pathway has been interrogated in autoimmune conditions such as SSc-ILD.
Aberrant activation of the NLRP3 inflammasome has garnered significant interest for its potential pathogenic role in inflammatory conditions such as SSc-ILD. Genome-wide association studies have shown polymorphisms in the NLRP3 gene to be linked with the development of ILDs such as asbestosis (rs35829419) (Franko et al., 2020), coal workers pneumoconiosis (rs1539019) (Ji et al., 2012), and silicosis (rs1539019 and rs34298354) (Weng et al., 2015); while specific NLRP3 polymorphisms have yet to be identified in SSc-ILD, further study in this arena could identify convergent molecular mechanisms linking divergent disease states. However, translational work completed by Artlett and colleagues demonstrated the connection between NLRP3 inflammasome activation and SSc by showing that dermal fibroblasts from SSc patients exhibit increased expression of inflammasome components, and that experimentally induced caspase-1 inhibition of both dermal and lung SSc fibroblasts ameliorated collagen deposition, reduced IL-1β and IL-18 secretion, and decreased αSMA (alpha smooth muscle actin) expression (Artlett et al., 2011). Additionally, studies investigating the pathogenic contribution of chronic parvovirus B19 (B19V) infection in SSc revealed that monocytes derived from SSc patients express significantly elevated mRNA levels of NLRP3 than monocytes derived from healthy control subjects in the presence of B19V infection (Zakrzewska et al., 2019). Furthermore, mice deficient in NLRP3 (−/−) and ASC (−/−) were shown to be resistant to BLM (bleomycin) induced skin and lung fibrosis (Artlett et al., 2011). Additional work validated the finding of NLRP3 overexpression in SSc, including the association between skin thickness and NLRP3 expression (Martinez-Godinez et al., 2015). More recently, it was shown that miR-155 (microRNA-155) expression is indispensable for NLRP3 inflammasome mediated collagen production in SSc dermal and lung fibroblasts (Artlett et al., 2017; Henderson and O'Reilly, 2017). NLRP3−/− fibroblasts and those treated with caspase-1 inhibition had significantly decreased miR-155 expression and collagen synthesis, leading the authors to conclude that the NLRP3 inflammasome is required for miR-155 expression (Artlett et al., 2017; Henderson and O'Reilly, 2017). These discoveries not only advance our understanding of the pathophysiologic importance of the NLRP3 inflammasome in SSc, but also lend scientific rationale for targeting its inhibition.
Early preclinical studies targeting the NLRP3 inflammasome identified the sulfonylurea glyburide as a potential inhibiting agent as in vitro studies showed a reduction in caspase-1 activation and IL-1β and IL-18 secretion in ATP-treated, lipopolysaccharide-sensitized macrophages (Lamkanfi et al., 2009). MCC950 (also known as CRID-3 or CP-456,773) is a disulfonylurea compound similar to glyburide that has been shown to specifically bind to NLRP3 and prevent inflammasome activation, interrupting IL-1β, IL-1α, and IL-18 secretion in a myriad of preclinical work (Coll et al., 2015; Primiano et al., 2016; van der Heijden et al., 2017; van Hout et al., 2017; Perera et al., 2018; Coll et al., 2019; Tapia-Abellan et al., 2019; Vande Walle et al., 2019; Corcoran et al., 2021). While clinical evaluation of MCC950 led to its discontinuation due to hepatotoxicity (Chen et al., 2021), these early efforts provided the scientific premise for other small-molecule NLRP3 inhibitors that are in various phases of clinical trials, including dapansutrile, a specific NLRP3 inhibitor (Marchetti et al., 2018; Sanchez-Fernandez et al., 2019) that has been shown to be safe in heart failure (Wohlford et al., 2020) and gout (Kluck et al., 2020). Other small molecule NLRP3 inhibitors under investigation include IFM2427, inzomelid, somalix, IZD334, and NT-0167 (El-Sharkawy et al., 2020; Chen et al., 2021); their relevance and benefit to SSc-ILD will require additional translational and clinical evaluation.
Along with direct antagonism of the NLRP3 inflammasome, targeting soluble mediators related to this pathway has also been an area of active study. As stated above, TNFα and IL-1β mediate priming of the inflammasome, and its activation result in the production of IL-1β and IL-18. Moreover, integrative analysis of RNA sequencing studies of peripheral blood and lungs from SSc patients has further demonstrated the pathophysiologic significance of these cytokines (Kobayashi et al., 2021). Single cell RNA sequencing of lung tissue from SSc-ILD subjects revealed a subpopulation of monocytes (termed FCN1hi) that highly expressed, among others, genes related to TNF, IL1B, and IL1R2 (Valenzi et al., 2019; Kobayashi et al., 2021). Thus, in the next section of this review, we will discuss the fibroproliferative contribution of TNFα, IL-1β, and IL-18 in SSc-ILD.
Tumor necrosis factor alpha
TNFα is a pleiotropic pro-inflammatory cytokine produced by various stromal and immune cells that is initially expressed as a transmembrane precursor protein and undergoes cleavage by TACE (TNFα-converting enzyme) to release soluble TNFα (Black et al., 1997; Moha et al., 2002). Both transmembrane and soluble TNFα binds to TNFR1 (TNF receptor 1), while only its transmembrane form is able to recognize TNFR2 (TNF receptor 2) (Vandenabeele et al., 1995). TNFR1 is ubiquitously expressed and contains a conserved death domain that facilitates recruitment of the adaptor protein TRADD (TNFR1-associated death domain), triggering activation of four potential signaling complexes (Hsu et al., 1995). Complex I forms when TNF binds to TNFR1, leading to a conformation change in its cytoplasmic domain, leading to recruitment of key mediators that include TRADD, RIPK1 (receptor-interacting serine/threonine-protein kinase 1), TRAF2 (TNFR-associated factor 2), cIAP1/2 (cellular inhibitor of apoptosis protein 1 or 2), and LUBAC (linear ubiquitin chain assembly complex); these interactions mediate downstream events critical for canonical NF-κB and MAPK (mitogen-activated protein kinases) signaling that promote tissue and cell inflammation, survival, and proliferation (Baud and Karin, 2001; Micheau and Tschopp, 2003; Brenner et al., 2015). The formation of complexes IIa and IIb (known as apoptosomes) also involve TNF-TNFR1-TRADD-RIPK1 interactions, but also include recruitment of FADD (Fas-associated protein with death domain) and pro-caspase 8 to induce cytoplasmic apoptotic signaling; complex IIb also requires activation of RIPK3 (Cain et al., 1999; Wang et al., 2008; Brenner et al., 2015). Complex IIc (known as a necrosome) requires TNF-TNFR1-TRADD-RIPK1-RIPK3 interactions that mediate activation of MLKL (mixed lineage kinase domain-like protein) to initiate cellular necroptosis (Cho et al., 2009; Brenner et al., 2015). Meanwhile, TNFR2, expressed exclusively by immune and endothelial cells, lacks the death domain present in TNFR1, and alternatively recruits TRAF1 and TRAF2 to form Complex 1, leading to activation of NF-κB and MAPK pathways (Faustman and Davis, 2010; Brenner et al., 2015). Not surprisingly, TNFα signaling has been extensively evaluated in inflammatory conditions such as SSc-ILD.
Early translational studies with this cytokine demonstrated its critical role in experimental models of pulmonary fibrosis as TNFα was shown to modulate expression of TGFβ in various cells in the lungs (Warshamana et al., 2001; Sullivan et al., 2005; Sullivan et al., 2009). In elegant work completed by Sullivan and colleagues, they showed that both transcriptional and post-transcriptional modifications in TGFβ expression in mouse lung fibroblasts are induced by TNFα (Sullivan et al., 2005; Sullivan et al., 2009). In rodent models of lung fibrosis, mice exposed to BLM displayed increased expression of TNFα that was associated with TGFβ levels (Ortiz et al., 1998; Brass et al., 1999; Hou et al., 2018); moreover, adenoviral mediated TNFα overexpression in otherwise normal rat lungs resulted in upregulation of TGFβ1 and accumulation of αSMA expressing myofibroblasts (Sime et al., 1998). Additionally, in various murine models, genetic (Liu et al., 1998) and pharmacologic (Phan and Kunkel, 1992; Piguet et al., 1993) knockdown of TNFα and its receptor ameliorated chemically-induced lung fibrosis in a TGFβ dependent manner, suggesting a synergistic association between TNFα and TGFβ-mediated fibrosis. In a direct connection to the SSc disease state, high levels of TNFα have been detected in the BAL (bronchoalveolar lavage) (Bolster et al., 1997; Pantelidis et al., 2001) of SSc-ILD patients. Moreover, relative to alveolar macrophages (AMs) derived from SSc patients without pulmonary fibrosis, AMs from fibrotic SSc lungs displayed enhanced secretion of this cytokine (Pantelidis et al., 2001). However, other reports implicate an antagonistic relationship as chronic overexpression of TNFα not only protected mice from BLM-induced lung fibrosis (Fujita et al., 2003), but also accelerated resolution of this pathology through a reduction in profibrotic lung macrophages (Redente et al., 2014). This constellation of findings demonstrates a paradigm wherein TNFα exerts pathogenic or protective roles in pulmonary fibrosis that depends on cell-specific and temporal cues that would benefit from further evaluation.
Despite these findings, TNFα antagonism has been clinically therapeutic in inflammatory diseases such as RA (rheumatoid arthritis), ankylosing spondylitis, inflammatory bowel disease, and psoriasis, as well as various off-label indications (Haraoui, 2005; Jang et al., 2021). Not unexpectedly, this treatment strategy has been associated with exacerbating underlying ILD or resulting in de novo pneumonitis (Tengstrand et al., 2005; Andrew et al., 2006; Perez-Alvarez et al., 2011; Tamao et al., 2014), which has tempered enthusiasm for this agent in SSc-ILD. However, given that the blood of SSc patients is enriched for this cytokine (Pehlivan et al., 2012), particularly among those with lung disease (Murdaca et al., 2014), as well as the availability of several FDA-approved TNFα inhibitors, the indication for these agents in SSc-ILD have been explored. In an open-label pilot trial for diffuse cutaneous SSc, infliximab, a recombinant chimeric mouse/human monoclonal antibody, showed no significant improvement in MRSS (modified Rodnan skin scores); while there was potential for stabilization of skin disease, a high number of transfusion reactions limited use of this agent in this population (Denton et al., 2009). The role of infliximab remains unknown in SSc-ILD as there were no reports of its effect on lung function (Bosello et al., 2005; Denton et al., 2009); however, studies in sarcoidosis, another multi-system ILD, suggest that it has the potential to improve lung function (Baughman et al., 2006) and ameliorate multi-organ disease (Russell et al., 2013). Etanercept, a human TNF-receptor p75 Fc fusion protein that binds TNFα, showed promise in decreasing SSc associated inflammatory synovitis and was safely tolerated (Gordon et al., 2007). Although its role in SSc-ILD is largely unknown, in the same study, there was a no significant change in lung function (Gordon et al., 2007), and studies with this agent in sarcoidosis also demonstrated no change in lung function (Utz et al., 2003). Other FDA approved TNFα monoclonal antibodies include adalimumab and golimumab (Haraoui, 2005; Jang et al., 2021). While these agents have yet to be studied in SSc, they have been evaluated in sarcoidosis, where adalimumab has shown promise in improving lung function (Kamphuis et al., 2011; Milman et al., 2012; Sweiss et al., 2014), while golimumab demonstrated no benefit (Judson et al., 2014). Thus, despite the inflammatory nature of SSc-ILD, antagonism of TNFα signaling has demonstrated mixed results.
Interleukin-1 beta
IL-1β is a cytokine mainly produced by myeloid cells in its inactive form, pro-IL-1β (Dinarello, 2011). It is cleaved intracellularly by caspase 1, and extracellularly by serine proteases that result in its activation (Lamkanfi, 2011; Bode et al., 2012). IL-1β binds to its receptor, IL-1R1, which heterodimerizes with the accessory protein IL-1RAcP (IL-1 receptor accessory protein) to transmit signaling via intracellular activation of adaptor proteins such as MyD88 (myeloid differentiation primary response gene-88), leading to the production of NF-κB and MAPK (Dinarello, 2009; Van Gorp et al., 2019; Chauhan et al., 2020). IL-1β signaling results in the production of additional pro-inflammatory cytokines and chemokines such as TNFα, IL-6, IL-8, MCP1 (monocyte chemoattractant protein 1), CXCL1 (chemokine ligand 1), and MIP2 (macrophage inflammatory protein 2) (Chauhan et al., 2020). IL-1β signaling also drives amplification and polarization of CD4+ T-cells toward a Th1 and Th17 phenotype and promotes differentiation of antigen-specific CD8+ T-cells (Ben-Sasson et al., 2009; Santarlasci et al., 2013; Chauhan et al., 2020). As an effector of both innate and adaptive immune responses, the study of IL-1β can lend novel immunopathogenic insight into inflammatory conditions such as SSc-ILD.
Somewhat surprisingly, studies of IL-1β signaling have led to conflicting findings. Initial translational efforts found that excessive concentrations of IL-1β were present in the lungs, blood, and skin of SSc patients (Hussein et al., 2005). In experimental models of lung fibrosis, mice treated with BLM displayed increased IL-1β production, inflammation, remodeling, and fibrosis in a manner dependent on IL-1R1/MyD88 signaling (Gasse et al., 2007). These findings were significantly reduced in IL-1R1-and MyD88-deficient mice, suggesting the indispensable nature of endogenous IL-1β in pulmonary inflammation and fibrosis (Gasse et al., 2007). However, these findings are tempered by recent reports showing that IL-1 receptor inhibition can exacerbate pulmonary fibrosis; employing a murine model of SSc through the overexpression of Fra-2 (fos-related antigen-2), mice treated with an IL-1 inhibitor demonstrated worse lung function, enhanced Th2 inflammation, and greater numbers of pro-fibrotic, alternatively activated macrophages (Birnhuber et al., 2019). Similar to that of TNFα, these data demonstrate the context-dependent nature of IL-1β that warrants additional investigation.
Nonetheless, re-purposing FDA-approved IL-1β antagonists has been considered for this and other autoimmune diseases. Anakinra is a recombinant human IL-1Ra that competitively inhibits IL-1α and IL-1β interaction with IL-1R1 and is currently indicated for the treatment of refractory RA and for CAPS (Cryopyrin Associated Periodic Syndrome) (Cavalli and Dinarello, 2015). Its safety and efficacy have yet to be explored in SSc. Canakinumab is a human monoclonal anti-IL-1β antibody that has demonstrated efficacy in treating multiple autoimmune conditions (De Benedetti et al., 2018) as well atherosclerotic diseases in the CANTOS Trial (Ridker et al., 2012; Ridker et al., 2017a). Interestingly, additional analysis of the CANTOS cohort revealed a significant reduction in incident lung cancer and lung cancer mortality (Ridker et al., 2017b); these findings suggest that this agent is able to modulate processes in the lung, making it a promising candidate for treating SSc-ILD. Lastly, rilonacept is a soluble IL-1 trap that binds IL-1α and IL-1β; it has been approved for the treatment of CAPS (Hoffman et al., 2012) and has demonstrated safety and efficacy in other inflammatory disorders (Krause et al., 2012). Moreover, in a small cohort of SSc patients (n = 19), this drug, while demonstrating an acceptable safety and tolerability profile, did not demonstrate biologic (based on gene expression) or clinical (based on MRSS) efficacy (Manter et al., 2018). Ultimately, further work is required to determine the clinical benefit of IL-1β inhibition in SSc-ILD.
Interleukin-18
Along with IL-1β, NLRP3 inflammasome activation mediates production of IL-18, formerly known as IFN-γ (interferon-gamma) inducing factor. This cytokine is produced as pro-IL-18 by a number of cells, including macrophages and dendritic cells, and as with IL-1β, requires cleavage by caspase-1 to become biologically active (Arend et al., 2008; Dinarello et al., 2013). The IL-18 receptor, comprised of IL-18Rα and IL-18Rβ subunits, forms a high-affinity heterodimer expressed on various immune, endothelial, and smooth muscle cells, and is modulated by various other cytokines (Arend et al., 2008). Similar to the IL-1 receptor, IL-18 signal transduction proceeds via several intracellular adaptor molecules, including MyD88, IRAK1 (interleukin 1 receptor associated kinase 1), and TRAF6 to activate MAPK, NF-κB, and JNK (c-Jun N-terminal kinase) (Arend et al., 2008; Dinarello et al., 2013; Xu et al., 2019; Yasuda et al., 2019). IL-18 stimulates production of GM-CSF (granulocyte-monocyte colony-stimulating factor), TNFα, and IL-1β, and mediates both innate and adaptive immune responses (Arend et al., 2008). In the presence of IL-12 and IL-15, IL-18 can induce IFN-γ production by various T-cells and favors Th1 differentiation, a pro-inflammatory state; in the absence of IL-12 and IL-15, IL-18 signaling favors Th2 differentiation and promotes fibrosis (Dinarello et al., 2013; Kaplanski, 2018). Much like IL-1β, IL-18 has pleotropic effects in immune activation, suggesting a potential contribution in inflammatory conditions such as SSc-ILD.
Similar to work done with TNFα and IL-1β, studies of IL-18 have also led to contradictory results in SSc-ILD. In the serum of patients with SSc, increased concentrations of IL-18 were identified, and these levels negatively correlated with lung function, suggesting a role in mediating lung disease (Lin et al., 2019). However, both profibrotic and anti-fibrotic properties of IL-18 have been illustrated. In experimentally-induced pulmonary fibrosis, mice subjected to BLM administration exhibited increased concentrations of IL-18 in the lung (Oku et al., 2008). Additionally, novel work investigating the myeloid-specific contribution of autophagy in lung injury showed that mice deficient in the key autophagy gene Atg7 develop spontaneous lung inflammation that was predominantly mediated by IL-18 from constitutive inflammasome activation (Abdel Fattah et al., 2015). Here, the authors showed that IL-18 antagonism inhibited the recruitment of lymphocytes and neutrophils in the lungs of these mice, suggesting a critical role for myeloid-specific IL-18 (Abdel Fattah et al., 2015). However, another study showed that mice deficient in IL-18 exhibited greater lung injury and weight loss in response to BLM administration (Nakatani-Okuda et al., 2005). In that same study, while therapeutic administration of IL-18 had no effect on BLM-induced lung injury, prophylactic IL-18 treatment prior to BLM administration ameliorated findings of lung injury (Nakatani-Okuda et al., 2005). The pleotropic effects of IL-18 altering the balance between Th1 and Th2 responses is likely contributing to this conundrum (Kim et al., 2010), and further study is sorely needed to unravel this complex biology.
Despite these conflicting in vivo data, IL-18 inhibition is currently under investigation for therapeutic benefit. Tadekinig alfa, a recombinant human IL-18 binding protein, was shown to be effective in treating adult onset Still’s disease (Gabay et al., 2018; Kiltz et al., 2020) and NLRC4 associated macrophage activation syndrome (Canna et al., 2017). GSK1070806, a monoclonal IL-18 antibody, was shown to be safely tolerated (Mistry et al., 2014) and is currently being evaluated in a phase 1b clinical trial for atopic dermatitis (NCT04975438) and phase 2 clinical trial for moderate to severe Crohn’s disease (NCT03681067). Additional work will be needed to determine whether IL-18 is promoting disease or protecting the lung in SSc-ILD.
CONCLUSION
This concludes our review of NLRP3 inflammasome signaling and associated cytokines of TNFα, IL-1β, and IL-18 as novel therapeutic targets in SSc-ILD; these findings are summarized in Table 1 and depicted in Figure 1. Study of this complex biology requires further investigation to fully characterize the context-dependent roles of this signaling pathway and soluble mediators in protecting against or promoting pulmonary fibrosis in SSc-ILD. Addressing such knowledge gaps require improved modeling systems that better recapitulate human disease; rodent models exhibit relatively swift progression of lung fibrosis, fail to reproduce lung histopathology, and resolve fibrosis with discontinuation of the pro-fibrotic agent (Herzog et al., 2014). Thus, while animal modeling is viewed as a useful tool for the in vivo study of lung disease that would be unethical and impractical in humans, their value is limited. Work complemented by studies of primary human cells and tissues, as well as functional studies of explanted cells and organs, have been instrumental in replicating the salient features of the healthy and diseased adult mammalian lung (Herzog et al., 2014). Translational studies integrating traditional in vivo models with state-of-the-art ex vivo mimetics will have more direct relevance to the human disease state. Such work has the potential to yield insight into novel pathophysiologic mechanisms while catalyzing new treatment approaches, including repurposing old and developing new drugs, in this intractable condition.
TABLE 1 | Antagonists and their mechanism of action.
[image: Table 1][image: Figure 1]FIGURE 1 | Proposed model of NLRP3 inflammasome signaling. (A) Assembly of the NLRP3 inflammasome first requires a priming step that is mediated by NF-κB (nuclear factor kappa light chain enhancer of activated B cells) signaling, which occurs via PAMP (pathogen associated molecular pattern) or DAMP (damage associated molecular pattern) activation of TLRs (toll-like receptors) or NOD2 (nucleotide binding oligomerization domain containing 2), or through soluble mediators such as TNFα (tumor necrosis factor alpha) and IL-1β (interleukin-1 beta). Priming upregulates transcription of inflammasome components of NLRP3, pro-IL-18, and pro-IL-1β. Following this step, components of the NLRP3 inflammasome coalesce to form the ASC speck and subsequently the inflammasome, activating caspase-1 to cleave pro-IL-1β and pro-IL-18 into their respective products, IL-1β and IL-18. (B) Antagonism of the NLRP3 inflammasome or mediating cytokines (TNFα, IL-1β, and IL-18) have shown potential as novel therapeutic targets in SSc-ILD. Parts of the figure were drawn by using pictures from Servier Medical Art. Servier Medical Art by Servier is licensed under a Creative Commons Attribution 3.0 Unported License (https://creativecommons.org/licenses/by/3.0/).
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Machine learning identified MDK score has prognostic value for idiopathic pulmonary fibrosis based on integrated bulk and single cell expression data
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Idiopathic pulmonary fibrosis (IPF) is a progressive and fatal lung disease that poses a significant challenge to medical professionals due to its increasing incidence and prevalence coupled with the limited understanding of its underlying molecular mechanisms. In this study, we employed a novel approach by integrating five expression datasets from bulk tissue with single-cell datasets; they underwent pseudotime trajectory analysis, switch gene selection, and cell communication analysis. Utilizing the prognostic information derived from the GSE47460 dataset, we identified 22 differentially expressed switch genes that were correlated with clinical indicators as important genes. Among these genes, we found that the midkine (MDK) gene has the potential to serve as a marker of Idiopathic pulmonary fibrosis because its cellular communicating genes are differentially expressed in the epithelial cells. We then utilized midkine and its cellular communication-related genes to calculate the midkine score. Machine learning models were further constructed through midkine and related genes to predict Idiopathic pulmonary fibrosis disease through the bulk gene expression datasets. The midkine score demonstrated a correlation with clinical indexes, and the machine learning model achieved an AUC of 0.94 and 0.86 in the Idiopathic pulmonary fibrosis classification task based on lung tissue samples and peripheral blood mononuclear cell samples, respectively. Our findings offer valuable insights into the pathogenesis of Idiopathic pulmonary fibrosis, providing new therapeutic directions and target genes for further investigation.
Keywords: idiopathic pulmonary fibrosis, machine learning, midkine, single cell sequencing, integrated analysis
1 INTRODUCTION
Idiopathic pulmonary fibrosis (IPF) is a chronic and progressive lung disease characterized by the accumulation of scar tissue in the lungs, leading to difficulty breathing and chronic respiratory failure (Martinez et al., 2017; Chanda et al., 2019). The disease primarily affects older adults and is associated with high mortality rates, with a median survival of 3–5 years if untreated. The exact cause of IPF is not yet fully understood, though it is believed to be a result of a combination of genetic susceptibility and environmental exposures such as smoking, air pollution, and viral infections (Martinez et al., 2017). Currently, treatment options for IPF are limited, and there is still much to discover about its underlying mechanisms and potential therapeutic targets.
Some studies have focused on several key pathways involved in IPF pathogenesis, including epithelial-mesenchymal transition (EMT) and extracellular matrix (ECM) dysregulation (Chanda et al., 2019; Peng et al., 2020). In response to environmental triggers, immune cells such as macrophages and T cells are activated, leading to the release of pro-inflammatory cytokines and chemokines (Lee et al., 2021; Tanner et al., 2023). This activation results in the recruitment and activation of fibroblasts, which contribute to excessive ECM deposition and scarring in the lungs. EMT is a process in which epithelial cells lose their characteristic properties and acquire mesenchymal characteristics, enabling them to migrate and differentiate into other cell types. In IPF, EMT contributes to the accumulation of activated fibroblasts and myofibroblasts, which play a major role in ECM remodeling and fibrosis. ECM dysregulation is a hallmark of IPF and is characterized by excessive deposition and remodeling of ECM proteins such as collagen, fibronectin, and elastin. Understanding the complex interactions between these pathways and identifying potential therapeutic targets are major areas of focus in current IPF research (Martinez et al., 2017; Chanda et al., 2019).
The single-cell technique is a high-throughput analytical technique that enables gene expression profiling of individual cells, allowing for the detection of subtypes and functional differences between different cells, identification of rare cell types, and discovery of disease-related key genes and pathways at the cellular level (Sklavenitis-Pistofidis et al., 2021). Moreover, single-cell studies have also made significant contributions to the understanding of the pathogenesis of IPF. For instance, Morse et al. revealed an increase in fibroblasts, basal cells, ciliated cells, and club cells in IPF. They also identified macrophages expressing high levels of SPP1 and MERTK, which contribute significantly to lung fibrosis (Morse et al., 2019). Adams et al. discovered a unique basal cell population in IPF that expresses markers associated with basal cells, epithelial cells, mesenchymal cells, aging, and development. These findings suggest that the appearance of this cell population may be related to EMT in IPF patients (Peng et al., 2020). Additionally, Kobayashi et al. focused on the pre-alveolar type-1 transitional cell state (PATS) and found that markers of stratifin (SFN), tumor protein p63 (TP63), keratin 17 (KRT17), and TP63 are co-expressed with collagen type I alpha 1 chain (COL1A1) in highly fibrotic cells, resulting in an aberrant elongated shape of the PATS cells (Kobayashi et al., 2020). Despite the progress made in understanding IPF through these studies, the specific pathogenesis of IPF, as well as the underlying causes of EMT and ECM formation in IPF, remain unclear and require further investigation.
In this study, we integrated five bulk gene expressing datasets and performed a comprehensive analysis with single-cell RNA sequencing (scRNA-seq) data results. We identified several differentially expressed genes that have clinical relevance and provided new insights into pathogenic factors, such as ECM and EMT, that are involved in IPF. Specifically, we constructed an SVM classifier for the MDK gene and related communication genes, achieving high accuracy in both lung tissue and peripheral blood sequencing datasets. These findings offer new directions for future research into the pathogenesis of IPF.
2 RESULTS
2.1 Integrated bulk gene expression datasets identified consistently differentially expressed genes
Following acquisition of the bulk gene expression datasets, we conducted an analysis and identified a total of 1215 differentially expressed genes (DEGs). Among these DEGs, 745 were upregulated in more than two datasets, and 23 genes were consistently upregulated in all five datasets (Figure 1A, Supplementary Figure S1). Notably, the upregulated genes, such as MDK, tetraspanin 1 (TSPAN1), COL1A1, and collagen type I alpha 2 chain (COL1A2), were found to be enriched in extracellular matrix-related pathways, cytokines and cytokine receptor pathways, and collagen binding pathways (Supplementary Figures S1A, S1B). On the other hand, the downregulated genes were primarily enriched in G protein-coupled receptor (GPCR) signaling and cytokine binding (Supplementary Figures S1C, S1D).
[image: Figure 1]FIGURE 1 | Consistent differentially expressed genes from bulk gene expression datasets, their subnetwork, and enriched pathways of IPF. (A). Dot plot shows the fold change and p-values of consistent DEGs in all five lung tissue bulk gene expression datasets (GSE110147, GSE134692, GSE47460, GSE48149, and GSE53845). (B). The sub-network from the protein–protein interactions network (PPI network), which includes the genes related to ECM of the IPF, with the red ones representing high expression in IPF, orange ones representing both high expression and being clinically related in IPF, light blue ones representing low expression in IPF, and deep blue one representing both low expression and being clinically related in IPF. (C). The Reactomes enrich pathways related to the subnet of Figure 1B.
To elucidate the interplay among the DEGs and provide insight into their biological functions in IPF, we conducted protein–protein interaction (PPI) network analysis using the STRING database, which enabled identification of subnetworks. Notably, we identified a subnet consisting of the COL1A1 and COL1A2 genes, which showed significant enrichment in extracellular matrix (ECM)-related pathways (Figure 1B), predominantly comprising upregulated genes. This finding corroborated previous research, highlighting the pivotal role of ECM in IPF pathogenesis (Figure 1C).
2.2 Single-cell atlas of IPF lung tissues reveals the roles of different cell types in IPF
During the single-cell RNA sequencing (scRNA-seq) process, we initially selected IPF and normal samples from the GSE135893 dataset, specifically targeting IPF and normal control samples. We excluded samples diagnosed with interstitial lung disease (ILD) from the dataset (Habermann et al., 2020a). After discarding empty droplets, doublet cells, and dead cells, we ultimately identified a total of 54,151 cells from 12 IPF samples and 29,601 cells from 10 normal samples. We annotated these cells as belonging to four primary groups based on the marker genes and unsupervised clustering: fibroblasts, endothelial cells, epithelial cells, and immune cells (Figure 2A). Subsequently, each primary group was further divided into specific cell types, including 16 types of immune cells, 4 types of endothelial cells, 7 types of epithelial cells, and 7 types of fibroblasts (Figures 2B, C).
[image: Figure 2]FIGURE 2 | Construction of single-cell RNA-seq atlas of the lung tissue from IPF (A). The UMAP plot of four main cell types in single-cell sequencing data, including endothelial cells, immune cells, epithelial cells, and fibroblasts. (B). The UMAP plot of the single-cell sequencing data, including 83752 cells of 34 cell types from the lung tissue. (C). The TSNE plot with the label of different cell types, which have the same label as Figure 2B. (D). The cell proportion of four main types in different groups, revealing the high proportion of fibroblasts and epithelial cells in the IPF group. (E). The volcano plot of the cell markers in different types of cells in the single-cell sequencing data.
We further performed cell proportion analysis, pseudotime analysis, switch gene selection, and cell communication analysis on the primary cell types. For immune cells, we identified 124 downregulated and 182 upregulated DEGs (Supplementary Table S2), with a subset of 8 downregulated and 12 upregulated DEGs observed in the bulk gene expression data. Similarly, for endothelial cells, we detected 327 downregulated and 270 upregulated DEGs (Supplementary Table S2), among which 79 downregulated and 14 upregulated DEGs were also identified in the bulk gene expression data.
Within fibroblasts, we identified 334 downregulated DEGs and 569 upregulated DEGs (Supplementary Table S2), with 24 downregulated and 68 upregulated DEGs overlapping with the DEGs from bulk gene expression data. The proportion of fibroblasts has increased from 2% in the control group to 5% in the IPF group (Figure 2D). Notably, a subgroup of fibroblast exhibiting high expression of gene markers for both myofibroblasts [COL1A1, actin alpha 2, smooth muscle (ACTA2)] and lipofibroblasts [COL1A1, perilipin 2 (PLIN2)] was identified and classified as PLIN2+ myofibroblasts (Figures 2B,C; Figure 3A). Most of the myofibroblasts and lipofibroblasts were derived from IPF patients (Figure 3B, Supplementary Figure S5F). We analyzed the pseudotime trajectory from the lipofibroblasts to myofibroblasts in IPF (Figures 3C,D), and identified 17 transcription factors and 34 surface proteins, many of which were related to ECM pathways (Supplementary Figure S3, Figure 3E). Additionally, cell communication analysis revealed strong communication in ECM-related pathways, particularly in collagen signaling (Figure 3F), which are critical components of ECM, and has been implicated in IPF (Chanda et al., 2019; Hamanaka et al., 2019).
[image: Figure 3]FIGURE 3 | Overview and pseudotime results of fibroblasts from single-cell RNA-seq dataset (A). The UMAP plot of the fibroblasts in single cell sequencing data, containing seven subtypes of fibroblasts. (B). The UMAP plot with the labels of different groups, with the blue representing the control group and red the IPF group. (C). Pseudotime trajectory plot of fibroblast calculated by monocle2. The trace from left to right reveals the trace from lipofibroblasts to myofibroblasts. (D). The pseudotime of the cell development trajectory plot in Figure 3C. (E). The switch DEGs of the GO: extracellular matrix pathway in the trace from lipofibroblasts to myofibroblasts. (F). The strength of the cell-to-cell communication pathways in fibroblasts from the IPF group. The collagen-related communication shows the strongest communication.
The most significant difference between IPF and control groups was found in the epithelial cells. There were 107 downregulated DEGs and 163 upregulated DEGs identified in both the single-cell dataset and bulk gene expression (Supplementary Table S1 and Supplementary Table S2). The proportion of the epithelial cells in IPF patients was higher (44%) compared to the control group (27%) (Figure 2D, Supplementary Figure S5G). Specifically, epithelial cells from IPF samples were predominantly ciliated and club cells, while normal epithelial cells were primarily composed of alveolar type 2 progenitor (AT2) cells (Figures 4A, B). To gain a better understanding of the transition of epithelial cells, we analyzed the pseudotime trajectory from basal cells to AT2 cells and identified switch genes in this trace from control and IPF groups (Figure 4C). In the IPF group, a total of 1241 genes were identified as switch genes. Among these genes, there were 83 differentially expressed genes with absolute log2 fold change (|log2FC|) > 0.58. Additionally, we found 87 surface proteins, including MDK, TSPAN1, and serpin family F member 1 (SERPINF1), as well as 37 transcription factors, such as nuclear receptor 4A 1 (NR4A1) (Supplementary Table S3). In the control group, 1198 genes were identified as switch genes, including 74 differentially expressed genes, 79 surface proteins (including MDK, TIMP metallopeptidase inhibitor 1 (TIMP1), and TSPAN1), and 39 transcription factors (including NR4A1) (Supplementary Table S3). Among these genes, 28 were identified as distinct switch genes between IPF and control groups, with 8 exhibiting differential expression. For the common switch genes, by intersecting with DEGs in bulk gene expression datasets and single cell datasets, specific genes such as MDK and TSPAN1 are highlighted.
[image: Figure 4]FIGURE 4 | Overview and communication results of epithelial cells from single-cell RNA-seq dataset (A). UMAP plot of the epithelial cells in single-cell sequencing data containing seven subtypes of epithelial cells. (B). UMAP plot with the labels of different groups of epithelial cells, with blue representing the control group and red the IPF group. (C). Pseudotime trajectory plot of epithelial cells calculated by monocle2. The trace from beneath to right up reveals the trace from basal cells to AT2 and AT1 cells. (D). The number of inferred cell-to-cell interactions (left) and the interaction strength (right) in epithelial cells. (E). The upregulated pathways in the communication of epithelial cells from the IPF group. (F). The comparison of overall signaling patterns in the IPF and control groups of epithelial cells.
Furthermore, cell communication analysis revealed more interactions and similar strengths in the IPF group compared to the control group (Figure 4D). In particular, cell communication that was more expressed in IPF epithelial cells was mainly concentrated in MDK, CD99, and other pathways (Figure 4E). Besides, ECM-related cell communication was found to be increased in basal cells and ciliated cells but decreased in AT2 and AT1 cells (Figure 4F). Notably, we identified a potentially important gene, MDK, based on multiple lines of evidence. Firstly, the expression of the MDK gene was found to be upregulated in both bulk datasets and epithelial cells. Secondly, MDK was identified as a switch gene in both the IPF and Control groups. Thirdly, MDK-related communication pathway genes showed differential expression between the IPF and Control group. The related midkine pathway also exhibited significant differences between the IPF and control groups (Figure 4F), suggesting that MDK plays a major role in the progression of IPF. These findings provide novel insights into the underlying mechanisms of IPF pathogenesis and offer potential targets for therapeutic intervention.
2.3 Clinical indexes correlation analysis in GSE47460 identified the clinically related genes of IPF
To evaluate the clinical relevance of the differentially expressed genes and switch genes, we analyzed the dataset GSE47460. We calculated the Pearson’s correlation coefficient (PCC) between gene expression data and various clinical indicators, such as pre- and post-bronchodilator Forced Expiratory Volume (FEV1), pre- and post-bronchodilator Forced Vital Capacity (FVC), and diffusing capacity of the lungs for carbon monoxide (DLCO). Among the differentially expressed genes identified from five lung tissue gene expression datasets, we found 143 genes that showed moderate correlation with clinical indicators, including 79 upregulated genes and 64 downregulated genes (|PCC| > 0.4). Specifically, upregulated genes were negatively correlated with clinical indicators, whereas downregulated genes showed the opposite trend (Supplementary Figure S4). Additionally, enriched pathway analysis revealed that the upregulated genes associated with clinical relevance were primarily involved in ECM and GPCR binding-related pathways (Supplementary Table S2). These findings provide valuable insights into the link between gene expression and clinical indicators in IPF patients.
In order to further screen the related genes of IPF disease, we defined the genes satisfying the following conditions as important genes: 1. DEGs obtained from bulk gene expression datasets, 2. DEGs of different cell types from single-cell sequencing, 3. switch genes in main cell types, and 4. genes related to clinical indicators. This led to the identification of 22 genes (Supplementary Table S5). Among these genes, caveolin 1 (CAV1), insulin-like growth factor (IGF1), and TSPAN1 have previously been reported as potential markers of IPF (Lin et al., 2019; Liu et al., 2019; Hernandez et al., 2020). For other genes, glutathione peroxidase 3 (GPX3) was identified as a switch gene in both endothelial and immune cells and as a DEG in all five gene expression datasets. Furthermore, the MDK gene, as previously mentioned, may play an important role in the development of IPF in epithelial cells through the MDK-related pathway and the MDK-TSPAN1 ligand-receptor pair.
2.4 Regulation of MDK genes in epithelial and endothelial cells of IPF
Through integrative analysis of bulk gene expression and single-cell RNA sequencing data, we identified MDK as an important gene in IPF. MDK was upregulated in three gene expression datasets, similar to TSPAN1 expression, which is another important gene and composed ligand-receptor pair with MDK. Both MDK and TSPAN1 were significantly correlated with clinical indicators. Specifically, MDK expression showed a negative correlation with FEV indices and DLCO index (post-bronchodilator FEV: coefficient = −0.47; pre-bronchodilator FEV: coefficient = −0.4; DLCO: coefficient = −0.32), while TSPAN1 was negatively correlated with the DLCO index (coefficient = −0.45) (Figure 5A). Moreover, MDK was highly expressed in both endothelial and epithelial cells in the single-cell RNA sequencing data, whereas TSPAN1 exhibited high expression specifically in epithelial cells (Figure 5B). Furthermore, MDK was identified as a switch gene in the cell trajectory analysis from basal cells to AT2 cells in both IPF and control groups together with TSPAN1 (Supplementary Table S3).
[image: Figure 5]FIGURE 5 | Analysis results of MK signaling pathway and prediction result of lung tissue datasets (A). Pearson coefficient of MDK and TSPAN1 gene in five clinical indexes in GSE47460. (B). Violin plot of MDK and TSPAN1 in the epithelial cells, with the red representing the control group and the blue representing the IPF group. (C). Chord chart of cell-to-cell communication of the MK signaling pathway in epithelial cells, with the left one being IPF and the right one the control group. (D). The MK signaling pathway network in the epithelial cells, with the upper one being the IPF group and the lower one being the control group. (E). The bubble plot of increasing and decreasing signaling ligand–receptor pairs in IPF, with high communication of club cells being seen in IPF and low communication in AT2 cells in IPF. (F). Chord chart of MK signaling pathway network in endothelial cells. Statistical analysis was performed to verify the Pearson correlation, or the two-sample t-test was used for comparisons between two groups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
Through cell communication analysis, we observed that the MDK gene exhibited a high degree of communication with club cells and ciliated cells in IPF group. In contrast, AT2 cells showed increased communication in the control group (Figure 5C, Supplementary Figure S3A). Specifically, in the IPF group, club cells were identified as the senders in the MDK communication pathway, with ciliated cells and club cells acting as the main receivers. Other cells, including AT2 cells and basal cells, acted as mediators and influencers in the communication process (Figure 5D). In contrast, in addition to club cells, the senders in the control group were also comprised of ciliated cells and goblet cells, with only AT2 cells serving as the receivers (Figure 5D). Other cells, such as basal cells, club cells, and ciliated cells, were relatively reduced in the MDK signaling pathway network. These findings highlight the complex interactions involved in MDK-mediated cell communication in the context of IPF.
To elucidate the mechanisms underlying the transition of ciliated cells from senders to receivers in the IPF group, we conducted an analysis of the ligand-receptor pairs in the IPF and control groups. The results revealed that MDK-nucleolin (NCL), MDK- syndecan 1 (SDC1), MDK-SDC2, and MDK-SDC4 were involved in signaling from ciliated cells to AT2 cells in the control group, while no such signal was detected in the IPF group. Moreover, the ligand-receptor pairs MDK-NCL and MDK-SDC4 were involved in signaling from ciliated cells to ciliated cells or club cells in the control group, whereas in the IPF group, MDK-SDC4 and MDK-NCL exhibited higher expression in basal cells, club cells, and goblet cells compared to ciliated cells. These findings may be related to the abnormal expression patterns observed in the epithelial cells of IPF. Additionally, other differences in cell communication were mainly observed between club and AT2 cells (Figure 5E).
In addition to its role in epithelial cells, MDK has also been identified as a DEG in endothelial cells, prompting us to conduct an analysis of its cellular communication. The results revealed that in IPF, lymphatic endothelial cells and vein cells primarily functioned as senders, with vein cells acting as the main receivers. In contrast, in the control group, the role of lymphatic endothelial cells was diminished, and the communication was predominantly observed in the artery and capillary endothelial cells (Figure 5F, Supplementary Figure S3B, C). The ligand-receptor pairs involved in the MDK signaling pathway in endothelial cells are mainly comprised of MDK-NCL and MDK-[integrin subunit alpha 6 (ITGA6) + integrin subunit beta 1 (ITGB1)] (Supplementary Figure S3D). Taken together with the findings from our analysis of epithelial cells, these results highlight the differential expression pattern and cellular communication mechanisms of MDK and their potential implications for disease pathogenesis.
2.5 SVM models accurately classify the IPF using MDK and its communication genes in both lung tissue and PBMC datasets
In the previous section, we identified MDK as a crucial gene involved in the pathogenesis of IPF. The regulation of MDK is primarily mediated by two potential pathways: the MDK-TSPAN1 ligand–receptor pair and the MK signaling pathway in epithelial cells. We hypothesized that differences in the MK signaling pathway network in ciliated cells, club cells, and AT2 cells may play a critical role in the development of IPF. To investigate whether MDK and related receptors can serve as markers for IPF, we constructed a machine learning model utilizing gene expression data from both lung tissue and PBMC samples. Our aim is to examine the diagnostic potential of MDK and its associated genes in identifying patients with IPF.
In this analysis, we employed an approach to calculate the MDK score (referred to as MK score) in lung tissue by determining the mean expression levels of MDK-related genes. The set of MDK-related genes included MDK, TSPAN1, SDC1, SDC2, SDC4, protein tyrosine phosphatase receptor type Z1 (PTPRZ1), ITGA4, ITGA6, ITGB1, low-density lipoprotein receptor-related protein-1 (LRP1), NCL, and anaplastic lymphoma kinase (ALK). To explore the relationship between the MK score and clinical indicators, we utilized the GSE47460 dataset. Pearman’s correlation analysis revealed a moderate correlation between the MK score and clinical indicators, which included −0.466 for DLCO, −0.315 and −0.321 for pre- and post-FEV1, and -0.394 and −0.418 for pre- and post-FVC (Figure 6A). These findings support the feasibility of employing MDK-related genes as potential markers of IPF.
[image: Figure 6]FIGURE 6 | Prediction and correlation analysis result of MK score and MDK related genes (A). Dot plot of the Pearson coefficient of MK score in five clinical indexes in GSE47460, labeling the value of the Pearson coefficient and the p-value of the result. (B). The ROC curve of the IPF disease classification test dataset by SVM model based on the expression of MDK and related genes in lung tissue bulk gene expression data, with an AUC = 0.94. (C). The ROC curve of the individual validation dataset of lung tissue by SVM based on the expression of MDK and related genes. (D). The ROC curve of the IPF disease classification by SVM model based on the expression of MDK and related genes in PBMC bulk gene expression data, with an AUC = 0.86.
Moreover, we employed machine learning techniques to develop predictive models for the identification of IPF using three lung tissue bulk gene expression datasets and three PBMC bulk gene expression datasets. Prior to model development, we conducted rigorous quality checks and performed necessary data preprocessing on the lung tissue datasets. We utilized 316 samples for training and testing purposes, with an 8:2 ratio, and selected 78 independent validation samples. Among the various models (support vector machine, Adaboost, and random forest) after five-fold cross-validation and grid search, the support vector machine (SVM) model exhibited the highest accuracy of 0.838 in the test dataset. Importantly, the independent validation dataset demonstrated an accuracy of 0.821. The AUC of 0.94 and 0.86 for test and validate datasets (Figures 6B, C). Regarding the PBMC datasets, we performed a random split of the samples into training (227 samples) and testing datasets (56 samples) with an 8:2 ratio. The SVM model yielded an AUC of 0.86, with precision rates of 0.857 for IPF patients and 0.6 for the control group (Figure 6D). These findings suggest that MDK may serve as a potential marker gene for IPF diagnosis, highlighting its significant role in the context of IPF.
3 METHODS
3.1 Data acquisition
The datasets utilized in this study were obtained from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/). The datasets included the GSE47460, GSE110147, GSE134692, GSE48149, and GSE53845 gene expression datasets from lung samples (DePianto et al., 2015; Anathy et al., 2018; Cecchini et al., 2018; Sivakumar et al., 2019; Renaud et al., 2020), GSE135893 single-cell RNA sequencing dataset from lung samples (Habermann et al., 2020b), and GSE132607, GSE28042, as well as GSE38958 (Herazo-Maya et al., 2013; Huang et al., 2014; 2021) gene expression datasets from PBMC samples. A total of 365 IPF lung samples and 155 normal lung tissue bulk gene expression data, 184 IPF and 99 normal PBMC bulk gene expression data, as well as 12 IPF lung and 10 normal lung single-cell RNA sequencing data, were analyzed. Further details regarding the dataset can be found in Supplementary Table S6.
3.2 The process of bulk gene expression datasets
For each bulk dataset of lung samples, we first checked the quality of samples by measuring the distribution of relative log expression (RLE). Assuming the majority of expressed genes are not differentially expressed, the RLE values should generally be centered around 0 and spread within a limited range (Gregory Alvord et al., 2007). As shown in Supplementary Figure S4, most of the samples have RLE centered around 0 and spread within a small range (Supplementary Figure S4A, S4B). Then we performed differential analysis using the limma package for expression chips or EdgeR package for bulk gene expression data by selecting genes with absolute log2 fold change (|log2FC|) >1 and adjusted p < 0.05 as the differentially expressed genes in each dataset (Ritchie et al., 2015; Zhu et al., 2021). We subsequently selected genes with consistently up- or downregulated in at least two datasets and no opposite differential expression in other datasets like DEGs. Using the clusterProfiler package (Yu et al., 2012), we conducted pathway enrichment analysis of GO (Carbon et al., 2021), KEGG (Kanehisa et al., 2021), and Reactome (Gillespie et al., 2022) for the differentially expressed genes, using adjusted p-value <0.05 as the screening criteria to obtain relevant gene pathways. Additionally, we carried out PPI analysis of the selected differentially expressed genes through the protein network interaction database STRING (https://string-db.org/), which was then imported into the cytoscape 3.7.2 software (Shannon et al., 2003) and identified key gene modules using the MCODE plug-in. We used the haircut method with a node score of 0.2 and selected nodes with a degree of more than 2, maximum depth of 100, and k-core of 2 to discover relevant gene clusters.
3.3 The process of single-cell RNA sequencing
3.3.1 Quality check
In this study, we utilized single-cell RNA sequencing analysis by R (version 3.6.0) and Seurat (version 4.0.1) (Stuart et al., 2019; Qiu et al., 2023). We first used emptyDrops method from Seurat to calculate and select FDR less than 0.1 as threshold to replace the empty droplets. After that, we used the PercentageFeatureSet function to calculate the proportion of mitochondrial genes in the cells and replaced the dead cells deciding by a mitochondrial genes proportion more than 25% combined with identifying RNA values of less than 1000 (Supplementary Figure S4C). For each sample, the top 2000 variable feature genes were selected by using the FindVariableFeatures function from 27674 genes in each cell. The repeatedly present variable genes were selected by using the SelectIntegrationFeatures function. Then, the samples were integrated using the FindIntegrationAnchors and IntegrateData functions. These integration steps can align cell populations from different batches to correct for technical differences between datasets. Then the integrated data for all cells were further processed using the ScaleData, RunPCA, and RunUMAP functions. Cells were finally clustered with the FindNeighbors and FindClusters functions. The cells are generally clustered by cell types and not by sample or disease status (Supplementary Figures S5A–D).
3.3.2 Cell annotation, double droplets removal, and DEG calling
To classify cells with high accuracy, we divided the cell annotation process into two steps. Firstly, cells are divided into four major kinds: immune cells (PTPRC+), stroma cells (PTPRC-, EPCAM-, PECAM1-), epithelial cells (EPCAM+), and endothelial cells (PECAM1+, CLDN5+, VWF+, CDH5+, NRP1+) (Supplementary Figure S5E). Then, for each major subtype cluster, we conducted the same preprocess steps as described above and extracted marker genes from the CellMarker2.0 database (Hu et al., 2023) and the classical published paper (Travaglini et al., 2020), which is constructing the cell atlas of human lungs to classify the specific cell clusters with affiliated verification from the SingleR package (Aran et al., 2019). Furthermore, to remove the cells expressing markers of different cell types, which is caused by the doublet cells, we used the DoubletFinder R package to calculate the possible multi-droplet and removed the doublet cells identified by the pk > 0.25 (McGinnis et al., 2019). For each cell type, we identified differentially expressed genes (DEGs) using the FindAllMarkers function from the Seurat package with the following settings: logfc.threshold = 0.25, min.pct = 0.1, only.pos = True and test.use = "wilcox".
3.3.3 Trajectory analysis and switch gene analysis
The R package monocle2 was used to perform pseudo-time-based cell trajectory analysis (Qiu et al., 2017) of four main types, separately. With the result of the cell trajectory analysis, switch genes were identified using R package GeneSwitches (Cao et al., 2020). The switch genes, which may influence cell differentiation and transformation, were further enriched by the GO and KEGG pathways by way of the find_switch_pathway function with default parameters to reflect the pathway expression in the pseudo-time.
3.3.4 Cell communication analysis
To analyze the cell-to-cell interactions in different major types, we used R package CellChat (Jin et al., 2021). The computeCommunProb function was used to identify related ligand-receptor pairs in the cell communication, while the computeCommunProbPathway function was used to calculate the expression of the pathways related to the cells. Besides, we used the compareInteractions function to find the disparity communication pathways and ligand-receptor pair in the IPF and control groups.
3.4 Filter DEGs related to clinical indexes
To investigate the genetic basis of clinical data in lung fibrosis, we obtained the GSE47460 dataset with clinical data and removed samples unrelated to lung fibrosis (Anathy et al., 2018). Using the prognostic data within this dataset, we selected DLCO, FEV1 pre/post, and FVC pre/post as prognostic indicators. We then conducted a Pearson’s correlation analysis between genes (which includes MDK and TSPAN1) and clinical data. Differentially expressed genes of moderate correlation (>0.4) with at least one clinical criterion were treated as clinically relevant.
Additionally, we selected genes related to intercellular communication with MDK expression (MDK, SDC1, SDC2, SDC4, PTPRZ1, ITGA4, ITGA6, ITGB1, LRP1, NCL, ALK, TSPAN1) and calculated their average expression levels, resulting in a score named MK score. The MK score was also subjected to Pearson’s correlation analysis with the prognostic indicators.
3.5 Machine learning model building to classify IPF with MDK-related genes
To evaluate the function of MDK-related communication genes in the IPF, we used bulk gene expression datasets GSE47460, GSE110147, and GSE48149 as the lung tissue group and bulk gene expression datasets GSE132607, GSE28042, and GSE38958 as the PBMC group to construct machine learning models separately. For GSE132607, we selected samples with the source name of “COMET-IPF_Baseline” to represent IPF patients. Quality control and preprocessing are performed for each dataset, and batch effects between different datasets are eliminated by the SVA package’s Combat function (Leek et al., 2012). The scikit-learn python package is used in the model construction, cross-validation, and result visualization in this section.
To be specific, the GSE47460 has two sub-datasets sequenced by different platforms. The sub-dataset sequenced by GPL 14550 was selected as the validation dataset. We integrated the sub-dataset sequenced by GPL6480 and two other datasets (GSE110147 and GSE48149) to construct the training and test datasets by correcting the batch effect using the SVA package’s Combat function (Leek et al., 2012). To train and testing the model, we randomly split the integrated datasets into a training part and test part with a ratio of 8:2. On the other hand, for the PBMC samples, we first integrated GSE132607, GSE28042, and GSE38958 datasets by correcting the batch effect using the SVA package’s Combat function. Then the integrated dataset was randomly split into a training part and testing part with a ratio of 8:2. We selected random forest (RF), support vector machine (SVM), and AdaBoost algorithms as our testing models. We used the GridSearchCV function to select the best parameters of the model and set the 5-fold cross-validation during the training process.
4 DISCUSSION
IPF is a chronic and progressive lung disease that predominantly affects the elderly population and is characterized by thickening and scarring of lung tissue, leading to difficulty breathing. Despite being associated with high mortality rates, its etiology remains unclear. However, recent advances in sequencing technology and single-cell sequencing provide new possibilities for comprehensively analyzing IPF pathogenesis. In light of these developments, this study endeavors to execute a multi-dimensional interrogation of assorted sequencing data modalities with the objective of pinpointing key genes implicated in IPF pathogenesis that exhibit a strong correlation with established clinical indices of pulmonary function.
To investigate IPF pathogenesis, we utilized five datasets of bulk gene expression data as well as one single-cell RNA-sequencing dataset for comprehensive analysis. Analysis of the bulk gene expression dataset revealed that upregulated genes were primarily enriched in the ECM and cytokine-cytokine related pathways, whereas downregulated genes were enriched in the regulation of G protein-coupled receptors. These pathways have been previously reported to be associated with IPF pathogenesis (Chanda et al., 2019). To further excavate the function behind the genes, we calculated the correlation coefficient of clinical indexes and process gene switch analysis. Among the final selected 22 important genes, we identified that the MDK gene has the potential to regulate certain physiological processes in the epithelial cell of IPF.
The MDK gene encodes the midkine protein associated with cell growth, migration, and angiogenesis, and it has been identified as a key regulator of epithelial and endothelial cells (Filippou et al., 2020). In endothelial cells, the MDK signaling pathway occurs separately in IPF for lymphoid endothelial cells as ligand cells and vein cells as receptors. The main differences were concentrated in epithelial cells, club cells, and ciliated cells in IPF, which accounted for the majority of MK signaling, while AT2 cells are major components of the control group. Coincidentally, the expression strength of the MDK signaling pathway matched the proportion of epithelial cells in both the IPF and control group. Additionally, switch gene analysis on the trajectory of AT2 cells indicated that MDK may be involved in the development of AT2 cells. Further research and analysis found that the pathway focused on communication with MDK as a ligand, with NCL, SDC1, and SDC4 acting as receptors. These genes have been shown to be involved in the EMT process.
EMT is critical factor considered to be involved in the pathogenesis of pulmonary fibrosis, leading to changes in the balance and communication between lung cell groups, and contributing to the development of IPF (Liu et al., 2019). Although there are some works that reveal the role of MDK in the EMT process, most of them are associated with physiological processes involved in organ formation during embryogenesis. In our study, by screening differentially expressed genes and analyzing their relation to prognostic indicators, we found that MDK regulates EMT processes by communicating with SDC1, SDC2, SDC4, NCL, and TSPAN1 in IPF patients. Notably, it was previously reported that the MDK gene has a certain effect on the TGFβ signaling pathway, which has the ability to induce the development of EMT, enabling epithelial cells to acquire a mesenchymal phenotype. In addition to MDK, genes related to cell communication have also been shown to affect the development of the TGFβ signaling pathway. Our results potentially suggested that extrabronchial secretory cells known as club cells may elicit TGFβ signaling by secreting MDK protein and binding to the ligand gene on AT2 cell surfaces. This stimulation leads to induce of EMT processes (Ichihashi et al., 2016; Liu et al., 2019; 2020; Thatikonda et al., 2023), thereby facilitating transformation of epithelial cells in IPF patients and contributing to the progression of pulmonary fibrosis.
In a noteworthy development, validation of the hypothesis was accomplished by demonstrating a correlation between MDK gene expression, the MK score computed utilizing these genes, and numerous clinical indicators. Furthermore, the IPF machine learning classification model exhibited high accuracy in both lung tissue samples (AUC = 0.94 for test dataset and AUC = 0.86 for validate dataset) and PBMC samples (AUC = 0.86). For comparative purposes, White employed logistic regression to uncover biomarkers in the blood of IPF patients, utilizing the OPN, SP-D, and MMP-7 genes for IPF patient prediction and achieving an AUC of 0.709 (White et al., 2016). Ley et al. reported an AUC of 0.76 using cCK18 to differentiate IPF from HP/NSIP (Ley et al., 2014). The elevated accuracy of the classification model in this investigation serves to bolster the evidence, supporting the substantial influence of MDK and its related communication in the pathogenesis of IPF.
Studies have shown that administration of bleomycin in mice has been shown to increase the expression of MDK in lung tissue, while the lung tissue of MDK gene knockout mice exhibited decreased expression of fibrosis markers such as collagen, α-SMA, TNF-α, and TGF-β. This suggests the importance of MDK in the inflammatory response and fibrosis process (Misa et al., 2017). Furthermore, studies by Horiba et al. (Horiba et al., 2000) have demonstrated that MDK can enhance the recruitment of inflammatory cells, which may be involved in promoting lung fibrosis. Zhang et al. (Zhang et al., 2015) have found that MDK plays a critical role in the mechanical stress-induced EMT spectrum in human lung epithelial cells. The absence of MDK weakened these EMT features. This indicates that MDK may promote lung fibrosis by interacting with Notch2 and activating angiotensin-converting enzyme (ACE) expression. Additionally, the research by Xu et al. (Xu et al., 2021) has revealed that inhibiting MDK can improve lung injury induced by sepsis through the ACE/Ang II pathway and the involvement of Notch 2. This further emphasizes the role of MDK and provides potential therapeutic value for MDK as a target. In summary, these studies suggest that MDK plays an important regulatory role in the pathogenesis of lung fibrosis, including promoting inflammation and extracellular matrix deposition, participating in epithelial-mesenchymal transition, and modulating ACE expression. Further research will help to elucidate the exact role and mechanisms of MDK in the development of IPF, providing new directions for future therapeutic strategies.
In addition, we noticed the myofibroblasts and lipofibroblasts mostly occur in the IPF group (Supplementary Figure S5F), where communication are related to the collagen of ECM. Previous studies have shown that the peptides and glycoproteins in the ECM stimulate fibroblast growth and activation, exacerbating the degree of lung fibrosis (Tian et al., 2019). In our study, fibroblasts increased ECM synthesis by raising collagen-related communication in myofibroblasts and lipofibroblasts by way of switch DEGs such as IGF1 and SFRP1 (Blackstock et al., 2014; Wang, 2020).
Despite the interesting and noteworthy findings, several limitations should be noticed. Firstly, although the machine learning model achieved notable improvement in identifying IPF samples, the model may be further improved with larger and more balanced datasets. Secondly, in our analysis, MDK and its receptors are important for IPF development. However, further functional experiments and mechanical studies would better resolve the relationship between MDK signaling and IPF. Additionally, it is worth noting that our original data lacked comprehensive information of factors such as gender, age, comorbidities, and clinical manifestations. Therefore, conducting further analysis that incorporates these variables would yield a more nuanced understanding of the association between MDK and IPF, particularly in different clinical contexts and human characteristics.
In summary, we employed a comprehensive analysis utilizing single-cell datasets and multiple bulk gene expression datasets to identify clinically relevant DEGs associated with IPF pathogenesis. We also incorporated a detailed examination of MDK gene regulation mechanisms and constructed a machine learning model to identify IPF patients based on both lung tissue and PBMC samples. Our study provides valuable insights for future investigations into the regulatory processes underlying IPF.
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Background

There is growing evidence that the lung is a target organ for injury in diabetes and hypertension. There are no studies on the status of the lungs, especially cellular subpopulations, and related functions in patients with diabetes, hypertension, and hypertension-diabetes after combined SARS-CoV-2 infection.





Method

Using single-cell meta-analysis in combination with bulk-RNA analysis, we identified three drug targets and potential receptors for SARS-CoV-2 infection in lung tissues from patients with diabetes, hypertension, and hypertension-diabetes, referred to as “co-morbid” patients. Using single-cell meta-analysis analysis in combination with bulk-RNA, we identified drug targets and potential receptors for SARS-CoV-2 infection in the three co-morbidities.





Results

The single-cell meta-analysis of lung samples from SARS-CoV-2-infected individuals with diabetes, hypertension, and hypertension-diabetes comorbidity revealed an upregulation of fibroblast subpopulations in these disease conditions associated with a predictive decrease in lung function. To further investigate the response of fibroblasts to therapeutic targets in hypertension and diabetes, we analyzed 35 upregulated targets in both diabetes and hypertension. Interestingly, among these targets, five specific genes were upregulated in fibroblasts, suggesting their potential association with enhanced activation of endothelial cells. Furthermore, our investigation into the underlying mechanisms driving fibroblast upregulation indicated that KREMEN1, rather than ACE2, could be the receptor responsible for fibroblast activation. This finding adds novel insights into the molecular processes involved in fibroblast modulation in the context of SARS-CoV-2 infection within these comorbid conditions. Lastly, we compared the efficacy of Pirfenidone and Nintedanib as therapeutic interventions targeting fibroblasts prone to pulmonary fibrosis. Our findings suggest that Nintedanib may be a more suitable treatment option for COVID-19 patients with diabetes and hypertension who exhibit fibrotic lung lesions.





Conclusion

In the context of SARS-CoV-2 infections, diabetes, hypertension, and their coexistence predominantly lead to myofibroblast proliferation. This phenomenon could be attributed to the upregulation of activated endothelial cells. Moreover, it is noteworthy that therapeutic interventions targeting hypertension-diabetes demonstrate superior efficacy. Regarding treating fibrotic lung conditions, Nintedanib is a more compelling therapeutic option.





Keywords: SARS-CoV-2, diabetes, hypertension, endothelial cells, fibroblasts




1 Introduction

Diabetes and hypertension are common microvascular and macrovascular diseases that affect multiple organs. The alveolar-capillary network in the lungs is a large microvascular unit that may be affected by microvascular pathology (1–7). Considering the microvascular effects of diabetes and hypertension in the retina and glomeruli, the microvasculature in the lungs may also be affected by them (8). However, because the lungs have a large reserve capacity, much of the loss from microvascular damage can be tolerated without the need for symptoms of dyspnea. Therefore, microvascular pathology due to diabetes in the lungs may be underestimated, especially when accompanied by reduced lung function. Loss of posterior elasticity produced by collagen glycosylation in lung tissue has been suggested as a possible mechanism leading to this condition (9). There is a correlation between insulin resistance and hypoxia-induced by low birth weight with insulin resistance and impaired lung function, which may be related to collagen glycosylation in lung tissue. Several epidemiologic and clinical studies have found that adults with diabetes have an increased risk of decreased lung function compared to adults without diabetes (10, 11). However, studies on the exact relationship between decreased lung function and diabetic hypertension, as well as the pathophysiologic mechanisms, have not reached a consensus conclusion.

Current efforts following coronavirus disease 2019 (COVID-19) infection focus on new crown sequelae (12–14). COVID-19 exhibits similar physiological responses and clinical features in patients with diabetes and hypertension. However, each individual is involved in a different molecular pathway before or during SARS-CoV-2 infection. Several potential pathways have been proposed, including increased inflammatory storms (15), immunocompromised state, dysfunctional glucose homeostasis, hypercoagulability, alveolar hyperpermeability and vascular endothelial damage (9). Activation of these molecular pathways determines whether new-onset diabetic symptoms and complications are temporary or persist after viral clearance. However, to date, no study has given a definitive answer as to the effect of the superimposition of these three diseases on the sequelae of lung tissue, such as fibrosis.

On the medication of COVID-19 in diabetes combined with hypertension, GLP-1R agonists, DPP-4 inhibitors, or pioglitazone were associated with significant reductions in hospital admissions, respiratory complications, and mortality, and may improve COVID-19 outcomes in patients with T2DM (16). Hypertensive patients treated with long-term ACE inhibitors or ARBs have a lower risk of COVID-19 compared with CCBs. These results, if confirmed, often contradict previous hypotheses and suggest new ones (17). However, a fibrotic complication such as pulmonary fibrosis caused by COVID-19 patients, which is a serious prognostic threat, also deserves our attention (18–23). Direct evidence that SARS-CoV-2 causes pulmonary fibrosis: pulmonary fibrosis was found in autopsy and lung puncture pathology. Indirect evidence: transforming growth factor TGF-β, tumor necrosis factor TNF-α, and interleukin IL-6 were elevated in lung tissues, and the therapeutic value of two drugs (Pirfenidone and Nintedanib) for idiopathic pulmonary fibrosis in COVID-19-induced pulmonary fibrosis. However, it has not been analyzed from a molecular point of view whether fibrosis caused by patients with “co-morbidities” is effective in the treatment with Pirfenidone and Nintedanib.

The process of lung tissue subpopulation change cannot be adequately captured by clinical or molecular assays alone, and thus a comprehensive systems biology strategy is needed to address the complexity of this multiple cellular state change in order to unravel the mechanisms involved in new-onset diabetes. Single-cell sequencing is a technological approach to assessing cellular function in lung tissue, and by performing single-cell analyses in COVID-19 patients with comorbid diabetes mellitus, hypertension, and hypertension-diabetes, we sought to answer the following questions:1. which cellular subpopulations undergo the greatest changes after comorbid co-morbidities? 2. what are the underlying mechanisms of these changes? 3. which cellular subpopulations are predictive of lower lung function? 4. which diabetes and hypertension medications are more effective? 5. Pirfenidone and Nintedanib, which are more effective in comorbidity-induced pulmonary fibrosis? To answer the above questions, we performed single cell RNA sequencing  combined bulk-RNA analysis aimed at supporting clinical diagnosis and treatment from a single-cell perspective.




2 Methods



2.1 Data collection



2.1.1 Single cell RNA sequencing datasets

We downloaded the available COVID-19 and IPF-related scRNA-seq datasets from Gene Expression Omnibus (GEO) and collected the datasets as follows:

1) COVID-19: The characteristics of the included studies in our article were as follows: 1) Patients with confirmed diagnoses of COVID-19. 2) Human lung tissue samples. 3) All lung cell types. 4) Availability of clinical information regarding comorbidities such as hypertension and diabetes. The datasets included in our analysis were GSE171524, GSE171668, GSE149878, GSE161382, and GSE163919. These datasets encompassed a total of 131,887 cells from 45 healthy controls, 45,473 cells from 10 patients with COVID-19, 6,948 cells from 1 patient with COVID-19 combined with diabetes, 106,618 cells from 22 patients with COVID-19 combined with hypertension, and 81,810 cells from 22 patients with COVID-19 combined with both hypertension and diabetes (Table S1).

2) Idiopathic pulmonary fibrosis (IPF): GSE132771, GSE135893, GSE122960, GSE128033, GSE128169, GSE136831, GSE159354.These 7 datasets included 77 Control, 87 IPF, 15 systemic sclerosis (SSc), 4 chronic hypersensitivity pneumonitis (cHP), 1 Myositis, 4 non-specific interstitial pneumonia (NSIP), 3 Sarcoidosis. (Table S2).




2.1.2 Bulk RNA datasets

GSE47460, 254 frozen tissue samples from interstitial lung diseases (ILD) patients were collected from GEO.





2.2 Flow of single-cell sequencing data analysis



2.2.1 scRNA/snRNA data processing

We used Seurat package (v4.0) to analyze scRNA/snRNA sequencing data. The specific steps are as follows: 1) Data quality control: remove low-quality cells with gene number less than 200 or more than 5000 and remove cells with more than 20% of mitochondrial genes. 2) Data normalization: execute LogNormalize, FindVariableFeatures, ScaleData functions, respectively. 3) Use Harmony Perform sample integration and batch effect removal. 4) Downscaling and visualization: use RunPCA function for principal component analysis, FindNeighbors for clustering, FindClusters for cell subpopulation analysis, and UMAP for dimensional reduction. 5) Cell type identification:cell types were determined mainly by “ FindAllMarkers”, classical cell marker genes, and prediction using R packages (clustermole, singscore) is done jointly.




2.2.2 Identification and functional analysis of differentially expressed genes

	(1) Identification of DEGs: the FindMarkers function was used to find DEGs between different cell subpopulations or between different diseases of the same cell subpopulation. Here, we defined that a P-value less than 0.05 and avg_log2FC>0.25 were statistically significant DEGs.

	(2) Functional analysis of gene clusters: Use the “clusterProfiler” package in R to analyze the GO/KEGG enrichment of DEGs of cell subpopulations, and further determine their contribution to biological functions.

	(3) Gene set scoring: AUCell was used to score the enriched relevant signaling pathways on individual cells, the scores were differentiated by different color scales, where yellow scored high and black scored low. As well as using the Seurat toolkit AddModuleScore function to calculate the scores of genes and gene sets on individual cells, the scores are differentiated by different color scales, with purple scoring high and gray scoring low in the Addmodule.







2.3 Integration of scRNA/snRNA dataset and dataset to identify features associated with low lung function in patients with pulmonary fibrosis

Expression matrices of bulk-RNA GSE47460 data and clinical phenotypes of lung function were used. single-cell expression matrices of COVID-19 patient lung tissue fibroblasts and endothelial cells were used, respectively. The expression matrix of GSE47460 data and the clinical phenotype lung function were integrated with the cellular dataset using the Scissor algorithm to identify cellular subpopulations or disease subtypes associated with the clinical phenotype lung function. Cell subpopulations of Scissor+, Scissor- were identified. Differential genes for Scissor+ and Scissor- cellular subpopulations were obtained using the FindMarkers function (p-values less than 0.05 and avg_log2FC > 0.25 were statistically significant DEGs).




2.4 Selection of drug target genes and gene-positive cell extraction

Hypertensive drug, diabetic drug, Nintedanib and Pirfenidone target genes were selected based on literature reports. Among the hypertensive drug target genes were Calcium channel blockers (CCBs):KCNMB1, CACNA1C, CACNB2, CACNA1D, CYP3A5, CYP3A4, ABCB1; Angiotensin-II Receptor Blockers (ARB) and Angiotensin-Converting Enzyme Inhibitors (ACEi): NPHS1, NOS3, CAMK1D, SCNN1G, GPR83, PRKCA, BDKRB2; Polymorphisms in Genes Affecting the Adrenergic Receptor Blocker Response : ADRB1, GRK4, FGD5, SLC25A31, ACY3; Polymorphisms in Genes Affecting Diuretic Response: ACE, ADD1, GNB3. ALDH1A2, LYZ, YEATS4, FRS2, NEDD4L. Diabetes drug target genes include: Glucagon-like peptide-1 (GLP-1): GLP1R; Novel glucose-sodium co-transport protein 2 (SGLT2). SLC5A2; Dipeptidyl peptidase IV (DPP-IV): DPP4; Peroxisome proliferator-activated receptor (PPAR): PPARG, PPARA, PPARB; Protein tyrosine phosphatase-1B (PTP-1B): PTPN1; Glucokinase agonists (GKA): GCK; 11β-hydroxysteroid dehydrogenase type1 (11β-HSDl) inhibitors, including HSD11B1. Nintedanib target genes are: PDGFRB, PDGFRA, KDR, FLT4, FLT1, FGFR3, FGFR2, FGFR1. Pirfenidone target genes were TGFB1, TGFB2,TGFB3,TGFBR1,TGFBR2; FGF2; MMP2, TIMP1, SERPINH1.

The above target gene-positive cells were extracted, and the proportion of target gene-positive cells in each cell subpopulation of different types of patients was calculated for further Meta analyses and functional analyses.




2.5 Meta analyses

Meta-analysis was done separately using the continuous variable metacount function of the meta data package of R software. The overall difference in means between different patients and healthy controls was quantified by pooling the differences provided by the original studies using a random effects model, and the results are presented as forest plots. Results for the proportion of gene-positive cells are given as mean difference MD (95% CI). Statistical heterogeneity between studies was assessed using I². For results from more than 2 studies, publication bias was assessed using Egger regression.




2.6 Analysis of intercellular communication

Cell communication analysis between activated endothelial cells and myofibroblasts was performed using the NicheNet toolkit to predict ligand-receptor connections between the two cells.

Communication analysis between myofibroblasts and the rest of the cells was performed using CellChat, which uses network analysis and pattern recognition methods to predict the major signaling inputs and outputs of the cells, as well as the probability of communication of ligand-receptor pairs between these cells.




2.7 Statistical methods

All data are expressed as mean ± standard error. Comparisons between groups were performed using t-tests, and comparisons between multiple groups were performed using one-way ANOVA. All calculations or analyses were performed using the Prism 9 software package (GraphPad) or R language. DEGs in each cluster were analyzed using the Wilcoxon rank sum statistical test. Correlations between two variables were analyzed using Pearson correlation analysis, and P<0.05 was considered statistically significant.





3 Results



3.1 Fibroblasts have worse lung function in all three disease

Single-cell sequencing data were obtained from public databases, encompassing pulmonary SARS-CoV-2 infection cases in 10 COVID-19 patients (abbreviated as Covid). In addition, data from 1 COVID-19 patient with concurrent diabetes mellitus (abbreviated as DM), 22 COVID-19 patients with concurrent hypertension (abbreviated as HTN), and 22 COVID-19 patients with combined hypertension and diabetes mellitus (abbreviated as HD), 54 Healthy patients (Control) were included. To analyze the bulk RNA (bulk-RNA) data and identify the disease associated with lower lung function, we employed single-cell subpopulation analysis and incorporated indicators of lung function (Figure 1A, sFigure 1A). Through the application of cellular subpopulation clustering, we identified a total of 16 distinct subpopulations (Figure 1B). By extracting the subpopulation ratios for each sample, we conducted statistical analysis, which revealed notable alterations in the fibroblast subpopulations. Compared to the healthy control group, myofibroblasts were significantly increased in the Covid, DM, HD, and HTN groups. Relative to the Covid group, myofibroblasts showed significant upregulation in both the DM, HD, and HTN groups (Figure 1C). Conversely, no significant changes were observed in the subpopulations of immune cells, blood vessels, or other cell types (Figures 1D–F).




Figure 1 | COVID-19 patients with combined diabetes/hypertension showed large differences in the number and transcriptome levels of lung cell subpopulations and were more prone to pulmonary fibrosis. (A) The lung scRNA-seq and bulk-RNA datasets used in the meta-analysis consisted of 131,887 cells from 45 healthy controls, 44,316 cells from 10 COVID-19 patients, 6,717 cells from 1 COVID-19 patient with diabetes, 79,290 cells from 22 COVID-19 patients with hypertension, and 103,911 cells from 22 COVID-19 patients with both hypertension and diabetes. Additionally, bulk RNA data from 254 frozen tissue samples from ILD patients were obtained from the GSE47460 dataset. (B) UMAP visualization of all cell types (Fibroblasts, T cells, Macrophages, Endothelials, Epithelials, Neutrophils, Plasma, Monocytes, Ciliated, SMC, Granulocytes, B cells, Mast, DCs) in the Control, DM, HTN, and HD groups, with cell types color-coded. C-F. Bar graphs displaying significant differences in the proportions of cell subtypes in the Covid, DM, HTN, and HD groups compared to the Control group in fibroblast (C), endothelial (D), T cell (E), and macrophage (F) samples from lung tissues. The proportions of fibroblast cells were significantly higher in the DM, HTN, and HD groups compared to the Control group, as shown in Figure (C) Compared to the healthy control group, myofibroblasts were increased in the Covid, DM, HD, and HTN groups, with a statistically significant difference in the Covid group. Relative to the Covid group, myofibroblasts showed significant upregulation in both the DM, HD, and HTN groups, as illustrated in Figure (C) Regarding endothelial cells, the proportion of activated endothelial cells (activated ECs) was higher in the Covid, DM, HTN, and HD groups, with a statistically significant difference in the Covid group. Relative to the Covid group, activated ECs showed upregulation in both the DM, HD, and HTN groups, as illustrated in Figure (D). (G) Bar graph exhibiting the number of differentially expressed genes (DEGs) in fibroblasts from COVID-19 patients, comparing the DM, HTN, HD, and Covid groups, categorized by cell type (FDR < 0.05). (H) UMAP visualization of fibroblasts in the four groups, with clusters color-coded. (I) Scissor analysis relating phenotypic data of lung function from bulk-RNA data of IPF (idiopathic pulmonary fibrosis) patients from the GEO dataset with scRNA-seq data of COVID-19 patients. UMAP plots depict the position of cells associated with normal lung function (blue) or low lung function (red). (J, K) Bar graph displaying the proportion of Scissor+ fibroblast cells in the four disease groups. The proportion of Scissor+ fibroblast cells was significantly higher in the DM, HTN, and HD groups compared to the Control group, with statistically significant differences observed in the DM and HD groups. (L) Volcano plot exhibiting the differentially expressed genes (DEGs) between Scissor+ and Scissor- cells. It shows the number of upregulated and downregulated genes. (M) GSEA enrichment analysis of DEGs in Scissor+ and Scissor- cells, indicating that the upregulated DEGs were significantly enriched in TGF-beta and Wnt-related signaling pathways. The NES (normalized enrichment score) represents the statistical score of the enriched pathway, with positive scores signifying enrichment at the front of the sorted sequence, and negative scores indicating enrichment at the back. The P value indicates the statistical significance of the enrichment score for a pathway gene set, where smaller values indicate better enrichment.



In another study, we used data from 45 healthy controls, 58 Covid-19 patients, and 64 Idiopathic Pulmonary Fibrosis (IPF) patients. Our findings revealed that compared to the healthy control group, Covid-19 patients were more prone to undergo endothelial-to-mesenchymal transition and epithelial-to-mesenchymal transition. Additionally, there was a significant increase in the proportion of myofibroblasts, which is considered a key factor in Covid-19-induced pulmonary fibrosis (24). Furthermore, this article focuses on the analysis of the pulmonary conditions in COVID-19 patients with diabetes, hypertension.

We further examined the differential expression of genes in the fibroblast group compared to the Covid group, which revealed decreased activity of DEGs specifically associated with myofibroblasts (Figure 1G, sFigures 1B–F). To gain more insight into the lung function within the fibroblast subpopulation, we applied a scoring method using scissor analysis (Figures 1H, I), which identifies cell subpopulations highly associated with a specific clinical phenotype based on bulk clinical data in scRNA-seq analysis (25). This analysis showed that the proportion of cells associated with poor lung function was significantly increased in the DM, HTN, and HD groups compared with the Covid group (Figures 1J, K). Subsequently, we isolated cells associated with poor lung function and performed differential expression analysis by comparing them with cells associated with good lung function (Figure 1L). This analysis revealed DEGs, and further gene set enrichment analysis (GSEA) demonstrated greater enrichment of fibrosis-related signaling pathways, such as TGF-β and WNT signaling (Figure 1M, sFigures 2A–D).




3.2 Fibroblasts are the major cellular subpopulation responsible for the upregulation of diabetic hypertensive drugs after SARS-CoV-2 infection

In our analysis, we investigated the expression of common targets of diabetic and hypertensive drugs in the lungs of patients following SARS-CoV-2 infection (Figure 2A). The red color in the figure represents genes that were statistically upregulated, indicating that the targets of diabetic and hypertensive drugs were among the most altered in fibroblasts. Specifically, we observed that the diabetic target gene SLC5A2 was upregulated in fibroblasts, while hypertensive target genes CACNA1C, PRKCA, CACNB2, and FRS2 were also upregulated in fibroblasts (Figure 2B). Additionally, we categorized and identified genes that were both classified as drug targets in diabetes and hypertension and upregulated in our analysis (Figure 2B, sFigures 3A). Upon further analysis of the expression levels of these genes across all lung cell subtypes, we found that they were indeed highest in myofibroblasts (Figure 2C). Furthermore, we compared the expression of upregulated target genes specifically in diabetic myofibroblasts (Figures 2D, E). This analysis indicated that these target genes were indeed expressed at higher levels in diabetic myofibroblast cells. Finally, we identified the genes that showed a positive association with myofibroblast cells (Figure 2F). These findings suggest that the expression of some targets of diabetic hypertensive drugs may be dysregulated in the lungs of patients after SARS-CoV-2 infection and that myofibroblasts are the major cellular subpopulation responsible for the upregulation of diabetic hypertensive drugs after SARS-CoV-2 infection. This may promote the occurrence of pulmonary fibrosis in patients with COVID-19 combined with hypertension and diabetes.




Figure 2 | Fibroblasts have more targets for hypertension, diabetes drug response. (A) Schematic diagram showing the workflow for the analysis of common targets of common diabetes and hypertension drugs expressed in the lungs. Among the hypertensive drug target genes include Calcium channel blockers (CCBs): KCNMB1, CACNA1C, CACNB2, CACNA1D, CYP3A5, CYP3A4, ABCB1; Angiotensin-II Receptor Blockers (ARB) and Angiotensin-Converting Enzyme Inhibitors (ACEi): NPHS1, NOS3, CAMK1D, SCNN1G, GPR83, PRKCA, BDKRB2; Polymorphisms in Genes Affecting the Adrenergic Receptor Blocker Response : ADRB1, GRK4, FGD5, SLC25A31, ACY3; Polymorphisms in Genes Affecting Diuretic Response: ACE, ADD1, GNB3. ALDH1A2, LYZ, YEATS4, FRS2, NEDD4L. Diabetes drug target genes include: Glucagon-like peptide-1 (GLP-1): GLP1R; Novel glucose-sodium co-transport protein 2 (SGLT2). SLC5A2; Dipeptidyl peptidase IV (DPP-IV): DPP4; Peroxisome proliferator-activated receptor (PPAR): PPARG, PPARA, PPARB; Protein tyrosine phosphatase-1B (PTP-1B): PTPN1; Glucokinase agonists (GKA): GCK; 11β-hydroxysteroid dehydrogenase type 1 (11β-HSDl) inhibitors, including HSD11B1. (B) The heatmap presents the results of a meta-analysis showing the differences in the percentage of positive cells for hypertension and diabetes drug target genes in various cell subpopulations (Fibroblasts, T cells, Macrophages, Endothelial cells, AT2, AT1, Neutrophils, Plasma, Monocytes, Ciliated, SMC, Goblet, Basal, B cells, Mast, DCs) in lung tissues of the four patient groups (DM, HTN, HD) compared to the Control group. The dot plots display the number of upregulated positive cells in the percentage of drug-targeted genes across different cell types within hypertension and diabetes groups. (C) The DOT plot shows the expression of hypertension target genes (CACNA1C, CACNB2, PRKCA, FRS2) and diabetes target gene SLC5A2 in all lung cell subtypes. (D) The bar graph represents the Addmodule Scores of hypertension target genes (CACNA1C, CACNB2, PRKCA, FRS2) in myofibroblasts of patients in the Control, DM, HTN, and HD groups. The scores were significantly higher in the DM, HTN, and HD groups compared to the Control group. (E) The bar graph shows the Addmodule Scores of the diabetes target gene SLC5A2 in myofibroblasts of patients in the Control, DM, HTN, and HD groups. The scores were elevated in the DM, HTN, and HD groups compared to the Control group. (F) The correlation analysis demonstrates the positive correlation between the myofibroblast ratio and hypertension and diabetes target genes using the Pearson test. Four hypertension drug-related target genes and one diabetes target gene showed positive correlations with myofibroblasts. **P < 0.01, ****P < 0.0001.






3.3 Association of entry factors with fibroblast alterations and correlation with myofibroblasts and upregulated drug targets

In our investigation of the effects of entry factors on the lungs in patients with the combined presence of diabetes, hypertension, and SARS-CoV-2 infection, we focused on 17 genes related to receptors, coreceptors, and cofactors (Figure 3A). By comparing the expression levels of the entry factors across all cell subpopulations in the three diseases with the Covid group, we observed that fibroblasts exhibited the most significant alterations (Figure 3B, sFigures 4A–D).We further evaluated the impact of the entry factors in two ways. Firstly, we extracted the proportions of cells expressing these factors, indicating an increase in diabetic and hypertensive fibroblasts (Figures 3C, D). Additionally, we performed scoring of several entry factors using the “Addmodule Score” method, suggesting varying degrees of upregulation in the three diseases (Figure 3E). Subsequently, we conducted correlation analysis between the last five entry factors and other variables. Interestingly, we found that the receptor gene KREMEN1 exhibited a positive correlation with myofibroblasts (Figure 3F). Furthermore, KREMEN1 showed a positive correlation with the upregulated drug targets (Figure 3G, sFigures 4E–G). These findings suggest that KREMEN1 displayed a positive correlation with myofibroblasts. This suggests a potential role of KREMEN1 in the fibrotic process. Additionally, KREMEN1 showed a positive correlation with upregulated drug targets, highlighting its involvement in disease-related pathways and potential therapeutic implications.




Figure 3 | Association of Entry Factors with Fibroblast Alterations and Correlation with Myofibroblasts and Upregulated Drug Targets. (A) Schematic diagram showing the workflow for the analysis of entry factors expressed in the lung. Among the entry factors Receptor: ACE2, BSG, HSPA5, AXL, KREMEN1; Cofactor: CTSB, CTSL, FURIN, PCSK1, SCARB1, ST14, TMPRSS2; Coreceptor: CLEC4D, CD4, HSPG2, NRP1, SLC35A1. (B) Heatmap showing the meta-analysis of the differences in the percentage of entry factors positive cells in each cell subpopulation (Fibroblasts, T cells, Macrophages, Endothelials, AT2, AT1, Neutrophils, Plasma, Monocytes, Ciliated, SMC, Goblet, Basal, Bcells, Mast, DCs) in the lung tissues of the four groups of patients (DM, HTN, HD) vs. the Control group. Meta-analysis of differences in the percentage of cells positive for the entry factors in Ciliated, SMC, Goblet, Basal, Bcells, Mast, DCs. (Red indicates up-regulation, blue indicates down-regulation, and gray indicates no significant change). Dot plots show the number of up-regulated invasion target gene positive cell percentage in different cell subpopulations, respectively. (C) Violin plots showing the expression levels of invasion-associated genes (AXL, KREMEN1, HSPA5, NRP1, HSPG2) in four groups of diseases. (D) The bars show the percentage of KREMEN1-positive cells in each cell subpopulation, which was found to be significantly elevated in fibroblasts. (E) The bar graphs show the addmodule scores of invasion-associated genes (AXL, KREMEN1, HSPA5, NRP1, HSPG2) in myofibroblasts of patients with four diseases Control group (blue), DM group (red), HTN group (green), and HD group (purple). Scores were elevated in the DM, HTN, and HD groups relative to the Control group. (*P < 0.05, ***P < 0.001,****P < 0.0001). (F) Correlation analysis of myofibroblast fraction with new crown entry factors (Pearson test), showing KREMEN1 is positively correlated with myofibroblasts. (G) Correlation analysis of hypertension-targeted genes (CACNA1C, CACNB2, PRKCA, FRS2) and diabetes-targeted gene (SLC5A2) with entry factors KREMEN1 (Pearson test), showing KREMEN1 is positively correlated with drug target genes.






3.4 Activated endothelial cells may cause aggregation of fibroblasts

It is well-known that the pulmonary vasculature is a common target in hypertension and diabetes, particularly affecting vascular endothelial cells (26). In our study, we identified two subpopulations of endothelial cells: rest endothelial cells and activated endothelial cells (Figure 4A). Activated endothelial cells exhibited high expression levels of the atypical chemokine receptor 1 (ACKR1) and adhesion molecules SELE (E-selectin) and SELP (P-selectin) (Figure 4B) (27, 28). Notably, activated endothelial cells exhibited significant upregulation in both diabetes and hypertension (Figures 4C, D). To further characterize activated endothelial cells, we examined the expression of cytokines and fibrogenic factors. We found that cytokines were significantly upregulated in activated endothelial cells (Figure 4E), suggesting an increased inflammatory response. Fibrogenic factors were also significantly upregulated in activated endothelial cells (Figure 4F), implying their involvement in fibrosis development. Utilizing a ligand-receptor approach, we identified several myofibroblast-inducing factors, such as TGF-beta and VEGFC, that are highly expressed in activated endothelial cells (Figure 4G). Additionally, activated endothelial cells showed a positive correlation with myofibroblasts (Figure 4H, sFigure 5). We further explored the correlation between activated endothelial cells and entry factors, indicating that most of the entry factors were indeed correlated (Figure 4I). Moreover, there was a correlation with hypertension-diabetes targets (Figure 4J). Lastly, investigating changes in lung function, we found that activated endothelial cells was associated with worse lung function (Figures 4K–M). After calculating the differential expression of scissor + and scissor -, signaling pathways such as IL1, PDGFR, and collagen were suggested to be up-regulated after analysis by GSEA clustering (Figures 4N, O). These findings suggest that the activated endothelial cells play a role in the exacerbation of lung effects in patients with hypertension and diabetes following SARS-CoV-2 infection.




Figure 4 | Activated endothelial cells may cause aggregation of fibroblasts. (A) UMAP visualization of endothelial cells, colored by celltype compartment. (B) UMAP shows the marker of activated ECs, mainly focusing on ACKR1, SELP, SELE. (C, D) Bar graphs demonstrate the proportion of endothelial cell subsets in the four disease groups; the DM, HTN and HD groups had significantly higher proportions of activated endothelial cells than the Control group. (E) Heatmap showing a comparison of major cytokine expression in endothelial cell subpopulations, indicating that activated endothelial cells are enriched in more cytokines (IL1R1, IL33, TNFRSF10B, IL4R, TGFBR3, TNFAIP3, TNFRSF1B, IL3RA, TNFRSF10D, TNFRSF10A) compared to other groups. (F) Heatmap showing the cytokines that were significantly elevated in the activated endothelial cells in the DM, HTN, and HD groups relative to the Control group: CCL14, FGF13, TGFBR3, IL15, and PDGFB in the DM group; TNFRSF10B in the HTN group; and TNFRSF10B and IL1R1 in the HD group. (G) NicheNet analysis showing ligand maps of activated endothelial cells with myofibroblast bodies. Darker colors in the matrix represent greater ligand-receptor interaction capacity. (H) Correlation analysis of myofibroblast with activated endothelial cells (Pearson test), showing activated endothelial cells is positively correlated with myofibroblasts. (I) Correlation analysis of SARS-CoV-2 entry factors with activated endothelial cells (Pearson test), showing that activated endothelial cells is positively correlated with the entry factors (BSG, CD4, CTSL, RURIN, SCARB1, SLC35A1). (J) Correlation analysis of hypertension/diabetes drug target genes with activated endothelial cells (Pearson test), showing activated endothelial cells is positively correlated with hypertension/diabetes drug target genes (FRS2, PRKCA, DPP4). (K) Scissor analysis relating lung function phenotypic information from bulk-RNA data of IPF patients from GEO with endothelial cells of COVID-19. UMAP plots indicate the position of cells normal lung function (blue) or low lung function (red) associated with lung function. (L) Bar graph showing the proportion of Scissor+, Scissor-, and background cells in rest ECs versus activated ECs. (M) Bar graph showing the cell proportion of Scissor+ endothelial cells in the four disease groups, the cell proportion of Scissor+ fibroblasts was significantly higher in the DM, HTN and HD groups relative to the Control group and the difference was statistically significant. (N) Volcano plot showing Scissor+ cell vs. Scissor- cell DGEs. the number of differentially up-regulated genes is 413 and the number of down-regulated genes is 252. (O) The GSEA enrichment analysis of differential genes has revealed that the IL1-mediated signaling pathway, PDGFR signaling pathway, collagen-activated signaling pathway, and myofibril were significantly enriched in the Scissor+ endothelial cells when compared to scissor- endothelial cells. The NES statistic of the enriched pathway score is positive and indicates that the pathway gene set is enriched and is in front of the sorting sequence. Conversely, if the NES statistic is negative, it means that a certain functional gene set is enriched behind the sorting sequence. When the Pvalue is less than 0.05, it indicates that the results are statistically significant.






3.5 Nintedanib but not Pirfenidone is more useful in patients with underlying fibrotic lungs with three disease

Based on the Cell Chat analysis, we observed that there are numerous receptor-ligand interactions between the targets of Pirfenidone and Nintedanib, specifically in the context of hypertension and diabetes (Figures 5A–D). Furthermore, the levels of these receptor-ligand interactions were progressively elevated during the onset of diabetes (Figure 5E). This led us to hypothesize that Pirfenidone and Nintedanib may have a therapeutic role in treating fibrosis sequelae caused by COVID-19, particularly in individuals with hypertension and diabetes. To identify the targets that are upregulated in fibroblasts, we incorporated five different fibrotic targets. Our analysis revealed that the main targets upregulated by Nintedanib were Fgfr1 and Fgfr2 (Figures 5F, G, sFigures 6A–C). After Addmodule Score analysis, Fgfr1 and Fgfr2 were increased in hypertension as well as hypertension-diabetes (Figures 5H, I), respectively, but no significant changes were seen in TGF-b1, TGF-b2, and TGF-b3, the targets of Pirfenidone (Figures 5J–L). We set scissor+ as poor lung function and scissor- as normal lung function, and a comparison of the two suggests that scissor+ ratios are upregulated in hypertension and diabetes. Also, scissor+ cell proportion was upregulated in hypertension, diabetes, and hypertension-diabetes groups versus Covid group (Figures 5M, N, sFigure 6D). Finally, we identified that the targets of Nintedanib, specifically Fgfr1 and Fgfr2, are indeed upregulated in individuals with hypertension and diabetes. This suggests that Nintedanib may have potential therapeutic benefits for targeting fibrosis in the lungs of patients with COVID-19 who also have comorbid hypertension and diabetes.




Figure 5 | Nintedanib but not Pirfenidone is more useful in patients with underlying fibrotic lungs with three disease. (A–D) Dot plot demonstrating that in Control group, DM group, HTN group and HD group, the remaining cell subpopulations act as signal senders and can have cellular conversations with myofibroblasts via ligand-receptors. Among them, the gene pairs in Control group are ANGPTL4-CDH11, ANGPTL4-CDH11, MIF-(CD74+CD44); DM group: SPP1-(ITGAV+ITGB5), SPP1- (ITGAV+ITGB1), SPP1-CD44, POSTN- (ITGAV+ITGB5), IGF1-IGF1R, PDGFC- PDGFRA, PDGFB-PDGFRA, FGF7-FGFR1; HTN group: SPP1-(ITGA8+ITGB1), SPP1-(ITGAV+ITGB5), SPP1 -(ITGAV+ITGB1), SPP1-CD44, POSTN-(ITGAV+ITGB5), GZMA-PARD3, MIF-(CD74+CD44), FGF7 - FGFR1, PDGFC-PDGFRA, PDGFB - PDGFRA, PDGFB - PDGFRB; HD group: POSTN-(ITGAV+ITGB5), the MDK-NCL, PDGFC - PDGFRA, MDK-LRP1. (E) The bar graphs show the number of pairs of handheld ligands that produce cellular interactions with myofibroblasts in the four diseases and were found to be significantly higher in the disease groups. (F, G) Subgroup analysis of the difference in the proportion of Nintedanib -targeted gene-positive fibroblasts in pulmonary fibrosis versus healthy controls. Subgroup analysis of the difference in the proportion of Nintedanib -targeted gene-positive fibroblasts in pulmonary fibrosis versus healthy controls. the proportion of FGFR1, and FGFR2 gene-positive fibroblasts was significantly higher in ILD. (H) The bar graph illustrates the addmodule score of FGFR1 in fibroblasts of patients with four diseases: Control group (blue), DM group (red), HTN group (green), and HD group (purple). The scores of HTN group and HD group show an increase compared to the Control group (*P value<0.05, ***P value<0.001). (I) The bar graph displays the addmodule score of FGFR2 in fibroblasts of patients with four diseases: Control group (blue), DM group (red), HTN group (green), and HD group (purple). The scores of DM group, HTN group, and HD group show an increase compared to the Control group (****P value<0.0001). (J–L) The bar graph demonstrates the addmodule scores of TGFB1, TGFB2, and TGFB3 in fibroblasts of patients with four diseases: Control group (blue), DM group (red), HTN group (green), and HD group (purple). (M) The bar graph shows the proportion of Scissor+, Scissor-, and background cells in FGFR2- and FGFR2+ groups. The proportion of Scissor+ fibroblast cells increase in the FGFR2+ group relative to the FGFR2- group. (N) The bar graph indicates that among the FGFR2+ fibroblasts, the proportion of Scissor+ cells in the four disease groups is significantly higher than that in the Control group, DM group, HTN group, and HD group, and the difference is statistically significant. (*P < 0.05, **P < 0.01)







4 Discussion

We are the first single-cell meta-analysis of SARS-CoV-2 infection lungs of diabetes, hypertension, and hypertension-diabetes patients. We identify that lung function is worse in fibroblasts in all three diseases. We identified that lung function was worse in fibroblasts in all three diseases condition and identified that myofibroblast expression was elevated in diabetes, hypertension, and hypertension-diabetes patients, and identified five targets in diabetes, hypertension where myofibroblast was elevated, suggesting a better therapeutic regimen. For the entry factor of SARS-CoV-2, it was KREMEN1 rather than ACE2 that dominated its myofibroblast elevation, while finally identifying the antifibrotic agent, Nintedanib, as a possible target for diabetes, hypertension, and hypertension-diabetes in SARS-CoV-2 infection-induced fibrotic lungs.

The specific subtype of cell that is damaged by diabetes or hypertension is myofibroblast, and using fibrotic lung function, mapped to fibroblasts, we can see that patients with diabetes, hypertension, or diabetes-hypertension have worse lung function. Digging further into what causes the increased myofibroblast, we find that the target organ that is damaged by both diabetes and hypertension, the endothelial cells, has significantly higher activated endothelial cells. The major marker gene for endothelial cells, ACKR1, is now thought to be a gene associated with fibrosis (29), is also a marker gene for activated endothelial cells, and our current results suggest that in addition to increased myofibroblast, the expression of activated endothelial cells is also significantly increased, while becoming positively correlated with myofibroblast expression. This is because more and more studies are beginning to consider the lung as a “target organ” for diabetes or hypertension (30). This is not surprising, as pulmonary circulation is a major source of diabetes and hypertension (25). This is not surprising since the pulmonary circulation has the largest capillary network in the body and can accommodate the entire cardiac output (31). This is not surprising since the pulmonary circulation has the largest capillary network in the body and accommodates the entire cardiac output. Microvascular lesions in the lungs have been identified and have been described in autopsy studies and include thickening of the alveolar epithelium and capillary basement membranes (32). This structural abnormality is similar to those observed in the diabetic kidney and retina. Therefore, we suggest that activated endothelial cells may be a potential “bridge” leading to increased myofibroblast. By targeting endothelial cells, we may be able to slow down the increase in myofibroblast, thereby achieving the goal of slowing down lung function.

Interestingly, in our study we did not observe an increase in therapeutic targets in patients with hypertension alone, but in patients with comorbid hypertension-diabetesor diabetes mellitus, we observed an increase in targets in relation to each other. Positively associated with the increased targets was increased myofibroblast, suggesting that patients with combined hypertension-diabetes may be more impaired after SARS-CoV-2 infection. This may be related to more severe cumulative damage to blood vessels and stromal cells in hypertension-diabetesor diabetes mellitus (33, 34). Further study of these findings will allow us to better understand the effects of COVID-19 in patients with comorbid hypertension-diabetes and to search for more effective treatments. In this study, an inhibitor of the antidiabetic drug SGLT2 (sodium-glucose cotransporter-2/SLC5A2), which reduces renal reabsorption of glucose to lower blood glucose, could indirectly reduce lung infection in diabetic mice (35). However, a new clinical study was initiated in April 2020 to understand the substantial cardiorenal protective effects of SLGT2 inhibitors in reducing disease progression, complications, and all-cause mortality in hospitalized adult patients with a focus on those with COVID-19 (36, 37). Our study suggests that SLC5A2 is elevated in fibroblasts and positively correlates with myofibroblast, predicting that SLC5A2 is target of COVID-19 related-fibrosis.

According to the literature, host cell receptors play a key role in determining viral tropism and pathogenesis (38). However, little is known about the host receptors for SARS-CoV-2 other than ACE2 (39, 40). In our study, we did not observe upregulation of classical entry factors such as ACE2; instead, we found that the upregulation of KREMEN1 correlated with an increase in myofibroblast. This suggests that ACE2 alone cannot explain the multiorgan invasiveness of SARS-CoV-2 or the fact that ACE2 expression is not significantly altered after SARS-CoV-2 infection. Indeed, KREMEN1 plays a sufficiently important role in SARS-CoV-2 entry (41, 42), and we therefore suggest that KREMEN1 may act as an alternative functional receptor that plays an important role in ACE2-independent viral invasion. This also provides the explanation that diabetic and hypertensive patients may still be associated with increased myofibroblast in the absence of significant ACE2 elevation. In addition, our study shows that KREMEN1-positive cells have poorer lung function, providing us with a relevant basis. Taken together, our study reveals that KREMEN1 may be an important alternative receptor in SARS-CoV-2 infection, playing an important role in lung fibrosis and deterioration of lung function (41). Finally, by examining patients with the three diseases combined diabetes, hypertension, and hypertension-diabetes after SARS-CoV-2 infection, we propose that activated endothelial cells may be a potential bridge to fibrosis, as well as suggesting that the preference of anti-hypertensive drug targets and the influence of entry factors on the combined three diseases is not a traditional ACE2, while proposing that Nintedanib is a superior choice for late fibrotic sequelae.

Nintedanib as add-on therapy for pulmonary fibrosis after COVID-19 did not improve oxygenation or mortality, but improved the SpO2/FiO2 ratio in patients (43). The use of Nintedanib alongside treatment of COVID-19 pulmonary fibrosis showed a more pronounced improvement in lung CT severity score compared with Pirfenidone (44). Consistent with our findings of receptor upregulation of Nintedanib in fibroblasts. Noth et al. found that the incidence of major adverse cardiovascular events was similar between the nintedanib and placebo groups, both in patients with high and low cardiovascular risk (45). However, it should be noted that the most frequent adverse events associated with nintedanib use are diarrhea, decreased appetite, and vomiting (46). These adverse events may have an impact on the blood glucose and blood pressure of patients with diabetes. Therefore, close monitoring of blood glucose and blood pressure is recommended when using nintedanib.

It is important to acknowledge the limitations of our study. Firstly, we were unable to conduct in vitro or in vivo animal experiments to directly evaluate the preferential target receptor for SARS-CoV-2 infection. Secondly, we did not perform in vitro experiments to validate the impact of Nintedanib. Thirdly, the sample size in our study was limited, which prevented us from conducting a more detailed analysis of the impact of gender within our subgroup.




5 Conclusion

In conclusion, the analysis of single-cell data from the lungs of COVID-19 patients with comorbid diabetes and hypertension allowed us to assess their biological characteristics comprehensively and systematically. In this study, we found that vascular-related cells, especially activated endothelial cells, play an important role in the co-morbid process of diabetes, hypertension, and COVID-19. At the same time, we suggest that fibroblasts may be the ultimate “effector cells” that contribute to the deterioration of lung function. Based on these findings, we propose that activated endothelial cells may be a potential “bridge” to fibrosis and suggest preferred drug targets for treatment. In addition, we found that in the combination of these three diseases, the entry factor used by SARS-CoV-2 is not the traditional ACE2, but possibly KREMEN1, and finally, we suggest that Nintedanib may be a preferred therapeutic option for the late fibrotic sequelae. These findings provide important academic and clinical implications for better understanding and treating pulmonary complications due to combined diabetes and hypertension in patients with COVID-19.
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GNB3+
FRS2+

~=~ CACNB2+
== CACNA1C+

0.1 0.2 0.3 0.4
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Subgroup 5% Cl p-Value

FEV1 Sport Swimming 4 5.98 (0.85,11.11) 002°
Aerobic exercise 5 2.89 (0.58,5.19) 0017 57
Ball 3 0.79 (-3.945.51) 074 0
HIIT 2 ~0.95 (5.83,3.92) 070 0
FVC Sport Swimming 4 11,07 (6.33,15.82) <0.00001* 2
Aerobic exercise 3 5.06 (1.57,8.54) 0.004* 30
Ball 3 077 (~3.88,5.43) 074 0
HIIT 2 0.80 (~4.28,5.89) 076 46
PEF Sport Swimming 2 249 (-7.80,12.78) 0.64 4
Aerobic exercise 2 061 (4.26,5.49) 08 4
Ball 3 0.06 (~5.94,6.07) 098 4
HIT 2 ~1.34 (-6.63,3.95) 062 0
BMI Sport Aerobic exercise 3 ~3.12 (-5.58,-0.66) 001* 78
HIT 2 ~0.06 (~5.58,-0.66) 096 43
FEV1 Time <8 weeks 10 085 (1.45,3.15) 047 4
>8 weeks 5 2.89 (1.09.4.69) 0,002 55
FVC Time <8 weeks 9 070 (-2323.71) 065 78
>8 weeks 5 5.88 (~130,10.46) 001% 56
PEF Time <8 weeks 7 ~0.27 (-3.93,3.39) 027 85
>8 weeks 3 465 (~3.68,12.98) 089 0
BMI Time <8 weeks 3 ~2.99 (-5.70,0.28) 003 77
>8 weeks 3 ~1.90 (-5.15,1.35) 025 85
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hor  years Participants Age Overcomes

Lung Athletic Immune Body Quality
function ability system composition of life
Winn 2021 E(29) E(13.1£10) | 78M&77F | 22.7#47 FEV1% No FeNO BMI PAQLQ
C(68) C(129£1.2) FVC%
PEF%
Qiong Chen 2020 E(20) E1l4% | 14M&26F  No FVC% EMWT No No PAQLQ
C(20) 28) FEV1%
ca21 PEF%
+34)
Jing Tan 2019 E(80) E@B2+21) 9M&S9F  No FVC% No No No No
a(76) C(8.1%2.1) FEV1%
PEF%
Abdelbasset 2018 E(19) E©98+23) 23M&ISF | 213£30 FEV1% EMWT No BMI PAQLQ
c(19) ca17 FVC%
+23)
Carew 2017 E(29) E135+ | 24M&I7F | No FVC% No No No No
C(12) 18) FEV1%
ca20 PEF%
+31)
Jia Li 2016 E(29) E(125+ | 26M&ISF | 183220 FVC% EMWT 1L-6 BMI No
c12) 16) 182232 FEV1% TNF-a
C(108 PEF% FeNO
£13)
Latorre- 2014 E(58) E(115 £ Not 1749228 No EMWT No BMI PAQLQ
Roman c47) 10) Described
cais
*14)
Andrade 2014 E(10) E117+ | 1SM&I12F No No EMWT No No PAQLQ
€a7) 23)
cai4
+23)
Kader 2013 E(40) E132: | ©M&38F | 2715 No No 1L-6 BMI No
C(40) 35) +238 TNF-a
ca26
£32)
Onur 2011 E(30) E98+18) 28M&ISE | No FEV1% No No No No
c(13) C(103 FVC%
+20)
Wicher 2010 E(30) E(104% | 2M&34F  No FEV1% No No No No
cG1) 3.1) FVC%
C(109
+26)
JengShing 2009 E(15) EO-1) | 20M&I0F  No FEV1% No No No No
Wang cas) C(o-11) FVC%
Basaran 2006 EG1) E(104+ | 40M&2F | No FEV1% EMWT No No PAQLQ
S 22) FVC%
C(105 PEF%
+21)
Counil 2003 E(7) E(139 £ 14M No FEV1% No No No No
@) 0.8)
C(140
£06)
Weisgerber 2003 E(5) EB4 %15  4M & 4F No FEV1% No No No No
cG) C(73 £ 06) FVC%
PEF%

FEV1, Forced Expiratory Volume in 1 Second; FVC, Forced Vital Capacity; PEF, Peak Expiratory Flow; 6MWT, 6-min walking test; IL-6, Interleukin- 6; TNF-a tumor necrosis factor-a; FeNO,
Fractional Exhaled Nitric Oxide; BMI, Body Mass Index; PAQLQ, Paediatric Asthma Quality of Life Questionnaire.
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Study(n) Participants(n) (95% CI) 1> (%)

Lung function

FEV1 15 642 212 (0.70,3.53) 15 0.003
FVC 14 628 278 (126,4.31) 56 0.0004
PEF 10 513 184 (V2.83,6.51) 72 044
Immune system

1L-6 3 132 049 (-081, -0.17) 4 0.003
INFa B n 054 (~092, ~0.15) 0 0.006
FeNO 3 151 -245 (-1191,7.02) 0 0.61
Body composition

BMI 6 372 ~242 (-440,044) 85 002
Exercise capacity

6WMT 7 320 11533 (54.64,176.02) 94 0.0002
The Quality of life index

PAQLQ-Total score 6 370 1.06 (0.46,1.66) 94 0.006
PAQLQ-Emotional 6 370 091 (0.76,1.06) 90 <0.00001
PAQLQ-symptoms 6 370 087 (0.71,1.02) 95 <0.00001
PAQLQ-activities 6 370 120 (0.58,1.82) 93 0.00001
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Antagonist Mechanism of action
Adalimumab  Recombinant human IgG1 anti-TNFa monoclonal antibody

o Inhibits binding of both soluble and transmembrane TNFa to TNFa receptors
Anakinra © Recombinant non-glycosylated human IL-1 receptor antagonist

 Competitively inhibits IL-1 binding to the interleukin-1 type I receptor
Canakinumab  Recombinant human IgGx anti-IL-1§ monoclonal antibody

© Binds to IL-1B to inhibit IL-1 receptor activation
Dapansutrile  B-sulfonyl nitrile compound

© Binds to the NLRP3 protein to prevent NLRP3 ATPase activity and NLRP3-ASC interactions
Etanercept o Soluble TNF receptor

© Binds to both TNFa and TNFp to inhibit TNF receptor activation
Golimumab * Human IgGlk anti-TNFa monoclonal antibody

® Binds to soluble and transmembrane TNFa to inhibit TNFa receptor activation
Glyburide ® Sulfonylurea compound

® Unknown mechanism of action, believed to inhibit potassium efflux needed for NLRP3 inflammasome activation
GSK1070806 © Human IgG anti-IL-18 monoclonal antibody

® Binds to IL-18 to inhibit IL-18 receptor activation
Infliximab  Chimeric IgG1 anti- TNFa monoclonal antibody

© Binds to soluble and transmembrane TNFa to inhibit TNFa receptor activation
Rilonacept ® Soluble IL-1§ receptor

© Binds to IL-1f to inhibit IL-1 receptor activation
Tadekinig alpha © Recombinant IL-18 binding protein

© Binds to free IL-18 to inhibit IL-18 receptor activation
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Antibody

hnique

Supplier + Cat. N

CD45 MAGS sorting Miltenyi Biotec, Germany 130-052-301
cp31 MACS sorting Miltenyi Biotec, Germany 130-097-418
CD326 MACS sorting Miltenyi Biotec, Germany 130-091-051
Pro-Surfactant protein-C Immunofluorescence staining Millipore AB3786

Acetylated tubulin Immunofluorescence staining Sigma T7451

Donkey anti-Mouse Secondary Antibody, Alexa Fluor™ 568

Goat anti-Rabbit Secondary Antibody, Alexa Fluor™ 488

Immunofluorescence staining

Immunofluorescence staining

Invitrogen/Life Technologies A10037

Invitrogen/Life Technologies A11008
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Gene (human)

Forward primer sequence (5' to 3')

Reverse primer sequence (3' to 5')

ATPSB TCACCCAGGCTGGTTCAGA AGTGGCCAGGGTAGGCTGAT
RPLI3A AAGGTGGTGGTCGTACGCTGTG CGGGAAGGGTTGGTGTTCATCC
AXIN2 CGGGAGCCACACCCTTCT TGGACACCTGCCAGTTICTTT
GADD34 ATGTATGGTGAGCGAGAGGC GCAGTGTCCTTATCAGAAGGC
Bip CGAGGAGGAGGACAAGAAGG CACCTTGAACGGCAAGAACT
CHOP GCACCTCCCAGAGCCCTCACTCTCC GTCTACTCCAAGCCTTCCCCCTGCG
XBPISPL TGCTGAGTCCGCAGCAGGTG GTCGGCAGGCTCTGGGGAAG
HGF TCCAGAGGTACGCTACGAAGTCT CCCCATTGCAGGTCATGCAT
FGE2 AGAAGAGCGACCCTCACATCA CGGTTAGCACACACTCCTTTG
FGF7 TCCTGCCAACTTTGCTCTACA CAGGGCTGGAACAGTTCACAT
FGFI0 CAGTAGAAATCGGAGTTGTTGCC TGAGCCATAGAGTTTCCCCTTC
HMOX1 AAGACTGCGTTCCTGCTCAAC | AAAGCCCTACAGCAACTGTCG
Wht5A GGG TGG GAA CCA AGA AAA AT TGG AAC CTA CCC ATC CCA TA
WNTSB ACG CTG GAG ATC TCT GAG GA CGA GGT TGA AGC TGA GTT CC
Gene (murine) Forward primer sequence (5’ to 3') Reverse primer sequence (3’ to 5')
Xbplspl CTGAGTCCGCAGCAGGTGCAG GTCCATGGGAAGATGTTCTGG
Chop GGAGCTGGAAGCCTGGTATGAG GCAGGGTCAAGAGTAGTGAAGG
Gadd34 CCCGAGATTCCTCTAAAAGC CCCAGACAGCAAGGAAATGG
Axin2 CGCTTTGATAAGGTCCTGGC AGTTCCTCTCAGCAATCGGC
Hmox1 GATAGAGCGCAACAAGCAGAA CCAGTGAGGCCCATACCAGAAG
Actb GTGACGTTGACATCCGTAAAGA GCCGGACTCATCGTACTCC
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Duration (weeks) x Frequency(d/wk) = Time (i

Winn 2021 HIT 163 30 90%HR
Qiong Chen | 2020 Aerobic Exercise 120 4060 1~4wk50-60%HR o
5-12wk60-70%HR 0,
\
Jing Tan 2019 Exercise 123 2030 No
| |
Abdelbasset 2018 Aerobic Exercise 103 40 50-7006HR o
Carew 2017 | Swimming,Football And Basketball 6x1 40 No
Jia Li 2016 HIIT and Aerobic exercise 83 40 90%VOspeq and 50%
VOzpeak
: I | ]
Latorre-Roman | 2014 Combined Training 120 60 No
Andrade 2014 Aerobic Exercise 6x3 1~2wk 20 70-80%6HR o
3~6wk 30
Kader 2013 Aerobic Exercise 8X4 2545 60-8006HR 1y
Onur 2011 Aerobic Exercise 8x2 45 80%HRy0x
Wicher 2010 Swimming 122 60 No
JengShing Wang 2009 Swimming 63 50 No
Basaran 2006 Basketball 83 60 No
Counil 2003 Aerobic Exercise 6x3 45 No
; | 1
Weisgerber 2003 Swimming 5613 45 No
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