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Editorial on the Research Topic 


Immunometabolic Mechanisms Underlying the Severity of COVID-19


The severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) is the causative agent of the global outbreak of coronavirus disease 2019 (COVID-19) (1). A substantial number of COVID-19 patients developed the most severe form of the disease, including pneumonia, acute respiratory distress syndrome (ARDS), multiorgan failure, and death (2). COVID-19 caused more than six million deaths worldwide, with a higher prevalence in patients with preexisting comorbidities such as obesity, hypertension, type 2 diabetes (T2D), and coronary heart disease (CHD) (3). Patients with these preexisting conditions displayed a cytokine storm characterized by increased levels of proinflammatory cytokines such as interleukin (IL-) 1 beta, IL-6, and tumor necrosis factor-alpha (TNF-alpha), accompanied by an impaired T and B cell-mediated immunity (4, 5). However, the mechanisms through which metabolic and cardiovascular comorbidities hinder the antiviral immune response and enhance the cytokine storm, increasing the progression, severity, and mortality of COVID-19, are not yet fully understood. For this reason, we edited a Research Topic within Frontiers in Immunology to examine how immunometabolic agents such as excess glucose, adipose-derived hormones, and lipids act in synergy with immune cells to worsen the course of COVID-19.

We received numerous high-quality submissions from eminent research teams worldwide focused on different aspects of the crosstalk between immunity and metabolism in the COVID-19 setting.

Guo et al. contributed to the Research Topic by presenting original data comparing the production of serum cytokines belonging to the cytokine storm-related inflammatory response or the T cell-mediated adaptive immunity. They found that severity in COVID-19 patients increased as IL-6 soared and IL-2 decreased, indicating a biphasic trend where cytokines involved in the T cell-mediated adaptive immunity lose relevance while the inflammatory response gains it in severe COVID-19. The T cell-mediated adaptive immunity involves multiple cell types, among which CD3+CD4+ and CD3+CD8+ T cells and natural killer T (NKT) cells play crucial antiviral functions. Mo et al. expanded on this body of evidence by demonstrating that T lymphocytopenia often observed in patients with severe COVID-19 is hallmarked by a considerable reduction in the number of mitochondria in CD3+CD4+ and CD3+CD8+ T cells and poor lymphocyte response. In turn, using single-cell RNA sequencing, Yang et al. demonstrated that NKT cells expressing Tim-3 display increased apoptosis and exhaustion marker expression such as caspase-3 and PD-1, leading to NKT cell depletion and COVID-19 worsening.

At this point, contributions made to the Research Topic consistently show that impairment in immune cells with primary antiviral functions such as helper and cytotoxic T lymphocytes and NKT cells plays a crucial role in COVID-19 severity. The underlying mechanisms through which the immunometabolic agents exert their effects on these immune cells are also covered in this Research Topic. Tyurin et al. conducted a study in a cohort of COVID-19 patients and found that cardiovascular risk factors such as hypertension and coronary artery disease hallmark the progress of COVID-19. This research team described that those cardiovascular conditions boost COVID-19 severity by reducing the number of functional helper and cytotoxic T lymphocytes and B cells and increasing the amount of natural killer (NK) cells. Disbalance in the adaptive and innate cellular content correlated with circulating C-reactive protein (CRP) levels and suppressed iron metabolism. Singh et al. wrote a review manuscript examining how type 2 diabetes (T2D) predisposes to developing severe COVID-19 by inducing the release of IL-6, TNF-alpha, and CRP while decreasing regulatory cytokines such as IL-10. This immune scenario favored by excess glucose and free radical production is crucial to promoting the cytokine storm associated with the most severe form of the SARS-CoV-2 infection. Therefore, the use of agents such as glutathione and vitamin D may offer novel therapeutic avenues to treat COVID-19 patients due to their ability to decrease the production of proinflammatory cytokines and free radicals.

Furthermore, using single-cell RNA sequencing, Shao et al. demonstrated that T cells expressing the C-C motif chemokine ligand 2 (CCL2), secreted phosphoprotein 1 (SPP1)-producing macrophages, and dendritic cells (DC) are enriched in bronchoalveolar lavage fluid of patients with severe COVID-19. The authors found that increased glycolysis, fatty acid metabolism, bile acid synthesis, and purine and pyrimidine metabolism may favor CCL2 and SPP1 expression, predisposing the patient to develop the cytokine storm. Rendeiro et al. extended this body of evidence by conducting a study to characterize the serum metabolome of COVID-19 patients through high-throughput targeted nuclear magnetic resonance (NMR) spectroscopy and high-dimensional flow cytometry. They informed that immunometabolic agents involved in dyslipidemia, such as low-density lipoproteins (LDL) and very low-density lipoproteins (VLDL), act in synergy with NK cells to induce Tim-3 expression and increase the severity of COVID-19. Of note, the authors also showed additional benefits of studying the crosstalk between metabolism and immunity by using VLDL and Tim-3 as potential predictors of response to tocilizumab in the treatment of COVID-19. Similarly, resistin is a hormone secreted by adipose tissue and mononuclear leukocytes with crucial roles in obesity, insulin resistance, and inflammation. Ebihara et al. made a valuable contribution to the Research Topic by showing that serum resistin increases as COVID-19 severity raises and could be an accurate mortality predictor in COVID-19 patients. The authors proposed that resistin can display these actions because it is associated with a cytokine storm where IL-6, IL-8, IL-10, and CCL2, and the endothelial damage markers intercellular adhesion molecule-1 (ICAM-1) and vascular cell adhesion molecule-1 (VCAM-1) considerably elevate.

As outlined here, immunometabolic agents such as excess glucose, VLDL, and resistin, among others, can activate immune cells and promote cytokine release, contributing to an impaired adaptive immune response that allows the cytokine storm, which in turn worsens the severity of COVID-19. However, additional papers published in the Research Topic taught us that the synergy between immunometabolic agents and immune cells goes beyond the effects of carbohydrates and lipids on T and B lymphocytes and NK cells. In this sense, Beltrame et al. conducted a study on 138 patients hospitalized due to COVID-19. They observed that decreased testosterone blood levels and increased estradiol values were associated with ARDS onset and increased mortality, mainly in males. Thus, unbalanced testosterone and estradiol levels may increase the risk of developing severe COVID-19, probably due to differential hormonal effects on immune cells. Moreover, Chakraborty et al. used the Agilent-085982 Arraystar human lncRNA V5 microarray and found multiple genes expressed differentially in mild and severe COVID-19 patients, including endothelin 1 (EDN1) and ribosomal protein L19 (RPL19). EDN1 and RPL19 belong to the TLR4 and TLR3-dependent pathways that confer protection against viral infections through signaling in antigen-presenting cells such as DCs. Chang et al. expanded on this body of evidence by writing a review article where they summarize the primary mechanisms through which DCs contribute to COVID-19 progression by showing a reduced number, impaired antigen-presentation ability, and low type-I interferon release. The authors also examined interesting evidence indicating that designing effective anti-SARS-CoV-2 drugs and vaccines should consider enhancing DC activity against the virus, strengthening the link between innate and adaptive immune responses without soaring the cytokine storm.

The most severe form of COVID-19 includes thrombosis and multiorgan failure that increase the risk of intensive care unit (ICU) admission and in-hospital death. Zou et al. conducted a bioinformatics analysis based on a time-order gene co-expression network (TO-GCN). The authors reported the expression of numerous immune genes (i.e., SRC, RHOA, CD40LG, CSF1, TNFRSF1A, FCER1G, ICAM1, LAT, LCN2, PLAU, CXCL10, ICAM1, CD40, IRF7, and B2M, among others) that mediate leukocyte overactivation and promote the cytokine storm in COVID patients who developed multiorgan failure. Hartmann et al. extended this body of information by conducting an extensive postmortem immunohistochemical study in myocardium biopsies of patients who died from COVID-19 to understand how the disease drives heart failure. The study revealed that myocardial injury results from local overexpression of IL-1 beta, IL-6, and TNF-alpha, which is associated with interstitial edema, endothelial cell apoptosis, and increased TGF-beta 1 expression, leading altogether to chronic myocardial fibrosis. This work also supports that clinical surveillance is critical in patients recovering from severe COVID-19 to detect myocardial dysfunction and arrhythmias as potential cardiac sequelae of the SARS-CoV-2 infection. Furthermore, Ebihara et al. performed an extensive proteomic analysis of more than a thousand plasma proteins, finding that patients with severe COVID-19 showed an elevation in IL-6 and growth differentiation factor (GDF)-15 like that found in patients with sepsis. Sepsis is a frequent complication in critically ill patients with COVID-19. Therefore, besides helping identify patients at higher risk of sepsis, measurement of GDF-15 may also allow for predicting a late recovery in COVID-19 cases admitted to ICU. Ahmed et al. published a review article that expands on the possible mechanisms by which GDF-15 contributes to COVID-19 aggravation, including mitochondrial stress, free radical production, and inflammation. The information provided by the authors supports using GDF-15 as a potential biomarker of COVID-19 severity and for designing novel therapeutic interventions against the SARS-CoV-2 infection.

Thrombosis is also an often complication of patients hospitalized with severe COVID-19. In this sense, Komi et al. contributed to the Research Topic by conducting a study on a large cohort of COVID-19 patients admitted to ICU. The authors studied the coagulation cascade’s dynamic changes, observing that D-dimer, fibrinogen, and prothrombin time are essential in developing a pro-thrombotic state that aggravates the course of COVID-19 until the critical stage. Pastorek et al. extended these mechanisms by writing a mini-review where they summarize the most relevant signals inducing neutrophil extracellular trap (NET) formation, including Toll-like receptor (TLR) 2, 4, 7, 8, and 9 and other pattern recognition receptors (PRR). The authors examined the possible role of the complement activation in allowing thrombin release, which promotes tissue factor (TF) activity that can stimulate NET formation and thrombosis in COVID-19. Among other aspects, this article may contribute to understanding the apparent relationship between NETs and the occurrence of ischemic stroke in patients with severe SARS-CoV-2 infection.

In addition to covering the mechanisms involved in severe COVID-19 and the complications affecting several organs, this Research Topic also received valuable contributions to drug development research, especially by using old drugs with novel therapeutic applications against the SARS-CoV-2. Cory et al. reported that exposure of primary human monocytes to the recombinant SARS-CoV-2 spike protein subunit 1 provoked a marked metabolic reprogramming consisting of increased glycolytic metabolism and release of IL-1 beta, IL-6, and TNF-alpha. Notably, pretreatment of monocytes with metformin inhibited the glycolytic overactivation and inflammatory cytokine release in response to either recombinant spike S1 protein or SARS-CoV-2 strain WA1/2020 in vitro. This report provides solid evidence that allows thinking on the feasibility of testing metformin in prospective clinical trials to prevent the cytokine storm associated with hyperactivation of immune cells observed in severe COVID-19. Moreover, this study highlights the essential role of innate immunity in the detrimental amplification of inflammation during acute COVID-19 and the possibility of reverting exacerbation of innate immune reaction by targeting their metabolism. Likewise, Teixeira et al. performed an experimental study using a strategy that combined in vivo infection assays and in vitro cultures. They found that simvastatin decreased viral replication and lung damage in the K18-hACE2-transgenic mouse model infected with the SARS-CoV-2 gamma strain. In vitro, simvastatin reduced NET formation and release of TNF-alpha and CCL5 in neutrophils, and the production of TNF-alpha, IL-6, and IL-8 in monocytes via lipid raft disruption, which may hinder viral adhesion to target cells and reduce viral replication. Dai et al. extraordinarily complemented this information, writing a review manuscript to examine how statins inhibit adhesion and binding of the SARS-CoV-2 to target cells. They propose blockage of cholesterol synthesis by statins also promotes lipid raft disruption, decreasing the ability of the SARS-CoV-2 to adhere to the host cell’s plasma membrane, leading to lessening viral replication and load. The authors also discuss evidence showing that statins lower the levels of IL-6 and TNF-alpha, two inflammatory cytokines essential to developing the cytokine storm, making these ideal drug candidates for treating patients seriously ill with COVID-19. Altogether, this evidence confirms the hypothesis postulated by Elkoshi, who applied a binary model of chronic diseases to COVID-19 and proposed that simvastatin and lovastatin could be more effective in treating patients with severe SARS-CoV-2 infection. According to Elkoshi’s hypothesis, the main reason behind suggesting statins as promising drugs for treating COVID-19 is that they may induce a robust regulatory T cell activity and vigorous CD3+CD8+ T cell function, strengthening the adaptive arm of immunity and reducing the innate inflammatory response.

Finally, this Research Topic also centered the study of immunometabolism on several aspects we should pay attention to during the post-epidemic era, such as COVID-19 sequelae. Yang et al. collected information from more than a thousand articles and systematically analyzed the most frequent COVID-19 sequelae. They reported that the most common sequelae in patients who recovered from COVID-19 are lung fibrosis resulting in cough, shortness of breath, and dyspnea. The authors also found myocarditis resulting in ischemia, elevated blood pressure, and increased afterload as frequent COVID-19 sequelae. They also informed that brain bleeding, cranial nerve injury, and temporary loss of consciousness are often found after severe COVID-19 illness. In parallel, Jing et al. characterized the urinary metabolome of 248 patients with several COVID-19 severities, revealing that oxoglutaric acid, indoxyl, and phenylacetamide were prominently associated with low helper and cytotoxic T cell count and decreased serum levels of IFN-gamma and IL-2. Interestingly, the authors also reported that those urinary metabolites allowed to predict the occurrence of memory deterioration and other psychiatric sequelae after COVID-19 recovery.

Another aspect we should be aware of during the post-pandemic era is paying attention to any adverse effects of anti-SARS-CoV-2 vaccines, above all those using adenoviral non-replicating vectors (AVV). Azzarone et al. wrote a perspective article delineating a mechanism leading to vaccine-induced immune thrombotic thrombocytopenia (VITT), an uncommon, life-threatening syndrome occurring after the first injection of AVV anti-SARS-CoV-2 vaccines. The authors propose that VITT results from the interaction of AVV with platelets and mast cells that consequently release platelet factor 4 (PF4) and heparin, favoring PF4/heparin/IgG complexes that may enhance platelet activation and neosynthesized spike S1 protein-induced thrombotic events.

As we have outlined here, the Research Topic included a variety of seminal articles expanding on the mechanisms through which metabolic diseases and immunometabolic agents act in synergy with adaptive and innate immune responses to increase the severity of COVID-19. The findings published in our special issue also show the perspectives for optimizing the metabolism of immune cells to minimize the damage that SARS-CoV2 makes in the human body. We thank the authors for sharing their extraordinary research works that will open new avenues to understand the immunometabolic bases driving disease worsening, contribute to drug development research, and prevent complications and sequelae of COVID-19.
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VITT is a rare, life-threatening syndrome characterized by thrombotic symptoms in combination with thrombocytopenia, which may occur in individuals receiving the first administration of adenoviral non replicating vectors (AVV) anti Covid19 vaccines. Vaccine-induced immune thrombotic thrombocytopenia (VITT) is characterized by high levels of serum IgG that bind PF4/polyanion complexes, thus triggering platelet activation. Therefore, identification of the fine pathophysiological mechanism by which vaccine components trigger platelet activation is mandatory. Herein, we propose a multistep mechanism involving both the AVV and the neo-synthetized Spike protein. The former can: i) spread rapidly into blood stream, ii), promote the early production of high levels of IL-6, iii) interact with erythrocytes, platelets, mast cells and endothelia, iv) favor the presence of extracellular DNA at the site of injection, v) activate platelets and mast cells to release PF4 and heparin. Moreover, AVV infection of mast cells may trigger aberrant inflammatory and immune responses in people affected by the mast cell activation syndrome (MCAS). The pre-existence of natural antibodies binding PF4/heparin complexes may amplify platelet activation and thrombotic events. Finally, neosynthesized Covid 19 Spike protein interacting with its ACE2 receptor on endothelia, platelets and leucocyte may trigger further thrombotic events unleashing the WITT syndrome.
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Introduction

Coronavirus disease 2019 (COVID-19) has been associated with more than four million deaths documented worldwide, thus vaccination against SARS-CoV-2 is the most relevant resource against the COVID-19 pandemic (1, 2).

At present, the European Medicines Agency (EMA) has approved two vaccines based on the messenger RNA (mRNA) technology: Pfizer BioNTech (BNT162b2) and Moderna COVID-19 (mRNA-1273). EMA has also approved two adenoviral vector (AVV)-based vaccines encoding the spike glycoprotein of SARS-CoV-2, namely COVID-19 Vaccine Janssen employing recombinant human adenovirus type 26 vector (Ad26.COV2.S b) and COVID-19 Vaccine AstraZeneca (Vaxzevria) employing the recombinant chimpanzee adenoviral [ChAdOx1-S] type 5 vector (3). At the beginning of April 2021, more than 82 million people in the European Union have been vaccinated and, among them, 20 million people have received Vaxzevria and Janssen vaccines (4). In addition, an undetermined number of Europeans received a vaccine other than the four EMA-approved vaccines, namely the Russian Sputnik employing the two different human Adenoviral vectors (type 5 and type 26). In this context, the chimpanzee adenoviral vectors have the desirable vector characteristics of human adenoviral vectors, but with negligible seroprevalence in the human population. Indeed, their employ in several Phase I clinical trials have shown good safety and immunological profiles. However, certain Chimpanzee AVVs may not be suitable for some populations since neutralizing antibodies to some chimpanzee adenovirus serotypes have been detected in humans from sub-Saharan Africa, Brazil and China (5).

With such a widespread diffusion of anti-COVID-19 vaccines, the detection of severe side effects associated with vaccine administration should be rapidly documented. In this context, from late February 2021, following the first report by Greinacher and coll., different groups highlighted several cases of an unusual syndrome termed vaccine-induced immune thrombotic thrombocytopenia (VITT) after vaccination with ChAdOx1 nCov-19 and Janssen vaccine but not with RNA vaccines (6–9), with a single exception. Indeed, a recent paper describes a VITT case after vaccination with mRNA Moderna vaccine that seems somehow atypical, since the patient was a 65 year old man, who developed the VITT syndrome after the second vaccine injection (10).

The clinical picture of moderate-to-severe thrombocytopenia and thrombotic complications at unusual sites was observed in healthy individuals under 60 years of age within 5 to 20 days after the first ChAdOx1 nCov-19 vaccination with a rate of 6.5 events per million (9). These clinical features characterize a syndrome that resembles the severe heparin-induced thrombocytopenia, a well-known pro-thrombotic disorder caused by platelet-activating antibodies that recognize a neo-antigen in the multi-molecular complexes formed by the cationic Platelet Factor 4 (PF4) and anionic heparin. The patients who develop VITT are characterized by high levels of IgG antibodies against PF4-polyanion complexes, despite they have never been exposed to heparin (4, 6–9).

Even if the risk of developing VITT symptoms does not appear to be higher than the basal risks in the general population, the mortality caused by cerebral venous thrombosis in patients who received Jannsen or Vaxzevria vaccine is higher than expected (8), with a rate of 0.37 events per million. Identification of the fine pathophysiological mechanism by which vaccine components trigger this rare syndrome is mandatory.

Firstly, it is important to understand why these thrombotic events occur at unusual sites. McGonagle and coll. propose a convincing explanation that cerebral sinus- and splanchnic veins, which drain the nasal sinus and intestines respectively, allow microbiota and viral products to enter the endothelial networks of lining vessels. In this context, the undue presence in these sites of high titers of anti-PF4 pathogenic autoantibodies may lead to an aberrant immune response including activation of platelets, mast cells and neutrophils, increased platelet consumption and thrombosis (11).

Greinacher and coll. ask a series of basic questions wondering whether these anti-PF4 antibodies are autoantibodies induced in bystander autoreactive B cells by the strong inflammatory stimulus of vaccination, or antibodies induced by the vaccine cross-reacting with PF4 and platelets (4). However, since in healthy donors PF4 is hidden in the α granules of platelets (12), an early event leading to a specific anti-PF4 antibody response would be necessarily a rapid platelet activation with subsequent release of PF4 outside the platelets soon after the vaccination. Thus, in our opinion, the preliminary basic question concerns the mechanism causing platelets activation soon after vaccine administration.

Regarding this point, Greinacher and coll. speculate that interactions between the vaccine components and platelets could play a role in the pathogenesis (4). However, they exclude a role of the adenoviral vector, arguing that the amount of adenovirus in a 500-microliter vaccine injection administered 1-3 weeks earlier could hardly contribute to subsequent platelet activation observed in these patients (4).

They reiterate this statement although they show enhanced reactivity of patients’ sera with platelets in the presence of ChAdOx1 nCov-19 and quote references showing that adenovirus binds to platelet and causes platelet activation (4). They rather consider that a possible trigger of these PF4-reactive antibodies could be free DNA present in the vaccine, since they had previously shown that DNA and RNA can form multi-molecular complexes with PF4, which binds antibodies from patients with heparin-induced thrombocytopenia (4). Once more, the neglected point is: which event causes platelet activation and PF4 exposure?

Herein, we discuss about a possible role of the adenoviral vector in platelet activation, analyzing what was previously published on this matter and suggesting some relationship with the induction of VITT.



Preclinical Models

Several studies using murine and rabbit models have shown that soon after intravenous injection of adenoviral vectors the main target in the blood is represented by platelets as they express the Cocksackie/Adenovirus receptor (CAR). Adenoviral particles engulfed by platelets mediate platelet activation, as revealed by the surface exposure of the adhesion molecule p-Selectin that, interacting with its ligand PSGL-1 on leukocytes, favors platelet-leukocyte aggregate formation. At the same time, adenoviruses induce endothelial cell activation, as shown by VCAM-1 expression on virus-treated cultured endothelial cells and by the release of ultra-large molecular weight multimers of Von Willebrand Factor (VWF) within 1-2 hours from virus addition to cultures (13–16). Moreover, CAR expressed on endothelial cells acts as a mechanic sensor responsive to fluid shear stress, activating endothelial mechanical transduction, modulating endothelial function leading to vascular pathophysiologic events (17). Accordingly, it is conceivable that adenoviral vectors injected intravenously may rapidly activate both platelets and endothelia and trigger a complex platelet-leukocyte-endothelial axis resulting in coagulation abnormalities and severe thrombocytopenia from 5 to 24 hours after adenovirus delivery, in a vector dose-dependent manner (13–17). Similar effects were observed injecting AVVs to non-human primates (18–20). Indeed, this treatment causes a rapid temporal and dose-dependent thrombocytopenia, associated to the reduction of erythrocytes counts, since erythrocytes could bind activated platelets and be cleared and/or sequestered along with them. In addition, these animals show dose-dependent elongation of clotting times with concomitant increase of fibrinogen and of the amount and size of VWF multimers, which, likely, reflect endothelial cell damage (18–20).



Human Trials Based on Adenoviral Vectors

In humans, natural adenovirus infections have not been associated to altered coagulation, even if a viremic phase has been described, with the exception of rare severe cases of detectable high levels of the virus (21–24). Some human adenovirus serotypes persist in lymphoid tissues for several years, through a form of low-grade replication, and the Group C adenovirus DNA has been identified in peripheral blood lymphocytes during fatal acute infection and in immunosuppressed patients (25, 26). Moreover, in vitro experiments performed with blood from healthy donors show that the main target of the adenoviral vectors is human erythrocytes and, at a much lesser extent, platelets (27). This occurs since, differently from murine and monkey red blood cells, human erythrocytes express CAR and Complement Receptor 1 (CR1), which mediate their binding to adenoviral vectors (28, 29). In another study, despite a variable pattern of distribution between donors, the relative amount of virus associated with platelets in vitro was significantly higher than that recovered in erythrocytes (30). This difference is possibly due to the different type of anti-coagulant drugs employed in blood sampling (29, 30).

In neoplastic patients treated with intra-tumor infusions of adenoviral vectors, the number of viral genome copy number generally peaks between 9 to 12 hours after infusion and is followed by viral shedding into the blood stream within 24 hours. By comparing serum and blood clots, it was showed that in these patients viral DNA detection was higher in blood clots. Analysis of interactions between oncolytic adenoviruses and blood cells was performed in vivo and viruses resulted mainly associated with erythrocytes or granulocytes, but poorly associated with platelets. Nevertheless, in cancer patients, the absence or low amount of virus in the platelet compartment 24 hours after treatment was associated with decreased thrombocyte and leukocyte counts (29).

Even though these results could apparently recall data of preclinical models, we propose an alternative mechanism. It has been shown that damaged erythrocytes can modulate platelet reactivity directly through either chemical signaling or adhesive erythrocyte-platelet interactions, contributing to high risk of thrombotic complications (31). Adenovirus may bind vitamin K-dependent coagulation factors and several complement (C’) components. For instance, AVV can induce the alternative C’ pathway by binding C3 directly, subsequently C3–AVV complexes can be delivered to CR1 clustered on the surface of human erythrocytes (24). In addition, some adenovirus types binding CAR induce hemagglutination of human erythrocytes (32). Thus, we propose that the above mentioned adenovirus-erythrocytes complexes, which may per se trigger the clotting pathway (24), could also indirectly or directly activate platelets that (24, 29, 31), in turn, could form aggregates with leukocytes leading to subsequent clearance from the blood stream and blood clots formation.

Results of a phase I clinical trial with AVV administered into the right hepatic artery of subjects with a partial deficiency of ornithine trans-carbamylase (OTCD) show that patients exhibited reversible thrombocytopenia and anemia. Viral blood dissemination was detected during vector infusion and was still detectable eight hours after infusion but not later (30).



A Multistep Process Involving the Adenoviral Vector May Lead to VITT

Overall, these data indicate that adenoviral vectors may cause thrombocytopenia and coagulopathies both in pre-clinical models and in human individuals, even though the blood cell targets are not the same.

Therefore, it is possible that they will play some role in the cause of the rare VITT syndrome in some individuals after the first administration of anti-COVID-19 vaccines employing such vectors. However, in agreement with the hypothesis of Greinacher and coll. (4), some additional variables should be considered: i. the vaccine components, ii. the injection site and bio-distribution of vectors, iii. the timing of symptoms’ onset, iv. the pre-existence of natural antibodies recognizing the PF4/heparin complexes, v. the role of the neo-synthetized Spike protein.



Vaccine Components

The ethylene diamino tetra acetic acid (EDTA) enters in the composition of the Vaxzevria vaccine buffer (33) but not of Ad26.COV2.S vaccine (9), and it may cause both platelet activation and capillary permeability (34, 35). However, it seems highly unlikely that the amount of EDTA present in a 500-microliter vaccine injection administered intra-muscularly may cause extended damages to platelets circulating in the blood stream and distant endothelia.

The chimpanzee adenoviral [ChAdOx1-S] vectors are cultured and expanded by using the immortalized embryonic kidney cell line - REx HEK293 cells. Even though the product is nuclease-treated and further purified (33), some vaccine preparations could still contain very few residual cellular proteins and nucleic acids that exceptionally could exert platelet activation.

The AVV itself has the potential to activate platelets and to damage vessels; therefore, its direct involvement cannot be excluded, differently from what has been proposed (4).



The Site of Injection and Biodistribution of Vectors

Most vaccines are given via the intramuscular route into the deltoid or the anterolateral part of the thigh. This optimizes the immunogenicity of the vaccine and minimizes adverse reactions at the injection site (36). However, we have limited information on the fate of the vaccine during 48 h post-intramuscular injection (24). In addition, the muscle environment conditions the type of cells that are recruited, their cytokines secretion, and how such recruited cells and extracellular proteins impact on inflammatory and the immune responses. For instance, occasional local micro trauma and micro bleeding can favor the appearance of negatively charged extracellular DNA, which may act as a powerful adjuvant conditioning the local immune response (11). Nevertheless, muscle, because of its abundant blood supply, favors the correct delivery into the circulation optimizing mobilization and processing of viral vectors (36).

Thus, the AVV of Vaxzevria and COVID-19 Vaccine Janssen are supposed to efficiently reach the blood stream after intramuscular injection. In this context, pharmacokinetics studies on AVV titers and persistence in the blood and inside the blood cells become mandatory, in order to determine the extent of their interactions with erythrocytes and platelets.



Timing of the Symptoms Onset

Initial symptoms of VITT may occur as early as 5 up to 24 days after vaccination, while IgM to IgG switch does not occur in such a short interval after the first vaccination. Thus, we postulate that these patients have pre-existing B cells producing antibodies recognizing the PF4/heparin complexes. This assumption is based on recently published results showing the frequent detection in healthy donors of B cells producing germline natural anti-PF4/heparin antibodies primarily of IgM isotype, detectable in cord and adult peripheral blood. These antibodies are part of the natural IgM germline repertoire and may be synthesized even without previous antigen contact. These B cells could respond to non-specific stimuli leading to production of IgM reacting with PF4/heparin complexes. In addition, natural IgG antibodies able to bind PF4/heparin complexes can be detected in sera of the 4.3-6.6% of general population usually associated with the presence of chronic bacterial infections, such as periodontal disease (37, 38). Importantly, a subset of these antibodies with high affinity, clustering PF4-molecules, can form neo-antigenic complexes recognized by polyanion-dependent anti-PF4/P-antibodies in the absence of heparin. Most individuals with these anti-PF4/polyanion antibodies remain asymptomatic, likely because their titers are too low to have clinical significance or because they are non-pathogenic “mimicking” antibodies, which are well-known to be frequently produced by the immune system (39, 40). However, in very rare vaccinated individuals, such natural IgM or IgG antibodies, if present at a clinically relevant titer, could bind PF4 or PF4 complexes formed after the release of PF4 from adenovirus-infected platelets. Alternatively, the AVV present in the blood stream may interact with red blood cells (27) generating altered erythrocytes (29, 31) that, in turn, are able to activate platelets (31), thus starting a vicious circle.

If the symptoms occur between 10 and 24 days it is conceivable that vaccinated people do not possess natural anti-PF4 antibodies, since, during this period, the immune system may mount a T cell-dependent anti-PF4 antibody response with IgM to IgG isotype switching.

The pathological reaction leading to VITT would be similar in both situations.

We suggest that, essentially in 20% of individuals suffering from immediate strong local inflammatory reaction (41), an early event may be represented by a robust production of the inflammatory cytokine interleukin 6 (IL-6), which has been shown to be increased in all patients receiving AVVs for the treatment of the OTCD genetic syndrome (30). In COVID-19 patients, high levels of IL-6 may favor the hyper inflammatory reaction with further damage of endothelia, likely leading to the final multi-organ dysfunction associated with severely dysregulated coagulation  (42).

Another early event could be represented by the adenoviral dissemination into the blood stream few hours after injection (30). AVV, binding primarily erythrocytes, mast cells and, at a lesser extent, platelets and endothelia could favor a cascade of interactions that, in rare instances, could evolve up to severe thrombotic events.

Erythrocytes may be damaged by the AVV (27–29, 31), favoring platelet activation and their interaction with endothelia also damaged by IL-6 and AVV themselves. Activated platelets degranulate, delivering into the blood stream the content of their α-granules, mainly PF4, that could form complexes with natural heparin released by basophils and mast-cells upon activation by IL-33 produced by damaged endothelia (43).

In this context, mast cells may be far more integrally involved in the development of COVID-19 VITT, since they express the adenoviral receptor (CAR) and AVV infect mast cells with a great efficiency (44). Moreover, the mast cell activation syndrome (MCAS) (45), is characterized by somatic mutations in multiple mast cell regulatory genes driving chronic aberrant constitutive and reactive mast cell activation, with excessive inflammatory reactions and aberrant heparin release (45). Moreover, MCAS in few instances drives the development of pathogenic autoantibodies triggering true autoimmune diseases (46).

Thus, MCAS patients, reacting aberrantly with the vector via its spurious effects on the humoral immune system, may produce pathogenic anti-PF4/heparin antibodies; this represents a key factor able to explain the rarity of COVID-19 VITT.

Additionally, positively charged circulating PF4 may interact with negatively charged extracellular DNA at the site of vaccine injection, forming positively charged DNA-PF4 complexes which, taken up by antigen presenting cells, will stimulate strong interferon response via Toll-Like Receptor 9. Subsequently, memory B cell engagement in the regional lymph-nodes, will cause increased PF4 autoantibody production, that, upon repeated interaction with PF4, will trigger extensive FcRγII mediated platelet activation, initiating a vicious circle leading to severe thrombotic events (11). At present, the epidemiology of MCAS is quite preliminary and its prevalence has been estimated by various authors (45, 47) ranging from rare (00.1%) to substantially prevalent (~17%).

A further step may be the presence of natural or T-cell dependent IgG antibodies in 4.3-6.6% of general population (37, 38) that bind PF4 or PF4/heparin complexes with subsequent platelet activation. It has been reported that if the percentage of activated platelets remains below 7.6% threshold, no events mimicking the pro-thrombotic adverse drug reaction similar to heparin-induced thrombocytopenia (HIT) would develop. In contrast, if platelet activation is higher than 7.6% threshold, a possible evolution to HIT may occur (48). Combining the frequency of individuals exhibiting anti-PF4/heparin complexes (37, 38) with the frequency of individuals presenting the MCAS (45) the probability of individuals presenting both alterations would range 1 in 200.000 to 400.000 subjects, approaching to the frequency of vaccinated individuals who may develop thrombotic complications. If we further restrict this possibility to the 20% of vaccinated subjects exhibiting a strong local inflammation (41), we will find a theoretic frequency ranging between 1 in 1x106 to 2x106 subjects, which roughly corresponds to the percentage of patients developing VITT (8, 9).

Finally, the situation could have worsened by the neo-synthesis of the Spike protein (allowing an efficient vaccination). SARS-CoV-2 binds through its Spike protein to the angiotensin-converting enzyme-2 (ACE2), which is expressed by monocytes/macrophages, mast cells, epithelial and endothelial cells of different organs (48). In endothelial cells, Spike/ACE2 interaction impairs the activity of ACE2. This causes the indirect activation of the kallikrein–bradykinin pathway, with subsequent altered endothelial leakage and vascular permeability (49). This event triggers a number of pro-inflammatory mechanisms further increasing vascular damage and permeability with the potential development of disseminated intravascular coagulation (DIC). Moreover, platelets express high levels of ACE2 and, as a consequence, purified Spike protein may directly activate platelets, potentiating the prothrombotic cascade (9). Finally, since MCAS may be intimately involved in the pathogenesis of both severe form of acute COVID-19 infection and of COVID-19 “long-haul” syndrome through ACE2/Spike protein interactions (50, 51), it may be speculated that the interplay of altered mast cells with neosynthesized SARS-CoV-2 spike protein could further contribute to VITT development.

In vaccinated patients, neo-synthesized Spike proteins should be efficiently processed and degraded by antigen-presenting cells. However, it cannot be excluded that some neo-synthesized Spike proteins may escape the immune machinery and be released under free form in the blood stream.

Thus, in some vaccinated individuals with a predisposing environment, neo-synthesized Spike protein acting on inflammatory cells, platelets and damaged endothelia could yield an additional trigger critical to unleash a delayed onset VITT syndrome. The set of these events is summarized in Figure 1.




Figure 1 | Recapitulates the cascade of pathogenic events that could favor the onset of the vaccine-induced immune thrombotic thrombocytopenia in individuals vaccinated with anti-COVID-19 adenoviral-based vaccines.





Discussion

In this contribution, based on confirmed data from literature, we propose a cascade of events that, in very few individuals receiving the first administration of anti-COVID19 vaccines based on AVV, could favor the onset of different degrees of coagulopathies up to the development of the VITT syndrome. Possible checkpoints that could hinder this multistep process are represented by: i. the presence of natural antibodies able to bind anti PF4/heparin complexes, ii. the levels of IL-6 produced in the first hours after vaccination, iii. the extent and the persistence of the adenoviral vectors into the blood stream, iv. the percentage of activated platelets, v. the presence of subjects presenting MCAS, vi. the amount of neo-synthesized Spike protein interacting with receptors on endothelial cells. If only some of these events occur this might lead to the development of intermediate thrombotic events, while, if all of them occur, the VITT syndrome might develop. Of note, most of vaccinated individuals undergoing thrombotic events up to VITT are young fertile women. In these patients, some events could favor the development of coagulopathies: i. the large use of contraceptive estrogens, which may facilitate thrombotic events, ii. the recent surgery, which may lead to spontaneous PF4/heparin antibodies production in the absence of exogenous heparin (38): it is also questionable if pregnancy may favor this condition, iii. the autoimmune disorders associated with anti-phospholipids and anti-platelets autoantibodies production are much more frequent in women.

This review does not absolutely intend to criticize adenoviral-based vaccines, which revealed of primary importance in the COVID19 pandemic. Our goal was to try to clarify the pathogenic mechanisms leading to VITT with the perspective of improving the handling of the vaccine-recipients.
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Objectives

Our objective was to determine the antibody and cytokine profiles in different COVID-19 patients.



Methods

COVID-19 patients with different clinical classifications were enrolled in this study. The level of IgG antibodies, IgA, IgM, IgE, and IgG subclasses targeting N and S proteins were tested using ELISA. Neutralizing antibody titers were determined by using a toxin neutralization assay (TNA) with live SARS-CoV-2. The concentrations of 8 cytokines, including IL-2, IL-4, IL-6, IL-10, CCL2, CXCL10, IFN-γ, and TNF-α, were measured using the Protein Sample Ella-Simple ELISA system. The differences in antibodies and cytokines between severe and moderate patients were compared by t-tests or Mann-Whitney tests.



Results

A total of 79 COVID-19 patients, including 49 moderate patients and 30 severe patients, were enrolled. Compared with those in moderate patients, neutralizing antibody and IgG-S antibody titers in severe patients were significantly higher. The concentration of IgG-N antibody was significantly higher than that of IgG-S antibody in COVID-19 patients. There was a significant difference in the distribution of IgG subclass antibodies between moderate patients and severe patients. The positive ratio of anti-S protein IgG3 is significantly more than anti-N protein IgG3, while the anti-S protein IgG4 positive rate is significantly less than the anti-N protein IgG4 positive rate. IL-2 was lower in COVID-19 patients than in healthy individuals, while IL-4, IL-6, CCL2, IFN-γ, and TNF-α were higher in COVID-19 patients than in healthy individuals. IL-6 was significantly higher in severe patients than in moderate patients. The antibody level of anti-S protein was positively correlated with the titer of neutralizing antibody, but there was no relationship between cytokines and neutralizing antibody.



Conclusions

Our findings show the severe COVID-19 patients’ antibody levels were stronger than those of moderate patients, and a cytokine storm is associated with COVID-19 severity. There was a difference in immunoglobulin type between anti-S protein antibodies and anti-N protein antibodies in COVID-19 patients. And clarified the value of the profile in critical prevention.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has spread worldwide for more than a year. As of March 2021, SARS-CoV-2 has infected more than 100 million people worldwide, resulting in more than 2 million deaths, and the global epidemic situation of SARS-CoV-2 remains serious. Individuals infected by SARS-CoV-2 have different clinical symptoms. Most individuals have moderate symptoms, such as fever, respiratory tract symptoms, and imaging features of pneumonia. Approximately 14% of people have severe symptoms (1), such as respiratory distress and respiratory rate ≥30 times/min, mean oxygen saturation ≤93% at resting-state, or arterial blood oxygen partial pressure (PaO2)/oxygen concentration (FiO2) ≤300 mmHg (1 mmHg = 0.133 kPa) and progressive aggravation of clinical symptoms. Considering that the case-fatality rate of critical COVID-19 patients is as high as 2.3% (1–3), it is important to clarify the internal mechanism of severe illness.

Antibodies, especially neutralizing antibodies, are associated with the severity of the patient (4, 5). According to the difference of serum antibody content, the evaluation of antibody level mainly focused on the titer of IgA, IgM and IgG. Most individuals diagnosed with SARS-CoV-2 infection by PCR will produce IgA, IgM, and IgG against the spike protein (S) and nucleocapsid protein (N) within 1-2 weeks of symptoms, and remain elevated following initial viral clearance (6–11). Previous studies ignored that the highest content of IgG in serum has four different functional subclasses, only one study on IgG subtypes has been reported (12). IgE is extremely scarce, but IgE is related to hypersensitivity, which has been less studied in SARS-CoV-2 (13). Also, neutralizing antibodies (nAbs) can bind to viral particles and prevent them from entering host cells, and provide specific immune defense for infected patients. Thus, the level of neutralizing antibodies can be used to judge the ability of the body to resist the virus. Researchers have already shown that neutralizing antibodies that can block virus infection have a good therapeutic effect on patients with COVID-19 (14–19). There is evidence that neutralizing antibodies to SARS-CoV-2 infection persist for months, and a higher titer of nAbs, IgG, and IgM is independently associated with a worse clinical classification (20–25).

Aggressive inflammatory response and the release of a large amount of pro-inflammatory cytokines, or cytokine storm has been reported to be involved in COVID-19 severe pathogenesis (26, 27). IL-2 can stimulate the proliferation of NK cells and secrete a variety of cytokines, increase the cytotoxicity (28, 29). IL-4 can specifically induce Th2 cells and stimulate the proliferation of activated B cells and T cells (30–33). IL-6 is a major highly inducible pro-inflammatory cytokine, induces IL-8 and MCP-1 secrete, increases vascular permeability during the early phase of inflammation (34–36). IL-10 is a key anti-inflammatory mediator ensuring protection of a host from over-exuberant responses to pathogens and microbiota (37–39). CCL2 and CXCL10 are chemokines, CCL2 facilitates the migration and infiltration of monocytes/macrophages to sites of inflammation produced by either tissue injury or infection, CXCL10 could drive longer duration of mechanical ventilation during COVID-19 ARDS (40–42). TNF-a and IFN-γ mediated inflammatory cell death signaling pathways to limiting tissue damage in COVID-19 patients (43). An increasing amount of clinical data suggests that a cytokine storm is associated with COVID-19 severity and is also a crucial cause of death from COVID-19, including IL-2, IL-6, IL-7, IL-10, G-CSF, IP-10, MCP-1, MIP-1α, and TNF-α (44–49).

However, the number of cases in previous studies is small, and no comprehensive and systematic study has been performed. In this study, we intend to collect a cross-sectional sample of moderate and severe patients to systematically analyze the distribution of anti-N protein and anti-S protein IgA, IgM, IgE, IgG1, IgG2, IgG3, and IgG4 and the relationship among IgG antibody against spike protein (IgG-S), nucleoprotein (IgG-N), nAbs and 8 cytokines (IL-2, IL-4, IL-6, IL-10, CCL2, CXCL10, IFN-γ, and TNF-α). The immunological differences between moderate and severe patients were compared to clarify the value of the profile in critical prevention.



Methods


Patients and Data Sources

This study included 79 patients with COVID-19 and 10 healthy controls. According to the Chinese Government Diagnosis and Treatment Guideline (8th edition), the clinical classification was divided into moderate patients and severe patients. To inactivate the serum and plasma sample complement, all samples were incubated in a water bath at 56°C for 30 minutes.



IgG Antibody of Spike Protein and Nucleoprotein Measurement

In our study, the materials for indirect chemical luminescence analysis (CLIA) to measure IgG antibodies against SARS-CoV-2 spike protein and nucleoprotein were provided by Beijing KEWEI Clinical Diagnostic Reagent Inc. Unlike traditional enzyme-linked reaction kits, the CLIA method can quickly and effectively quantify antibody content. To detect IgG, 100 μL of sample diluent was added to each 96-well plate, and 10 μL of serum, plasma or standard S0-S6 was added to the corresponding well and incubated at 37°C for 15 minutes. We then washed the plate five times with 300 μL of wash buffer. Then, 100 μL conjugate dilution was added to each well and incubated at 37°C for 15 minutes. After the second wash cycle, 50 μL glowing substrates A and 50 μL glowing substrates B were added. After mixing, the solution was incubated in the dark at room temperature for 1-5 minutes. Then, the plate was placed on an ELISA reader to acquire a relative light unit (RLU). The specific content of the specimen IgG antibody can be calculated by the standard curve from the standard S0-S6.



Toxin Neutralization Assay (TNA) With Live SARS-CoV-2

The neutralization titer was determined in Vero E6 cells, and the live strain SARS-CoV-2 (BetaCoV/Beijing/AMMS01/2020) used in the neutralization assay was isolated from a throat swab of a COVID-19 patient (50). To achieve 90-95% confluence of Vero E6 cells, a 96-well plate with 1×104 Vero E6 cells per well was incubated at 37°C and 5% CO2 one day in advance. The live strain SARS-CoV-2 of 120 TCID50 was mixed with inactivated serum and plasma that had been serially diluted 2-fold, from 1:10 to 1:1280, and incubated for 1 h at 37°C and 5% CO2. Each concentration had two repetitions. Then, the mixture was added to 96-well plates of Vero cells and cultivated at 37°C and 5% CO2 with daily microscopic examination for cytopathic effects (CPEs). On day 3, the titers of antibody were calculated as the reciprocal of the highest dilution at which the CPE was completely inhibited on the well (51). If no neutralization reaction was observed in the patient sample at the initial dilution concentration of 1:10, we regarded the neutralization antibody titer as 0.



Typing of Anti-S Protein and Anti-N Protein Antibodies

ELISA plates, coated with the SARS-CoV-2 N protein or S protein in advance, were used to detect the classification of immunoglobulins in moderate patients and severe patients. First, 100 μL sample diluent was added to each well, and 10 μL 1:20 diluted serum and plasma or standard from the kit was added to the corresponding well and incubated at 37°C for 60 minutes. Then, the plate was washed five times with 300 μL of wash buffer. One of seven antibodies (including HRP-monoclonal mouse anti-human IgG1, IgG2, IgG3, IgG4, IgA, IgM, and IgE) diluted 1:1000 was added to 100 μL in each well and incubated at 37°C for 30 minutes. After the second wash cycle, 50 μL glowing substrate A and 50 μL glowing substrate B were added. After incubating for 15 minutes in the dark, 50 μL stop solution was added to each well. Then, the plate was placed on an ELISA reader to detect the absorbance at 450 nm and 630 nm. The cutoff value was calculated, and samples with a fluorescence value greater than 0.2 were regarded as positive; otherwise, they were regarded as negative.



Cytokine Measurement

The concentrations of 8 cytokines, including IL-2, IL-4, IL-6, IL-10, CCL2, CXCL10, IFN-γ, and TNF-α, were measured using the Protein Sample Ella-Simple ELISA system (Revision 1.1, Mar 2020) following the manufacturer’s instructions. The sera of healthy individuals (n=10) were included as controls.



Statistical Analysis

All continuous variable descriptions are described as medians (IQRs), and categorical characteristics are described as numbers (%). Means for continuous variables were compared using independent group t-tests when the data were normally distributed; otherwise, the Mann-Whitney test was used. All statistical analyses were performed using SPSS (Statistical Package for the Social Sciences) version 21.0 software (SPSS Inc), and a P-value <0.05 was considered statistically significant.




Results


Demographic Characteristics

The demographic characteristics of these patients are summarized in Table 1. This study included 49 moderate patients and 30 severe patients. There were 45 females and 34 males among a total of 79 COVID-19 patients. The median age of the study’s patients was 63.4 years, and 70.89% of patients were more than 60 years old. We enumerated the PCR positive detection time of moderate patients and severe patients, and found that there was no difference in PCR positive detection time between the two groups by the Mann-Whitney test. Average ages of moderate and severe patients were similar, at 63.6 and 63, respectively. Of all enrolled patients, 59.49% had complications. Among the 47 patients with complications, hypertension, diabetes, and heart-related disease accounted for the largest proportion, at 44.68%, 36.17%, and 19.15%, respectively. Moreover, patients with a history of disease accounted for 65.96% and 34.04% of moderate and severe patients, respectively.


Table 1 | Baseline characteristics of patients infected with COVID-19.





Neutralizing Antibody Titers in Moderate and Severe COVID-19 Patients

A total of 79 serum and plasma samples in all groups of patients were analyzed for the titers of neutralizing antibodies with TNA. The clinical laboratory ELISA setup results in discrete titers of 0, 20, 40, 80, 160, 320, or 640. The neutralizing antibody titer in severe patients was significantly higher than that in moderate patients, with geometric mean reciprocal titers of 79.59 and 164.4, respectively (Figure 1A, P=0.039). According to the study described by Wajnberg et al. (52), titers of 20, 40, 80, and 160 were categorized as low titers, 320 as moderate, and 640 as high titers. For plasma therapy, titers of 320 or higher were initially deemed eligible. Of the 49 moderate patients, 10 (20.41%) had a titer of 0, 3 (6.12%) of 20, 12 (24.49%) of 40, 10 (20.41%) of 80, 12 (24.49%) of 160, and 2 (4.08%) of 320 (Figure 1B). Of the 30 severe patients, 2 (6.67%) of 20, 7 (23.33%) of 40, 7 (23.33%) of 80, 6 (20%) of 160, 5 (16.67%) of 320, and 3 (10%) of 640 (Figure 1C). Thus, the vast majority of patients (87.34. %) with COVID-19 have neutralizing antibodies. However, only a small number of patients (12.66%) reached a qualified plasma therapeutic titer greater than or equal to 320.




Figure 1 | Comparison of relative quantitative nAb titers between the moderate and severe groups. (A) Average titers of neutralizing antibodies in moderate (n = 49) and severe (n = 30) patients. The box plots show the medians (middle line) and first and third quartiles (boxes), and the whiskers show the minimum and maximum. T-test P-values are depicted in the plots. (B, C) The percentage of moderate and severe patients with neutralizing antibody titers.





IgG-N and IgG-S Antibody Levels in Moderate and Severe COVID-19 Patients

We quantitatively detected IgG antibody concentrations of IgG-S and IgG-N to explore the two major antibodies in patients with COVID-19 against SARS-CoV-2. Figure 2 shows the comparison of spike protein and nucleoprotein IgG in the moderate (n=49) and severe (n=30) groups. The median values of IgG-S concentration in severe patients (22748 ng/mL) were significantly higher than in moderate patients (14403 ng/mL, P<0.05). Moderate patients with IgG-S below the median had shorter PCR positivity time than those with IgG-S above the median (P<0.05). The positivity time of PCR in severe patients with IgG-S lower than the median was shorter than that with higher median (P<0.01). IgG-N in severe patients was significantly higher than in moderate patients, with median values of 380249 ng/mL and 191578 ng/mL, respectively (P<0.05). There was no difference in PCR positivity time between moderate and severe patients when IgG-N was below or above the median (P>0.05). The median values of IgG-N concentration were 13.30 times higher than IgG-S in moderate patients and 16.72 times higher than IgG-S in severe patients (P<0.0001). We stratified moderate and severe COVID-19 patients by PCR positive detection time, and the difference of IgG-S and IgG-N concentrations is shown in Figure S1.




Figure 2 | Comparison of IgG-S and IgG-N antibodies in the moderate (n = 49) and severe (n = 30) groups. The box plots show the medians (middle line) and first and third quartiles (boxes), and the whiskers show the minimum and maximum. Mann-Whitney test P-values are depicted in the plots. *p < 0.05, ****p < 0.0001.





Relationship Between IgG-N, IgG-S, and Neutralizing Antibodies

Correlation analysis suggested that the IgG-S antibody concentration increased with increasing neutralizing antibody titer in both moderate and severe patients (Figure 3). Analysis showed that there was a positive correlation between IgG-S antibodies and neutralizing antibodies in moderate and severe COVID-19 patients (P<0.05), and the regression equations were Y=0.0002665*X+0.00357 and Y=0.0001065* X+0.02778, respectively.




Figure 3 | The correlation between antibodies. The relationship between IgG-S and IgG-N antibody levels and nAb titers in moderate patients (A) and severe patients (B). The correlation between IgG-S antibody levels and nAb titers in moderate patients (C) and severe patients (D).





Classification of Anti-S Protein and Anti-N Protein Antibodies

In moderate and severe COVID-19 patients, the positive ratio of anti-N protein antibodies was IgA≥IgM>IgG, and the positive ratio of anti-S protein antibodies was IgG≥IgA>IgM (Figure 4). IgA of anti-S protein and anti-N protein was positive in severe patients, while the detection time of IgA-S and IgA-N negative was shorter than that of PCR positive in moderate patients (P<0.05). IgM of anti-N protein was positive in all severe patients, but IgM of anti-S protein was negative in only two severe patients. Only the detection time of IgM-N negative was shorter than that of PCR positive in moderate patients (P<0.05). Almost no positive IgE was detected.




Figure 4 | Classification of anti-S protein and anti-N protein antibodies. (A, B) The typing of anti-N protein immunoglobulin in moderate and severe patients. (C, D) The typing of anti-S protein immunoglobulin in moderate and severe patients. Samples with a fluorescence value greater than 0.2 were regarded as positive, with an assignment of 1; otherwise, they were regarded as negative, with an assignment of 0.



IgG1 is the most abundant IgG subclass of anti-N protein and anti-S protein antibodies, while IgG2 is the least abundant IgG subclass. The positive ratio of anti-S protein IgG3 was significantly higher than that of anti-N protein IgG3, while the anti-S protein IgG4 positive rate was significantly lower than the anti-N protein IgG4 positive rate.



Cytokine Concentrations

We included ten healthy donors as controls to compare the concentrations of IL-2, IL-4, IL-6, IL-10, CCL2, CXCL10, IFN-γ, and TNF-α between moderate and severe patients in Figure 5. Through the Mann-Whitney test, we found that only the average concentrations of IL-2 were higher in healthy controls than in COVID-19 patients (P<0.001). In both moderate and severe COVID-19 patients, the average concentrations of IL-4, IL-6, IL-10, CCL2, IFN-γ, and TNF-α (P<0.05) were higher than those in healthy donors. Among them, IL-6 in severe patients was significantly higher than that in moderate patients. There was no relationship between cytokines and neutralizing antibodies, as determined by Spearman analysis.




Figure 5 | The comparison of cytokine concentrations between the healthy donor and moderate or severe groups. The unit of the eight cytokine concentrations was pg/mL. The box plots show the medians (middle line) and first and third quartiles (boxes), and the whiskers show the minimum and maximum. Mann-Whitney test P-values are depicted in the plots. I bars indicate standard deviations. **p < 0.01, ***p < 0.001, ****p < 0.0001.






Discussion

In this study, we characterized the antibody and cytokine responses in COVID-19 patients. The proportion of patients with a history of disease in moderate and severe patients is more than 50%, which may accelerate the disease process of patients with COVID-19 (53, 54).

The average neutralizing antibody titer and IgG-S of severe patients were significantly higher than those of moderate patients. Neutralizing antibodies can block viral infection and have a good therapeutic effect on patients with COVID-19 (14–18). Recent research found that higher viral loads and stronger antibody responses are related to more severe disease status in patients with SARS-CoV-2 infection (21, 55). These results suggest that patients with more severe clinical typing may have a stronger immunity to the virus (56). It is worth noting that the later stage of severe patients is not caused by SARS-CoV-2 but may be caused by their own immune damage.

From our quantitative data, we confirmed the conclusion of previous studies that PCR positive time is related to antibody concentration (57), and we found that the IgG-N concentration was higher than the IgG-S concentration (P<0.0001), not only because the nucleoprotein released by SARS-CoV-2 is more abundant than the spike protein but also because the spike protein has structural changes between prefusion and postfusion (58). Most of the antibodies produced by the innate immune system target the postfusion spike protein, which causes the body to overreact and produce an antibody-dependent enhancement effect (ADE) (59). In addition, most of the immune responses activated by SARS-CoV-2-infected humans produce IgG-N with no neutralizing activity in the early phase after symptom onset (60), which is also difficult in the development of neutralizing antibodies and vaccines. Additionally, we compared the neutralizing antibodies, IgG-N antibodies, and IgG-S antibodies of COVID-19 patients with different clinical symptoms. There is a positive correlation between the nAbs and IgG-S antibodies, due to the existence of sites on the S protein that bind to multiple receptors of target cells (61–63).

The positive detection rate of IgA and IgM in COVID-19 infection was related to the positive detection time of PCR and Clinical classification. In the early stage of infection, with the increase of infection time, the detection rate of antibody was higher (22, 64, 65). The positive rates of anti-N protein IgA and IgM antibodies were higher than anti-S protein, which was similarly related to the structure of SARS-CoV-2 mentioned above. Secretory IgA (SIgA) is the main component of the mucosal defense system. The content of SIgA in respiratory secretions directly affects the resistance of respiratory mucosa to pathogens, and there is a positive correlation between them (66). Although the role of serum IgA is relatively unexplored, it can transmit activating signals, leading to phagocytosis, respiratory burst, ADCC, increased antigen presentation, degranulation and cytokine release (67–69). Upregulated IgA production may be the result of increased levels of TGF-β and IL-10, which promote antibody switching in SARS-CoV-2 infection (70, 71).

The first line of defense for severe patients to prevent pathogens from invading the body is stronger. Among anti-N and anti-S protein antibodies, IgG1 is the most common IgG subclass, and the anti-S protein IgG3 positive rate is significantly higher than the anti-N protein IgG3 positive rate. IgG3 and IgG1 exhibit the most efficient activation of the classical complement cascade, but IgG4 generally cannot activate this cascade (72). Therefore, the S protein of SARS-CoV-2 is more likely to trigger effector functions, including complement activation, antibody-mediated phagocytosis, or Ab-mediated cellular cytotoxicity (ADCC) (73). The N protein of SARS-CoV-2 is a chronic antigen that stimulates the production of most terminal IgG4 subclasses (72).

Six cytokines in COVID-19 patients show differences from those in healthy individuals, but they were not related to the antibody titer. IFN-γ, TNF-α, and IL-2 are the main inflammatory factors of Th1 cytokines and can induce pathogenesis. Similar to previous research, IFN-γ and TNF-α are significantly higher in COVID-19 patients than in healthy individuals. However, in contrast to previous studies, our data show that the concentration of IL-2 in COVID-19 patients is significantly lower than that in healthy individuals (48, 74–77). This difference may be related to sample sources and clinical treatment, which suggests that cytokine storms are different in different populations even infected with the same pathogen. Th2 cytokines, including IL-4, IL-6, and IL-10, have anti-inflammatory effects and can prevent pathogenesis and alleviate diseases. IL-4, as a part of the cytokine storm associated with severe respiratory symptoms, is significantly higher in COVID-19 patients than in healthy individuals (74, 78). Our study found that IL-6 is related not only to the severity of SARS symptoms but also to SARS-CoV-2 infection (79, 80). The proinflammatory chemokine CCL2 can mediate the directional migration of immune cells and is also higher in COVID-19 patients than in healthy individuals (81). The data show that severe clinical symptoms are closely related to the joint action of a variety of cytokines (44, 82–84).



Conclusion

In summary, the nAbs and IgG-S in severe patients were significantly higher than those in moderate patients, and the two antibodies had a positive correlation. There was a difference in immunoglobulin type between anti-S protein antibody and anti-N protein antibody in COVID-19 patients. Anti-S protein IgG3 was significantly more abundant than anti-N protein IgG3, while anti-N protein IgG4 was significantly more abundant than anti-S IgG4. Many cytokines in COVID-19 patients were significantly different from those in healthy individuals, including IL-2, IL-4, IL-6, CCL2, IFN-γ, and TNF-α. There was no relationship between cytokines and neutralizing antibodies. The different immune characteristics of COVID-19 patients with different clinical types were significant for the systematic study of the pathogenic mechanism of SARS-CoV-2.
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Coronavirus disease 2019 (COVID-19) pandemic is caused by the novel coronavirus that has spread rapidly around the world, leading to high mortality because of multiple organ dysfunction; however, its underlying molecular mechanism is unknown. To determine the molecular mechanism of multiple organ dysfunction, a bioinformatics analysis method based on a time-order gene co-expression network (TO-GCN) was performed. First, gene expression profiles were downloaded from the gene expression omnibus database (GSE161200), and a TO-GCN was constructed using the breadth-first search (BFS) algorithm to infer the pattern of changes in the different organs over time. Second, Gene Ontology enrichment analysis was used to analyze the main biological processes related to COVID-19. The initial gene modules for the immune response of different organs were defined as the research object. The STRING database was used to construct a protein–protein interaction network of immune genes in different organs. The PageRank algorithm was used to identify five hub genes in each organ. Finally, the Comparative Toxicogenomics Database played an important role in exploring the potential compounds that target the hub genes. The results showed that there were two types of biological processes: the body’s stress response and cell-mediated immune response involving the lung, trachea, and olfactory bulb (olf) after being infected by COVID-19. However, a unique biological process related to the stress response is the regulation of neuronal signals in the brain. The stress response was heterogeneous among different organs. In the lung, the regulation of DNA morphology, angiogenesis, and mitochondrial-related energy metabolism are specific biological processes related to the stress response. In particular, an effect on tracheal stress response was made by the regulation of protein metabolism and rRNA metabolism-related biological processes, as biological processes. In the olf, the distinctive stress responses consist of neural signal transmission and brain behavior. In addition, myeloid leukocyte activation and myeloid leukocyte-mediated immunity in response to COVID-19 can lead to a cytokine storm. Immune genes such as SRC, RHOA, CD40LG, CSF1, TNFRSF1A, FCER1G, ICAM1, LAT, LCN2, PLAU, CXCL10, ICAM1, CD40, IRF7, and B2M were predicted to be the hub genes in the cytokine storm. Furthermore, we inferred that resveratrol, acetaminophen, dexamethasone, estradiol, statins, curcumin, and other compounds are potential target drugs in the treatment of COVID-19.
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Introduction

Coronavirus disease 2019 (COVID-19) is caused by an infectious, occult, and lethal novel coronavirus, which has led to an ongoing worldwide pandemic (1). It obtains new peculiarities through continuous variation and causes acute respiratory distress syndrome and multiple organ dysfunction that seriously endanger the health of the patient (2). Angiotensin-converting enzyme 2 (ACE2) plays a major role in the renin–angiotensin system (RAS) regulatory pathway and is the main protein that severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) binds to in the host cells (3, 4). After SARS-CoV-2 combines with ACE2, the protease transmembrane protease serine 2 (TMPRSS2) is activated by the viral spike protein, resulting in various degrees of pulmonary interstitial fibrosis; intestinal, esophageal, and gastric mucosa degeneration; necrosis; abscissions; and other acute injuries (5). This can also cause hepatocyte degeneration, glomerular congestion, segmental hyperplasia or necrosis, cerebral congestion, edema, degeneration, and ischemic changes in neurons (6–8). Briefly, SARS-CoV-2 infection leads to different degrees of injury and diverse clinical symptoms in different organs.

Researchers have found that a cytokine storm is the main cause of severe illness in SARS-CoV-2 (9). Cytokines are the early warning signals when pathogens enter the body, triggering an immune system response to attack them (10). Saha et al. found that after SARS-CoV-2 invades the body, a large amount of self-replication induces the host cells to produce and release interleukin-1 (IL-1), interleukin- 6(IL-6), tumor necrosis factor α(TNF-α), and other interleukin-based cytokines (11). Interleukins dilate the endodermis of adjacent blood vessels, increasing their permeability and triggering a cytokine storm that destroys type I and II alveolar cells, eventually destroying the entire alveoli (12, 13). The loss of type I and type II cells results in dysfunctional gas exchange in the respiratory system. Excess interleukins are transported through blood vessels to the hypothalamus, guiding it to reset the body temperature to a higher level (14). In the case of severe pulmonary inflammation, excessive interleukin can even penetrate the bloodstream and distribute throughout the body, stimulating the body to produce systemic inflammatory response syndrome, which may eventually lead to septic shock (15). Cytokine storm is a clinical feature of systemic inflammatory response failure (16, 17); however, its underlying molecular mechanism is still unclear.

Clinical studies have shown that bronchial transient secretory cells (18), nasal secretory cells, alveolar epithelial cells, brain cells, and intestinal epithelial cells are the main sources of SARS-CoV-2 detection (19), and are also the main target organs of SARS-CoV-2 attack. At the transcriptome level, the present study explored the key mechanisms by which SARS-CoV-2 causes dysfunction in multiple organs, including the brain, lungs, trachea, olfactory bulb (olf), and small intestine (smint). We constructed a time-order gene co-expression network (TO-GCN) to analyze the dynamic changes in gene expression and different biological processes in various organs after being infected by SARS-CoV-2. The hub genes of each organ were identified, and compounds targeting the hub genes were identified as potential targeted drugs for COVID-19.



Materials and Methods

The TO-GCN analysis method was applied to detect the changes in the gene expression profiles of five organs, namely the brain, lung, trachea, olf, and smint, on days 0, 1, 2, 4, 6, 8, and 14 days after SARS-CoV-2 infection in Syrian golden hamsters (Mesocricetus auratus). Figure 1 shows the flow chart of the study design.




Figure 1 | The overall flow chart of the data analysis conducted in this study.




Data Preprocessing

The gene expression profiles of the five organs of Syrian golden hamsters infected with a low dose of SARS-CoV-2 on days 0, 1, 2, 4, 6, 8, and 14 were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/geo/, GSE161200). Five samples of normal control groups and three samples of experimental groups were tested in each subgroup. A total of 22,283 genes were sequenced in this study.

At first, we converted the read counts to counts per million (CPM) values to standardize the data sets. Then, zero-expressed genes were removed to complete the data preprocessing (Supplementary Table 1). The CPM calculation was implemented using the edgeR package in R version 3.28.1 (20).



Identification of Differentially Expressed Genes (DEGs)

In our study, the DEseq2 algorithm was selected to identify significant DEGs (21, 22). The fold change threshold was set at log2 (fold change) > log2(1.5) or log2 (fold change) < -log2(1.5), and p-adj was set as p-adj < 0.05. The gene expression profiles of five organs on days 1, 2, 4, 6, 8, and 14 after SARS-CoV-2 infection were compared with the normal control group (day 0) to identify the differences in gene expression in each organ, and all the differences in gene expression were combined to obtain the DEGs in each organ for further analysis. DEGs were screened using the DEseq2 function in R (version 3.6.3) (23, 24).



Construction of TO-GCN

The Pearson’s correlation coefficient (PCC) is an important index for determining the strength of synergistic or antagonistic action between genes (25). Considering the transcriptome data of DEGs at six time points as the background data, the Pearson’s correlation algorithm was selected to calculate the correlation coefficients between two genes in five organs, and the PCC and p value were obtained. The cut-off value was set as PCC > 0.75 and p < 0.05 to screen the interaction relationship between genes. TO-GCN was established by co-expressing genes that met the threshold requirements.



Time-Order Gene Modules Identification Using the Breadth-First Search (BFS) Algorithm

In TO-GCN, the two interlinked genes showed similar changes over time (26). The BFS algorithm was applied to infer the temporal expression order of all genes in the TO-GCN (27). First, the genes with peak gene expression at the first time point and decreasing trend over time were defined as the initial node of TO-GCN. Next, the BFS algorithm was selected to traverse the TO-GCN to infer the gene rule of dynamic changes and obtain time-order gene modules. Finally, we used Gene Ontology (GO) enrichment analysis to biologically annotate the time-order gene modules.



Construction of Key Gene Modules

The initial gene modules involved in the immune response of different organs were selected as the research objects to elucidate the key mechanism of the immune response of the body (28). The NCBI database (https://ftp.ncbi.nlm.nih.gov/gene/DATA/) was used to map the human genes in these modules that are homologous to the Syrian golden hamster. Furthermore, the ImmPort database (https://www.immport.org) was used to identify immune-related genes in the modules (29, 30). Finally, the genes were imported into the STRING database (https://string-db.org/) to construct immune protein–protein interaction (PPI) networks for different organs (31). Multiple proteins were selected in the “names/identifiers” option in the query mode, and the minimum required interaction score was set to “medium confidence” (0.400).



Identification of Hub Genes

The PageRank algorithm was proposed by Larry Page and Sergey Brin, the founders of Google, to calculate the importance of nodes in a complex network (32). It was used to score the importance of genes in the PPI network (based on topological principles) (33). We defined five genes with the highest scores in each organ as hub genes.



Verification of Hub Genes

First, GSE166253 and GSE162615 were downloaded from the GEO database to identify the mRNA expression levels of hub genes. There were 10 normal samples (GSM5066812-GSM5066821), six COVID-19 recovery samples (GSM5066822-GSM5066827), and 10 COVID-19 retesting-positive samples (GSM5066828-GSM5066837) in GSE166253. GSE162615 consisted of 18 normal and COVID-19 samples (GSM4955401-GSM4955418). Furthermore, t-tests were used to verify the differences in hub genes.



Screening the Potential Targeted Drugs

Using the Comparative Toxicogenomics Database (CTD) (https://ctdbase.org/), which contains chemical and gene interactions, potential drugs that target the hub genes in the five organs were investigated.

The selected hub genes were imported into the CTD database and classified according to the interaction relationship between genes and compounds. The 10 compounds with the highest scores were identified as potential target compounds of hub genes.




Results


COVID-19 Caused Changes in Multiple Organs at Transcriptome Levels

The data on day 0 of SARS-CoV-2 infection were used as the normal control group, and the data of days 1, 2, 4, 6, 8, and 14 were used as the experimental group. To understand the changes in gene expression related to multiple organ dysfunction after being infected by SARS-CoV-2, we used the DESeq2 algorithm to screen DEGs of the five organs. DEG distribution results of different organs are shown in Supplementary Figure 1 and Supplementary Table 2. The results showed that the expression of different genes in multiple organs had an obvious time phase.

As shown in Figure 2A, on day 1 after the brain was infected by SARS-CoV-2, 507 DEGs (NDRG2, RPSA, TRF, etc.) were upregulated, and 254 DEGs (COL4A2, RGS5, ATP13A5, etc.) were downregulated. On day 2, 1,562 DEGs (MX2, IRF9, TRF, etc.) were upregulated, and 1,438 DEGs (ENSMAUG00000008753, ENSMAUG00000014490, etc.) were downregulated. Subsequently, the number of DEGs decreased gradually. On days 4, 6, and 8, the number of upregulated DEGs was 660 (TRF, AGT, etc.), 439 (TRF, AGT, etc.), and 88 (PYGB, OGDHAND, etc.), whereas the number of downregulated DEGs was 430 (COL4A2, etc.), 478 (ENSMAUG00000019419, etc.), and 37 (SRSF5, etc.), respectively. Notably, on day 14, the differential expression levels rebounded (910 upregulated and 745 downregulated).




Figure 2 | The differentially expressed genes (DEGs) in different organs over time. (A) The number of DEGs in the brain, lung, trachea, olf, and smint over time. (B) Venn diagrams of DEGs in the brain, lung, trachea, olf, and smint. (C) The value of total DEGs in each organ.



In the lung, the number of DEGs increased rapidly and lasted for a relatively long time. On days 1, 2, 4, and 6, the number of upregulated DEGs was 90 (RNF5, etc.), 1,000 (IRF7, MX2, etc.), 329 (IRF7, MX2, etc.), and 2,154 (IRF7, MX2, etc.), whereas the number of downregulated DEGs was 369 (Pcnp, CACRL, Serp1, etc.), 675 (ENSMAUG00000011900, ENSMAUG00000017566, etc.), 398 (DBP, etc.), and 2,020 (CALCRL, etc.), respectively. The number of DEGs decreased rapidly on day 8. There were 477 upregulated DEGs (IRF7, MX2, etc.) and 599 downregulated DEGs (ENSMAUG00000001317, ENSMAUG00000011754, etc.) on day 8. On day 14, the DEGs almost disappeared.

In the trachea, there were 158 upregulated DEGs (SLC16A11, UCP2, etc.) and 198 downregulated DEGs (RNF112, RHCG, etc.) on day 1. However, the number of DEGs increased significantly on day 2 compared to that on day 1. There were 1,315 upregulated DEGs (IRF7, etc.) and 867 downregulated DEGs (ENSMAUG00000000032, ENSMAUG00000001101, etc.) on day 2, and then, the number of DEGs decreased gradually. On days 4 and 6, the number of upregulated DEGs was 290 (IRF7, etc.) and 653 (IRF7, etc.), whereas the number of downregulated DEGs was 653 (RNF112, etc.) and 195 (ENSMAUG00000011132, etc.). The DEGs decreased persistently on days 8 and 14.

In the olf, the number of DEGs increased rapidly and lasted for a relatively long time. On days 1, 2, 4, and 6, the number of upregulated DEGs was 13 (SLC3A1, MX2, etc.), 71 (MX2 and MX1), 128 (MX2, B2M, etc.), and 548 (SERPING, MX2, etc.), whereas the number of downregulated DEGs was 3 (FOSL2, NR4A2, etc.), 21 (FOSL2, NR4A2, etc.), 25 (ENSMAUG00000013627, ENSMAUG00000007358, etc.), and 272 (ENSMAUG00000019419, ENSMAUG00000021143, etc.), respectively. However, it rapidly decreased on day 8 to 62 (C3, B2M, etc.) upregulated DEGs and 79 (FOSL2, etc.) downregulated DEGs. On day 14, there were 162 upregulated DEGs (ND6, SLC3A1, etc.) and 26 downregulated DEGs (GNAS, etc.). There were few DEGs in the smint. The number of upregulated genes was 2 (ENSMAUG00000017595 and ENSMAUG00000012989), 31(UBA7, MX2, etc.), 11(UBA7, etc.), and 10 (ENSMAUG00000021358, ENSMAUG00000017595, etc.), and the number of downregulated DEGs was 16 (COL18A1, COX1, etc.), 9 (ENSMAUG00000003218, ENSMAUG00000000032, etc.), 16 (NR1D1, etc.), and 36 (JCHAIN, etc.) on day 1, 2, 4, and 6, respectively. The DEGs almost disappeared on day 8. Except for the brain and trachea (on day 2), peak values of DEGs were observed on day 6 in the smint, lung, and olf.

Next, we considered a union of the DEGs of each organ at different time points. There were total of 3,398, 4,983, 3,051, 999, and 102 DEGs in the brain, lung, trachea, olf, and smint, respectively (Figures 2B, C). Despite the significant differences in DEGs in the five organs, 15 genes that were primarily involved in the immune system response (interferon α/β signaling) and immune system cytokine signaling were significantly differentially expressed in all the five organs after SARS-CoV-2 infection compared with the normal control samples (Figure 2B). Based on the abovementioned results, we inferred that the dynamic changes in gene expression in the lungs, trachea, olf, and smint after being infected by COVID-19 were similar, but the dynamic changes in the brain were quite different from those in the other organs. The regulation of immune system reactions may be an important mechanism for multiple organ dysfunction.



Construction of Organ-Specific TO-GCN After SARS-CoV-2 Infection

The number of DEGs in smint (102) was too small to be analyzed from the perspective of TO-GCN. The DEGs transcriptome data of the brain, lung, trachea, and olf were used as background data to investigate the genetic mechanisms of the dynamic changes in multiple organs after SARS-CoV-2 infection.

The Pearson’s correlation analysis was used to construct a TO-GCN for each organ, including the brain, lung, trachea, and olf, and genes that met the threshold criteria (PCC > 0.75 and p-adj < 0.05) were screened. Next, the sub-networks with fewer than 20 genes were removed, and the network with the largest number of genes was defined as a TO-GCN (Figure 3).




Figure 3 | The results of the time-order gene co-expression network (TO-GCN) analysis in the (A) brain, (B) lung, (C) trachea, and (D) olf. The colored dots represent the screened genes.





GO Analysis of TO-GCN After SARS-CoV-2 Infection

The genes with peak gene expression at the first time point and a decreasing trend over time were defined as the initial node of TO-GCN. ENSMAUG00000021998, ENSMAUG00000022214, ENSMAUG00000010844, and ENSMAUG00000012900 were selected as the initial nodes of the brain, lung, trachea, and olf, respectively. Then, we used the BFS algorithm to traverse the TO-GCNs to infer the time-order gene modules of different organs. As shown in Figure 4A, there were six to seven time-order gene modules that were all involved in the stress response in each organ. Except for the brain, there were time-order gene modules related to immune responses mediated by immune cells in the lung, trachea, and olf.




Figure 4 | (A) The analysis results of time-order gene modules in different organs. L1 represents the body’s stress response, whereas L2 represents the immune response mediated by the immune cells. (B) Heatmaps of the average normalized counts per million (CPMs) in different organs.



To establish the reliability of the time-order analysis results, we constructed a heatmap for each organ based on the gene expression data of the time-order gene modules over time (Figure 4B). It was found that the gene expression of time-order gene modules roughly presented a main diagonal distribution in different organs.



Multiple Organ Heterogeneity Based on the TO-GCN After SARS-CoV-2 Infection

To explore the multiple organ heterogeneity of biological processes after the organs were infected by SARS-CoV-2, the biological significance of each organ in time-order gene modules was explored using the GO enrichment analysis (Supplementary Table 3). As shown in Figure 5, there are three stages of biological processes in the brain: the first stage (m1) mainly affected the regulation of the cell cycle, mitosis (mitotic cell cycle phase transition, etc.), and chromosome composition (cilium organization, regulation of chromosome organization, etc.). The second stage (m2) mainly affected the neuron development (positive regulation of neuron projection development and cell morphogenesis involved in neuron differentiation) and synaptic signaling (anterograde trans-synaptic signaling, chemical synaptic transmission, synaptic signaling, etc.). The third stage (m4–m7) mainly affected the mitochondrial translational elongation (ATP metabolic process, etc.). There were four stages in the lung: the first stage (m1) mainly affected the cellular tissue components (extracellular matrix organization, proteolysis involved in cellular protein catabolic process, etc.). The second stage (m2) mainly affected cell migration (positive regulation of locomotion, positive regulation of cellular component movement, etc.) and the regulation of angiogenesis (blood vessel morphogenesis, angiogenesis, etc.). The third stage (m3–m5) mainly affected the myeloid leukocyte-mediated immunity (myeloid leukocyte activation). The fourth stage (m6) mainly affected the regulation of mitochondrial-related energy metabolism (mitochondrial translational elongation, mitochondrial translational termination, etc.). There were four stages in the trachea: the first stage (m1) mainly affected the regulation of innate immune response (innate immune response-activating signal transduction, activation of innate immune response, etc.). The second stage (m2, m3) mainly affected the regulation of biological processes related to protein metabolism (ubiquitin-dependent protein catabolic process, proteolysis involved in cellular protein catabolic process, etc.) and rRNA metabolism (ribonucleotide metabolic process, purine ribonucleotide metabolic process, etc.). The third stage (m4, m5) mainly affected the myeloid leukocyte-mediated immunity (myeloid leukocyte activation) and antigen processing and presentation. The fourth stage (m6) was the oxidative stress response. There were three stages in the olf. The first stage (m1) mainly affected the regulation of brain behavior-related biological processes (learning or memory, behavior, brain development, etc.). The second stage (m2, m3) mainly affected the regulation of synaptic plasticity (cell morphogenesis involved in neuron differentiation, etc.). The third stage (m4–m6) mainly affected the same biological processes as the third stage in the trachea and lung.




Figure 5 | Time-order Gene Ontology (GO) enrichment analysis results of different organs 1. nucleic acid metabolic process; 2. cell cycle; 3. nervous system process; 4. signal transduction; 5. cellular component organization; 6. energy derivation by oxidation of organic compounds; 7. ATP metabolic process; 8. nucleoside phosphate metabolic process; 9. protein metabolic process; 10. ion transmembrane transport; 11. regulation of locomotion; 12. vasculature development; 13. secretion by cell; 14. lipid metabolic process; 15. myeloid leukocyte activation; 16. myeloid leukocyte-mediated immunity; 17. macromolecule localization; 18. protein catabolic process; 19. cellular metabolic process; 20. nucleotide metabolic process; 21. muscle system process; 22. response to stimulus; 23. immune response-regulating signaling pathway; 24. regulation of innate immune response; 25. antigen processing and presentation; 26. head development; 27. small molecule metabolic process; 28. vesicle-mediated transport; 29. regulation of body fluid levels.



Therefore, there are two types of biological processes: the stress response and immune cell-mediated immune response involving the lungs, trachea, and olf after SARS-CoV-2 infection. However, a single biological process of stress response occurs in the brain, and the stress response is heterogeneous in different organs. In the lung, the regulation of DNA morphology, angiogenesis, and mitochondrial-related energy metabolism are specific biological processes related to the stress response. Biological processes related to the regulation of protein and rRNA metabolism-related biological processes are the main stress responses of the trachea. In olf, the distinctive stress response is neural signal transmission and brain behavior. It is worth mentioning that the myeloid cell-mediated immune response-related biological processes caused by SARS-CoV-2 infection occurred in the lungs, olf, and trachea. Neuron morphogenesis caused by SARS-CoV-2 infection mainly occurs in the nervous system, such as in the brain and olf.

These results demonstrated that the immune responses in the trachea, lung, and olf were in different modules; however, the time of immune response occurrence was consistent with the time when the number of DEGs peaked in different organs.



Hub Genes of the Key Gene Modules in Multiple Organs After Being Infected by SARS-CoV-2

Zhou et al. found that there were two clinical stages of SARS-CoV-2 infection in the human body. The first stage is the initial incubation stage, which is highly infectious, but with less obvious clinical symptoms. The second stage is the later clinical symptoms stage, when the immune response is excessively activated and the inflammatory reaction causes multiple organ injuries (34). In our study, 15 genes that were significantly differentially expressed in the lungs, olf, and trachea were found to be involved in the immune response. GO enrichment analysis of the time-order gene modules showed that the immune response mediated by immune cells occurred in the lungs, trachea, and olf. Based on the abovementioned results, we speculated that over-activation of the immune response was not only an important marker of clinical symptoms but also a key mechanism of SARS-CoV-2-induced multiple organ dysfunction (34). Therefore, the gene modules of the immune response were used to explore the hub genes that mediate the immune response in different organs after SARS-CoV-2 infection.

First, the ImmPort database was used to identify the genes related to immune response, and the STRING database was used to construct a PPI network. Finally, the PageRank algorithm was used to identify hub genes in the lungs, trachea, and olf (Supplementary Table 4). Among them, SRC, RHOA, CD40LG, CSF1, and TNFRSF1A were the hub genes in the lung; hub genes in the trachea were CXCL10, ICAM1, CD40, IRF7, B2M, whereas FCER1G, ICAM1, LAT, LCN2, and PLAU were the hub genes of olf (Figure 6A).




Figure 6 | Screening and validation of hub genes in multiple organs after SARS-CoV-2 infection. (A) Hub genes in the protein–protein interaction (PPI) network screened using the PageRank algorithm (Red ones indicate the hub genes). (B) Validation of hub genes based on datasets GSE166253 and GSE162615, GSE166253 and GSE162615.



In this study, GSE166253 and GSE162615 datasets were used as background data, and the t-test was used to verify the hub genes. (Figure 6B). The expression of all the hub genes mentioned above was significantly different between the COVID-19 and normal control groups.



Screening Targeted Drugs Based on the Hub Genes

The hub genes were used as targets to explore potential drugs for COVID-19 treatment using the CTD database (Supplementary Table 5). As shown in Figure 7, compounds such as resveratrol, acetaminophen, estradiol, statins, dexamethasone, and quercetin are potential targeted drugs for managing COVID-19. Resveratrol and estradiol were screened as they could regulate the expression of multiple genes such as SRC, CSF1, and ICAM10 in the lung, trachea, and olf after SARS-CoV-2 infection. Acetaminophen might have a therapeutic effect on lung and olfactory dysfunction by regulating the expression of TNFRSF1A, FCER1G, and LAT. Statins had therapeutic effects on lung and tracheal dysfunction by regulating the expression of RHOA, CD40LG, and CD40. Dexamethasone and quercetin had therapeutic effects on olf and tracheal dysfunction by regulating the expression of LAT, PLAU, CXCL10, and CD40.




Figure 7 | Screening of potential therapeutic drugs for different organ dysfunctions. Red indicates hub genes of organs, whereas purple indicates potential therapeutic drugs that target hub genes.






Discussion

COVID-19 is caused by SARS-CoV-2, which primarily affects the lungs and gradually spreads to multiple organs, leading to multiple organ dysfunction (35). However, the mechanisms underlying multiple organ dysfunction remain unclear. In our study, it was found that the lung, trachea, and olf after SARS-CoV-2 infection mainly demonstrated two biological processes: stress response and immune cell-mediated immune response. However, the stress response is the only biological process in the brain that regulates neuronal signals after SARS-CoV-2 infection. Virhammar et al. first reported a patient with acute necrotizing encephalopathy who was negative for COVID-19. Despite a coma due to neurological deterioration, the patient never experienced a period of severe inflammatory response. Moreover, SARS-CoV-2 RNA, high concentrations of the neuronal injury markers neurofilament light, tau, and astrocyte activation marker glial fibrillary acidic protein were detected in the patient’s cerebrospinal fluid (36). The results of the abovementioned study are consistent with biological processes identified in the brain in our analysis.

In the lung, the regulation of DNA morphology, angiogenesis, and mitochondrial-related energy metabolism are specific biological processes related to the stress response. Belizário et al. found that coronaviruses co-evolved with host cells after pulmonary invasion. The host coordinated the process of recombination, mutation, and repair of coronavirus RNA intermediates while performing RNA editing and DNA repair, which drives the pathological process of COVID-19 (37). Ackermann et al. found that the peripheral pulmonary pathology of COVID-19 patients who died of respiratory failure showed diffuse alveolar injury with perivascular T cell infiltration. Unique vascular features, such as severe endothelial damage and cell membrane destruction associated with the presence of intracellular viruses were observed in the lungs of COVID-19 patients. In addition, extensive thrombosis with microvascular disease has been observed in COVID-19 patients (38). Codo et al. found that the replication of coronavirus in the lungs triggers the production of mitochondrial reactive oxygen species, which stabilizes hypoxia-inducible factor-1α and improves the efficiency of coronavirus replication and glycolysis (36). These studies corroborate our findings regarding the mechanism of pulmonary dysfunction.

In the trachea, biological processes such as the regulation of protein metabolism and rRNA metabolism-related biological processes modulate the stress response. These two biological processes regulate various factors inside and outside the airway smooth muscle to maintain the balance of oxygen exchange in the lung. Airway smooth muscle, a unique type of smooth muscle, forms an effective, adjustable, and reactive wall that covers most of the airway from the trachea to the alveolus. Airway smooth muscle and the surrounding inflammatory environment play important roles in COVID-19 (39). The results showed that after SARS-CoV-2 infection, the trachea responded rapidly to the invading virus through its inherent normal physiological defenses. Eventually, it mediated the initiation and response process of specific immunity.

In the olf, the distinctive stress response was the regulation of biological processes related to neural signal transmission and brain behavior. It has been reported that coronavirus may enter the central nervous system through the olf, triggering cytokine storms and brainstem dysfunction and causing neuronal death (40, 41).

In addition, it was found that the biological processes related to immune response (myeloid leukocyte activation and myeloid leukocyte-mediated immunity) occurred in the lung, olf, and trachea. Immune cells such as neutrophils and mononuclear macrophages can coordinate protective immunity against SARS-CoV-2 infection. However, cytokine storms promote excessive infiltration of immune cells, which cause immune cells to have strong pro-inflammatory activity and cause multiple organ dysfunction (42). Therefore, we conducted a deeper investigation on the effects of the immunity-related genes in various organs after SARS-CoV-2 infection.

In our study, 15 genes were screened as hub genes, which played an important role in the pathological process of COVID-19. In the lungs, COVID-19 causes lung dysfunction by regulating the expression of SRC, RHOA, CD40LG, CSF1, and TNFRSF1A. SRC is a typical member of the non-receptor protein tyrosine kinase family that regulates the activation of T cells (43). Li et al. found that SRC protein tyrosine kinase was expressed by leukocytes, alveolar epithelial cells, endothelial cells, and fibroblasts in the lung. Pulmonary fibrosis is a potentially fatal disease caused by persistent damage to alveolar epithelial cells, resulting in the accumulation of myofibroblasts and excessive deposition of extracellular matrix components and connective tissue. The pro-fibrotic effect of SRC kinase plays an important role in pulmonary fibrosis (44). RHOA, a member of the RHO family of small GTPases that circulates between the inactive GDP-bound state and the active GTP-bound state, acts as a molecular switch in the signal transduction cascade. It is activated during the binding reaction of chemokines, cytokines, and growth factors (45, 46). In addition, Liu et al. found that RHOA is the main immune gene that induces lung inflammation and acute lung injury by inhibiting lung cancer cell apoptosis and promoting its proliferation (47, 48). The protein encoded by CD40LG is expressed on the surface of T cells. It can effectively regulate the function of B cells. Therefore, CD40LG plays an important role in the conversion of immunoglobulins and the treatment of high IgM syndrome (49, 50). Li et al. found that CD40LG and chemokines are jointly involved in the synthesis of pro-inflammatory mediators, which leads to the occurrence of transfusion-related acute lung injury and autoimmune diseases by attracting leukocytes to the site of inflammation (51). CSF1 is an immune gene that controls the production, differentiation, and function of macrophages. Bertolazzi et al. found that CSF1 overexpression after SARS-CoV-2 infection led to pulmonary fibrosis by promoting the recruitment and activation of macrophages (50). TNFRSF1A is a tumor necrosis factor receptor, and the interaction between tumor necrosis factor and TNFRSF1A plays an important role in inhibiting the occurrence of inflammation, tumor proliferation, migration, and invasion (52). Wilson et al. found that TNFRSF1A induced alveolar epithelial cell dysfunction in the early stages of acute respiratory distress syndrome, which promotes lung permeability and inhibits the reabsorption of alveolar fluid (53). In summary, SRC, RHOA, CD40LG, CSF1, and TNFRSF1A may be the key genes that cause lung dysfunction after the body is infected with coronavirus.

SARS-CoV-2 can damage the trachea by regulating the expression of CXCL10, ICAM1, CD40, IRF7, and B2M. CXCL10 is an immune gene induced by interferon, which regulates T cell migration by binding to CXCR3. CXCL10 plays an important role in the “cytokine storm” induced by SARS-CoV-2 (54). Belperio et al. found that persistent expression of CXCL10 and CXCR3 led to chronic peribronchiolar leukocyte infiltration, which induced airway fibrous occlusion (55). ICAM1, a cell surface adhesion receptor that regulates the accumulation of white blood cells to inflammation sites, plays an important role in immune cell response in inflammation and tumorigenesis (56). Yamaya et al. found that increased ICAM1 expression levels may lead to increased production of cytokines that induce rhinovirus replication and infection. This biological process induces airway inflammation and aggravates asthma (57). CD40 encodes a receptor on antigen-presenting cells, which can mediate a variety of immune responses and inflammatory responses (58). Lazaar et al. found that CD40 may mediate an important signal transduction pathway involving protein tyrosine kinase-dependent calcium mobilization, NF-κB activation, and IL-6 production in airway smooth muscle, which interacts with smooth muscle cells to enhance airway inflammation (57, 59, 60). IRF7 can induce the production of interferons (61). Barjesteh et al. found that after chicken tracheal epithelial cells were stimulated by TLR ligands, the IRF7 and NF-κB signaling pathways initiate antiviral responses, which led to the activation of macrophages (62). The mechanism by which B2M deficiency causes primary or acquired drug resistance in immunotherapy affects the normal folding or transport of MHC I to the cell surface and antigen presentation. Detection of immunotreatment-sensitive markers concurrently with possible drug-resistant mutations allows for more accurate screening of immunotherapy methods (63). Cook et al. found that the loss of B2M expression may increase susceptibility to respiratory mycoplasma infection (64). To summarize, the abnormal expression of CXCL10, ICAM1, CD40, IRF7, and B2M may be the main cause of tracheal dysfunction after infection with coronavirus.

SARS-CoV-2 causes damage to the olf and regulates nervous system function by regulating the expression of FCER1G, ICAM1, LAT, LCN2, and PLAU. FCER1G is at the core of allergic reactions. The specific binding of lgE and FCER1G leads to the release of many mediators that can induce allergic reactions (65). Zhang et al. found that the elimination of activated FcγR can regulate nerve damage by changing the endoneurium and systemic inflammation (66). Jahromi et al. found that endothelial cell ICAM-1 and ICAM-2 mediate the migration of Th1 and Th17 cells across the blood–brain barrier in neuroinflammation (67). The synergistic signal transduction system of LAT and SH2 plays an important role in the signal transduction of mast cells and T cell antigen receptors (68). LCN2 plays an important antibacterial function in innate immunity by resisting external stimuli and protecting cells from apoptosis (69). PLAU encodes a secreted serine protease. Li et al. found that PLAU exerted a carcinogenic effect in head and neck squamous cell carcinoma by affecting the tumor immune microenvironment (70). In general, FCER1g, ICAM1, LAT, LCN2, and PLAU may be the main immune genes that are regulated by COVID-19 to induce olf and neurological dysfunction.

The prognosis of COVID-19 is largely influenced by multi-organ response to the novel coronavirus. Cardiovascular disease and multiple organ failure have become the most common risk factors for severe illness and death (71). The CTD database was used to explore potential drugs for hub genes in the lungs, trachea, and olf in our study. Resveratrol and estradiol were screened for their ability to regulate the expression of multiple genes such as SRC, CSF1, and ICAM10 in the lung, trachea, and olf after SARS-CoV-2 infection. Resveratrol is a polyphenol compound that has a good preventive effect against many diseases, such as respiratory system disease, cancer, and cardiovascular disease. Pasquereau et al. found that resveratrol has antiviral effects, including on the coronavirus. It stimulates the immune system and inhibits the release of inflammatory cytokines by regulating RAS and upregulating the expression of ACE2 (72–74). Estrogen can effectively regulate the number of immune cells produced by the immune system, which makes women more resistant than men to the cytokine storm induced by SARS-CoV-2 infection and immune system disorders (75). Acetaminophen may have a therapeutic effect on lung and olfactory dysfunction by regulating the expression of TNFRSF1A, FCER1G, and LAT. Acetaminophen, the most classic antipyretic, analgesic, and anti-inflammatory drug, can relieve fever and other symptoms in COVID-19 patients (76). Statins have therapeutic effects on lung and tracheal dysfunction by regulating the expression of RHOA, CD40LG, and CD40. Statins have anti-inflammatory, immunomodulatory, and antithrombotic effects. By upregulating the expression of ACE2, statins minimize lung dysfunction caused by excess angiotensin II (77). Statins restrict the “cytokine storm” in patients with severe COVID-19 by blocking the NF-κB pathway and NLRP3 inflammasomes to exert their anti-inflammatory properties and by reducing the invasion of viruses to destroy lipid rafts (78, 79). In addition, our study found that dexamethasone and quercetin had specific therapeutic effects on olf and tracheal dysfunction by regulating the expression of LAT, PLAU, CXCL10, and CD40. Quercetin exerted a good antiviral effect by inhibiting the expression of DNA gyrase, protease, polymerase reverse transcriptase, and binding to viral capsid proteins. The combination of quercetin and vitamin C has a positive effect on COVID-19 patients (80). Dexamethasone is a broad-spectrum immunosuppressant. Molecular docking studies have shown that dexamethasone inhibits the entry of coronavirus into cells by binding to ACE2 (81). Dexamethasone restricts the production and destruction of inflammatory cytokines, but it also inhibits the protective effects of T cells. Therefore, it can be used to alleviate the condition of patients with severe COVID-19 in the short term (82). In conclusion, resveratrol, acetaminophen, estradiol, statins, dexamethasone, and quercetin may be potential drugs for the treatment of COVID-19.

In summary, we found that the biological processes in different organs after SARS-CoV-2 infection were heterogeneous. The invasion of SARS-CoV-2 causes multiple organ dysfunction through immune system disorders and cytokine storm syndrome. Moreover, the abnormal expression of hub genes (SRC, RHOA, CD40LG, CSF1, TNFRSF1A, FCER1G, ICAM1, LAT, LCN2, PLAU, CXCL10, CD40, IRF7, and B2M) was regarded as the main cause of cytokine storm syndrome in COVID-19 patients. Concurrently, we also found that resveratrol, acetaminophen, estradiol, statins, dexamethasone, and quercetin, etc. may be potential drugs for the treatment of COVID-19.
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A binary model for the classification of chronic diseases has formerly been proposed. The model classifies chronic diseases as “high Treg” or “low Treg” diseases according to the extent of regulatory T cells (Treg) activity (frequency or function) observed. The present paper applies this model to severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection. The model correctly predicts the efficacy or inefficacy of several immune-modulating drugs in the treatment of severe coronavirus disease 2019 (COVID-19) disease. It also correctly predicts the class of pathogens mostly associated with SARS-CoV-2 infection. The clinical implications are the following: (a) any search for new immune-modulating drugs for the treatment of COVID-19 should exclude candidates that do not induce “high Treg” immune reaction or those that do not spare CD8+ T cells; (b) immune-modulating drugs, which are effective against SARS-CoV-2, may not be effective against any variant of the virus that does not induce “low Treg” reaction; (c) any immune-modulating drug, which is effective in treating COVID-19, will also alleviate most coinfections; and (d) severe COVID-19 patients should avoid contact with carriers of “low Treg” pathogens.
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Introduction

In an earlier paper, a binary classification of chronic diseases was proposed (1). Chronic diseases were classified according to the extent of regulatory T cell (Treg) activity, estimated in peripheral blood or within tissues implicated in the disease. Diseases with high Treg activity as a driver of pathogenicity were classified as “high Treg” diseases (most solid cancers, for example). Diseases with low Treg activity as a driver of pathogenicity were classified as “low Treg” diseases (autoimmune diseases, for example). This classification explains the association of particular pathogens with cancer and the association of others with autoimmune diseases. It also explains why certain specific pathogens are involved in coinfections. The effectiveness or ineffectiveness of certain immune-modulating drugs in the treatment of autoimmunity and cancer is also elucidated by this binary model (1). In addition, it explains why “high Treg” inflammation promotes many solid cancers, while “low Treg” inflammation promotes lymphomas (2). Most COVID-19 patients present mild disease with typical symptoms such as fever, cough, and fatigue. The illness however may progress in some patients to a severe condition with acute respiratory distress syndrome which may lead to multiple organ failure and death (3). Data from coronavirus disease 2019 (COVID-19) patients indicated a decrease in Tregs frequency and function, from mild to severe disease (4, 5). A decrease in CD45RA+ Treg cells frequency between mild and severe states was observed in another study, but the total Tregs frequency was maintained (3). One work reports of an increase in Tregs from mild to severe state and a decrease in Tregs from severe to critical state (6). However, the literature, in general, points to an increase in proinflammatory cytokines, which extenuates in severe disease. This so called cytokine storm includes cytokines such as interferon gamma (IFN-γ), interleukin (IL)-1, IL-6, IL-8, IL-12, and transforming growth factor β (TGF-β) and chemokines like C–C motif ligand 2 (CCL2), CXCL9, and CXCL10. Elevated levels of plasma IL-2, IL-7, IL-10, tumor necrosis factor-α (TNF-α), granulocyte-macrophage colony stimulating factor (GM-CSF), macrophage inflammatory protein 1-α (MIP1-α), and MCP-1 have also been reported. This cytokine storm results in a collateral damage, especially to lung tissues, which may progress to a critical condition and death (7). It is clear that COVID-19 may evolve progressively into a proinflammatory “low Treg” state. This is in contrast to cancers like hepatocellular carcinoma that progress from a “low Treg” state to a “high Treg” state (8).

Mild COVID-19 may be regarded as a self-resolving acute inflammation. Severe COVID-19, on the other hand, is a persistent “chronic” proinflammatory disease, classified as a “low Treg” disease by the binary model of chronic diseases (1) (see Figure 1). As such, the binary model may be useful in (a) screening for effective immune-modulating drugs that may improve the outcomes of severe COVID-19 and (b) explaining why some pathogens are more frequently associated with severe COVID-19 while others are not.




Figure 1 | A schematic presentation of cytokines and Treg cells blood levels (arbitrary units) in COVID-19 patients as a function of time (days). The dashed lines represent the mild disease. Mild COVID-19 may be regarded as an acute and self-resolving inflammation. Severe COVID-19 may be regarded as “low Treg” chronic inflammation where the binary model of chronic diseases can be applied.





Immune-Modulating Drugs in Severe COVID-19

According to the binary model, drugs that induce Tregs activity (either frequency or function) are expected to have a beneficial effect on severe COVID-19 if they do not hamper the specific antiviral immune reaction.

Specific immunity against severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection is double arm: humoral antibody response and T-cell response (9), mainly CD8+ T cells (cytotoxic T lymphocytes [CTL]) (10). Immune response to infection is diverse and redundant in order to allow reaction when a certain branch of immunity is hampered (11). For example, CTL robust reaction may cover up for impaired specific antibody reaction in hematological cancer patients with SARS-CoV-2 infection (12).

It is reasonable therefore to assume that Tregs inducers, which suppress the inflammatory response but spare specific CD8+ T-cell anti-CoV-2 activity, will be effective in treating severe COVID-19. Similarly, Tregs inducers that have a direct antiviral activity are expected to be effective in severe COVID-19, as well.

Here are some examples of drugs that conform to these conditions, drugs that do not, and drugs that may affect the corona virus in additional modes of action, which do not involve the immune system:

	Corticosteroids: corticosteroids (CS) have shown to promote Tregs proliferation in vitro (13) and in vivo (14). Corticosteroids are used for years as immune suppressors in the treatment of autoimmune diseases. Nevertheless, CS upregulated leukotriene B4 receptor 1 (BLT1) expression on effector memory CD8+ T cells and potentiated airway inflammation induced by these cells in mice (15). Moreover, dexamethasone promoted apoptosis of naive and memory CD8+ T cells in a mouse model of herpesvirus infection, but virus-specific CD8+ T cell were preserved (16). In addition, CS did not suppress high-affinity tumor-specific memory CD8+ T cells in a mouse tumor model (even though low-affinity cells were suppressed) (17). Corticosteroids are therefore anticipated to improve the outcomes of severe COVID-19. Indeed, the World Health Organization recommends the use of CS in severe COVID-19 but not in mild disease (see Discussion).

	JAK inhibitors: most JAK inhibitors induce an anti-inflammatory effect expressed by increased Tregs activity and/or decreased Th17 activity (18). The effect of JAK inhibitors on CTL may vary from drug to drug. In rheumatoid arthritis patients, tofacitinib did not affect the absolute number of cytotoxic T lymphocytes (CTL) (19). Baricitinib supported CTL activation in severe COVID-19 patients (20). Ruxolitinib, however, suppressed CTL numbers and cytokine-producing capacity in hemophagocytic lymphohistiocytosis mouse model (a cytokine storm disease model) (21). Ruxolitinib also suppressed CTL in mice immunized with ovalbumin (an allergic reaction model) (22). Considering their effect on TCL, tofacitinib and baricitinib are expected to be effective in treating severe COVID-19 while ruxolitinib may not. Recent large clinical studies support the use of tofacitinib and baricitib but not of ruxolitinib in severe COVID-19 patients. In addition, Food and Drug Administration (FDA) issued an authorization for the emergency use of baricitinib in severe COVID-19 patients (see Discussion).

	Rapamycin: rapamycin induces Tregs expansion in vitro (13) and Tregs expansion and function in diabetic or IPEX patients (23, 24). Mouse models demonstrated a promotion of memory CTL differentiation and function by rapamycin (25–27). By its immune-modulating effects, rapamycin is expected to improve severe COVID-19 outcomes if the drug have no other effects on the virus vitality or life cycle. However mTOR, the mammalian target of rapamycin, is a master regulator of several key cellular processes, including protein nucleotide and lipid synthesis, glutamine metabolism, glycolysis, and autophagy (28). In addition, mTOR lowers the intrinsic barrier to some viral infections (29). The overall effect of rapamycin in COVID-19 is therefore hard to forecast by the binary model alone.

	Statins: Tregs induction—simvastatin and lovastatin induced Tregs proliferation in vitro (13) and in vivo (30, 31). Atorvastatin and rosuvastatin induced Tregs proliferation in vivo (32). Fluvastatin and pravastatin did not promote Tregs expansion in vitro (13).

Effect on CTL—simvastatin promoted the function of CTL within tumor microenvironment (33) and in sepsis mouse model (34). Lovastatin inhibited the proliferation of virus-specific CTL without affecting their cytolytic capacity (35). Atorvastatin induced reduction and exhaustion in CTL in HIV patients, while pravastatin have shown no effect (36). Fluvastatin-pretreated donor cells attenuated CTL function in acute graft-versus-host disease mouse model (37). Rosuvastatin suppressed CTL activity in some subpopulations of healthy subjects (38) and HIV-infected patients (39).



Direct antiviral effect—inhibition or slowing down viral replication is common to several statins, due to their ability of inhibiting cholesterol production, reducing the availability of some isoprenoids that are essential for regulating the virus life cycle and by inhibiting the activity of regulatory proteins related to virus intracellular life cycle (40). Reduction of viral entry into host cells is another antiviral effect of statins (41). A recent work examined the effect of several statin on SARS-Cov-2 cell entry and infection in human respiratory epithelial cell line. Only fluvastatin demonstrated a statistically significant effect on the reduction in infection (41). It should be realized, however, that fluvastatin concentration used in this work, 10 μM (=4.11 μg/ml), is about one order of magnitude higher than the observed maximum blood concentration of the drug (Cmax), at steady state, following 40 mg daily dosing of fluvastatin tablets, to healthy subjects (Cmax = 0.438 μg/ml) (42). At 0.4 μg/ml drug concentration, the effect of fluvastatin on SARS-Cov-2 infectivity in human respiratory epithelial cells is negligible, by a dose–response curve (41). It can be concluded that at therapeutic drug levels, a direct antiviral effect of statins on SARS-Cov-2 infection is not plausible.

Cholesterol synthesis effect—compared to healthy subjects, COVID-19 patients present lower levels of serum cholesterol, high-density lipoproteins (HDLs), and low-density lipoproteins (LDL), which correlate with disease severity (43). The inhibitory effect of statins on cholesterol synthesis may protect against COVID-19 infection. Simvastatin has been shown to reduce polymorphonuclear cells membrane cholesterol and affect membrane cell fluidity (44). It may be hypothesized that these membrane changes by simvastatin reduce SARS-CoV-2 cell entry.

Table 1 summarizes the effect of several statins on Tregs and CD8+ T cells.


Table 1 | The effect of several statins on Tregs and CD8+ T cells.



Considering their effect on Tregs and CTL, simvastatin and lovastatin are expected to be the most effective in severe COVID-19, while fluvastatin is expected be the least effective if statins have no other effects on the pathology of the disease. It should be added that the data in Table 1 has not been evaluated under SARS-CoV-2 infection conditions, which may affect their validity in any assessment related to COVID-19.



Coinfections in Severe COVID-19 Patients

According to the binary model, “low Treg” disease such as severe COVID-19 is expected to be associated with “low Treg” pathogens.

A review of coinfections observed in hospitalized COVID-19 patients indicate the following bacterial infections (in a descending order of their prevalence) (45): Mycoplasma pneumoniae, Pseudomonas aeruginosa, Haemophilus influenza, Klebsiella pneumoniae, Enterobacter spp., Chlamydia spp., Acinetobacter baumannii, Serratia marcescens, methicillin-resistant Staphylococcus aureus, and Enterococcus faecium.

Seven out of these 10 bacteria have demonstrated a “low Treg” reaction (either Tregs reduction or Th17 expansion or both): M. pneumonia (46), P. aeruginosa (1), H. influenza (47), K. pneumoniae (48), Chlamydia (1), A. baumannii (49), and methicillin-resistant S. aureus (50). Enterococcus faecium, the only species in the list that exhibits a “high Treg” reaction (51), is the last in the list and has the lowest prevalence. No data regarding the effect of S. marcescens on the immune adaptive system could be found. No data could be found regarding the effect of the Enterobacter genus. However, E. coli, a member of the Enterobacteriaceae family, induced a Th17 reaction (52). Another member of the Enterobacteriaceae family, Citrobacter rodentium, presented a strong Th17 reaction during gut infection, but this reaction required the presence of Treg cells (53). Table 2 summarizes these observations.


Table 2 | Bacterial co-infections in COVID-19 patients (in a descending order of their prevalence) (45) and Treg reaction to the bacteria in the absence of SARS-CoV2.



The following 12 viruses are associated with SARS-CoV-2 infection (in a descending order of their prevalence) (45): respiratory syncytial virus (RSV), influenza A virus, rhinovirus, enterovirus, influenza B virus, parainfluenzae, other corona viridae, adenovirus, human metapneumovirus(hMBV), Epstein–Barr virus (EBV), Coxsackievirus (COX), and cytomegalovirus (CMV).

Ten out of these 12 viruses have shown to elicit “low Treg” immune response (Th17 expansion or enhanced Th17 cytokine signature):RSV (54), influenza A virus (55), enterovirus (56), influenza B virus, parainfluenzae (57), Middle East respiratory syndrome coronavirus (MERS-CoV) (58), adenovirus (59), hMPV (60), COX (61), and CMV (62).

EBV may induce either “low Treg” or “high Treg” reaction, depending on the disease or infection (1). Table 3 summarizes these observations.


Table 3 | Viral coinfections in COVID-19 patients (in a descending order of their prevalence) (45) and Treg reaction to the viruses in the absence of SARS-CoV2.





Discussion

As mentioned above, mild COVID-19 may be regarded as an acute self-resolving inflammation, while a severe disease may be viewed as a chronic “low Treg” disease (Figure 1). According to the binary model of chronic diseases, Treg inducers may be effective in chronic “low Treg” diseases such as autoimmune diseases, “low Treg” infections, asthma (1), and lymphomas (2); however, their use is not recommended in acute inflammations. Immune-modulating drugs may disturb the delicate balance between the pro- and anti-inflammatory arms of the immune system, needed in acute inflammations for a successful pathogen elimination without causing an excessive collateral damage.

In order to allow its use for assessing the efficacy of drugs in COVID-19, the original binary model has been modified to include the effect of the drugs on the specific immunity against the virus. Several works demonstrate the importance of specific CD8+ T cells in the pathology of COVID-19. For example, impaired CTL response has been reported in COVID-19 elderly patients (63). On the other hand, strong and broad memory CD8+ (and CD4+) T cells were detected in convalescent population following COVID-19 (64). The induction of virus-specific CTL in mice conferred substantial protection against lethal dose of SARS-CoV-2 challenge (65).

Corticosteroids in general are Treg promoters (1). As stated above, dexamethasone anti-inflammatory effect spares the herpesvirus-specific CTL reaction. Hence, dexamethasone is a good candidate for treating severe COVID-19 but not mild COVID-19. Indeed, a large clinical study investigating the use of dexamethasone in hospitalized COVID-19 patients concluded that “the use of dexamethasone resulted in lower 28-day mortality among those who were receiving either invasive mechanical ventilation or oxygen alone at randomization but not among those receiving no respiratory support” (66). Based on clinical data, the World Health Organization recommends the use of oral CS for the treatment of patients with severe and critical COVID-19 but not in the treatment of patients with non-severe COVID-19 (67).

As for JAK inhibitors, the model predicts the efficacy of tofacitinib and baricitinib in the treatment of severe COVID-19. Ruxolitinib is expected to be less effective due to its suppressive effect on CTL number and function (21, 22). Small-scale clinical studies have demonstrated the positive effect of baricitinib and ruxolitinib on the clinical outcomes of COVID-19 (68). However, a recent placebo-controlled Phase III clinical trial of ruxolitinib in COVID-19 patients has failed to meet its primary endpoint of reducing the number of hospitalized COVID-19 patients who experienced severe complications (69). Another Phase III clinical trial (the DEVENT study) which evaluated the efficacy and safety of ruxolitinib 5 mg and 15 mg plus standard of care (SOC) compared to SOC plus placebo in patients with severe COVID-19, “did not meet its primary endpoint—mortality due to any cause through day 29—adjusted for ARDS severity between the two treatment arms versus placebo” (70). On the other hand, a Phase III clinical trial demonstrated that “baricitinib plus remdesivir was superior to remdesivir alone in reducing recovery time and accelerating improvement in clinical status among patients with COVID-19, notably among those receiving high-flow oxygen or noninvasive ventilation” (71). In addition, a Phase III placebo controlled clinical study of baricitinib in 1,525 hospitalized adults with COVID-19 receiving SOC have demonstrated that “treatment with baricitinib in addition to SOC (predominantly dexamethasone) significantly reduced mortality with a similar safety profile between groups of hospitalized COVID-19 participants.” On the other hand, reduction in disease progression did not achieve statistical significance in this study (72). Accordingly, on November 19, 2020, FDA issued an Emergency Use Authorization (EUA) for the emergency use of baricitinib (Olumiant), in combination with remdesivir (Veklury), for the treatment of severe COVID-19 patient. On July 28, 2021, FDA renewed this EUA. At the same date, FDA issued an EUA for the emergency use of (stand-alone) baricitinib for the treatment of severe COVID-19 patients (73).

A recent placebo controlled study in 289 COVID-19 Brazilian patients hospitalized with pneumonia, have shown that “tofacitinib led to a lower risk of death or respiratory failure through day 28 than placebo” (74).

The binary model is useful in predicting the efficacy of drugs that modulate the immune response. However, when immune-modulating drugs affect the disease by additional mechanisms that do not engage the immune system, the model may fail. As presented above, statins may affect SARS-CoV-2 infection by immune-related and immune-unrelated modes of action. Therefore, the binary model may fail to explain their effect in COVID-19. Here is an example: atorvastatin or simvastatin routine use by a group of cardiovascular patients seemed to have a protective role against SARS-CoV-2. All-cause mortality among COVID-19 patients in this group was lower, relative to a control group of COVID-19 patients with cardiovascular background who did not take statins. On the other hand, rosuvastatin or pravastatin use by COVID-19 patients with a cardiovascular history was associated with a higher all-cause mortality compared to the control group (75). About 85% of the patients in the first group used atorvastatin and about 87% of the patients in the second group used rosuvastatin. Hence, atorvastatin seems to have a protective effect on COVID-19 outcomes, while rosuvastatin worsen COVID-19 outcomes in patients with cardiovascular history. This favorable effect of atorvastatin over rosuvastatin cannot be explained by their immune-modulating impacts as presented in Table 1. Since direct antiviral effects are generally low at therapeutic blood levels of statins, as explained before, different effect by each drug on epithelial cell membrane is a possible cause for the observed difference in their impact on the disease outcomes. Evidently, the binary model alone is not sufficient for elucidating the different effects of these two statins on the prognosis of severe COVID-19.

Rapamycin is another example where the binary model alone cannot foretell the drug efficacy or inefficacy in the treatment of COVID-19 due to possible immune-unrelated effects.

According to the binary model, as a “low Treg” disease, severe COVID-19 is expected to be associated mainly with “low Treg” coinfections.

Indeed, at least 7 out of 10 bacteria and 10 out of 11 viruses associated with COVID-19 are “low Treg” pathogens, as aforementioned. No “high Treg” virus is reported among viruses prevalent in COVID-19. The only “high Treg” bacteria reported (Enterococcus faecium) has the lowest prevalence in the list of bacterial coinfections in COVID-19. It is seen that coinfections associated with COVID-19 are almost exclusively “low Treg” infections, as asserted by the binary model.



Clinical Implications

There are several clinical implications of the findings of this work:

	(a) Drugs that do not induce “high Treg” immune reaction or do not spare CD8+ T cells should be excluded from any search for new immune-modulating drugs for the treatment of severe COVID-19.

	(b) Immune-modulating drugs, which are effective against SARS-CoV-2, may not be effective against any variant of the virus that does not induce “low Treg” reaction.

	(c) In the case of severe COVID-19 associated with coinfection, any immune-modulating drug that is effective against SARS-CoV-2 is expected to alleviate the coinfection as well.

	(d) Severe COVID-19 patients should avoid contact with carriers of “low Treg” pathogens (whether or not these pathogens are known to be highly associated with the disease).





Conclusions

The binary model of chronic diseases correctly predicts the efficacy of several immune-modulating drugs in treating severe COVID-19. It also correctly predicts the class of pathogens mostly associated with COVID-19. These observations have important clinical implications.
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COVID-19 is widespread worldwide and seriously affects the daily life and health of humans. Countries around the world are taking necessary measures to curb the spread. However, COVID-19 patients often have at least one organ complication and sequelae in addition to respiratory symptoms. Controlling the epidemic is only a phased victory, and the complication and sequelae of COVID-19 will need more attention in the post-epidemic era. We collected general information from over 1000 articles published in 2020 after the COVID-19 outbreak and systematically analyzed the complication and sequelae associated with eight major systems in COVID-19 patients caused by ACE2 intervention in the RAS regulatory axis. The autoimmune response induced by 2019-nCoV attacks and damages the normal tissues and organs of the body. Our research will help medical workers worldwide address COVID-19 complication and sequelae.
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Introduction

COVID-19 was one of the most concerning issues in 2020. Coronavirus threatens the life and health of humans (1). In addition, no country around the world has been completely spared. At present, humans have not truly controlled the spread of 2019-nCoV, and due to the alteration in climate, a second epidemic has appeared. According to the data of the World Health Organization (WHO), the global number of COVID-19 cases has reached to over 130 million, with no sign of weakening. Our previous studies indicated that 2019-nCoV and SARS share a very similar viral gene sequence, origin, and intracellular receptor, ACE2 (2). People infected with 2019-nCoV will have symptoms of varying degrees ranging from a fever or a slight cough to pneumonia and even death (3). Most patients are asymptomatic or have mild cases, and even patients with more severe symptoms can recover with the help of medical treatment.

A prominent problem in the post-epidemic era is the complication and sequelae of COVID-19. All systems of the human body are at risk of being attacked by COVID-19 (4). A number of studies have demonstrated that patients with 2019-nCoV have at least one organ complication and sequelae in addition to respiratory symptoms even if the symptoms are mild (5, 6). More than three-quarters of COVID-19 patients reported having at least one sequelae six months after the onset of the disease (7). Although COVID-19 is an infectious disease characterized by pneumonia, complication affecting the cardiovascular system are the most serious and fatal. In clinical testing of COVID-19 patients, it was found that the level of angiotensin converting enzyme (ACE) was extremely low (8). A decline in ACE increases the risk of hypertension, myocarditis, and even heart failure (9–11). Meanwhile, the impact of 2019-nCoV on the nervous system is also very serious. A study indicated that nearly 40% of COVID-19 patients showed neurological symptoms (12). Severe encephalitis causes cerebral parenchymal disease and induces brain death (13). In addition, there is a certain impact of 2019-nCoV on the digestive, urinary and endocrine systems (14–16). Comparative genomics of different strains of 2019-nCoV around the world have been fully analyzed (17–19). As more and more people in various countries are vaccinated, it is believed that the epidemic will be brought under control soon. The prevention of and interventions for patients’ complication and sequelae will be the focus in the post-epidemic era.

Bibliometric analysis is an interdisciplinary science which could obtain the objective and quantifiable data of certain field (20). It could provide research hotspots and directions in a specific field by analyzing various parameters of published works and foster collaborative transdisciplinary research (21, 22). Therefore, this study aimed to explore the research status and to predict future trends of COVID-19 complication and sequelae by using original research bibliometric analysis. We believe our study will attract the attention of medical workers and researchers worldwide and enrich the process of COVID-19 prevention and management.



Materials and Methods


Search Strategy and Inclusion Criteria

The relevant articles were retrieved from the Web of Science core collection database according to the indexes COVID-19 and complication or sequelae on December 30, 2020. The time range of retrieval covered all years, that is, from the year that the database was created to the search date. There were a total of 1169 publications, and their types included reviews, articles, early access, editorial materials, and letters. Then, we established the inclusion criteria and screened the articles against the inclusion criteria: (a) published in English, (b)involved COVID-19 research, and (c) focused on a discussion of complication and sequelae (Supplementary Figure 1).



Data Extraction

The above operations were performed by two reviewers independently, and a third reviewer helped them build a consensus when disagreements occurred. The general information of these articles was listed, including the title, publication date, name of the first author and corresponding author, geographic origin, publication journal, publication institution, research theme, and journal impact factor.



Bibliometric Analysis

The extracted information of these articles was imported into the Online Analysis Platform of Literature Metrology (http://bibliometric.com/) and integrated according to their characteristics. CiteSpace V5.5.R1 SE, 64 bit (Drexel University, Philadelphia, PA, USA) and VOSviewer (Leiden University, Leiden, the Netherlands) were used to visualize the network of this information, such as authors and counties, institutions, and journals (23, 24). We also identified research trends and predicted evolutionary directions in terms of high-frequency keywords on CiteSpace. The approach is described in detail in our previous study on COVID-19 and the SARS and MERS coronaviruses (2).




Results


Most Active Countries and Institutions

The top ten most active countries according to the number of publications each year are shown in Figure 1. These ten countries all have highly developed economies and dense population flows, resulting in wide and rapid spread of the epidemic. Unsurprisingly, America and European countries (especially the UK) were the predominant countries. China also contributed a large number of articles due to the early detection of the coronavirus. International cooperation was dominated by the United States, Italy, and China, which was consistent with the ranking by the number of publishing articles (Figure 2). Based on the number of articles, we listed the top 10 institutions (Figure 3). Two universities from Wuhan, China, ranked in the top two. Huazhong University of Science and Technology ranked first with 78 articles, and Wuhan University ranked second with 45 articles. Columbia University, the Mayo Clinic and the University of Paris ranked third, fourth and fifth, with 37, 32 and 27 articles, respectively. Besides, Harvard Medical School, the National and Kapodistrian University of Athens, the University of Toronto, the University of Milan, and the Icahn School of Medicine at Mount Sinai each published over 20 articles.




Figure 1 | The distribution of countries/regions. The development of the top 10 countries/regions.






Figure 2 | The distribution of countries/regions. The cooperation of countries/regions.






Figure 3 | The top ten institutions ranked in terms of the article counts.





Most Active Authors and Journals

We counted the authors who were the first or corresponding authors of these articles and ranked them in descending order by the published article count for the top ten authors (Table 1). Seven of these authors were from China. Zhang, Y published the most articles (n=8), one as the first author. Liu, H ranked second with five articles. Each of the remaining eight authors published 4 articles each: Wang, L, Connors, JM, Thachil, J, Khan, S, Liu, W, Li, XY, Yang, F and Chen, T. The top ten co-cited authors are listed in Figure 4 in descending order of article count. CiteSpace was used to reveal the network of these co-cited authors (Figure 5). All of these authors participated in over 100 articles and in over 200 articles of the top five authors. They were Huang CL (n=366), Zhou F (n=298), Wang DW (n=289), Guan W (n=265) and Chen NS (n=214).


Table 1 | The top ten authors contributed to the research about COVID-19 complication and sequelae sorted by total number of articles.






Figure 4 | The distribution of authors involved in COVID-19 complication and sequelae research. The article counts of the top ten co-cited authors.






Figure 5 | The distribution of authors involved in COVID-19 complication and sequelae research. The network map of co-cited authors.



The top ten journals are listed in descending order by the number of published articles (Table 2). The Journal of Medical Virology (IF: 2.327) published 14 articles, which was the highest number and accounted for 14.4% of the total 97 articles published by the ten journals. The second ranked journal was Journal of Clinical Medicine (IF: 4.241), which published 12 articles. Ten articles were published in each of the next four journals. They were Journal of Thrombosis and Haemostasis (IF: 5.824), Journal of Stroke and Cerebrovascular Disease (IF: 2.136), Frontiers in Neurology (IF: 4.003) and Diabetes Research and Clinical Care (IF: 5.602). The total citation count of Journal of Thrombosis and Haemostasis (IF: 5.824) was 85, belonging to Q1 according to the quartile in category which represents the credibility and recognition of the journal. In addition, of all these journals, Critical Care has the highest impact factors (IF: 9.097), while Frontiers in Immunology ranks the second (IF: 7.561).


Table 2 | The top 10 journals that published articles in COVID-19 complication and sequelae research sorted by article counts.





Research Hotspots

A total of 82 keywords were extracted and are listed in Table 3. The number of occurrences of keywords ranged from 69 to 3972 times. Through VOSviewer analysis, these items were classified into 5 clusters, which are shown in Figures 6A, B. Each cluster had a common theme: cluster 1 (23 items, in red, treatment), cluster 2 (19 items, in green, clinical manifestation), cluster 3 (16 items, in blue, risk factors), cluster 4 (12 items, in yellow, morbidity), and cluster 5 (12 items, in purple, diagnosis). The top five keywords of each cluster are listed as follows, and the number of occurrences is indicated:

	Cluster 1: COVID (3972), Complication (1196), SARS cov (1028), Infection (970), Disease (761)

	Cluster 2: Patient (3249), Study (685), Level (280), Time (231), Admission (227).

	Cluster 3: Outcome (417), Mortality (363), Death (237), Age (226), Person (190).

	Cluster 4: Pandemic (619), Risk (490), Management (314), Care (281), Surgery (234).

	Cluster 5: Case (555), Symptom (352), Data (294), Pneumonia (216), Report (193).




Table 3 | The analytic consequence of 82 keywords with from 69 to 3972 occurrence times.









Figure 6 | Keywords in publications about COVID-19 complication and sequelae research. (A) Mapping of the keywords into seven clusters with different colors. (B) Distribution of keywords was presented according to the appearance for the average time.






Discussion

So far, 2019-nCoV has infected one hundred and thirty million people and affected the lives of billions of people. As the understanding of COVID-19 patients continues to develop, clinicians have gradually realized the dangers of the sequelae and complication that COVID-19 patients have. Early detection of possible complication and sequelae of each system will improve clinical outcomes and reduce their incidence. Laboratory and clinical data will be crucial to clarify the pathophysiology and potential damage of 2019-nCoV to various systems. Finally, the various system evaluations of patients after recovery are critical to understanding the natural history of 2019-nCoV in various systems and monitoring potential system sequelae. Therefore, we took the eight major systems as the entry point and analyzed in detail the morbidity and pathogenesis of the possible complication and sequelae of each system of COVID-19 patients (Supplementary Figure 2).


Respiratory Sequelae

The respiratory system is the primary target for attack by 2019-nCoV. Pathological changes occurred in the pulmonary parenchyma, pulmonary vascular endothelium, and alveoli of patients infected with COVID-19 (25). There are case reports that the alternations in pulmonary parenchyma caused by 2019-nCoV could induce the occurrence of pneumothorax, leading to severe vasculitis and endotheliitis (26). In the tissue section observations of the lung tissue of patients who died from COVID-19, it was found that the alveoli were destroyed and infiltrated by a large number of inflammatory cells, and the pulmonary microvascular was accompanied by a large number of thromboses (27, 28). Additionally, many patients recovering from COVID-19 still have a cough and shortness of breath after being cured, and severe cases can have extensive fibrosis of the lungs, resulting in severe dyspnea (29). The above alternations would cause an imbalance of the ventilatory flow ratio, and there is no evidence that these pathological alterations are reversible. Therefore, patients infected with COVID-19 are impacted with severe pulmonary fibrosis and are still at risk after their nucleic acid test turns negative.



Cardiovascular Complication

Similar to other respiratory infections, pre-existing cardiovascular disease or risk factors increase susceptibility to COVID-19 (30). Meanwhile, the mortality of patients with cardiovascular disease is relatively higher (31). The cardiovascular diseases of patients infected with 2019-nCoV worsen significantly, and it can even cause new cardiovascular complication. A study from Wuhan, China showed that nearly 20% of patients infected with 2019-nCoV suffered cardiovascular damage and the patients’ conditions would worsen if their IL-6 was elevated (32, 33). The most serious cardiovascular complication of COVID-19 patients is myocarditis, which is most commonly defined as an elevation of hypersensitivity cardiac troponin I (cTnI) above the 99th percentile of the upper reference limit (34). The onset of acute myocarditis results in ischemia and hypoxia and increases the risk of death if it exceeds the bearing capacity of the body (35, 36). In addition, both tachy- and brady-arrhythmias are known to occur in COVID-19 patients (37). However, no study has described the incidence of ST-segment elevation myocardial infarction in COVID-19, but it appears to be low. Angiotensin converting enzyme 2 (ACE2) plays an essential role in the development of cardiovascular diseases (38). High expression of ACE2 in COVID-19 patients lead to an imbalance of renin-angiotensin-aldosterone system (RAAS), which participates in the regulation of electrolytes and blood flow (38, 39). Excessive contraction of blood vessels and acceleration of blood flow increased the risk of hypertension and thrombosis (40). In addition, elevated pressure in the peripheral blood increases the afterload on the heart and consequently causes organic pathological alterations of cardiac dilatational hypertrophy (41). A study by Frankfurt University Hospital showed that 78 out of 100 survivors of COVID-19 had cardiovascular abnormalities, and 60 of them still had signs of persistent myocardial inflammation more than two months after the diagnosis (42).



Neurological Complication

Neurological symptoms are also common in patients infected with 2019-nCoV (43, 44). Nearly forty percent of patients have neurological manifestations (12). Most of these effects are seizures, delirium, and unconsciousness (45–47). A British study analyzed 153 patients with clinical syndromes related to COVID-19 pneumonia. Many of the patients suffered from new-onset psychosis, neurocognitive syndromes or affective disorders, and changes in mental status, which usually occurred in relatively young patients. Some showed symptoms associated with Guillain-Barre syndrome (48–50). When this virus infects the brain, viral encephalitis and purulent lesions increase the difficulty of treatment and caused sequelae after treatment (51). In addition, the most dangerous condition was that the virus would induce paralysis of the respiratory center, causing apnea and threatening the patient’s life if it invaded the medulla oblongata and pons (44). Recent studies indicated that 2019-nCoV can break through the blood-brain barrier and invade the brain, mainly through the nasal cavity and intestines and the virus has been detected in cerebrospinal fluid (52–54). In addition, it was found in the clinical examination of patients with neurological symptoms that almost all patients on imaging had brain bleeding to different degrees (55). Cranial nerve injury leads to a loss of smell, temporary loss of consciousness, and even stroke (56–58). Local hypoxemia induced by cerebral circulation disorders can lead to permanent alterations of the brain (12).



Digestive Complication

The clinical findings indicated that gastrointestinal reactions and liver dysfunction appeared in patients with COVID-19 (59, 60). Inappetence, vomiting, diarrhea and indigestion occurred in the patients. A meta-analysis of patient data from multiple countries revealed that more than half of patients had gastrointestinal reactions (14). In addition, in a retrospective analysis of clinical cases, it was reported that 27.3% of patients showed liver biochemistry abnormalities and 3.9% had liver injury (61). The disturbance of the digestive system is attributed to the expression of ACE2 and the ACE2 receptor in digestive ducts (62, 63). The pathogenesis is similar to the complication experienced in the cardiovascular systems. However, most of the gastrointestinal complication caused by COVID-19 disappeared after effective treatment of the pneumonia, with few obvious sequelae. In addition, more noteworthy was the role of intestinal flora in the development of COVID-19. On the one hand, clinical data indicated the intestinal flora was disordered in patients with COVID-19, which lead to the adverse reactions in the gastrointestinal tract (64, 65). On the other hand, the intestinal flora had the potential to promote the activity of anti-inflammation cells in the alveolar and inhibit the progression of pneumonia, which is defined as the “gut-lung axis” (66).



Urinary Complication

The kidney is one of the important target organs causing the high mortality rate of COVID-19 (67). A clinical study entitled “Caution on Kidney Dysfunctions of 2019-nCoV Patients” published on the preprint platform medRxiv stated that 63% of patients showed symptoms of renal insufficiency, and CT scans showed 100% of patients with renal imaging abnormalities. It has been noted that kidney involvement in COVID-19 is frequent and it ranges from mild proteinuria to acute kidney injury (AKI) (68, 69). Numerous studies have indicated a high incidence of AKI in patients with COVID-19, especially in severe cases (70–72). According to clinical statistics, the mortality rate of COVID-19 patients with AKI was three times higher than in patients without kidney injury (73). Microscopic observation of the kidneys of patients who died of COVID-19 found that most patients had obvious renal tubular damage (74). Acute kidney injury significantly contributes to long-term effects on the kidney, such as microalbuminuria and chronic kidney diseases or renal failure, which needs routine dialysis (75). However, no studies have been reported on the long-term renal outcomes among patients recovered from COVID-19 (76). Therefore, it is essential to monitor the renal function of patients who are discharged from the hospital, especially with kidney damage caused by coronaviruses infection in order to improve the prognosis of COVID-19 and to prevent further renal injuries.

The kidney injury was more due to the secondary effect of immune reactions induced by 2019-nCoV rather than any direct effect of the virus (77). In other words, although COVID-19 could invade the kidney cells through the ACE2-dependent pathway, the virus-associated immune response and cytokine secretion were more likely to attack normal cells and cause kidney damage (78). However, this is based on only a consensus of the majority, and the pathogenesis of COVID-19 in kidney damage is still inconclusive. Identifying the reason for the kidney alterations will contribute to increased efficiency of treatment and an improved prognosis.



Endocrine Complication

In terms of the clinical manifestations of patients with COVID-19, most endocrine glands might be affected by the virus, such as the pancreas, adrenal glands, thyroid, etc. (79). Recent studies have indicated that patients with a history of diabetes were more susceptible to 2019-nCoV (80, 81). In addition, the presence of diabetes mellitus increased the risk of requiring critical care (82, 83). It was found in a microscope observation of the adrenal glands of patients with COVID-19 that 46% showed alterations in adrenal gland morphology such as ischemia, hemorrhage, degeneration, and local inflammation (84). Adrenal vascular alterations are likely to be caused by the immune disorder induced by 2019-nCoV (85). In addition, 15% of patients with COVID-19 had thyroid dysfunction (86). This was also attributed to the immunity response and autoimmunity induced by 2019-nCoV (87, 88). Meanwhile, the outbreak of the COVID-19 epidemic might worsen some glandular tumors and delay the timing of treatment (89). The above evidence showed that 2019-nCoV could attack the glands via the immune system, which might be the entry point for the treatment of endocrine complication. If there is no effective treatment, it will further aggravate the condition of diabetes and increase the risk of cancer and other chronic endocrine diseases.



Reproductive Complication

There are obvious sex differences in reproductive complication and sequelae. Recent studies had confirmed ACE2 is abundant in gametocytes, Sertoli cells and spermatogonia stem cells, suggesting the testis is a high-risk organ vulnerable to 2019-nCoV infection (90, 91). Indeed, coronavirus could damage the structure of the testicles and affect male fertility, supported by the detection of coronavirus in the semen of patients, some of whom had complication of orchitis (92). An observational study indicated that 39.1% of male patients with COVID-19 have oligospermia and 60.9% of them have a high inflammatory state in their semen (93). Around 19% of patients at the time of their COVID-19 confirmation were experiencing scrotal discomfort (94). In addition, interstitial oedema and congestion in the testes and epididymis are observed in all deceased COVID-19 patients, which also indicate potential testis injury (93). Compared with male patients, there are relatively few reports on the impact of the coronavirus on the female reproductive system. However, ACE2 has been demonstrated to be widely expressed in the female genital tract and ovary (95, 96), and thereby is likely to affect ovulation and embryonic development in a similar way (97, 98). Due to a lack of attention and limited duration of hospitalization, other reproductive dysfunctions such as infertility and menstrual disorders are difficult to identify. Therefore, follow-up studies and evaluation of reproductive function, especially fertility, is essential among patients recovered from COVID-19.



Skeletal Complication

During the epidemic of SARS, myalgia and muscle weakness were common complication (99). COVID-19 also has a direct impact on the skeletal system together with an indirect action through the regulation of nerves and the blood supply. 2019-nCoV combines with ACE2 and destroys the balance of RAS, which causes degradation of muscle protein and leads to physical dysfunction (100). In addition, infection-mediated deleterious immune responses lead to neurological abnormalities, and a significant increase in serum pro-inflammatory cytokines may lead to skeletal muscle damage (101). In addition, patients with myalgia tend to have higher levels of creatine kinase and lactate dehydrogenase (12). Elevated levels of the pro-inflammatory factor interleukin-6 may be responsible for the myalgia and joint pain (102). Osteoimmunology reveals the potential effect of viral infection on the RANK-RANKL system, which increases bone resorption and induces osteoporosis. It is worth noting that after being discharged from the hospital, severe patients may have sequelae of muscle wasting due to the prolonged period spent in bed, and they require progressive rehabilitation training to gradually return to their pre-onset mobility (103). Furthermore, severe patients treated with glucocorticoids may also experience hip joint injuries and femoral head necrosis (104). At present, it seems that the patient’s condition is not effectively controlled, and an overdose of glucocorticoids is given, which may cause sequelae such as osteoporosis and osteonecrosis.



Other Involvement: Psychological Changes

The influence of COVID-19 on mental health due to restricted activity in public should not be ignored. The mental health status reported by patients with COVID-19 appears to be more serious. They fear death and are very prone to negative emotions (105). Unlike SARS survivors, the incidence of depression, anxiety, insomnia, and acute stress in patients with COVID-19 is 75%, 71%, 68%, and 71%, respectively, while the incidence of mental and psychological problems in COVID-19 survivors, 3 months after discharge and 30 months after discharge, is also much higher.

There are two aspects to the psychological complication or sequelae caused by COVID-19. One is that severely ill patients have experienced the fear of death. Even if their bodies recover, some people still have psychological fears. The other is that patients with mild illnesses cause people to fear rejection by others after their recovery. Many people who have recovered from mild illness have nervousness, anxiety, and fear. Regardless of whether they had mild or severe cases, nearly half of survivors have post-traumatic stress disorder, depression, or insomnia and anxiety. Some people cannot return to a normal state.

The mental and psychological problems of medical staff are even more prominent, and the incidence is significantly higher than that of non-medical staff. Among them, nurses have the highest incidence of psychological problems. It is indicated that anxiety among medical staff is 46%, while the incidence among non-medical staff is 8.5%. Other people, including front-line workers and their families, close contacts, and people in isolation, as well as low-income people in the community, are also susceptible to psychological problems, indicating that ordinary citizens also experience poor psychological health in the epidemic. It is shown that in the first five months of the pandemic, Japan’s monthly suicide rate dropped by 14%, but it rose by 16% in the second wave 90, while the suicide rate of women, children, and adolescents has increased even more.

Therefore, in the post-epidemic era, the construction of a mental health system is particularly important. A grid-based community psychological service system should be established, especially in the prevention stage. For example, a three-person psychological service team should be formed in schools, communities and some medical units to screen and serve for the mental health of the population. In addition, mental and psychological education courses should also be introduced in primary and secondary schools to avoid impairments of the mental development of the students.

As is mentioned above, clinical complications and sequelae of COVID-19 were common among survivors during early convalescence. Apart from the clinical characteristics during hospitalization, the outcomes of COVID-19 also vary across different ages and ethnic backgrounds. It was observed in a large cohort of survivors of COVID-19 in Wuhan, China that survivors with old age are especially susceptible to complications or sequelae of COVID-19 compared with younger individuals (106). Indeed, ageing plays an important role in the development of COVID-19 and its complications or sequelae. With age, mitochondrial quality, and function declines, leading to a variety of physiology changes, such as chronic inflammation and defective immune responses to viral infection, which eventually increases the susceptibility to COVID-19 complications and sequelae (107, 108). Likewise, the outcomes of COVID-19 also present certain ethnic and racial differences. It was observed that black patients with COVID-19 usually had higher mortality rates that white patients, which was also noted among pediatric patients. However, the racial disparities are more like to be multifactorial while black race alone was not associated with the high mortality rates (109–111). Black patients had higher prevalence of chronic diseases, such as diabetes, hypertension, chronic renal diseases and so forth. As is mentioned above, patients with pre-existing diseases usually had bad poor clinical outcomes and were with higher risks of various complications and sequelae. Additionally, work environment, living conditions, public insurance and economic conditions were also responsible for the prevalence and mortality rate of COVID-19 (110).

Currently, no specific treatment targeting major complications and sequelae of COVID-19, which is only limited to symptomatic treatment. Additionally, there is even no effective therapy for complications in certain systems, such as the reproductive system. Therefore, current treatment options should be extended in patients with COVID-19 and personalized therapies should be implemented based on the clinical characteristics during hospitalization and also the individual circumstances, such as age and pre-existing diseases. Consequently, it is crucial to development reasonable and effective treatment strategies to restore function of organs which were damaged during the course of COVID. In addition, daily symptom monitoring is necessary for patients discharged from hospital. Routine physical examination is strongly recommended for severe or elderly patients and patients with pre-existing diseases until 6 months after discharge.

There are several limitations that are specific to the use of bibliometric analysis in this study which may be inevitable. It has been only less than two years since the outbreak of COVID-19. Although significant breakthroughs have been made in the understanding COVID-19, there are relatively few literatures focused on the complications and sequelae of COVID-19 that have been published. As a result, only 82 keywords were extracted from the published literatures, which may lead to the inaccuracies in the classification of keywords. In addition, with accumulating evidence indicating that many survivors of COVID-19 are suffered from various complications and sequelae, it is believed that growing numbers of studies will focus on the complications and sequelae of COVID-19. Therefore, there may be discrepancies between our bibliometric analysis and the actual publication situation.




Conclusions

In the context of vaccination and effective medications, there are no obstacles to the elimination of 2019-nCoV. However, the damage of 2019-nCoV to the body has been ignored. We systematically analyzed the complication and sequelae of the eight systems of COVID-19 patients. Most of the complication or sequelae of patients are related to the expression of ACE2 on tissues and organs, which is the target recognized and bound by 2019-nCoV. The RAS axis participates in the regulatory process and leads to systemic disorders when the axis feedback is imbalanced. At the same time, we analyzed various psychological barriers of people in the post-epidemic era. In our study, we pay more attention to the adverse variations to the body caused by 2019-nCoV rather than just the virus itself. In conclusion, the prevention and treatment of complications and sequelae in COVID-19 patients in the post-epidemic era are the top priority, and they should and must attract the close attention of experts and scholars around the world.



Author Contributions

Conceptualization: LT, KY, JW, and GW. Methodology: KY, GW, and SZ. Investigation: LT, KY, GW, JW, SZ, WD, YM, and YX. Writing – original draft: KY, GW, JW, SZ, WD, YM, and YX. Writing – review and editing: LT, KY, JW, and GW. Supervision: LT, KY, JW, and GW. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the fellowship of China Postdoctoral Science Foundation [2020M670100ZX].



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.711741/full#supplementary-material

Supplementary Figure 1 | Flow chart of literature filtering involved in this study.

Supplementary Figure 2 | Complication and sequelae of COVID-19 patients involved in eight major systems.



References

1. Moore, B, Lee, P, Hewish, M, Dixon, B, and Mukherjee, T. Coronaviruses in Training Centre for Intellectually Retarded. Lancet (London England) (1977) 1:261. doi: 10.1016/S0140-6736(77)91064-9

2. Tao, Z, Zhou, S, Yao, R, Wen, K, Da, W, Meng, Y, et al. COVID-19 Will Stimulate a New Coronavirus Research Breakthrough: A 20-Year Bibliometric Analysis. Ann Trans Med (2020) 8:528. doi: 10.21037/atm.2020.04.26

3. Wu, F, Zhao, S, Yu, B, Chen, YM, Wang, W, Song, ZG, et al. A New Coronavirus Associated With Human Respiratory Disease in China. Nature (2020) 579:265–9. doi: 10.1038/s41586-020-2008-3

4. Jamwal, S, Gautam, A, Elsworth, J, Kumar, M, Chawla, R, and Kumar, P. An Updated Insight Into the Molecular Pathogenesis, Secondary Complications and Potential Therapeutics of COVID-19 Pandemic. Life Sci (2020) 257:118105. doi: 10.1016/j.lfs.2020.118105

5. Beghi, E, and Helbok, R. The EAN COVID-19 Registry (ENERGY): An International Instrument for Surveillance of Neurological Complications in Patients With COVID-19. Euro J Neurol (2020). doi: 10.1111/ene.14652

6. Zahra, W, Dixon, JW, Mirtorabi, N, Rolton, DJ, Tayton, ER, Hale, PC, et al. Safety Evaluation of a Strategy to Restart Elective Orthopaedic Surgery During the De-Escalation Phase of the COVID-19 Pandemic. Bone Joint Open (2020) 1:450–6. doi: 10.1302/2633-1462.18.BJO-2020-0105.R1

7. Huang, C, Huang, L, Wang, Y, Li, X, Ren, L, Gu, X, et al. 6-Month Consequences of COVID-19 in Patients Discharged From Hospital: A Cohort Study. Lancet (London England) (2021) 397:220–32. doi: 10.1016/S0140-6736(20)32656-8

8. South, AM, Tomlinson, L, and Edmonston, D. Controversies of Renin-Angiotensin System Inhibition During the COVID-19 Pandemic. Nat Rev Nephrol (2020) 16:305–7. doi: 10.1038/s41581-020-0279-4

9. Campbell, WG Jr., Donohue, JA, and Duket, LH. Serum Angiotensin Converting Enzyme Activity and the Capacity to Develop Hypertention-Associated Arterial Disease. Studies During the Induction Phase of One-Kidney Perinephritis Hypertension in Rabbits. Am J Pathol (1978) 93:383–404.

10. Souza-Silva, TG, Vilas-Boas, DF, Gonçalves-Santos, E, Mazzeti, AL, Caldas, IS, Gonçalves, RV, et al. Impact of Diminazene Aceturate on Renin-Angiotensin System, Infectious Myocarditis and Skeletal Myositis in Mice: An In Vitro and In Vivo Study. Life Sci (2020) 257:118067. doi: 10.1016/j.lfs.2020.118067

11. Santema, BT, Ouwerkerk, W, Tromp, J, Sama, IE, Ravera, A, Regitz-Zagrosek, V, et al. Identifying Optimal Doses of Heart Failure Medications in Men Compared With Women: A Prospective, Observational, Cohort Study. Lancet (London England) (2019) 394:1254–63. doi: 10.1016/S0140-6736(19)31792-1

12. Mao, L, Jin, H, Wang, M, Hu, Y, Chen, S, He, Q, et al. Neurologic Manifestations of Hospitalized Patients With Coronavirus Disease 2019 in Wuhan, China. JAMA Neurol (2020) 77:683–90. doi: 10.1001/jamaneurol.2020.1127

13. Cao, A, Rohaut, B, Guennec, LL, Saheb, S, Marois, C, Altmayer, V, et al. Severe COVID-19-Related Encephalitis Can Respond to Immunotherapy. Brain: J Neurol (2020). 143(12):e102. doi: 10.1093/brain/awaa337

14. Cheung, KS, Hung, IFN, Chan, PPY, Lung, KC, Tso, E, Liu, R, et al. Gastrointestinal Manifestations of SARS-CoV-2 Infection and Virus Load in Fecal Samples From a Hong Kong Cohort: Systematic Review and Meta-Analysis. Gastroenterol (2020) 159:81–95. doi: 10.1053/j.gastro.2020.03.065

15. Rabaan, AA, Al-Ahmed, SH, Sah, R, Tiwari, R, Yatoo, MI, Patel, SK, et al. SARS-CoV-2/COVID-19 and Advances in Developing Potential Therapeutics and Vaccines to Counter This Emerging Pandemic. Ann Clin Microbiol Antimicrob (2020) 19:40. doi: 10.1186/s12941-020-00384-w

16. Alshareef, R, Al Zahrani, A, Alzahrani, A, and Ghandoura, L. Impact of the COVID-19 Lockdown on Diabetes Patients in Jeddah, Saudi Arabia. Diabetes Metab Syndrome (2020) 14:1583–7. doi: 10.1016/j.dsx.2020.07.051

17. Zhang, YZ, and Holmes, EC. A Genomic Perspective on the Origin and Emergence of SARS-CoV-2. Cell (2020) 181:223–7. doi: 10.1016/j.cell.2020.03.035

18. Gudbjartsson, DF, Helgason, A, Jonsson, H, and Magnusson, OT. Spread of SARS-CoV-2 in the Icelandic Population. New Engl J Med (2020) 382:2302–15. doi: 10.1101/2020.03.26.20044446

19. Oude Munnink, BB, and Nieuwenhuijse, DF. Rapid SARS-CoV-2 Whole-Genome Sequencing and Analysis for Informed Public Health Decision-Making in the Netherlands. Nature Med (2020) 26:1405–10. doi: 10.1038/s41591-020-0997-y

20. Guo, Y, Hao, Z, Zhao, S, Gong, J, and Yang, F. Artificial Intelligence in Health Care: Bibliometric Analysis. J Med Internet Res (2020) 22:e18228. doi: 10.2196/preprints.18228

21. Noyons, ECM, Moed, HF, and Luwel, M. Combining Mapping and Citation Analysis for Evaluative Bibliometric Purposes: A Bibliometric Study. J Assoc Inf Ence Technol (2010) 50:14652.

22. Niu, B, Hong, S, Yuan, J, Peng, S, Wang, Z, and Zhang, X. Global Trends in Sediment-Related Research in Earth Science During 1992–2011: A Bibliometric Analysis. Scientometrics (2014) 98:511–29. doi: 10.1007/s11192-013-1065-x

23. Zhang, T, Yin, X, Yang, X, Man, J, He, Q, Wu, Q, et al. Research Trends on the Relationship Between Microbiota and Gastric Cancer: A Bibliometric Analysis From 2000 to 2019. J Cancer (2020) 11:4823–31. doi: 10.7150/jca.44126

24. Li, S, Wang, H, Zheng, H, Li, N, Sun, C, Meng, X, et al. Bibliometric Analysis of Pediatric Liver Transplantation Research in PubMed From 2014 to 2018. Med Sci Monit (2020) 26:e922517. doi: 10.12659/MSM.922517

25. Mareev, VY, Orlova, YA, Pavlikova, EP, Akopyan, ZA, Matskeplishvili, ST, Plisyk, AG, et al. Proactive Anti-Inflammatory and Anticoagulant Therapy in the Treatment of Advanced Stages of Novel Coronavirus Infection (COVID-19). Case Series and Study Design: COLchicine Versus Ruxolitinib and Secukinumab in Open Prospective Randomized Trial (COLORIT). Kardiologiia (2020) 60:4–21. doi: 10.18087/cardio.2020.9.n1338

26. Caviezel, C, Weiss, L, Haessig, G, Alfaré, C, Haberecker, M, Varga, Z, et al. Case Report of Sequential Bilateral Spontaneous Pneumothorax in a Never-Ventilated, Lung-Healthy COVID-19-Patient. Int J Surg Case Rep (2020) 75:441–5. doi: 10.1016/j.ijscr.2020.09.148

27. Ackermann, M, Verleden, SE, Kuehnel, M, Haverich, A, Welte, T, Laenger, F, et al. Pulmonary Vascular Endothelialitis, Thrombosis, and Angiogenesis in Covid-19. New Engl J Med (2020) 383:120–8. doi: 10.1056/NEJMoa2015432

28. Scholkmann, F, and Nicholls, J. Pulmonary Vascular Pathology in Covid-19. New Engl J Med (2020) 383:887–8. doi: 10.1056/NEJMc2022068

29. Yang, ZL, Chen, C, Huang, L, Zhou, SC, Hu, YN, Xia, LM, et al. Fibrotic Changes Depicted by Thin-Section CT in Patients With COVID-19 at the Early Recovery Stage: Preliminary Experience. Front Med (2020) 7:605088. doi: 10.3389/fmed.2020.605088

30. Ilic, I, Zdravkovic, M, Timcic, S, Stojanovic, DU, Bojic, M, and Loncar, G. Pneumonia in Medical Professionals During COVID-19 Outbreak in Cardiovascular Hospital. Int J Infect Dis (2020) 103:188–93. doi: 10.1016/j.ijid.2020.11.156.

31. Varshney, AS, Wang, DE, Bhatt, AS, Blood, A, Sharkawi, MA, Siddiqi, HK, et al. Characteristics of Clinical Trials Evaluating Cardiovascular Therapies for Coronavirus Disease 2019 Registered on ClinicalTrials.gov: A Cross Sectional Analysis. Am Heart J (2020) 232:105–15. doi: 10.1016/j.ahj.2020.10.065.

32. Shi, S, Qin, M, Shen, B, Cai, Y, Liu, T, Yang, F, et al. Association of Cardiac Injury With Mortality in Hospitalized Patients With COVID-19 in Wuhan, China. JAMA Cardiol (2020) 5:802–10. doi: 10.1001/jamacardio.2020.0950

33. Li, X, Pan, X, Li, Y, An, N, Xing, Y, Yang, F, et al. Cardiac Injury Associated With Severe Disease or ICU Admission and Death in Hospitalized Patients With COVID-19: A Meta-Analysis and Systematic Review. Crit Care (London England) (2020) 24:468. doi: 10.1186/s13054-020-03183-z

34. Nabors, C, Sridhar, A, Hooda, U, Lobo, SA, Levine, A, Frishman, WH, et al. Characteristics and Outcomes of Patients 80 Years and Older Hospitalized With Coronavirus Disease 2019 (COVID-19). Cardiol Rev (2020) 29(1):39–42. doi: 10.1097/CRD.00000000000.

35. Singhavi, R, Sharma, K, Desai, HD, Patel, R, and Jadeja, D. A Case of Hemolytic Anemia With Acute Myocarditis and Cardiogenic Shock: A Rare Presentation of COVID-19. Cureus (2020) 12:e10657. doi: 10.7759/cureus.10657

36. Keri, VC, Hooda, A, Kodan, P, Brunda, RL, Jorwal, P, and Wig, N. Intricate Interplay Between Covid-19 and Cardiovascular Diseases. Rev Med Virol (2020) 31(4):e2188. doi: 10.1002/rmv.2188.

37. Wen, W, Zhang, H, Zhou, M, Cheng, Y, Ye, L, Chen, J, et al. Arrhythmia in Patients With Severe Coronavirus Disease (COVID-19): A Meta-Analysis. Eur Rev Med Pharmacol Sci (2020) 24:11395–401.

38. Ziegler, CGK, Allon, SJ, Nyquist, SK, Mbano, IM, Miao, VN, Tzouanas, CN, et al. SARS-CoV-2 Receptor ACE2 Is an Interferon-Stimulated Gene in Human Airway Epithelial Cells and Is Detected in Specific Cell Subsets Across Tissues. Cell (2020) 181:1016–1035.e19. doi: 10.1016/j.cell.2020.04.035

39. Guo, J, Wei, X, Li, Q, Li, L, Yang, Z, Shi, Y, et al. Single-Cell RNA Analysis on ACE2 Expression Provides Insights Into SARS-CoV-2 Potential Entry Into the Bloodstream and Heart Injury. J Cell Physiol (2020) 235:9884–94. doi: 10.1002/jcp.29802

40. Reynolds, HR, Adhikari, S, Pulgarin, C, Troxel, AB, Iturrate, E, Johnson, SB, et al. Renin-Angiotensin-Aldosterone System Inhibitors and Risk of Covid-19. New Engl J Med (2020) 382:2441–8. doi: 10.1056/NEJMoa2008975

41. Fried, JA, Ramasubbu, K, Bhatt, R, Topkara, VK, Clerkin, KJ, Horn, E, et al. The Variety of Cardiovascular Presentations of COVID-19. Circulation (2020) 141:1930–6. doi: 10.1161/CIRCULATIONAHA.120.047164

42. Puntmann, VO, Carerj, ML, Wieters, I, Fahim, M, Arendt, C, Hoffmann, J, et al. Outcomes of Cardiovascular Magnetic Resonance Imaging in Patients Recently Recovered From Coronavirus Disease 2019 (COVID-19). JAMA Cardiol (2020) 5:1265–73. doi: 10.1001/jamacardio.2020.3557

43. Koralnik, IJ, and Tyler, KL. COVID-19: A Global Threat to the Nervous System. Ann Neurol (2020) 88:1–11. doi: 10.1002/ana.25807

44. Li, YC, Bai, WZ, and Hashikawa, T. The Neuroinvasive Potential of SARS-CoV2 may Play a Role in the Respiratory Failure of COVID-19 Patients. J Med Virol (2020) 92:552–5. doi: 10.1002/jmv.25728

45. Hussain, S, Vattoth, S, Haroon, KH, and Muhammad, A. A Case of Coronavirus Disease 2019 Presenting With Seizures Secondary to Cerebral Venous Sinus Thrombosis. Case Rep Neurol (2020) 12:260–5. doi: 10.1159/000509505

46. Amouri, J, Andrews, PS, Heckers, S, Ely, EW, and Wilson, JE. A Case of Concurrent Delirium and Catatonia in a Woman With Coronavirus Disease 2019. Psychosomatics (2020) 62(1):109–14.

47. Braga, LFB, and Sass, N. Coronavirus 2019, Thrombocytopenia and HELLP Syndrome: Association or Coincidence? Rev Bras Ginecol Obstet (2020) 42:669–71. doi: 10.1055/s-0040-1718437

48. Carrillo-Larco, RM, Altez-Fernandez, C, Ravaglia, S, and Vizcarra, JA. COVID-19 and Guillain-Barre Syndrome: A Systematic Review of Case Reports. Wellcome Open Res (2020) 5:107.

49. Rajdev, K, Victor, N, Buckholtz, ES, Hariharan, P, Saeed, MA, Hershberger, DM, et al. A Case of Guillain-Barré Syndrome Associated With COVID-19. J Invest Med High Impact Case Rep (2020) 8:2324709620961198. doi: 10.1177/2324709620961198

50. Korem, S, and Gandhi, H. Guillain-Barré Syndrome Associated With COVID-19 Disease. BMJ Case Reports# (2020) 13:e237215. doi: 10.1136/bcr-2020-237215

51. Vandervorst, F, Guldolf, K, Peeters, I, Vanderhasselt, T, Michiels, K, Berends, KJ, et al. Encephalitis Associated With the SARS-CoV-2 Virus: A Case Report. Interdiscip Neurosurge: Adv Techniques Case Manage (2020) 22:100821. doi: 10.1016/j.inat.2020.100821

52. Hirano, T, and Murakami, M. COVID-19: A New Virus, But a Familiar Receptor and Cytokine Release Syndrome. Immunity (2020) 52:731–3. doi: 10.1016/j.immuni.2020.04.003

53. Esposito, G, Pesce, M, Seguella, L, Sanseverino, W, Lu, J, and Sarnelli, G. Can the Enteric Nervous System be an Alternative Entrance Door in SARS-CoV2 Neuroinvasion? Brain Behav Immun (2020) 87:93–4. doi: 10.1016/j.bbi.2020.04.060

54. Espíndola, OM, Brandão, CO, Gomes, YCP, Siqueira, M, Soares, CN, Lima, M, et al. Cerebrospinal Fluid Findings in Neurological Diseases Associated With COVID-19 and Insights Into Mechanisms of Disease Development. Int J Infect Dis (2020) 102:155–62. doi: 10.1016/j.ijid.2020.10.044.

55. Keller, E, Brandi, G, Winklhofer, S, Imbach, LL, Kirschenbaum, D, Frontzek, K, et al. Large and Small Cerebral Vessel Involvement in Severe COVID-19: Detailed Clinical Workup of a Case Series. Stroke (2020) 51:Strokeaha120031224. doi: 10.1161/STROKEAHA.120.031224

56. Lechien, JR, Journe, F, Hans, S, Chiesa-Estomba, CM, Mustin, V, Beckers, E, et al. Severity of Anosmia as an Early Symptom of COVID-19 Infection May Predict Lasting Loss of Smell. Front Med (2020) 7:582802. doi: 10.3389/fmed.2020.582802

57. Eslami, P, Moradi, M, Dooghaie Moghadam, A, Pirsalehi, A, Abdul Lateef, S, Hadaegh, A, et al. Lethal Outcome of Covid-19 Pneumonia in a New Liver Recipient With Neurological Manifestation. Gastroenterol Hepatol Bed To Bench (2020) 13:405–9. doi: 10.3174/ajnr.A6961

58. Li, MD, and Lang, M. Analysis of Stroke Detection During the COVID-19 Pandemic Using Natural Language Processing of Radiology Reports. Am J Neuroradiol (2020) 42:429–34. doi: 10.3174/ajnr.A6961.

59. Zhong, P, Xu, J, Yang, D, Shen, Y, Wang, L, Feng, Y, et al. COVID-19-Associated Gastrointestinal and Liver Injury: Clinical Features and Potential Mechanisms. Sig Trans Targ Ther (2020) 5:256. doi: 10.1038/s41392-020-00373-7

60. Huang, C, Wang, Y, Li, X, Ren, L, Zhao, J, Hu, Y, et al. Clinical Features of Patients Infected With 2019 Novel Coronavirus in Wuhan, China. Lancet (London England) (2020) 395(10223):497–506. doi: 10.1016/S0140-6736(20)30183-5.

61. Chen, F, Chen, W, Chen, J, Xu, D, Xie, W, Wang, X, et al. Clinical Features and Risk Factors of COVID-19-Associated Liver Injury and Function: A Retrospective Analysis of 830 Cases. Ann Hepatol (2020) 21:100267. doi: 10.1016/j.aohep.2020.09.011.

62. Hammoud, S, Wehbe, Z, Abdelhady, S, Kobeissy, F, Eid, AH, and El-Yazbi, AF. Dysregulation of ACE2 Expression and Function in Co-Morbid Disease Conditions Possibly Contributes to COVID-19 Complication Severity. Mol Pharmacol (2020) 99(1):17–28. doi: 10.1124/molpharm.120.000119.

63. Onabajo, OO, Banday, AR, and Stanifer, ML. Interferons and Viruses Induce a Novel Truncated ACE2 Isoform and Not the Full-Length SARS-CoV-2 Receptor. Nat Genet (2020) 52:1283–93. doi: 10.1038/s41588-020-00731-9.

64. d’Ettorre, G, Ceccarelli, G, Marazzato, M, Campagna, G, Pinacchio, C, Alessandri, F, et al. Challenges in the Management of SARS-CoV2 Infection: The Role of Oral Bacteriotherapy as Complementary Therapeutic Strategy to Avoid the Progression of COVID-19. Front Med (2020) 7:389. doi: 10.3389/fmed.2020.00389

65. Scarpellini, E, and Fagoonee, S. Gut Microbiota and Liver Interaction Through Immune System Cross-Talk: A Comprehensive Review at the Time of the SARS-CoV-2 Pandemic. J Clinical Med (2020) 9:2488. doi: 10.3390/jcm9082488.

66. Stavropoulou, E, and Bezirtzoglou, E. Probiotics in Medicine: A Long Debate. Front Immunol (2020) 11:2192. doi: 10.3389/fimmu.2020.02192

67. Han, X, and Ye, Q. Kidney Involvement in COVID-19 and Its Treatments. J Med Virol (2020) 93:1387–95. 67. doi: 10.1002/jmv.26653.

68. Nadim, MK, and Forni, LG. COVID-19-Associated Acute Kidney Injury: Consensus Report of the 25th Acute Disease Quality Initiative (ADQI) Workgroup. Nat Rev Nephrol (2020) p. 1–18. doi: 10.1038/s41581-020-00356-5

69. Ronco, C, Reis, T, and Husain-Syed, F. Management of Acute Kidney Injury in Patients With COVID-19. Lancet Respir Med (2020) 8:738–42. doi: 10.1016/S2213-2600(20)30229-0

70. Guan, WJ, Ni, ZY, Hu, Y, Liang, WH, Ou, CQ, He, JX, et al. Clinical Characteristics of Coronavirus Disease 2019 in China. N Engl J Med (2020) 382:1708–20. doi: 10.1056/NEJMoa2002032

71. Wang, D, Hu, B, Hu, C, Zhu, F, Liu, X, Zhang, J, et al. Clinical Characteristics of 138 Hospitalized Patients With 2019 Novel Coronavirus-Infected Pneumonia in Wuhan, China. Jama (2020) 323:1061–9. doi: 10.1001/jama.2020.1585

72. Yang, X, Yu, Y, Xu, J, Shu, H, Xia, J, Liu, H, et al. Clinical Course and Outcomes of Critically Ill Patients With SARS-CoV-2 Pneumonia in Wuhan, China: A Single-Centered, Retrospective, Observational Study. Lancet Respir Med (2020) 8:475–81. doi: 10.1016/S2213-2600(20)30079-5

73. Kolhe, NV, Fluck, RJ, Selby, NM, and Taal, MW. Acute Kidney Injury Associated With COVID-19: A Retrospective Cohort Study. PLoS Med (2020) 17:e1003406. doi: 10.1371/journal.pmed.1003406

74. Santoriello, D, Khairallah, P, Bomback, AS, Xu, K, and Kudose, S. Postmortem Kidney Pathology Findings in Patients With COVID-19. J Am Soc Nephrol : JASN (2020) 31:2158–67. doi: 10.1681/ASN.2020050744

75. Parr, SK, Matheny, ME, Abdel-Kader, K, Greevy, RA Jr., Bian, A, Fly, J, et al. Acute Kidney Injury Is a Risk Factor for Subsequent Proteinuria. Kidney Int (2018) 93:460–9. doi: 10.1016/j.kint.2017.07.007

76. Herrera-Valdés, R, Almaguer-López, M, López-Marín, L, Bacallao-Méndez, R, Jorge, F, and Guerra-Bustillo, G. COVID-19 and the Kidneys: Risk, Damage and Sequelae. MEDICC Rev (2020) 22:87–8. doi: 10.37757/MR2020.V22.N4.10

77. Parmar, MS. Acute Kidney Injury Associated With COVID-19 - Cumulative Evidence and Rationale Supporting Against Direct Kidney Injury (Infection). Nephrol (Carlton Vic.) (2020) 26(3):239–47. doi: 10.1111/nep.13814.

78. Ahmadian, E, Hosseiniyan Khatibi, SM, Razi Soofiyani, S, Abediazar, S, Shoja, MM, Ardalan, M, et al. Covid-19 and Kidney Injury: Pathophysiology and Molecular Mechanisms. Rev Med Virol (2020) p. e2176. doi: 10.1002/rmv.2176

79. Lundholm, MD, and Poku, C. SARS-CoV-2 (COVID-19) and the Endocrine System. J Endocrine Soc (2020) 4:bvaa144. doi: 10.1210/jendso/bvaa144

80. Singh, AK, Gupta, R, Ghosh, A, and Misra, A. Diabetes in COVID-19: Prevalence, Pathophysiology, Prognosis and Practical Considerations. Diabetes Metab Syndrome (2020) 14:303–10. doi: 10.1016/j.dsx.2020.04.004

81. Abdi, A, Jalilian, M, Sarbarzeh, PA, and Vlaisavljevic, Z. Diabetes and COVID-19: A Systematic Review on the Current Evidences. Diabetes Res Clin Pract (2020) 166:108347. doi: 10.1016/j.diabres.2020.108347

82. Gupta, N, Ish, P, Kumar, R, Dev, N, Yadav, SR, Malhotra, N, et al. Evaluation of the Clinical Profile, Laboratory Parameters and Outcome of Two Hundred COVID-19 Patients From a Tertiary Centre in India. Monaldi Arch Chest Dis (2020) 90. doi: 10.4081/monaldi.2020.1507

83. Peng, X, Chen, Y, Deng, L, Liu, Q, Li, Q, Xiong, J, et al. Clinical Features of Critically Ill Patients Infected With SARS-CoV-2 Outside Wuhan With and Without Diabetes. Int J Diabetes Develop Countries (2020) p. 1–9. doi: 10.1007/s13410-020-00888-3

84. Freire Santana, M, Borba, MGS, Baía-da-Silva, DC, Val, F, Alexandre, MAA, Brito-Sousa, JD, et al. Case Report: Adrenal Pathology Findings in Severe COVID-19: An Autopsy Study. Am J Trop Med Hygien (2020) 103:1604–7. doi: 10.4269/ajtmh.20-0787

85. Iuga, AC, Marboe, CC, Yilmaz, MM, Lefkowitch, JH, Gauran, C, and Lagana, SM. Adrenal Vascular Changes in COVID-19 Autopsies. Arch Pathol Lab Med (2020) 144:1159–60. doi: 10.5858/arpa.2020-0248-LE

86. Lui, DTW, Lee, CH, Chow, WS, Lee, ACH, Tam, AR, Fong, CHY, et al. Thyroid Dysfunction in Relation to Immune Profile, Disease Status and Outcome in 191 Patients With COVID-19. J Clin Endocrinol Metab (2020) 106(2):e926–35. doi: 10.1210/clinem/dgaa813.

87. Ruano, R, Zorzano-Martinez, M, Campos, A, Rius, F, and Hernández, M. Subacute Thyroiditis Might Be a Complication Triggered by SARS-CoV-2. Endocrinol Diabetes y Nutricion (2020) S2530-0164(20)30206–8. doi: 10.1016/j.endinu.2020.09.002.

88. Zou, R, Wu, C, Zhang, S, Wang, G, Zhang, Q, Yu, B, et al. Euthyroid Sick Syndrome in Patients With COVID-19. Front Endocrinol (2020) 11:566439. doi: 10.3389/fendo.2020.566439

89. Raghavan, D, Tan, AR, Story, ES, Burgess, EF, Musselwhite, L, Kim, ES, et al. Management Changes for Patients With Endocrine-Related Cancers in the COVID-19 Pandemic. Endocrine-Related Cancer (2020) 27:R357–r374. doi: 10.1530/ERC-20-0229

90. Vishvkarma, R, and Rajender, S. Could SARS-CoV-2 Affect Male Fertility? Andrologia (2020) 52:e13712. doi: 10.1111/and.13712

91. Ren, X, Wang, S, Chen, X, Wei, X, Li, G, Ren, S, et al. Multiple Expression Assessments of ACE2 and TMPRSS2 SARS-CoV-2 Entry Molecules in the Urinary Tract and Their Associations With Clinical Manifestations of COVID-19. Infect Drug Resist (2020) 13:3977–90. doi: 10.2147/IDR.S270543

92. Corona, G, and Baldi, E. SARS-CoV-2 Infection, Male Fertility and Sperm Cryopreservation: A Position Statement of the Italian Society of Andrology and Sexual Medicine (SIAMS) (Società Italiana Di Andrologia E Medicina Della Sessualità). J Endocrinol Invest (2020) 43:1153–7. doi: 10.1007/s40618-020-01290-w

93. Li, H, Xiao, X, Zhang, J, Zafar, MI, Wu, C, Long, Y, et al. Impaired Spermatogenesis in COVID-19 Patients. EClinicalMedicine (2020) 28:100604. doi: 10.1016/j.eclinm.2020.100604

94. Pan, F, Xiao, X, Guo, J, Song, Y, Li, H, Patel, DP, et al. No Evidence of Severe Acute Respiratory Syndrome-Coronavirus 2 in Semen of Males Recovering From Coronavirus Disease 2019. Fertil Steril (2020) 113:1135–9. doi: 10.1016/j.fertnstert.2020.04.024

95. Ali, FF, Ahmed, AF, and Elroby Ali, DM. Underlying Mechanisms Behind the Protective Effect of Angiotensin (1-7) in Experimental Rat Model of Ovarian Ischemia Reperfusion Injury. Life Sci (2019) 235:116840. doi: 10.1016/j.lfs.2019.116840

96. Reis, FM, Bouissou, DR, Pereira, VM, Camargos, AF, dos Reis, AM, and Santos, RA. Angiotensin-(1-7), its Receptor Mas, and the Angiotensin-Converting Enzyme Type 2 are Expressed in the Human Ovary. Fertil Steril (2011) 95:176–81. doi: 10.1016/j.fertnstert.2010.06.060

97. Jing, Y, Run-Qian, L, Hao-Ran, W, Hao-Ran, C, Ya-Bin, L, Yang, G, et al. Potential Influence of COVID-19/ACE2 on the Female Reproductive System. Mol Hum Reprod (2020) 26:367–73. doi: 10.1093/molehr/gaaa030

98. Zupin, L, Pascolo, L, Zito, G, Ricci, G, and Crovella, S. SARS-CoV-2 and the Next Generations: Which Impact on Reproductive Tissues? J Assist Reprod Genet (2020) 37:2399–403. doi: 10.1007/s10815-020-01917-0

99. Disser, NP, De Micheli, AJ, Schonk, MM, Konnaris, MA, Piacentini, AN, Edon, DL, et al. Musculoskeletal Consequences of COVID-19. J Bone Joint Surg Am (2020) 102:1197–204. doi: 10.2106/JBJS.20.00847

100. Gonzalez, A, and Orozco-Aguilar, J. SARS-CoV-2/Renin-Angiotensin System: Deciphering the Clues for a Couple With Potentially Harmful Effects on Skeletal Muscle. Intern J Mol Sci (2020) 21:7904. doi: 10.3390/ijms21217904.

101. Salvio, G, Gianfelice, C, Firmani, F, Lunetti, S, Balercia, G, and Giacchetti, G. Bone Metabolism in SARS-CoV-2 Disease: Possible Osteoimmunology and Gender Implications. Clin Rev Bone Min Metabol (2020), 1–7. doi: 10.1007/s12018-020-09274-3

102. Nakamura, K, Saito, K, Hara, Y, Aoyagi, T, Kitakawa, K, Abe, Y, et al. Severe Epidemic Myalgia With an Elevated Level of Serum Interleukin-6 Caused by Human Parechovirus Type 3: A Case Report and Brief Review of the Literature. BMC Infect Dis (2018) 18:381. doi: 10.1186/s12879-018-3284-5

103. Roschel, H, Artioli, GG, and Gualano, B. Risk of Increased Physical Inactivity During COVID-19 Outbreak in Older People: A Call for Actions. J Am Geriatr Soc (2020) 68:1126–8. doi: 10.1111/jgs.16550

104. Tang, C, Wang, Y, Lv, H, Guan, Z, and Gu, J. Caution Against Corticosteroid-Based COVID-19 Treatment. Lancet (London England) (2020) 395:1759–60. doi: 10.1016/S0140-6736(20)30749-2

105. Gloster, AT, Lamnisos, D, and Lubenko, J. Impact of COVID-19 Pandemic on Mental Health: An International Study. PloS One (2020) 15:e0244809. doi: 10.1371/journal.pone.0244809

106. Xiong, Q, Xu, M, Li, J, Liu, Y, Zhang, J, Xu, Y, et al. Clinical Sequelae of COVID-19 Survivors in Wuhan, China: A Single-Centre Longitudinal Study. Clin Microbiol Infect (2021) 27:89–95. doi: 10.1016/j.cmi.2020.09.023

107. Moreno Fernández-Ayala, DJ, Navas, P, and López-Lluch, G. Age-Related Mitochondrial Dysfunction as a Key Factor in COVID-19 Disease. Exp Gerontol (2020) 142:111147. doi: 10.1016/j.exger.2020.111147

108. Boengler, K, Kosiol, M, Mayr, M, Schulz, R, and Rohrbach, S. Mitochondria and Ageing: Role in Heart, Skeletal Muscle and Adipose Tissue. J Cachexia Sarcopenia Muscle (2017) 8:349–69. doi: 10.1002/jcsm.12178

109. Asch, DA, Islam, MN, Sheils, NE, Chen, Y, Doshi, JA, Buresh, J, et al. Patient and Hospital Factors Associated With Differences in Mortality Rates Among Black and White US Medicare Beneficiaries Hospitalized With COVID-19 Infection. JAMA Net Open (2021) 4:e2112842. doi: 10.1001/jamanetworkopen.2021.12842

110. Price-Haywood, EG, Burton, J, Fort, D, and Seoane, L. Hospitalization and Mortality Among Black Patients and White Patients With Covid-19. New Engl J Med (2020) 382:2534–43. doi: 10.1056/NEJMsa2011686

111. Saatci, D, Ranger, TA, Garriga, C, Clift, AK, Zaccardi, F, Tan, PS, et al. Association Between Race and COVID-19 Outcomes Among 2.6 Million Children in England. JAMA Pediatr (2021) p. e211685. doi: 10.1001/jamapediatrics.2021.1685.




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Yang, Wen, Wang, Zhou, Da, Meng, Xue and Tao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 05 November 2021

doi: 10.3389/fimmu.2021.748417

[image: image2]


The Pathogenesis of COVID-19 Myocardial Injury: An Immunohistochemical Study of Postmortem Biopsies


Camila Hartmann 1,2, Anna Flavia Ribeiro dos Santos Miggiolaro 1,2, Jarbas da Silva Motta Junior 2, Lucas Baena Carstens 1, Caroline Busatta Vaz De Paula 1, Sarah Fagundes Grobe 1,2, Larissa Hermann de Souza Nunes 1,2, Gustavo Lenci Marques 1,2, Peter Libby 3, Lidia Zytynski Moura 1,2, Lucia de Noronha 1* and Cristina Pellegrino Baena 1,2


1 School of Medicine, Pontifícia Universidade Católica do Paraná (PUCPR), Curitiba, Brazil, 2 Department of Medicine, Marcelino Champagnat Hospital, Curitiba, Brazil, 3 Division of Cardiovascular Medicine, Department of Medicine, Brigham and Women’s Hospital, Harvard Medical School, Boston, MA, United States




Edited by: 

Julia Kzhyshkowska, Heidelberg University, Germany

Reviewed by: 

Qi Wang, Southern Medical University, China

Kartika Padhan, National Institutes of Health (NIH), United States

*Correspondence: 

Lucia de Noronha
 lucia.noronha@pucpr.br

Specialty section: 
 This article was submitted to Viral Immunology, a section of the journal Frontiers in Immunology


Received: 27 July 2021

Accepted: 18 October 2021

Published: 05 November 2021

Citation:
Hartmann C, Miggiolaro AFRdS, Motta JdS, Baena Carstens L, Busatta Vaz De Paula C, Fagundes Grobe S, Hermann de Souza Nunes L, Lenci Marques G, Libby P, Zytynski Moura L, de Noronha L and Pellegrino Baena C (2021) The Pathogenesis of COVID-19 Myocardial Injury: An Immunohistochemical Study of Postmortem Biopsies. Front. Immunol. 12:748417. doi: 10.3389/fimmu.2021.748417




Rationale

Myocardial injury associates significantly and independently with mortality in COVID-19 patients. However, the pathogenesis of myocardial injury in COVID-19 remains unclear, and cardiac involvement by SARS-CoV-2 presents a major challenge worldwide.



Objective

This histological and immunohistochemical study sought to clarify the pathogenesis and propose a mechanism with pathways involved in COVID-19 myocardial injury.



Methods and Results

Postmortem minimally invasive autopsies were performed in six patients who died from COVID-19, and the myocardium samples were compared to a control group (n=11). Histological analysis was performed using hematoxylin-eosin and toluidine blue staining. Immunohistochemical (IHC) staining was performed using monoclonal antibodies against targets: caspase-1, caspase-9, gasdermin-d, ICAM-1, IL-1β, IL-4, IL-6, CD163, TNF-α, TGF-β, MMP-9, type 1 and type 3 collagen. The samples were also assessed for apoptotic cells by TUNEL. Histological analysis showed severe pericardiocyte interstitial edema and higher mast cells counts per high-power field in all COVID-19 myocardium samples. The IHC analysis showed increased expression of caspase-1, ICAM-1, IL-1β, IL-6, MMP-9, TNF-α, and other markers in the hearts of COVID-19 patients. Expression of caspase-9 did not differ from the controls, while gasdermin-d expression was less. The TUNEL assay was positive in all the COVID-19 samples supporting endothelial apoptosis.



Conclusions

The pathogenesis of COVID-19 myocardial injury does not seem to relate to primary myocardiocyte involvement but to local inflammation with associated interstitial edema. We found heightened TGF-β and interstitial collagen expression in COVID-affected hearts, a potential harbinger of chronic myocardial fibrosis. These results suggest a need for continued clinical surveillance of patients for myocardial dysfunction and arrythmias after recovery from the acute phase of COVID-19.
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Introduction

Since its emergence in December 2019 (1), the coronavirus disease 2019 (COVID-19) pandemic, caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), continues to grow despite unprecedented worldwide efforts in the search of treatments and vaccines. COVID-19 is initially a respiratory disease, causing viral pneumonia and adult respiratory distress syndrome. However, cardiovascular manifestations occur commonly and relate to poor outcomes (2).

Myocardial injury (defined by troponin blood levels above the 99th-percentile upper reference) was observed in 7 to 17% (3) of patients and associates significantly and independently with mortality (4). Common cardiac complications among hospitalized patients with COVID-19 include arrhythmias and acute heart failure. Heart failure may contribute up to 40% of deaths, and circulatory failure may cause death even without respiratory failure (3). A prothrombotic coagulopathy can occur in 25% of patients resulting in venous and arterial thromboembolic events (5).

SARS-CoV-2 genome detection in endomyocardial biopsies (6) and autopsy specimens (7) has localized SARS-CoV-2 in the heart. However, evidence for infection of cardiocytes themselves remains controversial and the mechanism of cardiac damage by SARS-CoV-2 remains incompletely understood. Some autopsies of patients with COVID-19 revealed accumulation in the myocardial interstitium of mononuclear inflammatory cells (8) while others showed no increase in inflammatory cells despite the presence of the viral genome (7). SARS-CoV-2 particles have already been observed in myocardial interstitial cells (9) and endothelial cells (10) by electron microscopy, and it has been proposed that pyroptosis may have an important role in endothelial cell injury in patients with COVID-19 (10). Pyroptosis is a specific type of programmed pro-inflammatory cell death that culminates in caspase-1 activation, interleukin-6 (IL-6) secretion and endothelial disfunction (11). This could be the initial pathway for myocardial injury, and could also explain the involvement of various organs and tissues that has been described in COVID-19.

Interstitial myocardial fibrosis has been described as a possible consequence of myocardial injury (6, 12) by the expression of the pro-fibrotic mediator TGF-β, which can stimulate interstitial collagen production (13). Myocardial fibrosis may predispose to both systolic and diastolic dysfunction, as well as arrhythmias (14).

Given that the cardiac manifestations play a major role in adverse outcomes and discordant pathological studies regarding the mechanism of myocardial injury in COVID-19, we investigated myocardium samples in a histological and immunohistochemical study to help clarify its pathogenesis in lethal cases. Our findings provide new insight into the mechanisms involved in COVID-19-related myocardial injury.



Methods

Postmortem minimally invasive autopsies were performed in six patients who died from COVID-19 in Marcelino Champagnat Hospital, Brazil. All patients were symptomatic and tested positive for SARS-CoV-2 on nasopharyngeal swabs (RT-PCR) and had the chest computed tomography at admission compatible with pulmonary infection by COVID-19. This study was approved by the National Research Ethics Committee (CONEP), protocol number 3.944.734/2020. Patients’ families authorized the autopsies and provided informed consent form before the procedures. All methods were carried out following relevant guidelines and regulations. Clinical data were obtained from medical records during hospitalization in the Intensive Care Unit (ICU).

Myocardial tissue was collected within 4 hours after death by left anterior mini thoracotomy for direct access to the left ventricle. The pericardium was sectioned and a fragment of myocardial tissue approximately 2 x 2 cm was obtained. The tissues from the myocardial biopsies were fixed in neutral buffered formalin for over 24 hours, and then processed under conventional histological technique. The myocardium biopsies of patients with COVID-19 were then independently compared to myocardium samples from control patients 6 hours after death from other. All the results were analyzed and integrated to the previous pathological knowledge.


Histological and Immunohistochemical Analysis

The formalin fixed paraffin embedded (FFPE) sections were subjected to hematoxylin-eosin (H&E) and toluidine blue (TB) staining. Histological features (H&E) were observed and described by using Olympus BX40. Mast cells (only nucleated cells with granules) were scored (TB) by counting cells per high-power field (HPF – 40x objective – 0.26mm2) by screening 20 randomized HPFs (total area of 5.2mm2 per case).

Immunohistochemical (IHC) staining was performed in the myocardium samples using monoclonal and polyclonal antibodies against the following targets: caspase-1, caspase-9, gasdermin-d and interleukin-1β (IL-1β) to detect pyroptosis; intercellular adhesion molecule-1 (ICAM-1), tumor necrosis factor alpha (TNF-α), interleukin-4 (IL-4), interleukin-6 (IL-6), CD163 (macrophage-specific protein) and matrix metalloproteinase-9 (MMP-9) to detect inflammatory activation and response pathways; transforming growth factor (TGF-β), type 1 and type 3 collagen to detect myocardial fibrosis. The table in the Supplementary Material summarizes the specifications of the antibodies used to investigate the FFPE myocardial tissues. In order to detect apoptosis, the samples were also subjected to a TUNEL assay (Terminal deoxynucleotidyl transferase dUTP nick end labeling), using the ‘In Situ Cell Death Detection Kit, POD’ by Roche.

Scores of biomarker expression according to the IHC staining were given by an experienced pathologist and confirmed by two trained technicians. Biomarkers were analyzed using Allred scoring system (15, 16): score 0-5 depending on the proportion of cells which are stained (proportion score [PS]: score 0 = none stained cells, score 1 = 1%, score 2 = 1-10%, score 3 = 11-33%, score 4 = 34-66% and score 5 = 66-100%) and score 0-3 depending on the intensity of staining (intensity score [IS]: score 0 = none stained cells, score 1 = weak, score 2 = moderate, score 3 = strong). The semiquantitative analysis was obtained by summing the two scores (proportion and intensity of positivity), ranging from 0 to 8.



Statistical Analysis

Clinical data and biomarkers score expression were evaluated independently in COVID-19 patients and controls. The comparison of the quantitative variables of the two groups was performed using the non-parametric Mann-Whitney test and the comparison of the proportions between groups was performed with Chi-Square. Values of p < 0.05 indicated statistical significance. The data were analyzed using the GraphPad Prism v9.0.2 software.




Results


Patient Clinical Data

Clinical data from the baseline of COVID-19 patients (n=6) and control group (n=11) are presented in Table 1. Our sample was mainly male, with median age of 73.5 years, hypertensive, diabetic, with history of coronary artery disease and with no significant difference between groups (p>0.05 for all). Causes of death in the control group include bronchopneumonia (n=3), pulmonary thromboembolism (n=3), mesenteric ischemia (n=2), myocardial infarction (n=1), aortic dissection (n=1) and upper gastrointestinal bleeding (n=1).


Table 1 | Clinical data from the baseline of COVID-19 and control patients.



All the COVID-19 patients had symptoms of dyspnea with progressive worsening and had the chest computed tomography at admission suggestive of viral pulmonary infection for COVID-19. They were all admitted into the ICU and developed respiratory failure requiring mechanical ventilation. The median duration of mechanical ventilation was 12 days. During hospitalization, three patients developed acute kidney failure and patient 1 had pre-existing dialysis-dependent chronic kidney disease; two patients had incident acute atrial fibrillation; and one patient had an acute pulmonary embolism. Laboratory evaluation showed high levels of D-dimer and troponin in all COVID-19 patients. Transthoracic echocardiographic findings were heterogeneous as described in the Supplementary Material. Patients 2 and 5 had normal echocardiographic results with normal ejection fraction.



Histological Analysis

The sample tissues from the COVID-19 patients were compared to the control group samples and histological assessment showed severe pericellular interstitial edema surrounding each cardiomyocyte in all of the COVID-19 patients. Histological analysis also showed neutrophilic myocarditis according to the Dallas criteria (17) in patient 1. All the other COVID-19 samples showed neither massive inflammatory cellular infiltration nor necrosis, indicating the absence of typical histological myocarditis. In contrast, toluidine blue staining revealed a higher interstitial and perivascular mast cell score in all COVID-19 myocardium samples compared to control (p=0.0023). Most mast cells appeared to be degranulating. Lipofuscin pigment and mild signs of cardiomyocyte hypertrophy were seen in COVID-19 and control patients.



Immunohistochemical Analysis

Images of H&E, TB and IHC staining for COVID-19 patients and controls are shown in Figures 1A, B. The full scores of biomarker expression according to the IHC analysis are shown in the Supplementary Material.




Figure 1 | (A) Photomicrographs demonstrating histochemical (A1/2 - Toluidine Blue) and immunohistochemical (B = CD163; C = Casp-1; D = Casp-9; E = GSDM-D; F = ICAM-1) reactions of both groups: cases of COVID-19 (B1-F1) and cases of their respective controls (B2-F2). A1 (COVID-19) and A2 (control) show a mast cell in the perivascular space (arrows): in A1 the mast cell is degranulated, whereas in A2, the mast cell is intact. B1 (COVID-19) shows CD163-immunostained macrophages (arrows) in the myocardial interstitium, whereas in B2 (control) these CD163 macrophages (arrow) are less numerous. C1 (COVID-19) shows endothelial cells (arrow) with strong expression of Casp-1, whereas in C2 (control), Casp-1 expression in endothelial cells (arrow) is much more discrete. D1 (COVID-19) shows a weak expression of Casp-9 in the myocardium (asterisk), whereas in D2 (control), this expression is strong (asterisk). E1 (COVID-19) shows a weak expression of GSDM-D in the myocardium (asterisk), with E2 (control) showing a strong expression (asterisk). F1 (COVID-19) shows a strong expression of ICAM-1 in endothelial cells (arrow), whereas, in F2 (control), this expression is discrete (arrow). (B) Photomicrographs demonstrating immunohistochemical reactions (A = TNF-α; B = MMP-9; C = IL-4; D = IL-6; E = IL-1β; F = TGF-β; G = collagen 3; H = TUNEL) from both groups: cases of COVID-19 (A1-H1) and their respective controls (A2-H2). A1 (COVID-19) shows myocardial interstitium expressing TNF-α (asterisk), whereas, in A2 (control), we can observe that this expression is discrete (asterisk). B1(COVID-19) shows myocardial interstitium expressing MMP-9 (asterisk), whereas, in B2 (control), this expression is discrete (asterisk). C1 (COVID-19) shows interstitial macrophages (arrow) and endothelial cells (asterisk) with strong expression of IL-4, whereas in C2 (control), the expression of IL-4 in interstitial macrophages (arrow) and endothelial cells (asterisk) is discrete. D1 (COVID-19) shows a strong expression of IL-6 in the interstitium (asterisk), whereas, in D2 (control), this expression is discrete (asterisk). E1 (COVID-19) shows moderate expression of IL-1β in the myocardial interstitium (asterisk), and E2 (control) has a more discrete expression (asterisk). F1 (COVID-19) shows a strong expression of TGF-β in the interstitium of the myocardium (asterisk), whereas, in F2 (control), this expression is much more discrete or absent (asterisk). G1 (COVID-19) shows a strong expression of collagen 3 in the interstitium of the myocardium (asterisk), and this expression is much more delicate (asterisk) in G2 (control). H1 (COVID-19) demonstrates elevated DNA fragmentation in the TUNEL assay (arrow) compared to H2 (control), where few nuclei (arrow) are labeled.



The IHC analysis showed increased expression for caspase-1 (p=0.0010), ICAM (p<0.0001), CD163 (p=0.0021), IL-1β (p<0.0001), IL-4 (p<0.0001), IL-6 (p<0.0001), MMP-9 (p=0.0002), TNF-α (p<0.0001), TGF-β (p=0.0063), type 1 collagen (p<0.0001) and type 3 collagen (p<0.0001) in the COVID-19 patients compared to the control. The expression for gadesmin-d, on the other hand, was decreased (p=0.0419). The graphical representation of these analyses are shown in Figure 2. No substantial differences from the control were observed in expression of caspase-9 (p>0.9999).




Figure 2 | Graphical representation of the immunohistochemical analysis according to the biomarker expression (Toluidine Blue; CD-163; Casp-1; Casp-9; GSDM-D; ICAM-1; TNF-α; MMP-9; IL-4; IL-6; IL-1β; TGF-β; Collagen 1 and 3) in COVID 19 cases and controls. Biomarkers were analyzed using Allred scoring system: score 0-5 depending on the proportion of cells which are stained (proportion score [PS]: score 0 = none stained cells, score 1 = 1%, score 2 = 1-10%, score 3 = 11-33%, score 4 = 34-66% and score 5 = 66-100%) and score 0-3 depending on the intensity of staining (intensity score [IS]: score 0 = none stained cells, score 1 = weak, score 2 = moderate, score 3 = strong). The semiquantitative analysis was obtained by summing the two scores (proportion and intensity of positivity), ranging from 0 to 8.



The TUNEL assay in COVID-19 myocardium samples indicated endothelial cell apoptosis, distinct from the control samples, which tested negative. Cardiomyocytes did not display this marker of apoptosis. Other morphologic findings merit noting. First, caspase-1 and IL-6 were present in the cytoplasm, whereas ICAM-1 localized on the membrane of endothelial cells. Secondly, MMP-9 and both types of collagen were observed in large quantities in the interstitial and perivascular spaces. Our proposed mechanism of COVID-19 myocardial injury is shown in Figure 3.




Figure 3 | The proposed mechanisms of myocardial injury based on an IHC study of COVID-19 cases and controls.






Discussion

Our main findings from the myocardial postmortem biopsies of COVID-19 patients show myocardial interstitial edema, mast cell accumulation, and increased indicators of inflammation, apoptosis, and fibrosis compared to controls. The increased expression of ICAM-1 and IL-6 indicates inflammatory activation (18), which along with higher mast cell scores can explain the increased capillary permeability, microvascular leakage and the consequent formation of myocardial interstitial edema (19, 20). The increased expression of MMP-9, CD163, IL-4 and IL-6 demonstrates the presence of myocardial inflammatory response in the myocardial tissue (18, 21). More specifically, CD163 indicates macrophage recruitment (21) and MMP-9 promotes Th2 cell recruitment and matrix remodeling (22). The Th2 cytokine IL-4 and TGF-β can drive myocardial fibrosis (23) and provide a mechanism of elevated interstitial collagens type 1 and type 3 (24–27).

The TUNEL positivity in all the COVID-19 samples shows that this disease promotes endothelial cell apoptosis (programmed cell death). The probable mechanism is by pyroptosis, a specific inflammatory form of apoptosis that occurs most frequently upon infection by intracellular pathogens (like SARS-CoV-2) and requires the enzyme caspase-1 (28). Caspase-1 is activated as part of a multiprotein signaling platform, the inflammasome complex, and subsequently mediates the activation and secretion of interleukins, including IL-1β, as well as the rupture of the cell membrane (29). The lack of change in caspase-9 expression and the decrease in gasdermin-d expression corroborate the inflammasome complex, since gasdermin-d is activated and cleaved in this pathway, which has interaction with caspase-1 but usually no interaction with caspase-9 (30–32).

We also observed higher levels of caspase-1 adjacent to endothelial cells in the COVID-19 samples demonstrating endothelial infection, pyroptosis and injury in these patients. Moreover, SARS-CoV-2 particles have been described in endothelial cells by electron microscopy (10) and the caspase-1 identification is in accordance with Varga et al. (10), who suggested that pyroptosis might have an important role in endothelial cell injury in patients with COVID-19. These findings are also in line with previous biopsy studies which had already shown that the inflammatory process in cardiac tissue permeates the vascular wall (6, 11). SARS-CoV-2 potentially causes endotheliitis (10), which is determinant of microvascular dysfunction by shifting the vascular equilibrium towards more vasoconstriction with subsequent organ ischemia, inflammation with associated tissue edema, and a procoagulant state (33).

The expression of IL-6 and ICAM-1 increased in the endothelial cells and indicates endothelial activation as well as immune cell recruitment and response. Activated endothelial cells translocate NF-κB p50/p65 dimers to the nucleus and induce the expression of IL-6, TNF-α, and adhesion molecules such as ICAM-1. These molecules recruit leukocytes to the infected region of COVID-19 myocardial injury and propagate inflammation (18).

Endothelial cell functions regulate local vascular permeability and blood flow (19, 33). At rest, the endothelium is highly impermeable to large molecules. However, acute changes in vascular permeability result in loss of fluid and plasma proteins from the intravascular space into the interstitium, leading to edema (19, 20, 33). The abundance of mast cells rich in histamine suggests a mechanism for vascular leakage and interstitial myocardial edema observed here in specimens from COVID-19 patients. In addition to histamine, mast cell release TNF-α and proteases, which contribute to increased vascular permeability and local inflammation (19, 20). Mast cell activation occurs not only in the context of allergy, but also in viral infection (34).

A previous autopsy study showed that the presence of SARS-CoV-2 genome in the myocardial tissue was not associated with increased infiltration of mononuclear cells compared with the virus negative group (7). Although most of our COVID-19 myocardium samples also showed neither inflammatory cellular infiltration nor necrosis, which would be expected in typical histological myocarditis, the high levels of MMP-9, CD163, IL-4 and IL-6 demonstrate the presence of myocardial inflammatory response in this tissue.

We observed elevated type 1 and type 3 collagen in the interstitial and perivascular spaces in the COVID-19 samples, suggesting myocardial fibrosis, since synthesis of both types of collagen is markedly increased in the remodeling fibrotic heart, regardless of the etiology of fibrosis (23). TGF-β has major roles in cardiac fibrogenesis (23, 27, 35) and acts by activating SMAD2/3 pathways. IL-6 and IL-4 are also profibrotic cytokines, as they induce MMP-9 expression and collagen synthesis through gene transcription modulation (24–26). Mast cell degranulation may also be involved in fibrogenesis (23), since mast cell tryptase can directly induce fibroblast activation, myofibroblast differentiation and collagen synthesis independently of TGF-β (34)

Taken together our findings indicate that the microvascular dysfunction may lead to thrombosis and underscores the need for rigorous randomized evaluation of anticoagulant and anti-aggregating therapies in various stages of COVID-19 (36). The myocardial interstitial edema observed here may contribute to the high prevalence of cardiac arrhythmia in COVID-19 patients by loss of structure of the syncytium (19). Furthermore, our findings suggest that COVID-19 myocardial injury may cause myocardial fibrosis in the long term. Therapies which act on cardiac remodeling, such as angiotensin-converting enzyme inhibitors or mineralocorticoid receptor antagonists merit evaluation for myocardial protection in patients with or recovered from the acute phase of COVID-19 (37, 38).

Some limitations should be considered in our study. Our sample size was limited, since ethical issues, labor shortages and hospital overcrowding, among many other reasons, prevented larger samples of postmortem myocardial biopsies from being collected in the COVID-19 Intensive Care Units. Therefore, it is important to interpret our findings with caution and validate them in other samples to replicate our results. Additionally, interpretation of our findings should take into account that data based on FFPE postmortem samples only provides information at the time of death, and cannot reconstruct the entire disease process.

In conclusion, our observations provide new insight into the multifactorial mechanisms that provoke myocardial injury in COVID-19 including interstitial edema associated with mast cells, local inflammation, and fibrogenesis. These findings help to understand the acute cardiac complications of COVID-19, and also raise concerns about possible chronic cardiac sequelae of SARS-CoV-2 infection which will require further study in survivors of this pandemic illness.
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A hallmark of COVID-19 is a hyperinflammatory state associated with severity. Monocytes undergo metabolic reprogramming and produce inflammatory cytokines when stimulated with SARS-CoV-2. We hypothesized that binding by the viral spike protein mediates this effect, and that drugs which regulate immunometabolism could inhibit the inflammatory response. Monocytes stimulated with recombinant SARS-CoV-2 spike protein subunit 1 showed a dose-dependent increase in glycolytic metabolism associated with production of pro-inflammatory cytokines. This response was dependent on hypoxia-inducible factor-1α, as chetomin inhibited glycolysis and cytokine production. Inhibition of glycolytic metabolism by 2-deoxyglucose (2-DG) or glucose deprivation also inhibited the glycolytic response, and 2-DG strongly suppressed cytokine production. Glucose-deprived monocytes rescued cytokine production by upregulating oxidative phosphorylation, an effect which was not present in 2-DG-treated monocytes due to the known effect of 2-DG on suppressing mitochondrial metabolism. Finally, pre-treatment of monocytes with metformin strongly suppressed spike protein-mediated cytokine production and metabolic reprogramming. Likewise, metformin pre-treatment blocked cytokine induction by SARS-CoV-2 strain WA1/2020 in direct infection experiments. In summary, the SARS-CoV-2 spike protein induces a pro-inflammatory immunometabolic response in monocytes that can be suppressed by metformin, and metformin likewise suppresses inflammatory responses to live SARS-CoV-2. This has potential implications for the treatment of hyperinflammation during COVID-19.
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Introduction

The ongoing coronavirus disease 2019 (COVID-19) pandemic has presently claimed more than 3 million lives worldwide as of mid-April 2021 (1). COVID-19 is caused by a novel highly pathogenic coronavirus classified as severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) (2). A hallmark of severe COVID-19 is hyperinflammation (3), although cytokine expression patterns in individuals are diverse, leading to controversy over classification of COVID-19 related inflammation as cytokine storm, macrophage activation syndrome, multisystem inflammatory syndrome, etc. Regardless, inflammatory cytokines appear to play a principal role in mediating COVID-19 symptoms, therefore therapies which target these responses are paramount to treating severe COVID-19. As such, a fuller understanding of the cellular and molecular mechanisms mediating hypercytokinemia during SARS-CoV-2 infection is necessary.

Mononuclear phagocytes such as monocytes and macrophages are key constituents of the innate immune system, and produce pro-inflammatory cytokines during viral infection (4–7). We have previously suggested a key role for these cells in mediating severity of COVID-19 (7–9). Monocyte and monocyte-derived macrophage infiltration into the lungs has been linked to severe COVID-19 in single cell RNA sequencing studies (10–13) and postmortem analyses (14–17) in human patients, as well as during experimental infections in animal models including mice (18, 19), hamsters (20), and various non-human primates (21–25). Monocytes in individuals infected with SARS-CoV-2 display phenotypic changes associated with hyperinflammation, including reduced HLA-DR expression (26–28), increased CD16 expression (27, 29–31), and increased cytokine production (32–35). Both monocytes (36–38) and monocyte-derived macrophages (39, 40) also produce pro-inflammatory cytokines under direct infection with SARS-CoV-2, although infection at least in macrophages appears to be abortive (39, 40).

The past decade has seen an explosion in scientific interest in the regulation of immune cell activation and function by metabolic reprogramming. Under pro-inflammatory conditions, immune cells – including myeloid cells – generally undergo a switch to aerobic glycolysis which provides ATP sufficient to support cellular functions which propagate pro-inflammatory and anti-pathogen host responses (41). Recently, Codo et al. demonstrated pro-inflammatory glycolytic reprogramming in monocytes infected with SARS-CoV-2 (36), and SARS-CoV-2 also appears to alter monocyte lipid metabolism to promote lipid droplet formation which is associated with pro-inflammatory cytokine production (37).

SARS-CoV-2 therefore appears to reprogram metabolism in monocytes, but the viral factors which mediate these responses are unclear. Research in the 2003 epidemic SARS-CoV-1 suggested that the viral spike protein could mediate pro-inflammatory activation in macrophages (42, 43), and recent evidence suggests the spike protein of SARS-CoV-2 also activates inflammatory responses in macrophages and monocytes both in vitro and in vivo (44, 45). Given this, we hypothesized that spike protein binding to monocytes mediates glycolytic reprogramming to promote pro-inflammatory responses of these cells to SARS-CoV-2. Our results herein support this hypothesis, and we additionally report outcomes from experiments aimed at evaluating the responsible cellular signaling mechanisms, as well as potential pharmaceutical strategies for inhibiting these responses.



Materials and Methods


Subjects

Healthy 18–35-year-old subjects (N=14) were recruited without respect to sex or race. Participants reported to the laboratory approximately every two weeks for blood collection, and 8-24 ml blood was collected into EDTA-treated vacutainer tubes by venipuncture. Blood was immediately used for cell isolations as described below.



Cell Isolations

Assays were performed on purified human classical monocytes isolated using immunomagnetic negative sorting (EasySep Direct Human Monocyte Isolation Kit, StemCell Technologies, Cambridge, MA). As we have previously described (46), this procedure results in a highly pure (> 85%) population of classical monocytes, with depletion of intermediate and non-classical monocytes due to the presence of an anti-CD16 antibody in the cocktail. Isolation purity was verified at several points throughout the current study and averaged approximately 90% (not shown). Cells were counted at 10× dilution using a Scepter cell counter (Millipore Sigma, St. Louis, MO). Isolated monocytes were immediately utilized in downstream assays, and no cells were frozen for later use.



Media and Reagents

Unless otherwise specified, all assays were performed using Seahorse XF base DMEM medium (Agilent, Santa Clara, CA) supplemented with 10 mM glucose and 2 mM L-glutamine (Millipore Sigma, St. Louis, MO). Assays utilizing glucose deprivation omitted glucose from the media preparation. Media was not supplemented with fetal bovine serum or other additives. Recombinant spike protein subunit 1 (S1) was purchased from RayBiotech (Peachtree Corners, GA). 2-deoxyglucose, chetomin, compound C, and metformin were purchased from Millipore Sigma (St. Louis, MO). SARS-CoV-2 WA1/2020 strain was provided by Dr. Colleen Jonsson, Regional Biocontainment Laboratory, University of Tennessee Health Science Center.



Seahorse Extracellular Flux

Glycolysis and oxidative phosphorylation were respectively quantified via kinetic monitoring of extracellular acidification rate (ECAR) and oxygen consumption rate (OCR) on a Seahorse XFp analyzer (Agilent, Santa Clara, CA). For all assays, monocytes were plated at 1.5×105 cells per well, and wells A and H of the XFp plate were background wells with no cells. All analyses were run in duplicate. Plated cells were incubated at 37°C in a non-CO2 incubator for 1 hour prior to assays to stabilize pH. All wells were imaged at 10× magnification for cell counting in order to adjust raw measurements for cell number.

For quantification of dose response to S1, 5 basal measurements were made, followed by injection of media (wells B-C), 100 nM spike protein (wells D-E), or 300 nM spike protein (wells F-G). After injection into existing media in the well, spike protein concentrations were 10-fold lower than injection concentrations, thereby giving final spike protein concentrations of 0 nM, 10 nM, or 30 nM. Following injection, ECAR and OCR were monitored serially for 60 measurements. Following the assay, cell culture supernatants were removed, pooled by duplicate, and stored at -80°C. Cells were then lysed with 100 μl Trizol (Thermo Fisher Scientific, Waltham, MA), pooled by duplicate, and stored at -80°C as we have previously described (47).

For chetomin and metformin Seahorse assays, cells were incubated in media as above (wells B-E), or either 10 nM chetomin or 50 mM metformin during the 1-hour pre-incubation period (wells F-G). 5 basal ECAR/OCR measurements were performed, followed by injection of media (wells B-C) or 300 nM spike protein (wells D-G) for a final concentration of 0 nM (wells B-C) or 30 nM spike protein (wells D-G) as above. Following injection, ECAR and OCR were monitored serially for 30 measurements. Cell culture supernatants and Trizol lysates were processed as described above following the end of the assay.

For glycolysis inhibition assays, cells were incubated in media, 10 mM 2-deoxyglucose, or media without glucose (glucose deprivation) during the 1-hour pre-incubation period. 5 basal ECAR/OCR measurements were performed, followed by injection of 300 nM spike protein to all wells for a final concentration of 30 nM spike protein per well as above. Spike protein was prepared in non-glucose media for the glucose deprivation condition. Following injection, ECAR and OCR were monitored serially for 30 measurements. Cell culture supernatants and Trizol lysates were processed as described above following the end of the assay.



SARS-CoV-2 Infections

Isolated monocytes were incubated in RPMI-1640 media (Gibco, Thermo Fisher Scientific, Waltham, MA) supplemented with 10% fetal bovine serum (Gibco), with or without 50 mM metformin, for 1-hour. Cells were then treated with media or infected with SARS-CoV-2 virus (WA1/2020 isolate) at 0.5 MOI and incubated for 24 hours. Cell culture supernatants were collected from untreated and infected cells and stored at -80°C until analysis. SARS-CoV-2 experiments were conducted under biosafety level 3 at the Regional Biocontainment Laboratory at the University of Tennessee Health Science Center.



Gene and Protein Expression Analysis

RNA isolation was performed using the Trizol procedure based on manufacturer’s instructions from cells lysed directly in the microplate or Seahorse plate wells as applicable. Isolated RNA (300-400 ng depending on experiment) was reverse-transcribed to cDNA using a High-Capacity cDNA Reverse Transcription Kit (Thermo Fisher Scientific, Waltham, MA). Gene expression was analyzed using commercial pre-validated gene expression assays and Taqman reagents (Thermo Fisher Scientific, Waltham, MA). Relative gene expression was quantified using the 2-ΔΔCt method (48) against B2M or ACTB as housekeeping genes. Primer/probe IDs were: B2M Hs00187842_m1; ACTB Hs03023943_g1; IL1B Hs01555410_m1; IL6 Hs00174131_m1; CXCL8 Hs00174103_m1; TNF Hs00174128_m1; CPT1A Hs00912671_m1; G6PD Hs00166169_m1; HLA-DRA Hs00219575_m1; CDKN2A Hs00923894_m1; TLR4 Hs00152939_m1; IL10 Hs00961622_m1; TGFB1 Hs00998133_m1.

For protein quantification, cell culture supernatants harvested from microplates or Seahorse XFp plates were analyzed via ELISA. Commercial DuoSet matched-antibody reagent sets were purchased from R&D Systems (Minneapolis, MN) for quantifying human IL-6, human IL-1β, human IL-8, and human TNFα and were used according to manufacturer’s instructions. All samples were run in duplicate at 5× dilution (SARS-CoV-2 assays), or 50× dilution (Seahorse S1 dose response assays), or 10× dilution (all others) and assessed against a standard curve.

Protein concentration of angiotensin converting enzyme 2 (ACE2) and C-reactive protein (CRP) was performed by ELISA on plasma samples collected by venipuncture from subjects at the beginning of the study. Peripheral blood was collected by venipuncture into EDTA-coated vacutainer tubes, centrifuged at 1,500×g for 15 min, aliquoted, and stored at -80°C until analysis. Plasma samples were analyzed in duplicate at 10× (ACE2) or 10,000× (CRP) using commercial DuoSet matched-antibody reagent kits (R&D Systems) according to manufacturer’s instructions and assessed against a standard curve. ACE2 and CRP data are included in the FigShare repository (49), along with other clinical and anthropomorphic data for experimental subjects.



Data Processing and Statistical Analysis

All data processing and statistical analyses were performed using R v. 3.6.2 (50). Isolated monocytes from each subject were given all treatments for each experiment, so data were paired and analyzed using within-subjects designs. Data were checked for normality by Shapiro-Wilk test and analyzed by one-way repeated measures ANOVA (RM-ANOVA, for data which met the normality assumption) or Friedman’s test (for data which did not meet the normality assumption). For analyses with significant main effects, post hoc mean separation was performed using pairwise paired T tests (for RM-ANOVA) or pairwise Wilcoxon signed-rank tests (for Friedman’s tests) with p-value adjustment using the Holm-Bonferroni method (51). Significance cutoff was p<0.05.

All raw data and analytical scripts (as R markdown files) are available in a dedicated FigShare repository (49). This manuscript was posted to the preprint server bioRxiv prior to submission for publication (52).



Study Approval

All human subjects activities were approved by the Institutional Review Board at the University of Memphis under protocol 4316, and subjects provided written informed consent prior to enrollment.




Results


Spike Protein Subunit 1 Reprograms Metabolism and Promotes Inflammatory Responses

Recently it was demonstrated that SARS-CoV-2 promotes metabolic reprogramming in monocytes during infection (36, 37). Research in SARS-CoV-1 suggested that the viral spike protein induces inflammatory responses in macrophages (42, 43), and this has recently been replicated using spike protein from SARS-CoV-2 (44, 45). Likewise, spike protein binding to C-type lectins has recently been shown to mediate pro-inflammatory processes in myeloid cells (53, 54). Therefore, we hypothesized that the SARS-CoV-2 spike protein mediates a pro-inflammatory metabolic reprogramming in monocytes which could be a basis for hypercytokinemia. Stimulation of isolated human classical monocytes with recombinant spike protein subunit 1 (S1) from SARS-CoV-2 induced glycolytic activation (Figure 1A) and suppressed oxidative phosphorylation (OXPHOS, Figure 1C) in a dose-dependent manner. The effect of S1 dose was significant for both extracellular acidification rate (F2,14 = 72.44, p<0.0001, Figure 1B) and oxygen consumption rate (F2,14 = 5.785, p=0.0147, Figure 1D) as measured by quantification of area under the response curve.




Figure 1 | Recombinant SARS-CoV-2 spike protein subunit 1 (rS1) mediates immunometabolic activation of monocytes. (A) Monocytes increase extracellular acidification response rate (ECAR) in a dose-dependent manner when treated with rS1. (B) Quantification of ECAR by area under the curve (AUC). (C) rS1 treatment suppresses oxygen consumption rate (OCR) in monocytes in a dose-dependent fashion. (D) Quantification of OCR by AUC. (E) Gene expression analysis by qPCR reveals dose-dependent increases in responses of IL1B, IL6, CXCL8, and TNF to rS1 stimulation. (F) Protein expression analysis by ELISA reveals dose-dependent increases in responses of IL-6 and TNFα to rS1 stimulation. ECAR and OCR data in panels A-D are adjusted for values indexed to 1×105 cells/well. *, **, ***p < 0.05, p < 0.01, p < 0.001 vs. 0 nM rS1. †, ††, †††: p < 0.05, p < 0.01, p < 0.001 vs. 10 nM rS1. N = 8 biological replicates. Bars and error bars are mean ± SEM.



Additionally, recombinant S1 treatment caused a dose-dependent increase transcription of pro-inflammatory cytokines (Figure 1E) including IL1B (F2,14 = 50.98, p<0.001), IL6 (Friedman χ2 (df=2)=16, p<0.001), CXCL8 (F2,14 = 38.19, p<0.001), and TNF (F2,14 = 28.41, p<0.001) as measured by qPCR. These cytokines have been implicated in the pathogenesis of SARS-CoV-2 and in COVID-19-related hypercytokinemia in several studies (27, 55–60). To confirm that increased transcription resulted in increased protein expression, we evaluated protein concentrations of key cytokines in the supernatant of S1-stimulated monocytes by enzyme-linked immunosorbent assay (ELISA) (Figure 1F). S1 increased protein expression of interleukin (IL)-6 (Friedman χ2 (df=2)=16, p<0.001) and tumor necrosis factor (TNF)-α (F2,14 = 37.73, p<0.001) in a dose-dependent manner.

Recombinant S1 treatment also increased gene expression of the anti-inflammatory cytokine IL-10 (Wilcoxon Z=0, p=0.016, Figure 2A) and decreased gene expression of the anti-inflammatory cytokine TGF-β (Wilcoxon Z=28, p=0.016, Figure 2B). We additionally analyzed gene expression for a variety of polarization and reprogramming markers (Figure 2C), and found that rS1 treatment increased expression of the senescence-associated gene for p16 (CDKN2A, t(df=5)=-2.985, p=0.031) as well as HLA-DRA (t(df=5)=-2.887, p=0.034). Treatment with 30 nM rS1 also reduced expression of metabolism-related genes G6PD (Wilcoxon Z=21, p=0.031) and CPT1A (t(df=5)=15.373, p<0.001) and the LPS receptor TLR4 (t(df=5)=4.833, p=0.005). Therefore, monocytes appear to be activated by S1 and upregulate expression of both pro- and anti-inflammatory cytokines, and additionally show gene expression patterns reflecting altered metabolism.




Figure 2 | Recombinant SARS-CoV-2 spike protein subunit 1 (S1) alters expression of anti-inflammatory cytokine and polarization-related genes. (A) S1 treatment increased expression of IL10. (B) S1 treatment decreased expression of TGFB1. (C) S1 increased expression of CDKN2A and HLA-DRA, while decreasing expression of CPT1A, G6PD, and TLR4. *, *, ***p < 0.05, p < 0.01, p < 0.001 vs. media-treated cells. N = 7 biological replicates. Bars and error bars are mean ± SEM.





Glycolytic Response to Spike Protein Is Dependent on HIF-1α

Hypoxia inducible factor (HIF)-1α was demonstrated nearly 20 years ago to mediate pro-inflammatory responses in myeloid cells (61), and has more recently been shown to regulate glycolytic activation in monocytes, macrophages, and other immune cells (62–64). SARS-CoV-2 activates HIF-1α-mediated glycolysis in monocytes (36), so we reasoned that this was a likely downstream mechanism by which the viral spike protein causes this similar glycolytic reprogramming in our experiments. As above, treatment of monocytes with S1 activated glycolysis, and this effect was abrogated by pre-treatment with chetomin (Figures 3A, B, F2,12 = 42.43, p<0.001), which disrupts the interaction between HIF-1α and p300 to block the effects of the former (65). Pre-treatment with chetomin also strongly suppressed the cytokine response due to S1 treatment (Figure 3C), including blunting transcription of IL1B (F2,12 = 27.35, p<0.001), IL6 (F2,12 = 16.11, p<0.001), CXCL8 (F2,12 = 25.54, p<0.001), and TNF (F2,12 = 29.04, p<0.001). Protein concentrations of these cytokines in culture supernatants showed similar patterns (Figure 3D). As such, HIF-1α appears to be a master regulator of both glycolytic reprogramming and inflammatory activation of monocytes under S1 stimulation.




Figure 3 | HIF-1α inhibition suppresses immunometabolic activation of monocytes due to recombinant spike protein (rS1). (A) Monocytes increase extracellular acidification response rate (ECAR) when treated with 30 nM rS1, but this is blocked by pre-treatment with chetomin. (B) Quantification of ECAR by area under the curve (AUC). (C) rS1 increase of expression of IL1B, IL6, CXCL8, and TNF is reversed by chetomin pre-treatment. (D) rS1 increase of IL-1β, IL-6, IL-8, and TNFα is reversed by chetomin pre-treatment. *, **, ***: p < 0.05, p < 0.01, p < 0.001 vs. untreated cells. †, ††, †††: p < 0.05, p < 0.01, p < 0.001 vs. rS1-treated cells. N = 7 biological replicates. Bars and error bars are mean ± SEM.





Suppression of Glycolysis Alters Inflammatory Responses to Spike Protein

To determine whether metabolic reprogramming is responsible for altered cytokine responses to S1, we suppressed glycolytic responses during S1 treatment using 2-deoxyglucose (2-DG) pretreatment. Treatment of monocytes with 2-DG ablated monocyte glycolytic responses to S1 stimulation (Figure 4A) which was significant by comparison of area under the response curve (t6=-10.867, p<0.0001, Figure 4B). However, 2-DG also suppressed mitochondrial function in these cells (Figure 4C), though this was non-significant by area under the oxygen consumption (t6=-2.2284, p=0.0674, Figure 4D). This effect has been noted previously during responses to LPS (66). Anticipating this, we also included a condition where monocytes were cultured under glucose deprivation, as a second method of suppressing glycolytic activation. We noted a similar ablation of glycolytic responses to S1 using this strategy (Figure 4A) which was significant by area under the curve analysis (t6=-14.045, p<0.0001, Figure 4B). However, glucose deprivation caused an increase in oxygen consumption after S1 treatment (Figure 4C) which was significant compared to media- (t6 = 4.6618, p=0.0069) or 2-DG (t6=-15.607, p<0.001) pretreated monocytes (Figure 4D).




Figure 4 | Targeting glycolysis has variable effects on recombinant spike protein (rS1) responses in monocytes. (A) Glucose deprivation or pre-treatment with 2-deoxyglucose (2-DG) block extracellular acidification rate (ECAR) increase due to rS1 treatment. (B) Quantification of ECAR by area under the curve (AUC). (C) 2-DG inhibits oxygen consumption rate in rS1-treated monocytes, but glucose-deprived monocytes upregulate OCR in response to rS1. (D) Quantification of OCR by AUC. (E) 2-DG blocks expression of IL1B, IL6, CXCL8, and TNF due to rS1 stimulation, but glucose deprivation has limited effects on cytokine expression. (F) 2-DG blocks protein production of pro-inflammatory cytokines, but glucose deprivation has limited effect. *, **, ***: p < 0.05, p < 0.01, p < 0.001 vs. rS1-treated cells. †, ††, †††: p < 0.05, p < 0.01, p < 0.001 vs. 2-DG-treated cells. N = 7 biological replicates. Bars and error bars are mean ± SEM.



Pre-treatment of monocytes with 2-DG also strongly inhibited cytokine expression compared to cells treated with S1 (Figure 4E), including transcription of IL1B (W=0, p=0.0313), IL6 (t6=-5.912, p=0.0021), CXCL8 (W=0, p=0.0313), and TNF (W=0, p=0.0313). However, glucose deprived monocytes generally maintained their ability to transcribe pro-inflammatory cytokines in response to S1, with only IL1B expression showing a modest 25.1% reduction in glucose deprived compared to S1-treated monocytes (Figure 4E, W=0, p=0.0313). Protein concentrations in cell culture supernatants followed gene expression patterns (Figure 4F). Monocytes appear to utilize fatty acid oxidation to compensate for loss of glycolysis during cytokine responses as has been previously demonstrated with LPS (66–69), and therefore the 2-DG-mediated suppression of S1-induced inflammation is likely due to its ability to suppress both glycolysis and mitochondrial metabolism in concert.



Metformin Abrogates Inflammatory Response to Spike Protein

The small molecule compounds chetomin and 2-deoxyglucose inhibited immunometabolic activation in monocytes, suggesting a potential strategy for treating hypercytokinemia during COVID-19. However, chetomin is not approved for use in humans, although it has shown efficacy in vivo in animal models (65). Additionally, 2-DG has poor efficacy in humans due to rapid metabolism and limited bioavailability (70). Therefore, we investigated the ability of the common diabetes and geroprotector drug metformin to inhibit cytokine production in S1-stimulated monocytes. Metformin activates AMPK (71) and (independently of AMPK) opposes the action of HIF-1α (72, 73), and additionally inhibits mitochondrial metabolism through blocking complex I of the electron transport chain (74, 75), thus we hypothesized that it would have a qualitatively similar effect to 2-DG in inhibiting cytokine production through dual inhibition of glycolysis and OXPHOS.

Pre-treatment with metformin abrogated the glycolytic response to S1 in monocytes (Figures 5A, B, F2,12 = 60.05, p<0.001) and strongly inhibited cellular respiration (Figures 5C, D, Friedman χ2 (df=2)=12.286, p=0.0021) in Seahorse assays. Likewise, metformin pre-treatment suppressed cytokine responses to S1 treatment in monocytes (Figure 5E), including IL1B (Friedman χ2 (df=2)=12.286, p=0.0021), IL6 (Friedman χ2 (df=2)=10.571, p=0.0051), CXCL8 (F2,12 = 68.18, p<0.0001), and TNF (Friedman χ2 (df=2)=12.286, p=0.0021). As in previous experiments, protein concentrations (Figure 5F) followed gene expression patterns.




Figure 5 | Metformin suppresses immunometabolic activation in monocytes treated with recombinant spike protein (rS1). (A) Metformin pre-treatment blocks the increase in extracellular acidification rate (ECAR) mediated by rS1. (B) Quantification of ECAR by area under the curve (AUC). (C) Metformin suppresses oxygen consumption rate (OCR). (D) Quantification of OCR by AUC. (E) Metformin suppresses cytokine responses, as demonstrated by gene expression of IL1B, IL6, CXCL8, and TNF, during rS1 stimulation in monocytes. (F) Metformin suppresses protein production of pro-inflammatory cytokines IL-1β, IL-6, IL-8, and TNFα during S1 stimulation in monocytes. (G) Metformin inhibits IL-6 production in monocytes infected with SARS-CoV-2 strain WA1/2020 (Cov2) at 0.5 MOI. *, **, ***: p < 0.05, p < 0.01, p < 0.001 vs. unstimulated cells. †, †††: p < 0.05, p < 0.001 vs. rS1-treated or Cov2-infected cells. N = 7-8 biological replicates. Bars and error bars are mean ± SEM.





Metformin Abrogates IL-6 Production in Virus-Stimulated Monocytes

Recent evidence suggests that myeloid cells recognize SARS-CoV-2 spike protein through C-type lectins (53, 54). However, the SARS-CoV-2 virion also contains additional immunoregulatory and pro-inflammatory proteins (76, 77), therefore we examined the ability of metformin to block cytokine responses to live SARS-CoV-2. Monocytes treated for 24 hr with SARS-CoV-2 increased expression of IL-6 protein, and this was suppressed by metformin pre-treatment (Figure 5G, F2,14 = 11.48, p=0.0011), suggesting that the anti-inflammatory effect of metformin is generalizable to SARS-CoV-2 infection of monocytes.




Discussion

The present study resulted in several advances of major importance for the understanding of SARS-CoV-2 innate immune responses. First, we report here that monocytes treated with recombinant spike protein subunit 1 from the current pandemic SARS-CoV-2 undergo a dose-dependent increase in glycolysis which can be suppressed by a HIF-1α inhibitor and mediates the production of pro-inflammatory cytokines. These data suggest an initial signaling event which precipitates changes in glucose and lipid metabolism during SARS-CoV-2 infection in monocytes which have been previously reported to be linked to inflammatory activation (36, 37). Monocyte and monocyte-derived macrophages are substantially enriched in the lungs of SARS-CoV-2-infected individuals with severe COVID-19 (10, 11, 14–17) and respond to experimental viral infection by producing pro-inflammatory cytokines (36–40), therefore these results reflect a potential mechanism by which hypercytokinemia occurs during the early innate immune response to SARS-CoV-2.

Importantly, the available evidence suggests that infection of monocytes/macrophages by SARS-CoV-2 is abortive (39, 40, 78), thus recognition of SARS-CoV-2 structural proteins or genomic material is the likely mechanism by which direct infection precipitates inflammatory responses in this cell type. Our data suggest the spike protein is one such determinant, although we cannot conclude it is the only such mechanism given that recent reports have demonstrated inflammatory responses in macrophages treated with the SARS-CoV-2 envelope protein (76). It is also possible, however, that direct viral binding to monocytes is not the only way in which these cells can be exposed to the viral spike protein. Recent evidence suggests that vaccine antigens including S1 are released into the circulation following vaccination (albeit at very low levels) (79), and this represents a potential pro-inflammatory stimulus for monocytes. Monocyte/macrophage recognition of S1 may also contribute to the local (muscle) inflammatory response during vaccination. Additionally, the viral spike protein undergoes cleavage by furin during binding to ACE2 (80), and it has been suggested that this could lead to release of the S1 subunit during infection (81), although to date this is speculative.

ACE2 has limited expression on immune cells including monocytes and macrophages (82), which has called into question whether they can directly recognize SARS-CoV-2. In this study we did not identify the mechanism for monocyte recognition of S1, but several recent papers have shed light on this. Two reports recently demonstrated spike binding to C-type lectin receptors (53, 54) which mediates pro-inflammatory signaling in myeloid cells. Likewise, monocytes and macrophages express high levels of CD147 (82), and this receptor has been shown to recognize spike protein and contribute to activation of T cells (83). Monocytes therefore have multiple methods of recognizing S1, and the receptor(s) responsible for signaling to induce immunometabolic activation deserve further investigation.

The second major advance in this study is the identification of metformin as a potential immunometabolic regulator of inflammatory responses to SARS-CoV-2. Small molecule inhibitors of HIF-1α (chetomin) and glucose metabolism (2-deoxyglucose) blocked cytokine production in S1-treated monocytes, suggesting that interfering with downstream signaling pathways activated by spike protein binding is a potential therapeutic strategy to target inflammation during COVID-19. As these compounds are not approved for human use or have low efficacy in humans as described above, we evaluated the ability of metformin to suppress glycolytic reprogramming and cytokine production in S1-stimulated monocytes. Metformin reduced cytokine production and strongly inhibited both glycolysis and cellular respiration in culture, suggesting it as a potential treatment for hyperinflammation during COVID-19. Further, metformin blocked IL-6 production in monocytes infected with live SARS-CoV-2, suggesting this effect is not limited to artificial stimulation conditions with purified recombinant protein. However, we were unable to perform additional experiments using live SARS-CoV-2 to replicate further findings from this study, so a great deal of additional work is necessary to link our S1 data to our very preliminary SARS-CoV-2 observation.

Metformin is extremely inexpensive compared to many pharmaceuticals, with an estimated manufacturing cost under 10 USD per kg for the active ingredient (84) and a monthly wholesale cost as low as 25 USD (85). Metformin has been previously noted as a treatment for non-COVID acute respiratory distress syndrome (86) and is a potent suppressor of immune activation of monocytes and macrophages by other molecules including LPS (87–89). Additionally, several epidemiological studies have noted decreased mortality (90–94) and inflammation (systemic C-reactive protein) (95, 96) in COVID-19 patients who were taking metformin prior to diagnosis. These effects varied between studies, with mortality reductions of 20% - 80% across reports, but a meta-analysis found an overall reduction of 46% in mortality across 5 qualifying studies (94). Therefore, given these observations and its low cost, excellent safety profile, wide availability, and efficacy in inhibiting inflammatory responses to S1 in vitro, metformin is a promising candidate for further exploration as a COVID-19 therapeutic. Our study is limited to a single in vitro measure of metformin as a therapeutic for COVID-19, so a great deal of further study is necessary in order to establish this drug as a viable treatment. To this end, one recent study demonstrated metformin as efficacious in preventing acute respiratory distress syndrome in a preclinical animal model of COVID-19 (97). Therefore, although metformin is most likely to be useful as an adjuvant rather than front-line therapy for severe acute COVID-19, it remains an attractive option for targeting hyperinflammation in this disease to limit severity and mortality.

Limitations of this study include the small sample size, although the large effect sizes in most experiments are sufficient to convincingly demonstrate the interrogated mechanisms. More significantly, this study relies on healthy younger subjects and so does not address how comorbidities such as aging or obesity would affect the measured outcomes or the efficacy of the therapies we tested. We determined this to be appropriate, given our focus on mechanistic investigation in this study. However, further research is needed to determine if other populations have different responses to S1 and/or metformin. We additionally did not recruit with respect to race or sex and therefore have a relatively diverse sample which could increase variability. However, the magnitude of the responses did not show patterns consistent with race- or sex-based differences in our outcome measures. While it is conceivable that such differences exist, the effects are likely to be small enough that large studies would be necessary to detect small between-population differences. Finally, none of our subjects were previously taking metformin, and the ability of in vivo metformin to modulate monocyte responses to S1 requires further study.



Conclusion

In summary, we demonstrate here that the spike protein subunit 1 from SARS-CoV-2 causes activation of HIF-1α dependent glycolysis and inflammatory cytokine production in monocytes which can be suppressed by treatment with the diabetes drug metformin. These experiments detail a mechanism by which SARS-CoV-2 mediates metabolic reprogramming previously described in human monocytes, and additionally provides a potential mechanism for the observation that metformin is protective against mortality in COVID-19 patients. Continued research in this area has the potential to define therapeutic strategies and additional molecular targets for the treatment of COVID-19-associated hyperinflammation.
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The COVID-19 pandemic has created an urgent situation throughout the globe. Therefore, it is necessary to identify the differentially expressed genes (DEGs) in COVID-19 patients to understand disease pathogenesis and the genetic factor(s) responsible for inter-individual variability. The DEGs will help understand the disease’s potential underlying molecular mechanisms and genetic characteristics, including the regulatory genes associated with immune response elements and protective immunity. This study aimed to determine the DEGs in mild and severe COVID-19 patients versus healthy controls. The Agilent-085982 Arraystar human lncRNA V5 microarray GEO dataset (GSE164805 dataset) was used for this study. We used statistical tools to identify the DEGs. Our 15 human samples dataset was divided into three groups: mild, severe COVID-19 patients and healthy control volunteers. We compared our result with three other published gene expression studies of COVID-19 patients. Along with significant DEGs, we developed an interactome map, a protein-protein interaction (PPI) pattern, a cluster analysis of the PPI network, and pathway enrichment analysis. We also performed the same analyses with the top-ranked genes from the three other COVID-19 gene expression studies. We also identified differentially expressed lncRNA genes and constructed protein-coding DEG-lncRNA co-expression networks. We attempted to identify the regulatory genes related to immune response elements and protective immunity. We prioritized the most significant 29 protein-coding DEGs. Our analyses showed that several DEGs were involved in forming interactome maps, PPI networks, and cluster formation, similar to the results obtained using data from the protein-coding genes from other investigations. Interestingly we found six lncRNAs (TALAM1, DLEU2, and UICLM CASC18, SNHG20, and GNAS) involved in the protein-coding DEG-lncRNA network; which might be served as potential biomarkers for COVID-19 patients. We also identified three regulatory genes from our study and 44 regulatory genes from the other investigations related to immune response elements and protective immunity. We were able to map the regulatory genes associated with immune elements and identify the virogenomic responses involved in protective immunity against SARS-CoV-2 infection during COVID-19 development.
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Introduction

The COVID-19 pandemic is one of the most devastating infectious diseases in recent times, spreading rapidly to more than 188 countries. As of November 20, 2021, over 256.5 million confirmed cases were reported and nearly 5.15 million deaths (1, 2). COVID-19 has also been reported in waves globally. The second wave caused an increased number of confirmed cases and mortality in different parts of the world (3–5). COVID-19 infection can be categorized into mild and severe conditions in humans (6). In the second wave, most patients showed mild to severe symptoms. However, 15% of the COVID-19 patients progressed towards acute or severe disease, requiring hospitalization (7). Studies have been performed to understand the differences between mild infections versus severe infections in patients. In one study, viral dynamics were investigated in 76 patients whose clinical presentation was classified as mild or severe (8). In that study, 61% of patients (46 patients) were categorized as mild, and the remaining 39% of patients (30 patients) were classified as severe. Patients with mild infection cleared the virus very early, while patients with severe infection had an extended virus-shedding phase with a high viral load (8). Velavan and Meyer attempted to understand the host markers associated with mild and severe infection (9). The C-reactive protein (CRP) levels in patients with mild and severe infection were also studied to develop a predictive marker (10). Numerous other studies have also been performed to understand the molecular biological aspects, immunological impact, and pathogenicity of this infectious virus (11–13). Many efforts have been made to design and develop effective diagnostics, therapeutics, and vaccines against the virus (14–18). It is essential to understand the differences in gene expression in patients with different levels of severity of infection to help develop therapies against the virus.

To understand complex diseases, gene expression studies and network analyses are of immense importance (19, 20). It aids in understanding the underlying mechanism and genetic vulnerability to complex diseases (21). Gene expression studies can also help understand the transcriptomic landscape of cells (22). Identifying the gene regulatory networks and host immune response dynamics can help to develop therapeutics, as the transcriptomic profiling of cells during virus infection helps to understand host gene regulatory networks and the host immune response (23–25). Recently, Xiong et al. studied the transcriptomic pattern of COVID-19 patients using peripheral blood mononuclear cells (PBMCs) and various body fluids (26). Ziegler et al. determined a gene expression profile in interferon-stimulated airway epithelial cells infected by SARS-CoV-2 in humans and non-human primates (27). In another study, Jain et al. evaluated transcriptomic profiling of COVID-19 patients with mild, moderate, and severe infections (28). The differentially expressed genes were evaluated using microarray technology in patients with different severities of the disease. Microarray technology is a robust procedure that is commonly used to study differentially expressed genes to understand gene mapping, association, linkage, and expression (29, 30). However, the number of studies comparing the whole genome transcriptome of PBMCs isolated from COVID-19 patients with mild and severe infections versus healthy controls is limited.

The mapping of genes related to the activation of immune cells, immune system-related components, and protective immunity may help understand the genomic landscape and the modulator genes or proteins of any disease. It will also provide a better understanding of the immunology of the disease (31). The immune-mediated approach may aid in developing an immunotherapeutic for the treatment of COVID-19 (32, 33). In this study, we attempted to understand the expression of genes related to the activation of immune cells, immune system-related components, and protective immunity in COVID-19 patients.

This study aimed to identify the DEGs in COVID-19 patients with mild and severe symptoms versus healthy controls. With the information on significantly upregulated DEGs, we developed an interactome map, a protein-protein interaction (PPI) pattern, a cluster analysis of the PPI network, and performed pathway enrichment analysis. We also developed a transcriptome network profile, a PPI pattern, a cluster analysis of the PPI network, and a pathway enrichment analysis of top-ranked genes from three other COVID-19 gene expression studies performed by (26–28), and compared the results with those obtained from our gene expression study. Additionally, we identified the differentially expressed lncRNA genes of COVID-19 patients and constructed DEG-lncRNA co-expression networks. Finally, an attempt was made to identify the regulatory genes related to immune response elements and protective immunity combining the analyses from the three previous COVID-19 gene expression studies and this study.



Materials and Methods


Array Data Acquisition

The GEO database, an NCBI resource, was used for data acquisition; the GSE164805 dataset was used in this study. In this dataset, gene expression was profiled through the array. GEO is the database where gene expression profiles are stored, and users can download a dataset of gene expression profiles from this database (34). We used different keywords “COVID-19”, “Homo sapiens”, and “Microarray” to search GEO datasets. All selected expression datasets were log-transformed expression (log2 transformed) and then standardized. The outline of gene expression and transcriptome landscape data analysis of patients with COVID-19 are shown in Figure 1A.




Figure 1 | Outline of the workflow and diverse sample types of our entire study. (A) A brief workflow of our bioinformatics study. (B) Different diverse sample types of our complete study.





Patients With COVID-19

All the patient data was derived from the GEO database, which is an open database from NCBI. We divided our dataset into three: COVID-19 patients with a mild infection, COVID-19 patients with severe infection, and healthy control. Our dataset contains 15 human samples: five COVID-19 patients with mild infection, five COVID-19 patients with severe infection, and five healthy control samples. Among the healthy controls, four were males, and one was female. Four males and one female were selected for the COVID-19 patient group with mild infection. All the patients with severe COVID-19 infection were males (Table 1).


Table 1 | The summary of 15 human subjects (control and COVID-19 patients) datasets and study characteristics.





Data Preprocessing, Identification, and Analysis of DEGs

To analyze raw gene expression data, we used the statistical tool GEO2R, and this tool further uses the R/Bioconductor and limma package (34, 35). We developed different types of statistical plots using RStudio. The statistical plots are volcano plots, mean difference (MD) plots, uniform manifold approximation and projection (UMAP) plot, venn diagram, box plot, expression density plot, adjusted p-value histogram, moderated t-statistic quantile-quantile (q-q) plot, and mean-variance trend plot. These plots were used to identify and analyze DEGs using PBMCs from the different groups: COVID-19 patients with a mild infection, COVID-19 patients with severe infection, and healthy controls (36–38). The dataset’s principal standards were set to | log (fold change) | > 1 and p < 0.05 to analyze and acquire significant DEGs.



Acquisition of Gene Expression Data From Other Studies

We acquired the top-ranking genes from other studies to compare gene expression and transcriptome profiling. We generated top-ranking genes from various studies conducted by (26–28). Xiong et al. performed a gene expression study using bronchoalveolar lavage fluid and peripheral blood mononuclear cell samples. The researchers used RNA sequencing library construct for RNA library construction and high-throughput RNA sequencing for gene expression studies (26). Ziegler et al. performed a gene expression study using lung lobe, nasal polyps, ethmoid sinus surgical tissue, and ileum samples; they used a single-cell RNA-sequencing assay for gene expression studies (27). Jain et al. analyzed gene expression profiles using nasopharyngeal swab samples; they used shotgun transcriptome sequencing of RNA for their gene expression profiling study (28). The acquired top-ranking expressed genes of COVID-19 patients from the different studies are shown in Table 2. Our study mapped gene expression from the diverse sample types (Figure 1B).


Table 2 | List of top ranking expressed genes of COVID-19 patients from the different experiments.





The Protein Interactome—Construction and Comparison With Other Studies

To understand the associations between the DEGs from our dataset, we constructed a protein interactome using HuRI (39). A protein interactome was generated through binary protein interactions using approximately 53,000 high-quality PPIs. We also developed a transcriptome network by acquiring data from the other three studies (26–28).



Development of PPI Networks and Comparison With Other Experiments

To understand the associations between protein-coding DEGs, we constructed a PPI network using the web-based tool STRING (40, 41). The cut-off criteria were fixed with a confidence interaction score ≥ of 0.4 to obtain consistency from the dataset for the PPI interactions. The PPI network analysis outcome was represented by Cytoscape from STRING to better understand and conceptualize the PPI interactions among the highly DEGs (42, 43). STRING can integrate data from several resources: ConsensusPathDB, HitPredict, IMP, IMID, VisANT, GeneMANIA, and I2D.

Simultaneously, we have generated a PPI network that acquired top-ranking expressed genes of COVID-19 patients from the other studies (26–28). We compared all PPI networks.



Development of Enrichment Cluster Analysis of PPI Network and Comparison With Other Studies

For cluster analysis, we generated similarities between intra-cluster and inter-cluster. We transformed the outcomes from Metascape (44) using the Cytoscape software.

Metascape performed cluster analysis experiments using different databases such as InWeb_IM (45), BioGrid (46), and OmniPath (45), and the MCODE algorithm. In this study, the relationships’ capture condition is a subset of enriched terms selected and rendered as a network plot. In this case, the tool has a condition with a similarity of > 0.3 connected by edges. The terms of selection were set with the best p-values from each of the 20 clusters.

We also developed different clusters of PPI networks using top-ranking expressed genes of COVID-19 patients from the studies (26–28). We compared all the cluster analyses of the PPI network.



Functional Pathway Enrichment Analysis and Comparison With Other Studies

Pathway enrichment analysis was performed using Metascape analysis (45) with the 29 significantly expressed genes that use different ontology sources: GO biological processes, KEGG pathway, Reactome gene sets, and so on. The study used a term with a p-value < 0.01, with a minimum count of 3. The q-values were computed using a significant process, which accounts for multiple tests. This process is called the Benjamini-Hochberg procedure (47). Similar to the previous analysis, we performed pathway enrichment analysis using top-ranking expressed genes of COVID-19 patients from the different studies (26–28). We compared all the results of the pathway enrichment analysis.



Identification of Differentially Expressed LncRNA Genes in COVID-19 Patients and Cross-Verification of the Construction of the LncRNA and the DEG-LncRNA Co-Expression Networks

We mapped the top-ranking differentially expressed lncRNA genes from the 250 DEGs. Using top-ranking differentially expressed lncRNA genes and other DEGs, we constructed DEG-lncRNA pairs networking using the Cytoscape software (44). In this case, the Cytoscape MCODE plug-in was used (48). Before network construction, we cross-verified the lncRNA through a non-coding RNA sequence database, RNAcentral (49), a database for subcellular localization of lncRNAs.



Gene Function Annotation and Categorization of Regulated Genes Related to Immune Response Elements And Protective Immunity From DEGs

We attempted to map the genes from the DEGs with immunomodulatory and protective immunity properties. We used NCBI Genbank (50) and GeneCards (51, 52).




Results


Data Acquisition of Patients With COVID-19 and DEG Profiling

Our study analyzed the gene expression profiles and transcriptome landscape of the GSE164805 dataset from the GEO database. The Agilent-085982 Arraystar human lncRNA V5 microarray platform was used for this expression analysis. In this study, PBMCs were taken from COVID-19 patients with mild and severe infections and healthy controls for gene expression analysis. Our dataset containing 15 human samples in three groups (the two COVID-19 patients groups and one healthy control group) (Table 1). The volcano plot is a statistical plot, and it is a type of scatter plot that shows p-value (statistical significance) against fold change (magnitude of change). The top 250 DEGs were ranked in this study (Tables S1–S3). Table S1 describes the ID, p-value, F, and gene description of the top 250 DEGs. Table S2 describes the top 250 DEG sequences, and Table S3 represents the accession number and chromosome of the top 250 DEGs. The developed volcano plot of DEGs, and the significant genes showed the satisfactory value which was created using the dataset (Figure 2). Using the cut-off criteria (p < 0.05 and |log2 FC|>1), the upregulated DEGs were acquired. We next developed the DEG volcano plot using the data of control vs. COVID-19 patients with mild infection (Figure 2A). Similarly, we also developed another DEG volcano plot using the data of COVID-19 patients with severe infection vs. control healthy volunteers (Figure 2B). At the same time, we illustrated the DEG volcano plot comparing the data of COVID-19 patients with mild vs. severe infections (Figure 2C). In all cases, DEGs of volcano plots were adjusted with a p-value cut-off of 0.05. Red dots represent the upregulated DEGs, and the blue dots represent the downregulated DEGs.




Figure 2 | Visualization of identified DEGs using volcano plots. (A) DEG volcano plot using the data of control vs. mild COVID-19 patients. (B) DEG volcano plot using the data of severe COVID-19 patients vs. control healthy volunteers. (C) DEG volcano plot using the data of mild COVID-19 patients vs. severe COVID-19 patients. In this figure, red dots denote upregulated DEGs and blue dots denote downregulated DEGs.



For the visualization of the DEGs, we also developed an MD plot. The plot helps to demonstrate the log2 fold change against average log2 expression values, and here, the adjusted p-value cut-off was 0.05. This study also depicted an MD plot to understand the log2 fold change against average log2 expression values (Figure 3). Figure 3A shows the DEG MD plot using the data of control vs. COVID-19 patients with mild infection. Figure 3B depicts the DEG MD plot using COVID-19 patients with severe infection vs. control healthy volunteers. Figure 3C depicts the DEG MD plot using the data of COVID-19 patients with mild vs. severe infections. In all cases, red dots represent the upregulated DEGs, and blue dots represent the downregulated DEGs.




Figure 3 | Visualization of identified DEGs using MD. (A) DEGMD plot using the data of control vs. mild COVID-19 patients. (B) DEGMD plot using the data of severe COVID-19 patients vs. control healthy volunteers. (C) DEGMD plot using the data of mild COVID-19 patients vs. severe COVID-19 patients. In this figure, red dots denote upregulated DEGs, and blue dots denote downregulated DEGs.



For better visualization, we represented the DEG data using several other statistical plots. First, we have developed an UMAP plot (Figure 4A). It is a dimension reduction procedure useful for visualizing samples that are related to each other. Our analysis detected the control, mild, and severe samples. We depicted one Venn diagram, which shows the common DEGs among the three groups the “COVID-19 patient with severe infection vs. control healthy volunteers” groups and the “control vs. COVID-19 patients with mild infection” groups show the 10794 DEGs those significant genes that are common to both contrasts (Figure 4B).




Figure 4 | Different types of statistical plots were developed from our study. (A) UMAP plot visualizing samples related to each other. (B) Venn diagram shows the groups’ common genes. (C) The box plot shows the distribution of the selected samples’ values for this study. (D) The expression density plot shows the distribution of values of the DEGs of the three groups. (E) The adjusted p-value histogram represents the p-value in the experiment (the top DEGs). (F) The moderated t-statistic q-q plot shows our DEGs data sample against the theoretical quantiles a Student’s t distribution. (G) The mean-variance trend plot shows the mean-variance relationship of the gene expression data.



Similarly, 2338 DEGs were typical for both of our groups. Therefore, we depicted a box plot from the dataset, which informs us of the distribution of the selected samples’ values for this study (Figure 4C). The data distribution indicated that the data could be useful and suitable for the DEGs analysis. We also analyzed our dataset and developed an expression density plot of the distribution of values of the DEGs of the three groups (Figure 4D). Another adjusted p-value histogram that was developed showed that the p-value in the experiment is identical to that of the top DEGs. In this histogram, the p-values are relatively consistent (Figure 4E). We also illustrated the moderated t-statistic q-q plot quantiles of our DEGs’ data sample against the theoretical quantiles of a Student’s t-distribution (Figure 4F). In our study, values recline along a straight line, which indicates that the investigation and data of the DEGs are ideal. Therefore, the values for the DEGs of our sample quantiles follow the distribution of theoretical quantiles.

Finally, the mean-variance trend plot, which shows the mean-variance relationship of the gene expression data has been shown (Figure 4G). Each dot represents a gene, and the statistical plot is described after fitting a linear model. The average log expression line shows that the values of the early DEGs are highly dense. We have listed the significant DEGs (both protein-coding genes and long non-coding RNAs) from our studies in Table 3. From the significant DEGs, we found several protein-coding genes and lncRNA. The percentage of significantly expressed protein-coding genes and lncRNAs is depicted through a pie diagram (Figure 5A). Table S4 describes all protein-coding genes from the 250 DEGs and their NCBI accession numbers and gene names.


Table 3 | Significantly upregulated protein-coding genes DEGs from three experimental human groups of our dataset.






Figure 5 | Significantly expressed genes from our experiments and other experiments. (A) The percentage of significantly expressed protein-coding genes and lncRNAs. (B) Total no. of top-ranking protein-coding genes from our study and other studies.





Gene Expression Data of the Different COVID-19 Patients From the Other Studies

The acquired top-ranking expressed genes of COVID-19 patients from the various studies are shown in Table 2. The number of protein-coding genes in our investigation is represented through a bar diagram in Figure 5B. This figure also shows the total numbers of top-ranking protein-coding genes from the other studies.



Construction of the Protein Interactome Map and Comparison With Other Studies

Protein interactions within a cell can be represented through a protein interactome map, providing global insights into genome function and cellular organization. It will provide a comprehensive understanding of the interactome networks of SARS-CoV-2-infected human cells. We developed a protein interactome with protein-coding genes from the 250 DEGs in our study (Figure 6A). We found that the number of interactions was 2901 and the number of proteins that participated in the interactions was 453, and the average node degree was 12.53. Next, we depicted the protein interactome of the central cluster from our previous study (Figure 6B). We also portrayed the protein interactome using the data from the Xiong et al. study where the samples were the bronchoalveolar lavage fluid (Figure 6C). We found that the number of interactions was 76, the number of proteins that participated in the interactions was 35, and the average node degree was 4.06. We then illustrated the protein interactome with the top-ranked genes of the Xiong et al. study from the PBMC samples (Figure 6C). Here, we found that the number of interactions was 103, the number of proteins that participated in the interactions was 62, and the average node degree was 3.11. Similarly, we represented one protein interactome with data from the Ziegler et al. study where the samples were collected from the lung lobe, nasal polyps, ethmoid sinus surgical tissue, and ileum (Figure 6E). We found that the number of interactions was 2613, the number of proteins that participated in the interaction was 504, and the average node degree was 10.15. Finally, we have illustrated the protein interactome with the top-ranked genes of the Jain et al. study that used nasopharyngeal swabs as samples (Figure 6F). We found that the number of interactions was 437, the number of proteins that participated in the interaction was 128, and the average node degree was 6.56.




Figure 6 | The protein interactome map constructed using protein-coding DEGs from our study and other studies. (A) The protein interactome map with protein-coding genes from the 250 DEGs in our research. (B) The protein interactome map of the central cluster from our study was identified from (A). (C) The protein interactome map from Xiong et al. study where the samples were the bronchoalveolar lavage fluid. (D) The protein interactome map with the top-ranked genes of the Xiong et al. study from the PBMC samples. (E) The protein interactome map with data from the Ziegler et al. study where the samples were collected from the lung lobe, nasal polyps, ethmoid sinus surgical tissue, and ileum. (F) The protein interactome map with the top-ranked genes of the Jain et al. study that used nasopharyngeal swab sample.





PPI Network Analysis and Comparison With Other Studies

Integrative gene expression analysis and creating the PPI networks from the DEGs coding proteins are essential to understanding the diseases’ molecular pathology. The PPI network analysis also showed the functional and physical associations among DEGs’ coding proteins of other samples of COVID-19. From this analysis we depicted a PPI using significant protein-coding genes from the 250 DEGs in our study (Figure 7A). At the same time, we have also developed a PPI using the top-ranked genes of the Xiong et al. study that used bronchoalveolar lavage fluid as samples (Figure 7B). Similarly, we depicted a PPI using the top-ranked genes of the Xiong et al. study using the PBMCs as samples (Figure 7C). Again our study illustrates a PPI using the top-ranked genes from the Ziegler et al. study (Figure 7D). Finally, we depicted a PPI using the top-ranked genes of the Jain et al. study (Figure 7E).




Figure 7 | The PPI network constructed using protein-coding DEGs from our study and other studies. (A) The PPI network with significant protein-coding DEGs in our research. (B) The PPI network from Xiong et al. study where the samples were the bronchoalveolar lavage fluid. (C) The PPI network with the top-ranked genes of the Xiong et al. study from the PBMC samples. (D) The PPI network with data from the Ziegler et al. study and the gene expression data was collected from the lung lobe, nasal polyps, ethmoid sinus surgical tissue, and ileum. (E) The PPI network with the top-ranked protein-coding genes used a nasopharyngeal swab sample (the Jain et al. study).





Enrichment Cluster Analysis of the PPI Network and Comparison With Other Studies

The enrichment network cluster shows the intra-cluster and inter-cluster similarities from the input genes involved in different biological processes, enzymatic functions, and protein localization. It shows similarities of the other cluster proteins from the DEGs as per their function. In this study, we have developed a PPI network enrichment cluster using significant protein-coding genes from the 250 DEGs (Figure 8A). At the same time, our analysis represents the enrichment cluster of the PPI network using the top-ranked genes of the Xiong et al. study where bronchoalveolar lavage fluid was used as samples (Figure 8B). Again, we depicted the enrichment cluster of the PPI network using data from the Xiong et al. study that used the PBMC as samples (Figure 8C). Similarly, we developed a PPI network enrichment cluster using data from the Ziegler et al. study (Figure 8D). Finally, the analysis depicted the enrichment cluster of the PPI networks using data from the Jain et al. study (Figure 8E).




Figure 8 | The enrichment cluster analysis of the PPI network using protein-coding DEGs from our study and other studies. (A) The enrichment cluster analysis of the PPI network with significant protein-coding DEGs in our research. (B) The enrichment cluster analysis of the PPI network from Xiong et al. study where the samples were the bronchoalveolar lavage fluid. (C) The enrichment cluster analysis of the PPI network with the Xiong et al. study’s top-ranked genes from the PBMC samples. (D) The enrichment cluster analysis of the PPI network with data from the Ziegler et al. study where the samples were collected from the lung lobe, nasal polyps, ethmoid sinus surgical tissue, and ileum. (E) The enrichment cluster analysis of the PPI network with the top-ranked protein-coding genes of the Jain et al. study that used nasopharyngeal swab sample.





Functional Pathway Enrichment Analysis and Comparison With Other Studies

This analysis helps researchers provide mechanistic insights into the DEGs (gene list) generated from genome-scale (omics) experiments. In this pathway enrichment analysis, gene list enrichment was identified in the COVID-19 categories and transcription factor targets.

At first, we have depicted the gene list enrichments in COVID-19 categories from the 250 DEGs of our study (Figure 9A). Subsequently, we developed the gene list enrichments in COVID-19 categories with the top-ranked genes of the Xiong et al. study that used bronchoalveolar lavage fluid as samples (Figure 9B). Similarly, we illustrated the gene list enrichments in COVID-19 categories with the top-ranked genes of the Xiong et al. study that used PBMC samples (Figure 9C). Then, we have developed the gene list enrichments in COVID-19 categories with the top-ranked genes of the Ziegler et al. study (Figure 9D). Finally, we have developed the gene list enrichments in COVID-19 categories with the top-ranked genes of the Jain et al. study (Figure 9E). We have developed the gene list enrichment in transcription factor targets from the 250 DEGs of our study (Figure 10A). Our analysis illustrates the gene list enrichment in transcription factor targets of the top-ranked genes of the Xiong et al. study that used bronchoalveolar lavage fluid as samples (Figure 10B). Similarly, we have depicted the identified gene list enrichment in transcription factor targets of the top-ranked genes of the Xiong et al. study where the samples were PBMCs (Figure 10C). At the same time, our analysis represents the gene list enrichment in transcription factor targets of the top-ranked genes of Ziegler et al. study (Figure 10D). At last, this analysis depicted the gene list enrichment in transcription factor targets of the top-ranked genes of the Jain et al. study (Figure 10E).




Figure 9 | The functional pathway enrichment analysis in COVID categories using protein-coding DEGs from our study and other studies. (A) Functional pathway enrichment analysis in COVID-19 categories from the 250 DEGs of our study. (B) Functional pathway enrichment analysis in COVID-19 categories with the top-ranked genes of the Xiong et al. study that used bronchoalveolar lavage fluid sample. (C) Functional pathway enrichment analysis in COVID-19 categories with the top-ranked genes of the Xiong et al. study that used PBMC samples. (D) Functional pathway enrichment analysis in COVID-19 types with the Ziegler et al. study. (E) Functional pathway enrichment analysis in COVID-19 categories with the Jain et al. study.






Figure 10 | The functional pathway enrichment analysis in transcription factor targets using protein-coding DEGs from our study and other studies. (A) Functional pathway enrichment analysis in transcription factor targets from the 250 DEGs of our study. (B) Functional pathway enrichment analysis in transcription factor targets with the top-ranked genes of the Xiong et al. study that used bronchoalveolar lavage fluid sample. (C) Functional pathway enrichment analysis in transcription factor targets with the top-ranked genes of the Xiong et al. study that used PBMC samples. (D) Functional pathway enrichment analysis in transcription factor targets with the top-ranked genes of the Ziegler et al. study. (E) Functional pathway enrichment analysis in transcription factor targets with the top-ranked genes of the Jain et al. study.





Identification of Differentially Expressed LncRNA Genes In COVID-19 Patients and Cross-Verification of the Construction of the LncRNA and DEG-lncRNA Co-Expression Networks

Table S5 describes differentially expressed lncRNA genes from the 250 DEGs and their NCBI accession number and gene name. Table 4 represents the significantly upregulated DEGs lncRNA genes from the three patients groups in our dataset, and GEO2R was used to identify it. Furthermore, we cross-verified lncRNAs and identified 24 significant lncRNA genes, which are recorded in Table 4. We developed the co-expression networks of the protein expression genes of DEG and lncRNA (Figure 11).


Table 4 | Significantly upregulated lncRNA genes from DEGs between three experimental human groups of our dataset.






Figure 11 | The co-expression networks of the protein expression genes of DEG and lncRNA.





Gene Function Annotation and Categorization of Regulated Genes Related to Immune Response Elements and the Protective Immunity From the DEGs

Our gene function annotation and categorization show the genes associated with the immune response elements and protective immunity from DEGs (Figure 12). The genes we identified for the activation of immune cells and components, and protective immunity correlate with the other networks (Table 5).




Figure 12 | The genes associated with the immune response elements and protective immunity from DEGs.




Table 5 | Annotated genes related to the activation of immune cells and components as well as for protective immunity function from our analysis and other experiments.






Discussion


Main Findings of the Study

High-throughput technologies such as DNA microarrays and next-generation sequencing are beneficial for discoveries in the biomedical field. Gene expression profiling using microarray is a promising way to gain insight into the intrinsic molecular pathways, which helps to understand the complex machinery of biological systems (98, 99). We used these gene expression profiling methods to identify genes that are differently expressed in the PBMCs of COVID-19 patients with mild or severe infections compared with healthy volunteers. Zhang and Diao submitted the dataset in the GEO database. They have illustrated the antiviral and inflammation mechanisms related to the immune response associated with severe COVID-19 patients (100). However, using their dataset, we have analyzed the dataset differently. Our study investigated the DEGs in PBMCS of five patients having mild COVID-19, five patients with severe COVID-19, and five healthy volunteers using the GSE164805 dataset. We opine that our findings will help better understand the pathogenesis of SARS-CoV-2 and the host gene response during infection.

Here we have performed a comprehensive analysis of the DEGs and comparison of three groups of human subjects using advanced methods and statistical techniques. We extracted the 250 top-ranked DEGs using GEO2R and further evaluated them. Our study listed the significant DEGs (both protein-coding genes and long non-coding RNAs), and some of the significant DEGs, CERKL, RPL18A, STRN4, RPL3L/RPL35/RPL1BA/RPL19, RPS3/RPS16, AP2M1, EDN1, ARHGEF1, DUS1L, RBM5, etc. At the same time, our study also fetched the significant genes with three other COVID-19 gene expression studies [(Xiong et al. (26), Ziegler et al. (27), and Jain et al. (28)] and compared with their expressed genes. The analysis showed the significant genes expressed in other studies are CXCL1, CXCL6, CXCL8, IL33, TIMP1, IL18, IFNGR2, TRIM27, TRIM28, IFI6, XAF1, CXCL5, IFIT1, IL6, IL10, and CSF2, etc. The analysis will help to understand the DEGs in mild and severe COVID-19 patients.

Our protein interactome map analysis found that the number of interactions was 2901, the number of proteins that participated in the interactions was 453, and the average node degree was 12.53. Also, we developed a protein interactome from Xiong et al.’s study using bronchoalveolar lavage fluid. We found that the number of interactions was 76, the number of proteins that participated in the interactions was 35, and the average node degree was 4.06. Similarly, the study from the same authors but with different samples (from the PBMC samples) was used to develop a protein interactome map. The analysis revealed that the number of interactions was 103, and the number of proteins that participated in the interactions was 62. The average number of proteins that participated in the interactions node degree was 3.11.

Similarly, the developed protein interactome from the study of Ziegler et al. informed us the interaction proteins that the number of interactions was 2613, the number of proteins that participated in the interaction was 504, and the average node degree was 10.15. Finally, we developed a protein interactome from the study of Jain et al. We found that the number of interactions was 437, the number of proteins that participated in the interaction was 128, and the average node degree was 6.56. The analysis provides global insights into genome function and cellular organization in COVID-19 patients, indicating interactome networks in COVID-19 patients.

The enrichment cluster analysis of the PPI network showed that the MPHOSPH6, RPL19, EIF3G, EIF3E, RPL1BA, EXOCS5, EXOSC2, RPL3L, RPS3, RPS16, RPL35, EIF4G1, SKIV2L2 firmly formed the central cluster of this PPI network. However, some side clusters were noted associated with the proteins like SKIV2L2, EIF3G, EXOSC2, and RPS16. At the same time, our analysis identified 24 significant lncRNA genes, which will help understand the differentially expressed lncRNA genes and help understand future researchers more about the SARS-CoV-2-infected human cells. Moreover, we found six lncRNAs (TALAM1, DLEU2, and UICLM CASC18, SNHG20, and GNAS) involved in the protein-coding DEG-lncRNA network. This finding is significant for the next-generation biomarker detection point of view.

Finally, the analysis of gene function annotation and categorization of regulated genes related to immune response elements found that several genes are directly or indirectly associated with the inter immunity defense mechanism such as EDN1 MPHOSPH6, RPL19. EDN1 gene is associated with TLR4 response (54). At the same time, RPL19 might be related to the TLR3 receptor-associated signaling and endorses cytokine secretion (101). However, our analysis (our gene and the genes from the other study) found that genes are associated with cytokine up-regulation.



Findings and Their Direct Implications

The study generated an interactome map, a PPI pattern, a cluster analysis of the PPI network, a pathway enrichment analysis from our research, and other experimental investigations to understand the gene expression and transcriptome profiling of SARS-CoV-2-infected human cells in mild and severe COVID-19 patients. We identified the differentially expressed lncRNA genes of COVID-19 patients and constructed the DEG-lncRNA co-expression networks. We also found six lncRNAs that are involved in the protein-coding DEG-lncRNA network generation. The attempt will help to understand the lncRNA expression in mild and severe COVID-19 patients. These lncRNAs might serve as next-generation potential biomarkers for COVID-19 patients. Presently, one significant objective worldwide is to understand the dysregulation of immune response and inflammation, immunity, and intervention in COVID‐19 patients. We attempted to understand the gene regulation of immune cells and their components and the protective immunity genes using our DEGs data and other COVID-19 studies done in different parts of the world.



Context of this Study and Other Studies in the Field

Previously, to understand the host transcriptional responses of SARS-CoV-2, an interactome study was performed and was reported by Messina et al. (102). Their study suggested that the host interactome is linked to the S-glycoprotein of the virus mainly via the innate immunity machinery, such as cytokines, chemokines, and TLRs. We, too, found in our interactome study that several proteins from COVID-19 patients are linked to innate immunity and the regulation of protective immunity. However, our report is more detailed and unique because our analysis of protein-coding DEGs considers data not only from our group but from many interactome studies from around the globe, and the patient samples from which the data were obtained were diverse. Recently, Gordon et al. prepared an interactome map to understand the protein-protein interactions between human proteins and this virus (103). Simultaneously, Bojkova et al. performed proteomics analysis of host cells infected with SARS-CoV-2. This study revealed new drug targets that could be helpful for drug repurposing to combat this disease (104). The investigation also unfolds new therapeutic targets and will be beneficial for discovering therapeutic.

The construction of the PPI network from patient samples has an immense advantage, which will help to understand disease mechanisms (105–107). Zhang et al. recently developed the SARS-CoV-2 virus-human PPI network using the random walk model to understand pathological biomarkers (108). We have developed a human PPI network from independent studies utilizing samples collected from COVID-19 patients presenting mild and severe symptoms. It comprehensively comprises upregulated protein-coding genes and PPIs in COVID-19 patients from an entire proteome landscape. Enrichment cluster analysis shows densely interlinked regions of proteins as intra-cluster and inter-cluster, which helps us understand densely interlinked regions of proteins in the global proteome landscape and the proteome related to innate immunity and protective immunity in response to SARS-CoV-2 infection. We used the MCODE plug-in from Cytoscape to construct the PPI network and enrichment cluster analysis.

We performed functional pathway enrichment analysis to understand both the COVID-19 regulated genes and the target genes. We report several genes that are regulated in COVID-19 and target genes related to immune cell activation, such as the T- and B-cell-activating protein-coding genes (109). Other researchers have also performed pathway enrichment analysis to understand the lncRNA prognostic signature of ovarian cancer (110). Our functional pathway enrichment analysis may inform us about the significant immune marker genes in COVID-19 patients. Our results also corroborate with the study of Wu et al., who performed functional enrichment analysis to understand the possible role of naïve B cells from the lungs of patients with severe immune responses in COVID-19 patients (111). Our protein-coding DEG-lncRNA co-expression network pattern revealed the prospective function of differentially expressed lncRNAs in the context of COVID-19. Recently, Hu et al. developed co-expression network construction using DEG-lncRNA pairs to understand lncRNAs and proteins in hypertrophic cardiomyopathy (112). Our analysis of protein-coding DEG-lncRNA pairs revealed that six lncRNA have participated in the protein-coding DEG-lncRNA network (TALAM1, DLEU2, UICLM, CASC18, SNHG20, and GNAS). These essential lncRNAs may serve as potential biomarkers for COVID-19. However, further functional studies in a larger cohort of patients need to be investigated.

It is critical to understand the dysregulation of immune response and inflammation, immunity, and intervention in COVID‐19 patients (113) . Recently, Zhou et al. mapped DEGs involved in innate immunity from COVID-19 patients (25). We have annotated and categorized the function of genes related to the regulation of immune elements and protective immunity by the analysis of DEGs in COVID‐19; a list of the immune system’s regulatory genes and regulation of immune-related transcripts in COVID-19 is presented.



Potential Interpretations of the Study

The potential interpretations of the study can be understood in the following points. Firstly, we know the gene expression and transcriptome profiling of mild and severe COVID-19 patients. Secondly, our analysis of the noted six essential lncRNAs might serve as nest generation biomarkers for COVID-19. However, further functional studies in a larger cohort of patients need to be investigated. Finally, the study prepared a detailed list of the immune system’s regulatory genes and immune-related transcripts in COVID-19, which has immense implications for understanding the COVID-19 dysregulation of immune response and interference in COVID‐19 patients.



Limitations of the Study

The study suffers from the limitation that the sample size is relatively small due to the available datasets. The dataset we have used for the study (GSE164805) contains fifteen human subjects (five control, five mild COVID-19 patients, and five severe COVID-19 patients). The dataset was submitted by other researchers (100). The data set is limited, as it has been collected only from peripheral blood mononuclear cells (PBMC) samples from three groups of human subjects (control, mild COVID-19 patients, and severe COVID-19 patients). A similar dataset is not available in the database that uses the PBMC for their analysis from COVID-19 patients and compares with control. It was noted that this dataset was the only first dataset in the GEO database which captured the gene expression data from three groups of human subjects and informed differential gene expression of both three groups of patients. The gene expression data was analyzed using a microarray platform. The dataset was initially submitted in the database early (January 2021) when no gene expression data were available from both three groups of COVID-19 patients. In this point of view, it is a very significant dataset. However, as the sample size was small, we compared our result with three other COVID-19 gene expression studies, which were performed by Xiong et al. (26), Ziegler et al. (27), and Jain et al. (28).




Conclusion

Here, we report the DEG data from COVID-19 patients that will help to understand global gene expression in COVID-19 patients. The data provide valuable information about the immune response in patients infected with SARS-CoV-2, highlighting the molecular genetic mechanisms related to immune elements and protective immunity against COVID-19. We understand that a limited number of patient datasets were analyzed to map the DEGs. However, in the future, we will plan to perform a scRNA-seq study in this direction, which will help better to understand the underlying gene expression mechanism of severe COVID-19 patients compared to mild patients. We believe that similar studies with more patient datasets from other parts of the world will significantly augment our understanding of this complex host-virus interaction during COVID-19 disease progression and will help to map the genes involved in protective immunity.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Author Contributions

CC analyzed and interpreted the patient dataset from the GEO, performed the main experiments, and wrote the main manuscript. ARS performed the data validation, formal analysis, review, and edited of the manuscript. MB performed the data validation and formal analysis. HZ and S-SL performed review and editing of the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by the Hallym University Research Fund and the Basic Science Research Program through the National Research Foundation of Korea (NRF) funded by the Ministry of Education (NRF-2020R1C1C1008694 & NRF-2020R1I1A3074575).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.724936/full#supplementary-material



Abbreviations

DEGs, Differentially expressed genes; lncRNA, Long non-coding RNA; SARS-CoV-2, Severe acute respiratory syndrome coronavirus 2; COVID-19, Coronavirus disease; CRP, C-reactive protein; PBMCs, Peripheral blood mononuclear cells; PPI, Protein–protein interaction; UMPA, Uniform manifold approximation and projection; GO, Gene ontology; NCBI, National Center for Biotechnology Information; MD, Mean difference.



References

1. Li, R, Pei, S, Chen, B, Song, Y, Zhang, T, Yang, W, et al. Substantial Undocumented Infection Facilitates the Rapid Dissemination of Novel Coronavirus (SARS-CoV-2). Science (2020) 368:489–93. doi: 10.1126/science.abb3221

2. Saha, A, Sharma, AR, Bhattacharya, M, Sharma, G, Lee, S-S, and Chakraborty, C. Response to: Status of Remdesivir: Not Yet Beyond Question! Arch Med Res (2021) 52:104–6. doi: 10.1016/j.arcmed.2020.09.005

3. Cacciapaglia, G, Cot, C, and Sannino, F. Second Wave COVID-19 Pandemics in Europe: A Temporal Playbook. Sci Rep (2020) 10:1–8. doi: 10.1038/s41598-020-72611-5

4. Xu, S, and Li, Y. Beware of the Second Wave of COVID-19. Lancet (2020) 395:1321–2. doi: 10.1016/S0140-6736(20)30845-X

5. Nørgaard, SK, Vestergaard, LS, Nielsen, J, Richter, L, Schmid, D, Bustos, N, et al. Real-Time Monitoring Shows Substantial Excess All-Cause Mortality During Second Wave of COVID-19 in Europe, October to December 2020. Eurosurveillance (2021) 26:2002023. doi: 10.2807/1560-7917.ES.2021.26.7.2100191

6. Arunachalam, PS, Wimmers, F, Mok, CKP, Perera, RA, Scott, M, Hagan, T, et al. Systems Biological Assessment of Immunity to Mild Versus Severe COVID-19 Infection in Humans. Science (2020) 369:1210–20. doi: 10.1126/science.abc6261

7. Wu, Z, and McGoogan, JM. Characteristics of and Important Lessons From the Coronavirus Disease 2019 (COVID-19) Outbreak in China: Summary of a Report of 72 314 Cases From the Chinese Center for Disease Control and Prevention. JAMA (2020) 323:1239–42. doi: 10.1001/jama.2020.2648

8. Liu, Y, Yan, L-M, Wan, L, Xiang, T-X, Le, A, Liu, J-M, et al. Viral Dynamics in Mild and Severe Cases of COVID-19. Lancet Infect Dis (2020) 20:656–7. doi: 10.1016/S1473-3099(20)30232-2

9. Velavan, TP, and Meyer, CG. Mild Versus Severe COVID-19: Laboratory Markers. Int J Infect Dis (2020) 95:304–7. doi: 10.1016/j.ijid.2020.04.061

10. Mousavi-Nasab, SD, Mardani, R, and Azadani, HN. Neutrophil to Lymphocyte Ratio and C-Reactive Protein Level as Prognostic Markers in Mild Versus Severe COVID-19 Patients. Gastroenterol Hepatol Bed to Bench (2020) 13:361–6.

11. Mirzaei, R, Karampoor, S, Sholeh, M, Moradi, P, Ranjbar, R, and Ghasemi, F. A Contemporary Review on Pathogenesis and Immunity of COVID-19 Infection. Mol Biol Rep (2020) 47:5365–76. doi: 10.1007/s11033-020-05621-1

12. Nikolich-Zugich, J, Knox, KS, Rios, CT, Natt, B, Bhattacharya, D, and Fain, MJ. SARS-CoV-2 and COVID-19 in Older Adults: What We May Expect Regarding Pathogenesis, Immune Responses, and Outcomes. Geroscience (2020) 42:505–14. doi: 10.1007/s11357-020-00186-0

13. Vabret, N, Britton, GJ, Gruber, C, Hegde, S, Kim, J, Kuksin, M, et al. Immunology of COVID-19: Current State of the Science. Immunity (2020) 52:910–41. doi: 10.1016/j.immuni.2020.05.002

14. Ahn, D-G, Shin, H-J, Kim, M-H, Lee, S, Kim, H-S, Myoung, J, et al. Current Status of Epidemiology, Diagnosis, Therapeutics, and Vaccines for Novel Coronavirus Disease 2019 (COVID-19). J Microbiol Biotechnol (2020) 30:313–24. doi: 10.4014/jmb.2003.03011

15. Bhattacharya, M, Sharma, AR, Patra, P, Ghosh, P, Sharma, G, Patra, BC, et al. Development of Epitope-Based Peptide Vaccine Against Novel Coronavirus 2019 (SARS-COV-2): Immunoinformatics Approach. J Med Virol (2020) 92:618–31. doi: 10.1002/jmv.25736

16. Bhattacharya, M, Sharma, AR, Patra, P, Ghosh, P, Sharma, G, Patra, BC, et al. A SARS-CoV-2 Vaccine Candidate: In-Silico Cloning and Validation. Inf Med Unlocked (2020) 20:100394. doi: 10.1016/j.imu.2020.100394

17. Saha, RP, Singh, MK, Samanta, S, Bhakta, S, Mandal, S, Bhattacharya, M, et al. Repurposing Drugs, Ongoing Vaccine and New Therapeutic Development Initiatives Against COVID-19. Front Pharmacol (2020) 11:1258. doi: 10.3389/fphar.2020.01258

18. Chakraborty, C, Bhattacharya, M, Mallick, B, Sharma, AR, Lee, S-S, and Agoramoorthy, G. SARS-CoV-2 Protein Drug Targets Landscape: A Potential Pharmacological Insight View for the New Drug Development. Expert Rev Clin Pharmacol (2021) 14:225–38. doi: 10.1080/17512433.2021.1874348

19. Schadt, EE. Molecular Networks as Sensors and Drivers of Common Human Diseases. Nature (2009) 461:218–23. doi: 10.1038/nature08454

20. Wu, C, Zhu, J, and Zhang, X. Integrating Gene Expression and Protein-Protein Interaction Network to Prioritize Cancer-Associated Genes. BMC Bioinf (2012) 13:1–10. doi: 10.1186/1471-2105-13-182

21. Cookson, W, Liang, L, Abecasis, G, Moffatt, M, and Lathrop, M. Mapping Complex Disease Traits With Global Gene Expression. Nat Rev Genet (2009) 10:184–94. doi: 10.1038/nrg2537

22. Lowe, R, Shirley, N, Bleackley, M, Dolan, S, and Shafee, T. Transcriptomics Technologies. PLoS Comput Biol (2017) 13:e1005457. doi: 10.1371/journal.pcbi.1005457

23. Wilson, JA, Prow, NA, Schroder, WA, Ellis, JJ, Cumming, HE, Gearing, LJ, et al. RNA-Seq Analysis of Chikungunya Virus Infection and Identification of Granzyme A as a Major Promoter of Arthritic Inflammation. PLoS Pathog (2017) 13:e1006155. doi: 10.1371/journal.ppat.1006155

24. Monaco, G, Lee, B, Xu, W, Mustafah, S, Hwang, YY, Carre, C, et al. RNA-Seq Signatures Normalized by mRNA Abundance Allow Absolute Deconvolution of Human Immune Cell Types. Cell Rep (2019) 26:1627–1640. e1627. doi: 10.1016/j.celrep.2019.01.041

25. Zhou, Z, Ren, L, Zhang, L, Zhong, J, Xiao, Y, Jia, Z, et al. Heightened Innate Immune Responses in the Respiratory Tract of COVID-19 Patients. Cell Host & Microbe (2020) 27:883–890. e882. doi: 10.1016/j.chom.2020.04.017

26. Xiong, Y, Liu, Y, Cao, L, Wang, D, Guo, M, Jiang, A, et al. Transcriptomic Characteristics of Bronchoalveolar Lavage Fluid and Peripheral Blood Mononuclear Cells in COVID-19 Patients. Emerg Microbes & Infect (2020) 9:761–70. doi: 10.1080/22221751.2020.1747363

27. Ziegler, CG, Allon, SJ, Nyquist, SK, Mbano, IM, Miao, VN, Tzouanas, CN, et al. SARS-CoV-2 Receptor ACE2 Is an Interferon-Stimulated Gene in Human Airway Epithelial Cells and Is Detected in Specific Cell Subsets Across Tissues. Cell (2020) 181:1016–1035. e1019. doi: 10.1016/j.cell.2020.04.035

28. Jain, R, Ramaswamy, S, Harilal, D, Uddin, M, Loney, T, Nowotny, N, et al. Host Transcriptomic Profiling of COVID-19 Patients With Mild, Moderate, and Severe Clinical Outcomes. Comput Struct Biotechnol J (2021) 19:153–60. doi: 10.1016/j.csbj.2020.12.016

29. Tarca, AL, Romero, R, and Draghici, S. Analysis of Microarray Experiments of Gene Expression Profiling. Am J Obstetr Gynecol (2006) 195:373–88. doi: 10.1016/j.ajog.2006.07.001

30. Govindarajan, R, Duraiyan, J, Kaliyappan, K, and Palanisamy, M. Microarray and Its Applications. J Pharm & Bioallied Sci (2012) 4:S310. doi: 10.4103/0975-7406.100283

31. Knight, JC. Genomic Modulators of the Immune Response. Trends Genet (2013) 29:74–83. doi: 10.1016/j.tig.2012.10.006

32. Casanova, J-L, Su, HC, Abel, L, Aiuti, A, Almuhsen, S, Arias, AA, et al. A Global Effort to Define the Human Genetics of Protective Immunity to SARS-CoV-2 Infection. Cell (2020) 181:1194–9. doi: 10.1016/j.cell.2020.05.016

33. Florindo, HF, Kleiner, R, Vaskovich-Koubi, D, Acúrcio, RC, Carreira, B, Yeini, E, et al. Immune-Mediated Approaches Against COVID-19. Nat Nanotechnol (2020) 15:630–45. doi: 10.1038/s41565-020-0732-3

34. Barrett, T, Wilhite, S, Ledoux, P, Evangelista, C, Kim, I, Tomashevsky, M, et al. NCBI GEO: Archive for Functional Genomics Data Sets–Update. Nucleic Acids Res (2013) 41:D991–995. doi: 10.1093/nar/gks1193

35. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. Limma Powers Differential Expression Analyses for RNA-Sequencing and Microarray Studies. Nucleic Acids Res (2015) 43:e47–7. doi: 10.1093/nar/gkv007

36. Aubert, J, Bar-Hen, A, Daudin, J-J, and Robin, S. Determination of the Differentially Expressed Genes in Microarray Experiments Using Local FDR. BMC Bioinf (2004) 5:1–9. doi: 10.1186/1471-2105-5-125

37. Kumar, N, Hoque, MA, and Sugimoto, M. Robust Volcano Plot: Identification of Differential Metabolites in the Presence of Outliers. BMC Bioinf (2018) 19:128. doi: 10.1186/s12859-018-2117-2

38. McDermaid, A, Monier, B, Zhao, J, Liu, B, and Ma, Q. Interpretation of Differential Gene Expression Results of RNA-Seq Data: Review and Integration. Briefings Bioinf (2019) 20:2044–54. doi: 10.1093/bib/bby067

39. Luck, K, Kim, D-K, Lambourne, L, Spirohn, K, Begg, BE, Bian, W, et al. A Reference Map of the Human Binary Protein Interactome. Nature (2020) 580:402–8. doi: 10.1038/s41586-020-2188-x

40. Szklarczyk, D, Morris, J, Cook, H, Kuhn, M, Wyder, S, Simonovic, M, et al. The STRING Database in 2017: Quality-Controlled Protein-Protein Association Networks, Made Broadly Accessible. Nucleic Acids Res (2017) 45:D362–8. doi: 10.1093/nar/gkw937

41. Szklarczyk, D, Gable, AL, Lyon, D, Junge, A, Wyder, S, Huerta-Cepas, J, et al. STRING V11: Protein–Protein Association Networks With Increased Coverage, Supporting Functional Discovery in Genome-Wide Experimental Datasets. Nucleic Acids Res (2019) 47:D607–13. doi: 10.1093/nar/gky1131

42. Shannon, P, Markiel, A, Ozier, O, Baliga, NS, Wang, JT, Ramage, D, et al. Cytoscape: A Software Environment for Integrated Models of Biomolecular Interaction Networks. Genome Res (2003) 13:2498–504. doi: 10.1101/gr.1239303

43. Su, G, Morris, JH, Demchak, B, and Bader, GD. Biological Network Exploration With Cytoscape 3. Curr Protoc Bioinf (2014) 47:8.13. 11–18.13. doi: 10.1002/0471250953.bi0813s47

44. Zhou, Y, Zhou, B, Pache, L, Chang, M, Khodabakhshi, AH, Tanaseichuk, O, et al. Metascape Provides a Biologist-Oriented Resource for the Analysis of Systems-Level Datasets. Nat Commun (2019) 10:1–10. doi: 10.1038/s41467-019-09234-6

45. Li, T, Wernersson, R, Hansen, RB, Horn, H, Mercer, J, Slodkowicz, G, et al. A Scored Human Protein–Protein Interaction Network to Catalyze Genomic Interpretation. Nat Methods (2017) 14:61. doi: 10.1038/nmeth.4083

46. Stark, C, Breitkreutz, B-J, Reguly, T, Boucher, L, Breitkreutz, A, and Tyers, M. BioGRID: A General Repository for Interaction Datasets. Nucleic Acids Res (2006) 34:D535–9. doi: 10.1093/nar/gkj109

47. Chung, P-J, Bohme, JF, Mecklenbrauker, CF, and Hero, AO. Detection of the Number of Signals Using the Benjamini-Hochberg Procedure. IEEE Trans Signal Process (2007) 55:2497–508. doi: 10.1109/TSP.2007.893749

48. Saito, R, Smoot, M, Ono, K, Ruscheinski, J, Wang, P, and Lotia, S. A Travel Guide to Cytoscape Plug-Ins. Nat Methods (2012) 9:1069–76. doi: 10.1038/nmeth.2212

49. The RNAcentral Consortium. RNAcentral: A Hub of Information for Non-Coding RNA Sequences. Nucleic Acids Res (2019) 47:D221–9. doi: 10.1093/nar/gky1206

50. Benson, DA, Karsch-Mizrachi, I, Lipman, DJ, Ostell, J, and Wheeler, DL. GenBank. Nucleic Acids Res (2007) 35:D21–5. doi: 10.1093/nar/gkl986

51. Safran, M, Dalah, I, Alexander, J, Rosen, N, Iny Stein, T, Shmoish, M, et al. GeneCards Version 3: The Human Gene Integrator. Database (Oxford) (2010) 2010:baq020. doi: 10.1093/database/baq020

52. Stelzer, G, Rosen, N, Plaschkes, I, Zimmerman, S, Twik, M, Fishilevich, S, et al. The GeneCards Suite: From Gene Data Mining to Disease Genome Sequence Analyses. Curr Protoc Bioinf (2016) 54:1.30. 31–31.30. doi: 10.1002/cpbi.5

53. Roth, O, Solbakken, MH, Tørresen, OK, Bayer, T, Matschiner, M, Baalsrud, HT, et al. Evolution of Male Pregnancy Associated With Remodeling of Canonical Vertebrate Immunity in Seahorses and Pipefishes. Proc Natl Acad Sci (2020) 117:9431–9. doi: 10.1073/pnas.1916251117

54. Shakespear, MR, Hohenhaus, DM, Kelly, GM, Kamal, NA, Gupta, P, Labzin, LI, et al. Histone Deacetylase 7 Promotes Toll-Like Receptor 4-Dependent Proinflammatory Gene Expression in Macrophages. J Biol Chem (2013) 288:25362–74. doi: 10.1074/jbc.M113.496281

55. Bouafia, A, Lofek, S, Bruneau, J, Chentout, L, Lamrini, H, Trinquand, A, et al. Loss of ARHGEF1 Causes a Human Primary Antibody Deficiency. J Clin Invest (2019) 129:1047–60. doi: 10.1172/JCI120572

56. Omari, KM, John, G, Lango, R, and Raine, CS. Role for CXCR2 and CXCL1 on Glia in Multiple Sclerosis. Glia (2006) 53:24–31. doi: 10.1002/glia.20246

57. Li, JL, Lim, CH, Tay, FW, Goh, CC, Devi, S, Malleret, B, et al. Neutrophils Self-Regulate Immune Complex-Mediated Cutaneous Inflammation Through CXCL2. J Invest Dermatol (2016) 136:416–24. doi: 10.1038/JID.2015.410

58. Mittal, P, Romero, R, Kusanovic, JP, Edwin, SS, Gotsch, F, Mazaki-Tovi, S, et al. ORIGINAL ARTICLE: CXCL6 (Granulocyte Chemotactic Protein-2): A Novel Chemokine Involved in the Innate Immune Response of the Amniotic Cavity. Am J Reprod Immunol (2008) 60:246–57. doi: 10.1111/j.1600-0897.2008.00620.x

59. Russo, RC, Garcia, CC, Teixeira, MM, and Amaral, FA. The CXCL8/IL-8 Chemokine Family and Its Receptors in Inflammatory Diseases. Expert Rev Clin Immunol (2014) 10:593–619. doi: 10.1586/1744666X.2014.894886

60. Moulin, D, Donzé, O, Talabot-Ayer, D, Mézin, F, Palmer, G, and Gabay, C. Interleukin (IL)-33 Induces the Release of Pro-Inflammatory Mediators by Mast Cells. Cytokine (2007) 40:216–25. doi: 10.1016/j.cyto.2007.09.013

61. Liu, M, Guo, S, and Stiles, JK. The Emerging Role of CXCL10 in Cancer (Review). Oncol Lett (2011) 2:583–9. doi: 10.3892/ol.2011.300

62. Yadav, A, Saini, V, and Arora, S. MCP-1: Chemoattractant With a Role Beyond Immunity: A Review. Clin Chim Acta (2010) 411:1570–9. doi: 10.1016/j.cca.2010.07.006

63. Farber, JM. Mig and IP-10: CXC Chemokines That Target Lymphocytes. J Leukoc Biol (1997) 61:246–57. doi: 10.1002/jlb.61.3.246

64. Schaller, TH, Batich, KA, Suryadevara, CM, Desai, R, and Sampson, JH. Chemokines as Adjuvants for Immunotherapy: Implications for Immune Activation With CCL3. Expert Rev Clin Immunol (2017) 13:1049–60. doi: 10.1080/1744666X.2017.1384313

65. Bystry, RS, Aluvihare, V, Welch, KA, Kallikourdis, M, and Betz, AG. B Cells and Professional APCs Recruit Regulatory T Cells via CCL4. Nat Immunol (2001) 2:1126–32. doi: 10.1038/ni735

66. Collette, Y, Gilles, A, Pontarotti, P, and Olive, D. A Co-Evolution Perspective of the TNFSF and TNFRSF Families in the Immune System. Trends Immunol (2003) 24:387–94. doi: 10.1016/S1471-4906(03)00166-2

67. Allen, JR, Ge, L, Huang, Y, Brauer, R, Parimon, T, Cassel, SL, et al. TIMP-1 Promotes the Immune Response in Influenza-Induced Acute Lung Injury. Lung (2018) 196:737–43. doi: 10.1007/s00408-018-0154-2

68. Lubbers, R, Van Essen, M, Van Kooten, C, and Trouw, L. Production of Complement Components by Cells of the Immune System. Clin & Exp Immunol (2017) 188:183–94. doi: 10.1111/cei.12952

69. Dunn, E, Sims, JE, Nicklin, MJH, and O’neill, L. Annotating Genes With Potential Roles in the Immune System: Six New Members of the IL-1 Family. Trends Immunol (2001) 22:533–6. doi: 10.1016/S1471-4906(01)02034-8

70. Alizadeh, A, Santhosh, KT, Kataria, H, Gounni, AS, and Karimi-Abdolrezaee, S. Neuregulin-1 Elicits a Regulatory Immune Response Following Traumatic Spinal Cord Injury. J Neuroinflamm (2018) 15:1–21. doi: 10.1186/s12974-018-1093-9

71. Kubo, M, and Motomura, Y. Transcriptional Regulation of the Anti-Inflammatory Cytokine IL-10 in Acquired Immune Cells. Front Immunol (2012) 3:275. doi: 10.3389/fimmu.2012.00275

72. Kaljas, Y, Liu, C, Skaldin, M, Wu, C, Zhou, Q, Lu, Y, et al. Human Adenosine Deaminases ADA1 and ADA2 Bind to Different Subsets of Immune Cells. Cell Mol Life Sci (2017) 74:555–70. doi: 10.1007/s00018-016-2357-0

73. Jin, Z, Mendu, SK, and Birnir, B. GABA Is an Effective Immunomodulatory Molecule. Amino Acids (2013) 45:87–94. doi: 10.1007/s00726-011-1193-7

74. Meyaard, L, Adema, GJ, Chang, C, Woollatt, E, Sutherland, GR, Lanier, LL, et al. LAIR-1, A Novel Inhibitory Receptor Expressed on Human Mononuclear Leukocytes. Immunity (1997) 7:283–90. doi: 10.1016/S1074-7613(00)80530-0

75. Schroder, K, Hertzog, PJ, Ravasi, T, and Hume, DA. Interferon-γ: An Overview of Signals, Mechanisms and Functions. J Leukoc Biol (2004) 75:163–89. doi: 10.1189/jlb.0603252

76. Ozato, K, Shin, D-M, Chang, T-H, and Morse, HC. TRIM Family Proteins and Their Emerging Roles in Innate Immunity. Nat Rev Immunol (2008) 8:849–60. doi: 10.1038/nri2413

77. Glowacka, I, Bertram, S, Müller, MA, Allen, P, Soilleux, E, Pfefferle, S, et al. Evidence That TMPRSS2 Activates the Severe Acute Respiratory Syndrome Coronavirus Spike Protein for Membrane Fusion and Reduces Viral Control by the Humoral Immune Response. J Virol (2011) 85:4122–34. doi: 10.1128/JVI.02232-10

78. Krischuns, T, Günl, F, Henschel, L, Binder, M, Willemsen, J, Schloer, S, et al. Phosphorylation of TRIM28 Enhances the Expression of IFN-β and Proinflammatory Cytokines During HPAIV Infection of Human Lung Epithelial Cells. Front Immunol (2018) 9:2229. doi: 10.3389/fimmu.2018.02229

79. Georgila, K, Vyrla, D, and Drakos, E. Apolipoprotein AI (ApoA-I), Immunity, Inflammation and Cancer. Cancers (2019) 11:1097. doi: 10.3390/cancers11081097

80. Goswami, R, and Kaplan, MH. "Chapter Four - STAT Transcription Factors in T Cell Control of Health and Disease". In:  L Galluzzi, editor. International Review of Cell and Molecular Biology. Knoxville, USA: Academic Press. (2017). p. 123–80.

81. Park, G-H, Kim, K-Y, Cho, SW, Cheong, JY, Im Yu, G, Shin, DH, et al. Association Between Interferon-Inducible Protein 6 (IFI6) Polymorphisms and Hepatitis B Virus Clearance. Genomics & Inf (2013) 11:15–23. doi: 10.5808/GI.2013.11.1.15

82. Yánez, DC, Ross, S, and Crompton, T. The IFITM Protein Family in Adaptive Immunity. Immunology (2020) 159:365–72. doi: 10.1111/imm.13163

83. Praefcke, GJK. Regulation of Innate Immune Functions by Guanylate-Binding Proteins. Int J Med Microbiol (2018) 308:237–45. doi: 10.1016/j.ijmm.2017.10.013

84. Disteldorf, EM, Krebs, CF, Paust, H-J, Turner, J-E, Nouailles, G, Tittel, A, et al. CXCL5 Drives Neutrophil Recruitment in TH17-Mediated GN. J Am Soc Nephrol (2015) 26:55–66. doi: 10.1681/ASN.2013101061

85. Dotan, I, Werner, L, Vigodman, S, Weiss, S, Brazowski, E, Maharshak, N, et al. CXCL12 Is a Constitutive and Inflammatory Chemokine in the Intestinal Immune System. Inflammatory Bowel Dis (2009) 16:583–92. doi: 10.1002/ibd.21106

86. Lorenzo, J. "The Effects of Immune Cell Products (Cytokines and Hematopoietic Cell Growth Factors) on Bone Cells,". In: Osteoimmunology. Elsevier: Academic Press (2016). p. 143–67.

87. Crampton, SP, Deane, JA, Feigenbaum, L, and Bolland, S. Ifih1 Gene Dose Effect Reveals MDA5-Mediated Chronic Type I IFN Gene Signature, Viral Resistance, and Accelerated Autoimmunity. J Immunol (2012) 188:1451–9. doi: 10.4049/jimmunol.1102705

88. Fensterl, V, and Sen, GC. Interferon-Induced Ifit Proteins: Their Role in Viral Pathogenesis. J Virol (2015) 89:2462–8. doi: 10.1128/JVI.02744-14

89. Velazquez-Salinas, L, Verdugo-Rodriguez, A, Rodriguez, LL, and Borca, MV. The Role of Interleukin 6 During Viral Infections. Front Microbiol (2019) 10:1057. doi: 10.3389/fmicb.2019.01057

90. Yılmaz, V, Yentür, SP, and Saruhan-Direskeneli, G. IL-12 and IL-10 Polymorphisms and Their Effects on Cytokine Production. Cytokine (2005) 30:188–94. doi: 10.1016/j.cyto.2005.01.006

91. Li, Y, Ohms, SJ, Sun, C, and Fan, J. NF-κb Controls Il2 and Csf2 Expression During T Cell Development and Activation Process. Mol Biol Rep (2013) 40:1685–92. doi: 10.1007/s11033-012-2219-2

92. Guerrini, MM, and Takayanagi, H. The Immune System, Bone and RANKL. Arch Biochem Biophys (2014) 561:118–23. doi: 10.1016/j.abb.2014.06.003

93. Kuczma, M, Kurczewska, A, and Kraj, P. Modulation of Bone Morphogenic Protein Signaling in T-Cells for Cancer Immunotherapy. J Immunotoxicol (2014) 11:319–27. doi: 10.3109/1547691X.2013.864736

94. Blom, AM, Villoutreix, BO, and Dahlbäck, B. Complement Inhibitor C4b-Binding Protein—Friend or Foe in the Innate Immune System? Mol Immunol (2004) 40:1333–46. doi: 10.1016/j.molimm.2003.12.002

95. Comerford, I, Bunting, M, Fenix, K, Haylock-Jacobs, S, Litchfield, W, Harata-Lee, Y, et al. An Immune Paradox: How Can the Same Chemokine Axis Regulate Both Immune Tolerance and Activation? CCR6/CCL20: A Chemokine Axis Balancing Immunological Tolerance and Inflammation in Autoimmune Disease. Bioessays (2010) 32:1067–76. doi: 10.1002/bies.201000063

96. Du, X, and Williams, DA. Interleukin-11: Review of Molecular, Cell Biology, and Clinical Use. Blood J Am Soc Hematol (1997) 89:3897–908. doi: 10.1182/blood.V89.11.3897

97. Gallagher, G, Eskdale, J, Jordan, W, Peat, J, Campbell, J, Boniotto, M, et al. Human Interleukin-19 and Its Receptor: A Potential Role in the Induction of Th2 Responses. Int Immunopharmacol (2004) 4:615–26. doi: 10.1016/j.intimp.2004.01.005

98. Kumar, SU, Kumar, DT, Siva, R, Doss, C, and Zayed, H. Integrative Bioinformatics Approaches to Map Potential Novel Genes and Pathways Involved in Ovarian Cancer. Front Bioeng Biotechnol (2019) 7:391. doi: 10.3389/fbioe.2019.00391

99. Udhaya Kumar, S, Thirumal Kumar, D, Bithia, R, Sankar, S, Magesh, R, Sidenna, M, et al. Analysis of Differentially Expressed Genes and Molecular Pathways in Familial Hypercholesterolemia Involved in Atherosclerosis: A Systematic and Bioinformatics Approach. Front Genet (2020) 11:734. doi: 10.3389/fgene.2020.00734

100. Zhang, Q, Meng, Y, Wang, K, Zhang, X, Chen, W, Sheng, J, et al. Inflammation and Antiviral Immune Response Associated With Severe Progression of COVID-19. Front Immunol (2021) 12:135. doi: 10.3389/fimmu.2021.631226

101. Yang, EJ, Seo, JW, and Choi, IH. Ribosomal Protein L19 and L22 Modulate TLR3 Signaling. Immune Netw (2011) 11:155–62. doi: 10.4110/in.2011.11.3.155

102. Messina, F, Giombini, E, Montaldo, C, Sharma, AA, Zoccoli, A, Sekaly, RP, et al. Looking for Pathways Related to COVID-19: Confirmation of Pathogenic Mechanisms by SARS-CoV-2–Host Interactome. Cell Death & Dis (2021) 12:1–10. doi: 10.1038/s41419-021-03881-8

103. Gordon, DE, Jang, GM, Bouhaddou, M, Xu, J, Obernier, K, White, KM, et al. A SARS-CoV-2 Protein Interaction Map Reveals Targets for Drug Repurposing. Nature (2020) 583:459–68. doi: 10.1038/s41586-020-2286-9

104. Bojkova, D, Klann, K, Koch, B, Widera, M, Krause, D, Ciesek, S, et al. Proteomics of SARS-CoV-2-Infected Host Cells Reveals Therapy Targets. Nature (2020) 583:469–72. doi: 10.1038/s41586-020-2332-7

105. Chakraborty, C, Roy, SS, Hsu, MJ, and Agoramoorthy, G. Landscape Mapping of Functional Proteins in Insulin Signal Transduction and Insulin Resistance: A Network-Based Protein-Protein Interaction Analysis. PLoS One (2011) 6:e16388. doi: 10.1371/journal.pone.0016388

106. Kuzmanov, U, and Emili, A. Protein-Protein Interaction Networks: Probing Disease Mechanisms Using Model Systems. Genome Med (2013) 5:1–12. doi: 10.1186/gm441

107. Chakraborty, C, Priya, D, Chen, L, and Zhu, H. Evaluating Protein-Protein Interaction (PPI) Networks for Diseases Pathway, Target Discovery, and Drug-Design Using ‘In Silico Pharmacology’. Curr Protein Pept Sci (2014) 15:561–71. doi: 10.2174/1389203715666140724090153

108. Zhang, Y, Zeng, T, Chen, L, Ding, S, Huang, T, and Cai, Y-D. Identification of COVID-19 Infection-Related Human Genes Based on a Random Walk Model in a Virus–Human Protein Interaction Network. BioMed Res Int (2020) 2020:4256301. doi: 10.1155/2020/4256301

109. Alsamman, AM, and Zayed, H. The Transcriptomic Profiling of SARS-CoV-2 Compared to SARS, MERS, EBOV, and H1N1. PLoS One (2020) 15:e0243270. doi: 10.1371/journal.pone.0243270

110. Zheng, M, Hu, Y, Gou, R, Nie, X, Li, X, Liu, J, et al. Identification Three LncRNA Prognostic Signature of Ovarian Cancer Based on Genome-Wide Copy Number Variation. Biomed & Pharmacother (2020) 124:109810. doi: 10.1016/j.biopha.2019.109810

111. Wu, Y-Y, Wang, S-H, Wu, C-H, Yen, L-C, Lai, H-F, Ho, C-L, et al. In Silico Immune Infiltration Profiling Combined With Functional Enrichment Analysis Reveals a Potential Role for Naïve B Cells as a Trigger for Severe Immune Responses in the Lungs of COVID-19 Patients. PLoS One (2020) 15:e0242900. doi: 10.1371/journal.pone.0242900

112. Hu, X, Shen, G, Lu, X, Ding, G, and Shen, L. Identification of Key Proteins and lncRNAs in Hypertrophic Cardiomyopathy by Integrated Network Analysis. Arch Med Sci: AMS (2019) 15:484–97. doi: 10.5114/aoms.2018.75593

113. Tay, MZ, Poh, CM, Rénia, L, MacAry, PA, and Ng, LFP. The Trinity of COVID-19: Immunity, Inflammation and Intervention. Nat Rev Immunol (2020) 20:363–74. doi: 10.1038/s41577-020-0311-8




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Chakraborty, Sharma, Bhattacharya, Zayed and Lee. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 16 December 2021

doi: 10.3389/fimmu.2021.762782

[image: image2]


Investigation of the Molecular Mechanism of Coagulopathy in Severe and Critical Patients With COVID-19


Daniel Elieh Ali Komi 1†, Yaghoub Rahimi 1†, Rahim Asghari 2†‡, Reza Jafari 2,3†‡, Javad Rasouli 4†, Mehdi Mohebalizadeh 5†, Ata Abbasi 6†, Rahim Nejadrahim 7†, Farzin Rezazadeh 8† and Vahid Shafiei-Irannejad 1*†


1 Cellular and Molecular Research Center, Cellular and Molecular Medicine Institute, Urmia University of Medical Sciences, Urmia, Iran, 2 Hematology, Immune Cell Therapy, and Stem Cells Transplantation Research Center, Clinical Research Institute, Urmia University of Medical Sciences, Urmia, Iran, 3 Nephrology and Kidney Transplant Research Center, Clinical Research Institute, Urmia University of Medical Sciences, Urmia, Iran, 4 Department of Epidemiology and Biostatistics, Faculty of Medicine, Urmia University of Medical Sciences, Urmia, Iran, 5 Student Research Committee, Urmia University of Medical Sciences, Urmia, Iran, 6 Department of Pathology, Faculty of Medicine, Urmia University of Medical Sciences, Urmia, Iran, 7 Department of Infectious Diseases, Faculty of Medicine, Urmia University of Medical Sciences, Urmia, Iran, 8 Department of Emergency Medicine, Faculty of Medicine, Urmia University of Medical Sciences, Urmia, Iran




Edited by: 

Vishwanath Venketaraman, Western University of Health Sciences, United States

Reviewed by: 

Ahmed Abdel-Razik, Mansoura University, Egypt

Andree Kurniawan, University of Pelita Harapan, Indonesia

*Correspondence: 

Vahid Shafiei-Irannejad
 Shafiei.v@umsu.ac.ir

†ORCID: 

Daniel Elieh Ali Komi
 orcid.org/0000-0003-0546-5280 

Yaghoub Rahimi
 orcid.org/0000-0003-2320-6303 

Rahim Asghari
 orcid.org/0000-0002-7174-6446 

Reza Jafari
 orcid.org/0000-0003-2036-9043 

Javad Rasouli
 orcid.org/0000-0003-1467-9969 

Mehdi Mohebalizadeh
 orcid.org/0000-0001-9062-4869 

Ata Abbasi
 orcid.org/0000-0001-8000-8819 

Rahim Nejadrahim
 orcid.org/0000-0003-1676-9722 

Farzin Rezazadeh
 orcid.org/0000-0003-3088-9026 

Vahid Shafiei-Irannejad
 orcid.org/0000-0003-2088-8986

‡These authors have contributed equally to this work

Specialty section: 
 This article was submitted to Viral Immunology, a section of the journal Frontiers in Immunology


Received: 22 August 2021

Accepted: 26 November 2021

Published: 16 December 2021

Citation:
Elieh Ali Komi D, Rahimi Y, Asghari R, Jafari R, Rasouli J, Mohebalizadeh M, Abbasi A, Nejadrahim R, Rezazadeh F and Shafiei-Irannejad V (2021) Investigation of the Molecular Mechanism of Coagulopathy in Severe and Critical Patients With COVID-19. Front. Immunol. 12:762782. doi: 10.3389/fimmu.2021.762782



Coagulopathy is a frequently reported finding in the pathology of coronavirus disease 2019 (COVID-19); however, the molecular mechanism, the involved coagulation factors, and the role of regulatory proteins in homeostasis are not fully investigated. We explored the dynamic changes of nine coagulation tests in patients and controls to propose a molecular mechanism for COVID-19-associated coagulopathy. Coagulation tests including prothrombin time (PT), partial thromboplastin time (PTT), fibrinogen (FIB), lupus anticoagulant (LAC), proteins C and S, antithrombin III (ATIII), D-dimer, and fibrin degradation products (FDPs) were performed on plasma collected from 105 individuals (35 critical patients, 35 severe patients, and 35 healthy controls). There was a statically significant difference when the results of the critical (CRT) and/or severe (SVR) group for the following tests were compared to the control (CRL) group: PTCRT (15.014) and PTSVR (13.846) (PTCRL = 13.383, p < 0.001), PTTCRT (42.923) and PTTSVR (37.8) (PTTCRL = 36.494, p < 0.001), LACCRT (49.414) and LACSVR (47.046) (LACCRL = 40.763, p < 0.001), FIBCRT (537.66) and FIBSVR (480.29) (FIBCRL = 283.57, p < 0.001), ProCCRT (85.57%) and ProCSVR (99.34%) (ProCCRL = 94.31%, p = 0.04), ProSCRT (62.91%) and ProSSVR (65.06%) (ProSCRL = 75.03%, p < 0.001), D-dimer (p < 0.0001, χ2 = 34.812), and FDP (p < 0.002, χ2 = 15.205). No significant association was found in the ATIII results in groups (ATIIICRT = 95.71% and ATIIISVR = 99.63%; ATIIICRL = 98.74%, p = 0.321). D-dimer, FIB, PT, PTT, LAC, protein S, FDP, and protein C (ordered according to p-values) have significance in the prognosis of patients. Disruptions in homeostasis in protein C (and S), VIII/VIIIa and V/Va axes, probably play a role in COVID-19-associated coagulopathy.




Keywords: COVID-19, coagulopathy, fibrinogen, protein C (PC), protein S, antithrombin III (ATIII), D-dimer (DD)



Introduction

Coagulation is a dynamic process that is driven by the regulated proteolytic activation of zymogens (commonly known as coagulation factors) in injured vessels. Coagulation factors, except for FVIII, which is produced by liver sinusoidal endothelial cells and lymphatic tissue, are all produced by hepatocytes (1). The main mechanisms (pathways) that trigger blood clotting include intrinsic and extrinsic pathways, each including a set of coagulation proteins in which factors I, II, IX, X, XI, and XII are the main factors in the intrinsic pathway and factors I, II, VII, and X are the factors described in the extrinsic pathway. Activated partial thromboplastin time (aPTT) and prothrombin time (PT) tests primarily measure the activity of the factors involved in the intrinsic and extrinsic pathways, respectively (2, 3). Moreover, the common pathway is composed of factors I, II, V, VIII, and X (4). The proper proteolytic activation of coagulation factors controlled by a variety of regulatory proteins results in the conversion of soluble fibrinogen to insoluble fibrin strands (5). Fibrinogen, a 340-kDa glycoprotein, is an acute-phase protein consisting of three polypeptide chains, Aα, Bβ, and γ, and becomes upregulated in response to injury and inflammation (5). The term lupus anticoagulant (LAC) is used to determine heterogeneous immunoglobulins, their function resulting in the inhibition of phospholipid-dependent coagulation reactions (6). Moreover, LACs can prolong the PTT test; therefore, a LAC test is used to evaluate prolonged PTT (7). Coagulation regulatory proteins such as antithrombin III (ATIII), protein C, and D-dimer are involved in the normal function and homeostasis of the coagulation system. ATIII, a crucial anticoagulant molecule in mammalian blood, benefits from its cofactor, heparin, to inhibit the coagulation proteases, mainly thrombin and factor Xa (8). Proteins C and S are vitamin K-dependent glycoproteins. Protein S, the cofactor for protein C, supports the activated protein C in the presence of phospholipids and calcium in the inactivation of membrane-bound factors V (FVa) and FVIIIa (9). The mechanistic pathways through which protein C exerts its effects on the coagulation cascades include degrading factors V/Va and VIII/VIIIa, releasing a tissue-type plasminogen activator, and stimulating fibrinolysis by interacting with the plasminogen activator inhibitor (10). Fibrinolysis is an essential step in homeostasis that is finely controlled by a set of cofactors and inhibitors. Plasmin acts as the primary fibrinolysin and is activated from plasminogen in the presence of a tissue plasminogen activator (tPA) or urokinase (uPA) (11). Plasmin, after being produced, lyses the cross-linked fibrin polymers and consequently forms fibrin degradation products (FDPs) such as D-dimer, which is widely used as a specific marker for thrombosis and physiological fibrinolysis (12) (Figure 1). The coagulopathy and abnormal results in coagulation tests have become common features reported in patients with COVID-19 from the very early days of the emergence of the new coronavirus strain. We listed both the common coagulation tests, including PT, PTT, fibrinogen, and D-dimer, and those rarely investigated, such as regulatory proteins C and S as well as ATIII, in patients with COVID-19 along with the main results in Table 1. COVID-19-dependent coagulopathy gained attention when PT, aPTT, fibrinogen, and D-dimer tests were recommended by researchers to evaluate the proper homeostasis of the system associated with the prognosis of patients. Moreover, the prophylactic use of anticoagulants was proven to be effective in lowering the mortality rate and highlighted the role of the coagulation system in COVID-19 (31). The link between thrombosis and COVID-19 as an inflammatory disease has been investigated (32, 33). In the present study, we used a coagulation panel of nine coagulation tests to assess the coagulation pathways in 105 included individuals to determine the molecular mechanism through which COVID-19 disrupts the homeostasis of the coagulation system.




Figure 1 | Depiction of the intrinsic, extrinsic, and fibrinolysis pathways in green, blue, and yellow, respectively. The involved coagulation factors for each pathway are shown. Regulatory proteins and their target molecules are shown in red.




Table 1 | Brief literature review of the clinical laboratory coagulation indexes previously reported in coronavirus disease 2019 (COVID-19) patients.





Materials and Methods


Inclusion/Exclusion Criteria

We followed the guidelines for Corona Virus Disease 2019 edited by the Iranian National Health Commission (similar to the WHO guidelines and the New Coronavirus Pneumonia Prevention and Control Program, 7th edition, published by the National Health Commission of China) to classify the patients into critical and severe groups (34, 35). The criteria used for the inclusion of individuals into each group are summarized in Table 2. All 70 included patients had a positive result of the nucleic acid test of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) by RT-PCR using primers targeting the RNA-dependent RNA polymerase (RdRP) and either nucleocapsid (N), envelope (E), or spike (S) genes. A negative result (using the same probes) was used as the main inclusion criterion for the control (CRL) group. All patients were tested for lung involvement by CT imaging. Moreover, individuals in the CRL group had no physical features of COVID-19 such as fever or coughing and never had a positive RT-PCR result before. We also checked immediate family history to exclude those who have and/or had a family member with a positive PCR test to exclude the possibility of including asymptomatic carriers as healthy controls. Considering that almost all coagulation factors are produced in the liver, any functional disorder in the organ may result in abnormal plasma levels of the factors; therefore, we performed liver functional tests (LFTs) for all 105 included individuals.


Table 2 | Inclusion criteria for the recruitment of individuals into the control (CRL), severe (SVR), and critical (CTL) groups.





Demographic Features of Patients

In this case–control study, 105 individuals were included and classified into three groups (critical, severe, and control), each consisting of 35 individuals [20 males (57.1%) and 15 females (42.9%)]. The demographic data are presented in Table 3. The mean ages in the three groups were 52.03 (SD = 15.06), 50.91 (SD = 16.42), and 50.34 years (SD = 20.84), respectively. In the critical (CTL) group, the mean weight and height were 72.51 ± 14.75 kg and 163.26 ± 13.88 cm (BMI = 27.86 ± 9.35), while the same parameters in the severe group were measured at 79.14 ± 9.95 kg and 171.80 ± 7.50 cm (BMI = 26.83 ± 3.09), respectively. In the severe (SVR) group, 3 patients had cardiovascular disease, 9 had hypertension, 7 were found with diabetes, and one had pulmonary disease. Furthermore, in the CTL group, 9 had cardiovascular disease, 15 had hypertension, 5 were found with diabetes, one with kidney disease, and two with pulmonary disease. These patients were using metformin, glibenclamide, captopril, or losartan to control their chronic diseases, which have no effects on the coagulation factors. Due to the prophylactic guidelines for the administration of anticoagulation drugs to patients with poor health conditions, we collected the samples at admission before any medical intervention. Moreover, we checked for history of any drug use that could potentially interfere with our results by referring to medical insurance records and through collecting information using an enrollment form. Assuming an α value set at 0.05 (type I error), β at 0.10 (type II errors), a dropout rate of 5%, and considering the results of Gao et al. (15), the sample size was set at a minimum of 35 patients in each group to compare the differences between the means. Patients in the severe and critical groups were selected from hospitalized patients in COVID and ICU wards, respectively, from either Urmia General Hospital or Taleghani Hospital in Urmia, Iran.


Table 3 | Demographic features of the patients in control (CRL), severe (SVR), and critical (CTL) groups.





Sample Collection and Preparation

Approximately 1.8 ml of peripheral blood was collected into tubes containing 0.2 ml sodium citrate (3.2%). The tubes were immediately gently mixed and centrifuged (1,200 × g, 10 min), and the appearance of the plasma was checked to exclude icteric (abnormal function of the liver), lipemic (as a preclinical error especially in photometric assays) (36), and hemolyzed specimens (37) or tubes with micro-clots (38). Considering that prolonged storage of plasma specimens negatively affects the results of coagulation tests (39), we managed to perform this study at the peak of the fifth wave of the disease in Iran in order to include as many patients as possible. This strategy helped us collect all the required samples rapidly and to perform the coagulation tests quickly without freezing the plasma samples. All tests were run within 3 h after sample collection. According to the partially low stability of D-dimer in plasma (40), and using semi-quantitative kits to measure D-dimer and FDPs, we performed these tests before the other tests.



Materials

The PT (NeoPTimal), aPTT (C.K. PREST), CaCL2 (0.025 M), fibrinogen (STA-Liquid Fib), anti-lupus coagulant, fibrinogen, protein C (STACLOT), protein S (STACLOT), antithrombin III (STACHROM), Owren–Koller, Desorb-U, D-dimer, and FDP kits were purchased from Stago Co., Asnières sur seine, France. All tests, except for the D-dimer and FDPs, were performed using the fully automated STA Compact® System (Diagnostica Stago, Asnières sur seine, France). We used semi-quantitative D-dimer and FDP kits (benefiting from latex particles coated with monoclonal antibodies to D-dimer or FDP, respectively). Moreover, Toshiba Alexion 16-slice (Toshiba, Japan) and GE BrightSpeed Elite 16 Slice (Chicago, IL, USA) were used for CT scans of the patient groups, and micPCR Biomolecular Systems (Upper Coomera, Australia) was used for the PCR testing of all individuals.



Performing Coagulation Tests

After obtaining the samples, we checked them twice before and after putting them on the mixer to exclude any samples with visible signs of clotting or micro-clots. After 5 min of mixing the samples, they were centrifuged and the obtained plasma samples were analyzed for D-dimer and FDPs; then, the plasma samples were poured into conventional plastic tubes and loaded into the autoanalyzer. To perform semi-quantitative D-dimer and FDP tests, we used the glycine buffer to dilute each plasma sample in plastic test tubes. For the D-dimer test, we added 20 ml of reagent 1 (including ready-to-use latex particles coated with mouse anti-human D-dimer monoclonal antibody) to 20 ml of undiluted/diluted plasma samples of each individual, mixed gently, and assessed the agglutination. The interpretation of the results was done using the protocol provided in Table 4. A similar protocol was used for the FDP test, but with only two diluted concentrations/titers (1:2 and 1:8) assessed for agglutination according to the instruction of the manufacturer. We performed the rest of the tests using a fully automated STA Compact® System (Diagnostica Stago, France) in a duplicate manner. We did quality control testing for each run using STA-System Control N+P.


Table 4 | Approximate diluted/undiluted concentrations and the titers for the D-dimer and fibrin degradation product (FDP) test.





Statistical Analysis

The data obtained from the autoanalyzer for PT, PTT, fibrinogen, lupus anticoagulant, proteins C and S, and ATIII (quantitative tests) and for D-dimer and FDPs (semi-quantitative tests) were reported. Statistical analysis was performed using SPSS (ver. 21; IBM, Armonk, NY, USA). To compare the groups, we used one-way ANOVA, Fisher’s exact test, and chi-square tests. A p-value <0.05 was considered to be statistically significant.




Results


Analysis of the Results of the Three Studied Groups

According to the results, there was no association between the age, weight, and BMI of individuals (p = 0.92, 0.03, 0.54, respectively). The elevated PT test results have been frequently reported in previous investigations worldwide. Table 5 summarizes the statistical analysis of the data obtained from the STA Compact® system. Our results showed that while the average PT result in the CRL group was 13.38 ± 0.73 [the international sensitivity index (ISI) of the kit was 1.05; international normalized ratio (INR) = 1.03 ± 0.06], it was significantly elevated in both patient groups, in which the mean PT in the SVR group was 13.85 ± 1.12s (INR = 1.07 ± 0.09) and that in the CTL group was 15.01 ± 1.68s (INR = 1.17 ± 0.14, p < 0.001). Notably, the one-way ANOVA results showed a significant difference in the mean PT results between the patient groups (p < 0.001). The general trend for the results of the PTT test was similar to that of the PT test, in which the mean results for the test (expressed in seconds) in the CRL group was 36.50 ± 2.64, while it was 37.80 ± 3.73 in the SVR group and 42.92 ± 6.62 in the CTL group. Interestingly, the difference between the two patient groups was statistically significant (p < 0.001). For a better presentation of the obtained data, we showed the results of each patient independently. According to Figures 2A–C, the PT results showed an increasing trend from the CRL to the SVR and CRL groups. Non-survivors have been marked by black circles. The INR results for each included individual are presented in Figures 2D, F. The PTT test results followed a similar trend (minimum in the CRL group and maximum in the CRL group) (Figures 2G–I). Analysis of the results for the anti-lupus coagulant test revealed an increasing trend among the groups, in which the average for the controls was 40.76 ± 3.48 s; however, it increased to 47.05 ± 8.25 s in the SVR group and to 49.41 ± 9.24 s in the CTL group. The results for the fibrinogen test provided solid evidence that the fibrinogen levels vary between patients and controls significantly. It is clear that, while the average level of fibrinogen was 283.57 ± 70.51 mg/dl in the CRL group, it went up to 480.29 ± 129.60 mg/dl in the SVR group (p < 0.001) and to 537.66 ± 142.68 mg/dl in the CTL group (p < 0.001). According to the results of the ATIII test, there was no significant difference among the three studied groups (p = 0.321), where the average activity of ATIII in the CRL group was 98.74 ± 10.40%, in SVR group was 99.63 ± 11.56%, and in the CTL group was 95.71 ± 11.96%. The results for each individual for the anti-lupus coagulant test are represented in Figures 3A–C. The CRL group had the lowest levels, while the CTL group had the highest levels. Investigation of the fibrinogen levels showed that the CRL group had the lowest levels. The fibrinogen levels were significantly increased in the SVR group; however, the CTL group had the highest levels among all groups (Figures 3D–F). The results for ATIII, unlike other tests, revealed that there was no significant difference among the three studied groups (Figures 3G–I). Additionally, analysis of the results for protein C showed that the activity of this regulatory protein was 94.31 ± 17.07% in the CRL group, while it increased to 99.34 ± 31.6% in the SVR group. The activity levels of this protein were found to be lower in the CTL group (85.57 ± 15.79%, p = 0.04). The ANOVA results showed that the difference between the activity levels of protein C between the CTL and CRL groups was statistically significant, but not to that of the previous tests (p = 0.032). Moreover, our result showed that protein S, the cofactor of protein C, had lower activity in the patient groups compared to the CRL group, in which the highest activity was reported in the CRL group (75.03 ± 9.39%), while its activity dropped to 65.06 ± 12.76% in the SVR group. The lowest activity of protein S was observed in the CTL group (62.91 ± 12.32%, p < 0.001). According to Figures 4A–C, the minimum activity of protein C was observed in the CTL group. A similar trend was observed when we investigated the protein S levels (Figures 4D–F). According to the results regarding the D-dimer test, of the 35 individuals in the CRL group, 31 (88.6%) had D-dimer levels <0.5 μg/ml and 4 (11.4%) had D-dimer levels between 0.5 and 1.0 μg/ml. Twenty-four (68.6%) patients in the SVR group were found to have D-dimer levels below 0.5 μg/ml, and 11 (31.4%) had levels between 0.5 and 1.0 μg/ml. In the CTL group, 25 patients had D-dimer levels below 1.0 μg/ml, whereas, only 2 (5.7%) patients had D-dimer levels of 2–4 μg/ml. The same numbers were found to have D-dimer levels over 8 μg/ml [χ2(8) = 34.81, p = 0.0001] (Table 6). Data regarding the D-Dimer test results for each individual are represented in Figures 5A–C. There was a significant difference among the three studied groups, in which the CTL group had the highest levels of D-dimer, whereas the CRL group had the lowest levels. The results for FDP also revealed that the majority of healthy controls (34 out of 35) had FDP levels below 5 μg/ml, while only 1 was found to have FDP levels between 5 and 20 μg/ml. In the SVR group, 31 (88.6%) patients had FDP levels below 5 μg/ml and 4 (11.4%) had FDP levels between 5 and 20 μg/ml. In contrast, only 23 patients in the CTL group had FDP levels below 5 μg/ml, and 9 (25.7%) were found to have levels between 5 and 20 μg/ml. There were 3 (8.6%) patients with FDP levels over 20 μg/ml. According to Figures 5D–F, the results for each group showed that patients in the CTL group had the highest levels of FDP, while healthy controls had the lowest levels.


Table 5 | Results of the quantitative tests performed using the STA Compact® system.






Figure 2 | (A–C) Prothrombin time (PT) test results in the control (CRL, green), severe (SVR, yellow), and critical (CTL, red) groups. (D–F) International normalized ratio (INR) results in the CRL, SVR, and CTL groups. (G–I) Partial thromboplastin time (PTT) test results in the CRL, SVR, and CTL groups. Expired individuals in the SVR and CTL groups are shown with a black bullet point. Bullet points in red, blue, purple, green, and yellow indicate cardiovascular disease, hypertension, diabetes, pulmonary disease, and kidney disease, respectively, in the SVR and CTL groups.






Figure 3 | (A–C) Lupus anticoagulant test results in the control (CRL, green), severe (SVR, yellow), and critical (CTL, red) groups. (D–F) Fibrinogen results in the CRL, SVR, and CTL groups. (G–I) Antithrombin III (ATIII) test results in the CRL, SVR, and CTL groups. Expired individuals in the SVR and CTL groups are shown with a black bullet point. Bullet points in red, blue, purple, green, and yellow indicate cardiovascular disease, hypertension, diabetes, pulmonary disease, and kidney disease, respectively, in the SVR and CTL groups.






Figure 4 | (A–C) Protein C test results in the control (CRL, green), severe (SVR, yellow), and critical (CTL, red) groups. (D–F) Protein C results in the CRL, SVR, and CTL groups. Expired individuals in the SVR and CTL groups are shown with a black bullet point. Bullet points in red, blue, purple, green, and yellow indicate cardiovascular disease, hypertension, diabetes, pulmonary disease, and kidney disease, respectively, in the SVR and CTL groups.




Table 6 | Results of the semi-quantitative tests including D-dimer and fibrin degradation products (FDPs).






Figure 5 | (A–C) D-dimer test results in the control (CRL, green), severe (SVR, yellow), and critical (CTL, red) groups. (D–F) Fibrin degradation product (FDP) test results in the CRL, SVR, and CTL groups. Expired individuals in the SVR and CTL groups are shown with a black bullet point. Bullet points in red, blue, purple, green, and yellow indicate cardiovascular disease, hypertension, diabetes, pulmonary disease, and kidney disease, respectively, in the SVR and CTL groups.





Analysis of the Results of Deceased Individuals in the Critical and Severe Groups

We analyzed the data for the deceased individuals (11 out of 35 in the CTL group) and compared them with those of survivors in the same group in order to obtain a better understanding of the impact of abnormal coagulation test results on the fate of the patients. We marked these patients with black bullet points in Figures 2–5. According to Figures 2C, F, I and Table 7, the expired individuals in the CTL group had higher mean values for PT, INR, and PTT when compared to all individuals in the CTL group. Additionally, according to Figures 3C, F, I and Table 7, the expired individuals in the CTL group had higher mean values for LAC, but lower values for the ATIII test. They had slightly lower mean values in the fibrinogen test than the rest of the CTL group. Moreover, according to Figures 4C, F, the expired individuals had lower mean values of protein C, but higher protein S, when compared to the mean values in the CTL group. Finally, according to Figures 5C, F, individuals who expired were among those with the highest values both in the D-dimer test [≥8 (n = 1), 2< to ≥4 (n = 2)] and in the FDP test [≥20 (n = 2), ≥5 to <20 (n = 1)].


Table 7 | Comparison of the mean values of coagulation tests between expired individuals and all individuals in the critical (CTL) group.






Limitations and Recommendations

In this section, we provide recommendations for further investigations (Table 8) and address our limitations. We included 35 individuals in each group. Recruiting more patients will provide more accurate results in prospective studies. The enrollment of more patients provides the opportunity to determine cutoffs and design an alarm panel to be used in ICUs. We also applied a single-sampling strategy; however, monitoring the results by obtaining at least 2–3 samples in the CTL and SVR groups could more effectively monitor the test results and their association with the outcomes. One limitation of this study was the use of latex-based semi-quantitative kits to assess D-dimer and FDPs. The results will be more reliable when both tests are performed using fully automated methods. Although the biofunctions of proteins S and C as biological regulators of factors V and VIII are well documented, we did not assess these two factors.


Table 8 | Technical recommendations and unmet questions awaiting further investigation in COVID-19-associated coagulopathy.





Discussion

In the present study, we investigated the dynamic changes in 9 coagulation tests on 105 individuals classified into CTL, SVR, and CRL groups. Our study revealed significant aberrant coagulation changes among the studied groups in 4 aspects: extrinsic and intrinsic pathways, fibrinolysis, and the regulatory factors. Our results were consistent with those of the majority of previously published papers. A brief literature review for all tests with consistency levels is represented in Table 1. The CTL group had higher PT test (therefore INR) results when compared to the SVR and CRL groups, indicating a disruption in the extrinsic coagulation pathway. In addition, the prolonged PTT results in the CTL group and also similar results in the LAC test showed that not only the extrinsic pathway but even the intrinsic pathway was dysregulated. It should be considered that, in critically ill patients, lupus anticoagulant could be positive. An elevated fibrinogen level was one of the main findings in COVID-19-associated coagulopathy. We showed that there was a significant difference in the fibrinogen levels among the three groups and that the CTL group had the highest levels. It can be used as a common biomarker to predict the severity of the disease; however, the analysis of fibrinogen levels in deceased patients in the CTL group with the whole group showed that it had no significance in predicting death. Investigation of ATIII revealed that its activity was not significantly interrupted in COVID-19 patients (p = 0.321). However, proteins C and S, the other regulatory proteins, showed a significant decrease in their activity levels (p = 0.04 and p < 0.001, respectively). The difference between the reported p-values for these proteins was probably due to the low number of individuals recruited in each group; increasing the sample size will provide more accurate data. Considering that proteins C and S regulate the conversion of factors V and VIII to their active forms, we conclude that the disruption of homeostasis in protein C (and S) regulating the conversion of factors V and VIII to their active form could be a mechanism for COVID-19-associated coagulopathy. The fibrinolysis pathway was also affected in the presence of SARS-COV-2, in which the production of FDPs, mainly D-dimer, was accelerated, and according to our results, deceased patients were found to have significantly higher FDP and D-dimer levels when compared to survivors. The majority of coagulation factors are produced in the liver; to prevent the effects of hepatopathy on the levels of the coagulation factors and the corresponding tests, we enrolled normal controls and patients whose liver function tests were normal. Interestingly, factors including FVIII and vWF (which act as markers of endothelial activation) (53) were produced in the endothelial cells. Investigation of the levels of these factors in COVID-19 patients revealed that their levels increased and may correlate with poorer prognosis (54–56). We showed that D-dimer, fibrinogen, PT, PTT, LAC, protein S, FDPs, and protein C (ordered according to their p-values) could effectively be used in the prognosis of the severity of the disease and that disruptions in proteins C and S regulating the conversion of factors V and VIII to their active form may interfere the homeostasis of the coagulation system.
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Introduction

Coronavirus disease 2019 (COVID-19) is a new viral disease. Uncontrolled inflammation called “cytokine storm” is reported to contribute to disease pathogenesis as well as sepsis. We aimed to identify cytokines related to the pathogenesis of COVID-19 through a proteomics analysis of 1463 plasma proteins, validate these cytokines, and compare them with sepsis.



Materials and Methods

In a derivation cohort of 306 patients with COVID-19, 1463 unique plasma proteins were measured on days 1, 4, and 8. Cytokines associated with disease severity and prognosis were derived. In a validation cohort of 62 COVID-19 patients and 38 sepsis patients treated in the intensive care unit [ICU], these derived cytokines were measured on days 1 (day of ICU admission), 2-3, and 6-8 (maximum: 3 time points/patient). Derived cytokines were compared with healthy controls and between COVID-19 and sepsis patients, and the associations with prognosis were evaluated. The time to wean off mechanical ventilation (MV) was evaluated only for COVID-19.



Results

IL-6, amphiregulin, and growth differentiation factor (GDF)-15 were associated with disease severity and prognosis in the derivation cohort. In the validation cohort, IL-6 and GDF-15 were elevated in COVID-19 and sepsis on day 1, and the levels of these cytokines were higher in sepsis than in COVID-19. IL-6 and GDF-15 were associated with prognosis in sepsis. Cox proportional hazards model with time as a dependent covariate showed a significant relationship between plasma GDF-15 level and time to wean off MV (hazard ratio, 0.549 [95% confidence level, 0.382–0.789]). The GDF-15 level at ICU admission predicted late recovery.



Conclusion

GDF-15 and IL-6 derived from proteomics analysis were related with disease severity of COVID-19. Their values were higher in sepsis than in COVID-19 and were associated with prognosis in sepsis. In COVID-19 patients treated in the ICU, GDF-15 was associated with the time to wean off MV and better predicted late recovery.





Keywords: biomarkers, COVID-19, cytokines, GDF-15, IL-6, mechanical ventilation



Introduction

Coronavirus disease 2019 (COVID-19), a new viral disease caused by severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2), was first reported in China (1) in December 2019 and has rapidly spread globally, infecting over 262,000,000 people and causing over 5,200,000 deaths as of 1 December 2021 (2). As with sepsis, inappropriate host immune response caused by SARS-CoV-2 can lead to excessive inflammation (3–6) called “cytokine storm” (7). Vascular endothelial damage and thrombotic complications leading to acute respiratory distress syndrome (ARDS) and multiple organ dysfunction syndrome have been reported (8, 9). Circulating cytokines were reported to be important as therapeutic and prognostic biomarkers in COVID-19 (10, 11).

Patients with COVID-19 frequently require prolonged mechanical ventilation (MV) due to refractory pneumonia and ARDS. Nearly 30% of the patients of COVID-19 with MV required tracheostomy due to prolonged MV (12). An observational study evaluating 1890 patients with COVID-19 with tracheostomy in Spain revealed that the median day of tracheostomy was 12 days after intubation and that 24% of these patients remained on MV support after one month (13). Prolonged MV management can lead to long-term hospital stays and vast use of intensive care unit (ICU) resources, thus taking beds away from patients with other diseases that usually require ICU management. In fact, increased mortality from other diseases has been reported during the COVID-19 pandemic (14, 15).

Recently, technological advancements in proteomics have allowed comprehensive analyses of circulating proteins, including cytokines (16, 17). We aimed to identify cytokines related to the pathogenesis of COVID-19 through a proteomics analysis of over 1400 plasma proteins and compare these cytokines with sepsis.



Materials And Methods


Derivation Approach Using Public Proteomics

We used publicly available data provided by the Massachusetts General Hospital (MGH) Emergency Department COVID-19 Cohort (18) (Filbin, Goldberg, Hacohen) with Olink Proteomics (https://www.olink.com/mgh-covid-study/) and call this data the MGH cohort. Patients were classified by acuity levels A1-A5 on days 1, 4, 8, and 29 (based on the World Health Organization [WHO] ordinal outcomes scale (19): A1, died; A2, intubated, survived; A3, hospitalized on oxygen; A4, hospitalized without oxygen; A5, discharged). Acuitymax was defined as the maximum Acuity score from day 1 through day 29. In this study, we defined “critical” patients as those with Acuitymax = A1 or A2. In total, 1472 plasma proteins, including 1463 unique proteins (Olink® Explore 1536), were evaluated with 4 panels, including inflammation, oncology, cardiometabolic, and neurology proteins (20). The levels of protein were expressed as normalized protein expression value (NPX) in log2 scale. In this study, cytokines were defined as “interleukins, interferons, chemokine, colony-stimulation factors and growth factors” (21).



Validation Approach

As the validation cohort, a prospective observational multicenter study was conducted at the Department of Traumatology and Acute Critical Care Medicine, Osaka University Graduate School of Medicine and Osaka Prefectural Nakakawachi Emergency and Critical Care Center from August 2020 to December 2020. All patients were diagnosed as having RT-PCR-confirmed SARS CoV-2 and pneumonia based on computed tomography (Osaka cohort). To compare with the sepsis pathogenesis, patients with sepsis in a retrospective cohort managed at the Department of Traumatology and Acute Critical Care Medicine, Osaka University Graduate School of Medicine between February 2014 to July 2015 were used. All sepsis patients were >18 years old and fulfilled the Sepsis-3 criteria. The healthy control population comprised outpatients recruited via public poster advertisements.

Demographic variables [age, sex, body mass index (BMI)], comorbid conditions (hypertension, diabetes, hyperlipidemia), and clinical variables [laboratory data, Acute Physiology and Chronic Health Evaluation (APACHE) II score, Sequential Organ Failure Assessment (SOFA) score, the day of weaning off MV, and mortality] were extracted from electronic medical records by the investigators.

Patient blood samples were collected on days 1 (day of ICU admission), 2-3, and 6-8 (maximum of 3 time points/patient) and once from the healthy controls. Plasma samples were stored at -30°C until use.

ELISA assays (R&D Systems, Minneapolis, MN, USA) were performed to measure the plasma levels of interleukin (IL)-6, amphiregulin, and growth differentiation factor 15 (GDF-15). Frozen plasma samples were thawed, and subsequent measurement processes were conducted according to the manufacturer’s protocol. Absorbance was analyzed using a microplate reader (SH-9000Lab; Corona Electric Co., Ltd., Japan). Minimum detectable levels were <9.4 pg/mL for IL-6, 15.6 pg/mL for amphiregulin, and 7.8 pg/mL for GDF-15.

The blood samples from the patients were systematically measured by the central laboratory at each hospital to obtain the laboratory data.

This study was conducted according to the principles of the Declaration of Helsinki and was approved by the institutional review board of Osaka University Hospital [Approval numbers: 12007, 16109 and 885 (Osaka University Critical Care Consortium Novel Omix Project; Occonomix Project)]. Informed consent was obtained from the patients or their relatives and the healthy volunteers for the collection of all blood samples.



Definition of Early or Late Recovery

The median time to wean off MV was 12 days after intubation in the Osaka cohort (Table 2), and the median day of tracheostomy after intubation was reported to be day 12 in a large Spanish observational study (13). Accordingly, MV for ≤12 days was defined as early recovery, and MV >12 days or hospital death was defined as late recovery in this study.



Statistical Analysis

Values are reported as n (%) and median (quartiles 1-3).

In the MGH cohort, the values of age and BMI and comorbidities were compared between the critical and non-critical patients by chi-square test. The NPXs for each protein were compared between critical patients (Acuitymax = A1, A2) and non-critical patients (Acuitymax = A3, A4, A5) on days 1, 4, and 8. The results were filtered using the Benjamin-Hochberg procedure for false discovery rate (FDR) correction. Data are shown with a volcano plot. The X-axis shows differences in the NPX values, and the Y-axis shows the -log10 (FDR). A statistically significant difference was defined as FDR <0.01 and differences in the NPX values >1.0. Cytokines reaching significance from day 1 to day 8 were analyzed using receiver operating characteristic (ROC) curves to determine whether the day 1 NPX was useful as a prognostic biomarker (Acuitymax = A1) or marker of disease severity (Acuitymax = A1, A2). Area under the curve (AUC), accuracy, sensitivity, and specificity were also measured. Values with AUC >0.7 for both prognosis and disease severity were included in the validation cohort.

In the Osaka cohort, the values of age, sex, and BMI and comorbidities were compared between three groups by Kruskal-Wallis test and chi-square test. The clinical and demographic characteristics between COVID-19 and sepsis were compared by Wilcoxon rank-sum test or chi-square test. The plasma IL-6, amphiregulin, and GDF-15 levels were transformed to logarithm values to normalize data distribution before the analyses. Dunnett’s test was used to evaluate differences in each value between the patients and healthy controls. The Wilcoxon rank-sum test was used to evaluate differences between survivors and non-survivors on each day for COVID-19 and sepsis. For COVID-19, further analyses were performed. The patients were divided into two groups in the acute phase (day 1, days 2-3, and days 6-8): early recovery and late recovery. The Wilcoxon rank-sum test was used to evaluate differences between the two groups on each day. A Cox proportional hazards model with time as a dependent covariate was applied to assess the association of IL-6, amphiregulin, and GDF-15 with the time to wean off MV. The hazard ratios are shown as Z-scores to allow comparison of the strength of the association between biomarkers. The event was weaning off MV. A hazard ratio <1 means that an increase of the biomarker is associated with longer time until weaning off MV. To investigate whether the day 1 IL-6, amphiregulin, GDF-15, CRP, neutrophil-to-lymphocyte ratio, and lactate dehydrogenase (LDH) values were useful biomarkers for predicting late recovery, we created ROC curves, and the AUC, accuracy, sensitivity, and specificity were determined.

P values <0.05 were considered to indicate statistical significance. The data were analyzed using R version 4.0.2 (R Foundation for Statistical Computing, Vienna, Austria) and are presented using Graph Pad Prism, version 8.4.3 (GraphPad Software, La Jolla, CA, USA).




Results


Overview

The study approach involved two datasets and a statistical approach (Figure 1). The first goal was to determine clinically important cytokines in COVID-19, and the second goal was to validate these cytokines in comparison with those of sepsis.




Figure 1 | Summary of this study. The first goal was to determine clinically important cytokines in COVID-19, and the second goal was to validate these cytokines in comparison with those of sepsis.





Derivation of Clinically Important Cytokines in COVID-19

In the MGH cohort, one of the 306 of patients with COVID-19 was flagged as an outlier and removed from the final dataset, leaving 305 day 1 samples, 215 day 4 samples, and 139 day 8 samples. Overall, 42 patients died within 28 days and 263 survived to 28 days, and 196 patients were critical (Acuitymax = A1, A2) and 109 were non-critical (Acuitymax = A3, A4, A5). The distribution of patients by age group was statistically different between the critical and non-critical patients. Other characteristics are shown in Table 1.


Table 1 | Clinical and demographic characteristics of COVID-19 patients in the MGH cohort.



Proteins that showed statistically significant changes in expression are indicated in red in the volcano plots (Figure 2A). All proteins that showed statistically significant changes in expression on days 1, 4, and 8 are shown in Figure 2B. Five of the 24 proteins (gene names: AREG, CCL7, FGF23, GDF15, IL6) were classified as cytokines (21). AREG, FGF23, and GDF15 are growth factors, CCL7 is a chemokine, and IL6 is an interleukin. The longitudinal changes of these five cytokines divided between critical and non-critical patients are shown in Figure 2C. AUCs of the day 1 NPX of these cytokines for disease severity (Acuitymax = A1, A2) and prognosis (Acuitymax = A1) were evaluated. For three cytokines with gene names IL6, AREG, and GDF15, the AUC was >0.7 for both prognosis and disease severity (Figure 2D).




Figure 2 | Three cytokines were derived using public proteomics data provided by the MGH COVID-19 cohort. (A) The volcano plot shows the proteins increased (red) or decreased (blue) in patients with critical COVID-19 (Acuitymax = A1, A2) versus patients with non-critical COVID-19 (Acuitymax = A3, A4, A5) at days 1 (day of admission), 4, and 7 in the MGH derivation cohort. The X-axis shows the differences in NPX, and the Y-axis represents -log10 (adjusted P-values). (B) Twenty-four proteins were classified as significantly increased and were the proteins that showed differences of NPX >2 and -log10 (adjusted P-values) >2 from day 1 to day 8. Five of the 24 proteins (gene names: AREG, CCL7, FGF23, GDF15, IL6) were classified as cytokines. (C) Longitudinal change of the five cytokines. The COVID-19 individuals were further classified into two groups, “Non-critical “and “Critical”, on days 1, 4, and 8. The NPX values are plotted on the Y axes. In all box plots, the boxes show the median and upper and lower quartiles, and the whiskers show 5th to 95th percentiles. The difference between two groups was measured by Wilcoxon rank-sum test (*P < 0.05). (D) The NPXs of 5 cytokines on day 1 were used for an ROC curve analysis, and the AUC was calculated to evaluate the severity and prognostic accuracy of each marker. For the following cytokines with gene names IL6, AREG, and GDF15, the AUCs of both prognosis (Acuitymax = A1) and disease severity (Acuitymax = A1, A2) were >0.7. WHO ordinal outcomes scale: A1, died; A2, intubated, survived; A3, hospitalized on oxygen; A4, hospitalized without oxygen; A5, discharged). MGH, Massachusetts General Hospital; COVID-19, coronavirus disease 2019; NPX, normalized protein expression value; ROC, receiver operating characteristic; AUC, area under the curve; IL, interleukin; GDF, growth differentiation factor; WHO, World Health Organization.





Validation of IL-6, GDF-15, and Amphiregulin for COVID-19 and Sepsis Patients

In the Osaka cohort, we enrolled 62 patients with COVID-19 (42 men, 20 women), 38 patients with sepsis (29 men, 9 women), and 18 healthy controls (12 men, 6 women). The median age, age group distribution, sex, and BMI were not significantly different between the three groups (Table 2). All patients with COVID-19 were treated in the ICU, and 60 patients (96.8%) were treated with MV. Sepsis patients were also treated in the ICU: 81.6% were treated with the MV and 26.3% had pneumonia. The median APACHE II score and SOFA score in the COVID-19 and sepsis patients were 14 and 21 (P <0.01), and 5 and 9 (P <0.01), respectively. Hospital mortality rates in the COVID-19 and sepsis patients were 12.9% and 26.3% (P = 0.09), respectively (Table 3). The comorbidities and laboratory data are shown in Table 2.


Table 2 | Characteristics of healthy controls, COVID-19 and sepsis patients in the Osaka cohort.




Table 3 | Clinical and demographic characteristics of COVID-19 and sepsis patients in the Osaka cohort.



In comparison to those of the healthy controls, the plasma GDF-15 levels of the COVID-19 and sepsis patients were significantly higher on days 1, 2-3, and 6-8. The plasma IL-6 levels of the patients with COVID-19 on day 1 and the sepsis patients on days 1 and 2-3, and the plasma amphiregulin levels of the sepsis patients on day 1, were significantly higher than those of the healthy controls (Figure 3A). The levels of IL-6 and GDF-15 in sepsis were statistically significantly higher than those in COVID-19 on day 1 to days 6-8, and on day 1 and days 2-3, respectively (Figure 2A). There were no differences in the plasma levels of these cytokines between survivors and non-survivors among the patients with COVID-19. However, among the patients with sepsis, plasma IL-6 levels of the non-survivors were significantly higher than those of the survivors from day 1 to days 6-8, as were those of GDF-15 on days 2-3 and 6-8 (Figure 3B).




Figure 3 | Change in the levels of three cytokines in the validation cohort. The cytokines were transformed to common logarithm values to normalize the data distribution. All data are expressed as the mean ± SE. (A) Asterisks indicate a statistically significant difference between control and septic patients (there were significant differences in the three cytokines), # indicates a statistically significant difference between control and with patients COVID-19 on each day (P <0.05), $ indicates a statistically significant difference between patients with sepsis and patients with COVID-19. (B) The cytokine levels in survivors and non-survivors on each day in patients with sepsis and patients with COVID-19. Asterisks indicate a statistically significant difference between survivors and non-survivors (P < 0.05) on each day. SE, standard error; COVID-19, coronavirus disease 2019; IL, interleukin; GDF, growth differentiation factor.



For COVID-19, Cox proportional hazard analyses with time as a dependent covariate showed that as the P-value for GDF-15 was <0.05, high GDF-15 was associated with longer time until weaning off MV (Figure 4A). Plasma GDF-15 levels were significantly higher in late recovery than early recovery from day 1 to days 6-8 (Figure 4B). GDF-15 was the most useful marker for predicting late recovery (AUC = 0.695) (Figure 4C).




Figure 4 | The relationship between the three cytokines and time to wean off MV. The day of weaning off MV was defined as the day of extubation for patients without tracheostomy or coming off the ventilator for patients with tracheostomy. (A) A Cox proportional hazards analysis with time as a dependent covariate for weaning off MV. The hazard ratios are provided as Z-scores to allow the strength of association between biomarkers to be compared. Benjamin-Hochberg correction for multiple testing was performed when calculating P values. (B) IL-6, amphiregulin, and GDF-15 were transformed to common logarithm values to normalize data distribution. All data are expressed as the mean ± SE. The cytokine levels in patients with early recovery and late recovery on day 1 (n = 35; n = 26, respectively), days 2-3 (n = 34; n = 25, respectively), and days 6-8 (n = 32; n = 26). Asterisks indicate a statistically significant difference between patients with early recovery and patients with late recovery (P < 0.05) on each day. (C) The levels of the three cytokines, CRP, LDH, and neutrophil-to-lymphocyte ratio were used for the ROC curve analysis. The AUC was calculated to evaluate the predictive accuracy of each marker on day 1 for predicting late recovery. MV, mechanical ventilation; HR, hazard ratio; CI, confidence interval; IL, interleukin; GDF, growth differentiation factor; SE, standard error; LDH, lactate dehydrogenase; ROC, receiver operating characteristic; AUC, area under the curve.






Discussion

In this study, we derived three cytokines, IL-6, amphiregulin, and GDF-15, that were related to disease severity in COVID-19 and compared these cytokines between COVID-19 and sepsis. All three cytokines were elevated in both COVID-19 and sepsis patients compared with those in the healthy controls. The levels of these cytokines in sepsis were statistically significantly higher than those in COVID-19. IL-6 and GDF-15 were related to prognosis in sepsis. In COVID-19, no cytokines were associated with mortality, and only GDF-15 was associated with late recovery.

In severe cases of COVID-19, excessive inflammation in the lung alveoli leads to severe hypoxia and ARDS and has features of systemic cytokine release syndrome presenting with high fever and abnormal CRP (22). Various pro- and anti-inflammatory cytokines are reported to be increased in the blood of patients with COVID-19-associated ARDS (10, 23), and reductions in type I and III interferons were observed in COVID-19 patients hospitalized for pneumonia (24). Cytokine storm potentially causes COVID-19-associated coagulopathy (25), suggesting that cytokines may be involved in the pathogenesis of COVID-19 and could be a potential therapeutic target (22, 26).

We showed IL-6 to be related to disease severity in mild to severe cases of COVID-19 in the MGH cohort. In contrast, in the Osaka cohort including only severe COVID-19 patients, IL-6 was not associated with prognosis or time to wean off MV. In the present study, IL-6 levels were also measured in sepsis patients and were 10 to 100 times higher than those in the patients with COVID-19 and were associated with prognosis. Although the pathogenesis of COVID-19 is described as producing a cytokine storm (7) involving IL-6, the present study and that of Leisman et al. (27) found that the production of IL-6 in COVID-19 was not dramatically increased compared to that in sepsis.

Recent studies have shown that IL-6 is crucial in the pathogenesis of COVID-19 (10) and IL-6 receptor blockade has been investigated as a potential therapy (28). Importantly, IL-6 has also been reported to play an important role in controlling inflammatory cytokines (29, 30) and to be protective in hyperoxia-induced lung damage (31, 32). In COVID-19, the spike protein of SARS-CoV-2 induces the production of IL-6 by both macrophages and lung epithelial cells (33). The excess or continuous production of IL-6—as seen in lethal sepsis—can be harmful. However, the production of IL-6 could be a normal reaction of the host defense in COVID-19. The effect of IL-6 itself on the pathogenesis of COVID-19 may be complex.

Amphiregulin is a member of the epidermal growth factor (EGF) group expressed in various epithelial cell types. Its roles, including regulation of lung morphogenesis, mammary gland development, and keratinocyte proliferation, seem broad and not fully understood (34). In the context of various inflammatory stimuli, amphiregulin is reported to be induced in various immune cells such as eosinophils, mast cells, basophils, group 2 innate lymphoid cells, and FoxP3-expressing CD4+ regulatory T cells (Tregs) (34). In the present study, amphiregulin was not significantly associated with prognosis or time to wean off MV in the Osaka cohort. Amphiregulin tended to be lower in the late recovery or death groups in the Osaka cohort, which differed from the results in the MGH cohort. Interestingly, Harb et al. reported that amphiregulin levels (as measured by ELISA) of patients with mild COVID-19 were higher than those of healthy individuals and decreased with the severity of the illness (35). Further investigations are needed to clarify the role of amphiregulin in COVID-19.

GDF-15 is a transforming growth factor (TGF)-β molecule superfamily member originally identified in the 1990s (36). In the human basal state, GDF-15 transcripts are expressed in virtually all tissues but show higher prevalence in macrophages, airway epithelial cells, and vascular endothelial cells (37). The roles of GDF-15, including regulation of neutrophil arrest and platelet aggregation and the suppression of hepcidin, a master regulator of iron homeostasis in human hepatocytes, are also broad and not completely understood. The GDF-15 level provides independent prognostic information about cardiovascular disease (38) and lung disease (39). In the present study and in a previous report (40), GDF-15 levels were associated with mortality in sepsis patients. Myhre et al. investigated the association between GDF-15 and outcomes of 123 patients with COVID-19 and reported that higher concentrations are associated with SARS-CoV-2 viremia, hypoxia, and worse outcomes (38). The present study adds information indicating that GDF-15 was associated with late recovery or death and was an important biomarker to predict late recovery or death only in COVID-19 patients treated in the ICU.

The mechanism of high GDF-15 levels in COVID-19 remain unknown. GDF-15-deficient mice were reported to be protected against abdominal sepsis due to increased chemokine CXC ligand 5 (CXCL5)-mediated recruitment of neutrophils into the peritoneum, leading to better local bacterial control (41). Further studies including identification of the site GDF-15 production may clarify whether GDF-15 can be new therapeutic target for critical COVID-19 patients.

This study has several limitations. First, the study population is relatively small. Second, the measuring points are based on the time from admission, and thus, the time from onset was not considered. Third, unmeasured confounders such as treatment details are lacking that might have biased the results. Fourth, the ages between the critical and non-critical patients in the MGH cohort were different but were not considered to affect the derivation of the cytokines. Finally, we compared COVID-19 and sepsis in this study, but the level of disease severity as indicated by measures such as the APACHE II score or SOFA score was not considered.



Conclusion

We derived cytokines associated with disease severity and prognosis from 1463 plasma proteins—including more than 200 cytokines—in patients with COVID-19. GDF-15 and IL-6 appeared to be related with disease severity of COVID-19, but their levels were higher in sepsis than in COVID-19 and were associated with prognosis in sepsis. In COVID-19 patients treated in the ICU, the GDF-15 level was associated with the time to wean off MV and better predicted late recovery.
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Deep understanding of the SARS-CoV-2 effects on host molecular pathways is paramount for the discovery of early biomarkers of outcome of coronavirus disease 2019 (COVID-19) and the identification of novel therapeutic targets. In that light, we generated metabolomic data from COVID-19 patient blood using high-throughput targeted nuclear magnetic resonance (NMR) spectroscopy and high-dimensional flow cytometry. We find considerable changes in serum metabolome composition of COVID-19 patients associated with disease severity, and response to tocilizumab treatment. We built a clinically annotated, biologically-interpretable space for precise time-resolved disease monitoring and characterize the temporal dynamics of metabolomic change along the clinical course of COVID-19 patients and in response to therapy. Finally, we leverage joint immuno-metabolic measurements to provide a novel approach for patient stratification and early prediction of severe disease. Our results show that high-dimensional metabolomic and joint immune-metabolic readouts provide rich information content for elucidation of the host’s response to infection and empower discovery of novel metabolic-driven therapies, as well as precise and efficient clinical action.
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Introduction

The pandemic caused by infection with the severe acute respiratory coronavirus type 2 (SARS-CoV-2) has infected more than 218 million people worldwide as of August 2021, caused more than 4.5 million deaths (1), and strains health systems on an unprecedented scale. The most common manifestations of COVID-19 are fever, cough, and dyspnea (2, 3), but thromboembolic events and other organ involvement are also common in patients with severe disease (2, 4, 5). Molecularly, severe COVID-19 disease is characterized by uncontrolled inflammatory syndrome caused by immune system hyperactivation (6–11). The most effective treatments are thus based on general immunosuppression with glucocorticoids (12) or neutralization of the pro-inflammatory interleukin 6 (IL-6) with tocilizumab (13).

Several laboratory tests such as albumin (14), CRP (15), lymphocyte abundance (16–19), IL-6 (20), and the fibrin degradation product D-dimer (21) have been used to monitor COVID-19, with their levels variably associated with disease severity. While these routinely available assays may have some clinical use in disease prognostication, they depict an incomplete landscape of pathophysiological changes associated with COVID-19. However these tests are mostly a readout of the inflammatory state and do not capture a wide but still interpretable view of the physiological state of COVID-19 patients. One possible approach is to increase the dimensionality of the system by the use of mixed-modality profiling such as the combination of immune population quantification and circulating cytokine levels (22, 23). While much work has been done on the characterization of the host immune response through cytometric or serological methods, characterization of the metabolic state of COVID-19 patients has just begun (24–28).

There are several lines of evidence demonstrating the importance of metabolic species - in particular lipids - during viral infection. Lipids are structural components of the host’s cellular and organellar membranes, taking an active role in crucial cellular functions such as molecular trafficking, but are also of importance during viral attachment, internalization, packaging and release (29, 30). In animal models, it has been shown that cholesterol composition of membrane lipid rafts underpins the infectivity of SARS-CoV-2 (31). Beyond its structural functions, lipids are also crucial for energy supply and intracellular signalling (32, 33). It is plausible that viral-induced changes in host metabolism during COVID-19 in metabolites such as glucose and lipids (34) may be beneficial for the infection, by altering intracellular signaling and conditioning immune response. The host metabolome - lipids in particular - have therefore been proposed as potential biomarkers of COVID-19 disease severity (35), and as therapeutic targets to counteract excessive immune activation. Nuclear magnetic resonance (NMR) spectroscopy applied to the measurement of metabolites provides a great balance between precise and reproducible measurements, the breadth of analytes measured, and the logistical efforts necessary for data production (36–38). Importantly, it is also capable of discerning different lipid species in circulating lipoprotein particles.

In this work, we use NMR spectroscopy to identify changes in serum metabolome composition of COVID-19 patients that are associated with disease severity and tocilizumab treatment, and provide a method for precise disease monitoring, patient stratification, and early prediction of severe disease based on joint immuno-metabolic measurements.



Results


Longitudinal NMR Metabolomics of COVID-19 Patient Plasma

We conducted an observational study of 75 individuals with acute or convalescent COVID-19 that were treated at New York Presbyterian Hospital and Lower Manhattan Hospitals, Weill Cornell Medicine as in- or out-patients between April and July 2020. The disease was categorized using World Health Organization disease severity scale for the prognostication of COVID-19 patients (39) (henceforth referred to as “WHO score”), which use clinical events such as patient admittance, amount of supplemental oxygen needed, or the need for mechanical ventilation (Figure 1A and Table 1). Serum samples were collected at hospital admission, when permissible approximately every 7 days thereafter, and for convalescent patients as outpatients at least 90 days from symptom onset (109 samples from 75 patients, 32 convalescent). Of all patients, 35 (47%) presented with low to mild disease severity, and 30 (40%) with moderate to severe disease. We also collected serum from healthy, COVID-19 negative donors (n = 9). The median age of COVID-19 patients was 53 years, which was comparable with that of healthy donors (51 years) (Table 1 and Table S1).




Figure 1 | Discovery of metabolic biomarkers of COVID-19 severity and treatment. (A) Schematic description of the patients under study, data types collected and approaches for their analysis. (B) Association of metabolite abundance with COVID-19 severity for all 248 metabolic species (upper panel). The lower panel illustrates the 10 metabolites most associated with disease severity for each direction. (C) Distribution of metabolite abundance for the metabolites most associated with COVID-19 severity depending on the sample WHO score classification. The grey horizontal dashed line represents the mean abundance of the metabolite in over 150,000 individuals from the UK biobank cohort and grey bars represent the standard deviation from the mean. (D) Enrichment analysis of metabolites changing with COVID-19 severity in functional terms.




Table 1 | Demographic and clinical characteristics of the cohort.



We performed targeted high throughput NMR-based detection of metabolites in circulating blood serum (Nightingale Health Ltd.) (Figure 1A and Tables S2, S3). The NMR assay detected 168 metabolite species in absolute molar quantities, and 81 additional measurements of relative proportions covering diverse metabolic species such as lipids and fatty acids, apolipoproteins, amino acids, ketone bodies, and other molecules with known prognostic value across various diseases such as albumin, creatinine, and apolipoprotein levels (40–42) (Figures S1A–C). The panel is dominated by the diversity of lipids and by lipoprotein-associated lipid species which were fractionated based on their relative density and size (Figures S1D–F). Overall, measurements of the metabolic species had excellent reproducibility and high signal-to-noise ratio (Figures S1G–H). Upon relating the abundance levels of all metabolite species across all samples, we find that metabolites were heavily co-regulated (Figure S1I).



Metabolic Changes Associated With COVID-19 Severity

In order to identify the metabolic features associated with COVID-19 outcome, we leveraged linear mixed effect models to explain COVID-19 disease severity as a function of metabolite levels independently from patient age, gender, race, and body mass index (BMI) (Figure 1B and Figures S2A, B). While most of the 249 metabolite species showed no association with disease severity as measured by the WHO score, we found significant associations for 56 metabolites (p < 0.05, adjusted for multiple testing with the Benjamini Hochberg False Discovery Rate (FDR) method), which were dominated by lipid and lipoprotein subclasses (Table S4). Specifically, we found that albumin, high-density lipoprotein (HDL) and small HDL particle species, as well as the cholesteryl-ester component of HDL and intermediate-density lipoproteins (IDL) declined proportionally with the increase in WHO score, with steeper decline in the most severe cases (Figure 1C). On the other hand, extra small, very low-density lipoprotein (VLDL) particles with increased phospholipids component and extra-small VLDL, IDL, LDL and HDL with increased triglycerides were correlated with increased severity. Additional variables associated with increased disease severity were acetylated glycoproteins (GlycA) - a spectroscopic marker of systemic inflammation (43), phenylalanine, and fraction of monounsaturated fatty acids (MUFA). We also observed a significant association of acetoacetate, 3-hydroxybutyrate, phenylalanine, and the ratio of apolipoprotein B to A1 (ApoB/ApoA1) to disease severity (Figure S2C). Of note, the levels of many of the mentioned metabolites in severe COVID-19 (WHO score 4-7) were higher by more than three standard deviations than the mean of a large non-COVID population from the UK Biobank (150,000 samples) (44, 45), illustrating the degree of metabolic disarray in the serum of COVID-19 patients with severe disease. These results are also in agreement with previous reports (24, 46).

Additionally, we performed enrichment of the changes associated with COVID-19 severity in metabolite groups based on their biophysical properties and known physiological roles. This analysis revealed increased levels of inflammation markers, amino acids and triglycerides, but above all confirmed the deep unbalance in lipoprotein composition, size, and density (Figure 1D and Figure S3A), where increased severity is associated with decreased lipoprotein density and increased size, which are in line with the increased triglyceride content of the particles. One exception is extra-small VLDL particles (3-6 nm) which are also increased in severe disease. Taken together, the observed changes reveal considerable metabolic changes in COVID-19 patients dependent on disease severity. As a comparison, we investigated the association of routinely collected clinical biomarkers with COVID-19 severity in our cohort and found that only lactate hydrogenase (LDH) was significantly associated with disease severity (Figures S3B, C), while biomarkers of overall metabolic homeostasis such as aspartate aminotransferase (AST) and alanine aminotransferase (ALT) were not.



Effect of Tocilizumab Treatment on the Metabolome of COVID-19 Patients

Among the therapeutic options for COVID-19, Tocilizumab, an inhibitor of the pro-inflammatory interleukin-6 (IL-6) was used in COVID-19 patients with elevated inflammatory markers and rapidly escalating oxygen requirements. In our cohort, 10 (12%) patients were treated with Tocilizumab. To assess metabolic changes associated with tocilizumab treatment, we fit a linear model on the time since treatment with age, gender, race, BMI, and disease severity as covariates. Several metabolite species were significantly associated with tocilizumab treatment (Figure 2A and Figures S4A–C, Table S5), in particular an increase in VLDL particles but also in their cholesterol content (both free and esterified), reduction of valine levels, triglyceride content of VLDL, and ratio of the polyunsaturated fatty acids (PUFA) Omega 6 to 3 - a ratio associated with the pathogenesis of various diseases (47, 48) (Figure 2B). However, we also observed metabolite species that were significantly changed with COVID-19 severity with no apparent change with tocilizumab treatment (Figures  2A, B, and Figures S4E–G). Across all metabolite species, we observed a trend for patients treated with Tociluzumab to have a metabolic state more similar to patients with milder disease over time (Figure 2C), which suggests that the administration of Tociluzimab could contribute to a partial rescue of some of the effect of severe disease on the metabolism of COVID-19 patients.




Figure 2 | Effect of tocilizumab treatment on the metabolism of COVID-19 patients. (A) Association of metabolite abundance with the time since tocilizumab treatment. The coefficient values refer to the change per day in relation to the mean. (B) Abundance of metabolites with discordant (left), concordant (center) or indifferent (right) change between COVID-19 severity and tocilizumab treatment for treated patients. (C) Comparison of the coefficients of change in COVID-19 severity (x-axis) and effect of tocilizumab treatment over time (y-axis). The black regression line indicates a overall linear trend across all metabolites.





Precise Monitoring of COVID-19 Clinical Trajectories by Intra-Patient Metabolome Dynamics

Given the sensitivity of targeted NMR metabolomics to detect changes of disease severity in COVID-19 patients, we hypothesized that these data could be used as a rich, multivariate measurement of disease severity grounded in metabolic data. First, to understand the temporal dynamics of the metabolism of COVID-19 patients, we created a two-dimensional latent space using diffusion maps on the abundance of the metabolites across all samples (Figure 3A). This space, made of diffusion components (DC) was largely driven by the severity of disease and clinical outcomes associated with it such as hospitalization, intubation, and death, and the time since symptom onset (Figure 3A and Figures S5A, B). This allowed us to use the distribution of clinical attributes on the space to inform of the relative risk of adverse outcomes (including hospitalization, intubation and death) for patients (Figure 3A, right and Figure S5C).




Figure 3 | Use of metabolic data for precise disease monitoring. (A) Latent representation of metabolic data for all samples in two dimensions using diffusion maps, from which diffusion components (DC) are derived. In the first two panel columns samples are colored by their value of WHO score, whether the patient was hospitalized, intubated and their survival. The rightmost column indicates the position of each sample within the inferred pseudotime and the relative risk for the whole two-dimensional space. (B) Heatmap with relative abundance of metabolites for all the samples where both axes are sorted by their relative position along the inferred pseudotime. The lower part of the plot indicates the values of clinical parameters for every sample. (C) Trajectory of each patient across the latent space during their clinical course starting with the day of symptom onset. Patients with at least three samples are colored distinctly while the remaining are colored in gray. (D) Particular trajectories for patients 23 and 24 as in c). The inset illustrates the stagnated course of patient 24. dN = n days since symptoms onset. (E) Values of GlycA and the predicted risk for patients 23 and 24 along the clinical trajectories of each patient. The shaded area in the GlycA plots represents the distribution of that metabolite in the UK biobank cohort, while the shaded area for predicted risk represents the distribution of the COVID-19 cohort. (F) Vector field of velocities in the latent space interpolated from the observed velocity vectors for all patients (blue). (G) Relationship between total distance moved per patient in the latent space over the whole clinical course and its length in days from symptom onset. (H) Distribution of average velocities across the whole clinical timeline for every patient. (I) Association analysis between clinical variables and the average velocity of each patient. p-values have been adjusted with the Benjamini-Hochberg FDR method. (J) Illustration of differences between patient velocities and their hospitalization or overall disease severity across the whole clinical timeline.



Importantly, this relationship is largely independent of the statistical method used to construct a latent space (Figure S5D). Second, we used pseudotime to derive a direction of progression through the latent space for each patient over multiple timepoints. This allowed us to order samples based on their predicted trajectory along the overall course of disease severity (Figure 3B). Finally, we were able to observe the trajectory of each patient along the latent space, and by weighting the amount of change by the time between timepoints we could derive a measure of speed of change of metabolome for each patient, and an aggregate measure of how much the metabolome changed over time (Figures 3C–E). For example, patients 23 and 24 have similar trajectories at start - starting at an area of intermediate risk and progressing to an area of highest severity -, but later move to an area occupied most by healthy and convalescent individuals or remain in the area of highest risk, respectively (Figure 3D). These divergent trajectories are apparent in the predicted relative risk from metabolic data, while a single marker such a GlycA tends to inform only of one specific aspect of the metabolome (inflammation) (Figure 3E).

The longitudinal aspect of the data and its reduction to a single landscape further allowed us to study the temporal kinetics of disease severity and recovery (Figure 3G). We hypothesized that the overall speed of each patient along their timeline could be related to their clinical status. We observed that different patients can have largely different speeds of metabolic change during their clinical timeline (Figure 3G–H), and sought to identify a clinical parameter that would be associated with that change (Figure 3I). We discovered that the overall speed of metabolic change along the whole timeline of the patient was related with the overall disease severity of the patients and whether the patient was hospitalized (Figure 3J). This observation suggests that higher rates of metabolic changes over time are an index of the complex interactions between viral infection, treatment, and individual host response, and may translate into (or reflect) a worse overall outcome for the patients. Taken together, our pseudo-temporal analysis of the metabolomics dataset revealed a dynamic landscape of metabolic change within patients over time, which can be used to measure disease progression in near-real time.



Integration of Immune and Metabolic Data for Patient Stratification

Since metabolic requirements underpin immune activation (49, 50) which is needed for response to infection (51–53), and immune effectors are known to regulate key enzymes in lipid metabolism (54, 55) we sought to uncover the relationship between metabolite abundance and immune system composition by performing regularized regression on the NMR metabolomics and flow cytometry immune profiling datasets (56) (Figure 4A). This resulted in a map of interactions between metabolites and immune populations, of which Figure 3A illustrates the strongest. Interactions between immune and metabolic variables could be largely categorized in two groups: i) positive association (Figure 4A red in the heatmap): immune variables changing in the same direction as metabolic variables; ii) negative association (Figure 4A blue in the heatmap): increase in metabolic variables correlated with decrease in immune variables or vice-versa. For example, the decrease in Albumin levels during COVID-19 was matched with the increase in polymorphonuclear myeloid-derived suppressor cells (PMN-MDSC); total T-cell abundance was related to the fraction of medium size HDL, where both variables decrease with COVID-19 severity. The immune checkpoint inhibitors Lag3 and Tim3 which we previously described increasing with COVID-19 severity showed interactions with the fraction of cholesterol in LDL particles, themselves decreasing with COVID-19 severity. While many of these potential interactions are not yet described, and many are indirect, there are also specific examples of direct interactions, such as HDL interference with the potential of T cells to produce some cytokines, through a proposed mechanism of direct binding (57). The relationships between the two datasets made us hypothesize that it could be possible to establish a patient-centric view of the immune-metabolic landscape during COVID-19. Towards that end, we employed regularized Canonical Correlation Analysis (rCCA) to integrate both NMR and flow cytometry datasets in a common latent space (Figure 4B). In this new space, samples clustered based on disease severity and its associated clinical outcomes regardless of dataset origin (Figure 4B). This allowed us to build a novel way to stratify patients based on both immune and metabolic data by hierarchical clustering of the pairwise similarity between patient samples (Figure 4C). In this classification we could identify six groups: one with predominantly healthy samples (11% of all samples); two groups of patients with mild disease (10 and 12% respectively); two groups mostly containing patients with severe disease (one with samples collected close to symptom onset, and the other later (11 and 24% respectively); and finally a group of samples from mostly convalescent patients (32%) (Figure 4C). The six groups were characterized by distinct clinical parameters and abundance of immuno-metabolic species (Figure 4C). For example, the two groups of mild disease could be distinguished by distinct BMI, liver enzyme levels, and triglyceride content of lipoproteins. Additionally, the “late” severe disease group had creatinine levels markedly higher than the “earlier” severe group, as opposed to B-cell expression of immunoglobulins G and M (IgG/IgM) which was highest in “early” disease and later decreased (Figure 4D).




Figure 4 | Joint immune-metabolic analysis empowers a novel COVID-19 patient stratification strategy. (A) Heatmap of the relationship between metabolic (x-axis) and immune variables (y-axis). Values of change with COVID-19 are regression coefficients for COVID-19 severity. Only the 30 variables with most variance are shown per dataset. (B) Integration of immune and metabolic data into a joint embedding. Each square panel demonstrates the distribution of samples dependent on clinical factors, and below the cumulative distribution function of each class along the first dimension. We provide silhouette scores (S) for how good the classes are separated and their significance through an ANOVA test (p). (C) Pairwise correlation heatmap showing the similarity between samples based on immune-metabolic data. The hierarchical clustering dendrogram illustrates the newly discovered patient groups. Axis rows and columns are the same. Values of clinical parameters for every sample are illustrated above the heatmap. (D) Relative enrichment of sample groups in clinical (top) and immune-metabolic variables (bottom). Values were aggregated by mean per cluster and row-wise Z-score transformed to account for the heterogeneous nature of the variables.






Discussion

Here we present longitudinal immuno-metabolic data on a cohort of COVID-19 patients representative of the whole range of disease severity. We show that patient metabolism during disease is quite dynamic, reflecting disease progression and treatment. Consistent with a previous report, increased markers of systemic inflammation correlated with COVID-19 severity (25). More importantly, we identified a deep alteration of the lipoprotein particles levels and composition: increased triglyceride content and VLDL, decrease of HDL, percentage of cholesterol/cholesteryl esters in HDL, and IDL were associated with severe disease. Previous studies have proposed a decrease in cholesterol and increase in triglycerides (24, 27, 46)as markers of severe COVID-19. In our study we confirm these findings and further describe the deep modification in the lipid metabolism and composition of lipoprotein and fatty acid associated with the disease. This is reminiscent of a metabolic state known to predispose to cardiovascular disease (58–60) and could be related to the thrombotic events observed in COVID-19 patients with severe disease (2, 4, 5, 61, 62). Furthermore, we develop groundwork for the future development of tools that can precisely monitor COVID-19 patient trajectories using metabolic data, potentially enabling risk assessment on a continual fashion. We must nonetheless acknowledge the following limitations to our study: i) our cohort is relatively small especially in comparison with large repositories such as the UK biobank; ii) our cohort is also skewed to have more patients with longitudinal follow-up for patients with severe disease - this is at least in part due to the natural dynamic severe disease having a longer recovery period; iii) our analysis of the interaction between the immune system and metabolome is purely correlational, as we can’t infer causality between the presence or activity of an immune cell type with the abundance of a metabolite.

It is plausible that cytokine modulation of key metabolic enzymes or energy usage by the immune system during acute infection are a major source of the metabolic changes associated with COVID-19 progression (63). It has been shown for COVID-19 specifically that in T-cells cholesterol interacts with sphingolipids in membrane rafts in a manner that is dependent on the saturation state of the fatty acids (31), and more generally that lipid raft formation has a crucial role in the cytotoxic activity of CD8 T-cells (64–66). The increase in triglyceride composition of lipoprotein particles and their saturation state we observed with increased disease severity could result in altered immune function. Evidence for that has been seen in the regulation of immune checkpoint proteins such as CTLA4 in MDSCs by intracellular PUFA levels in cancer models (67). Another example is the shift between energy sources in T effector cells from glucose to aminoacids which is required for proliferation and cytotoxic activity (51–53).

Additional evidence of immune influence on metabolism in our data is the fact that tocilizumab - a monoclonal antibody that inhibits the binding of the pro-inflammatory cytokine IL-6 to its receptor - partially rescues the effect of disease severity at the metabolic level (Figure 2C). This is in agreement with a previous study reporting a similar rescue effect of Tosiluzimab on COVID-19 associated metabolic alterations (27). This reinforces the idea that metabolic changes during COVID-19 are likely to be at least partially driven by the immune system either directly through regulation of key metabolic enzymes by cytokines, energy consumption of cytokine-secreting cells, or by the effect of immune cells on other tissues. At the same time, in our study BMI had a negligible influence on disease severity (Figure S2A), and biomarkers for liver function such as AST and ALT did not show significant association with disease severity (Figures S3B, C), making nutrition, obesity and liver dysfunction unlikely candidates to explain metabolic changes linearly associated with COVID-19 severity. Nonetheless, the contribution of these and other factors should be further explored in future studies with larger sample sizes and complete measurements of well-established clinical significance such as D-dimer.

The immune-metabolic crosstalk taking place during COVID-19 progression suggests the future potential use of metabolites to control disease through direct modulation of specific steps of lipid metabolism at the immune level. In that light, having precise methods for disease monitoring that capture both metabolism and immune system states would be extremely useful. In this study we develop a method for patient monitoring using NMR spectroscopy of metabolites from blood sera (Figure 3) that is quantitative, does not rely on thresholds, and can be interpreted in terms of patient risk at any given time during the patient’s clinical trajectory. Further development of our approach of joint immuno-metabolic classification of overall patient trajectories (Figure 4) could be used early in the course to tailor patient care and maximize allocation of medical resources.

Collectively, our study unveils the considerable metabolic disarray during COVID-19 progression which could open avenues for the development of metabolic-based therapies. Further, by leveraging immuno-metabolic high-dimensional data, we provide novel methods for precise disease monitoring and stratification in order to effectively tailor clinical care to COVID-19 patients.



Methods


Human Studies

Blood serum samples were collected at the New York Presbyterian Hospital/Weill Cornell Medicine. Experiments using samples from human subjects were conducted in accordance with local regulations and with the approval of the IRB at the Weill Cornell Medicine (IRB 20-03021645). No statistical methods were used to pre-determine sample size.



Targeted Metabolomics With Nuclear Magnetic Resonance

Venous blood was collected from donors without fasting in heparinized tubes at the indicated days. Samples were processed within 24 hrs from collection. Plasma was stored in aliquots at -80°C until use. Analytes were quantified from plasma samples using targeted high-throughput NMR metabolomics (Nightingale Health Ltd., Helsinki, Finland) using 100-350µL aliquots. This platform provides simultaneous quantification of routine lipids, lipoprotein subclasses, fatty acids and their saturation, several low-molecular weight metabolites (amino acids, ketone bodies and glycolysis metabolites), as well as a set of clinically validated biomarkers associated with different metabolic pathways relevant to human physiology in molar concentration units. One advantage of the platform is that biomarkers were quantified independently for each sample without information from reference samples in the same well-plate or same cohort, enabling absolute quantification. In total, 249 measures were produced with 148 in absolute molar quantification. This platform (same metabolite measurements) has been extensively described and validated across large cohorts (68, 69).



Analysis of Nuclear Magnetic Resonance Data

In order to categorize the NMR analytes biophysically and functionally, we used data distributed by the ggforestplot package (36) (https://github.com/NightingaleHealth/ggforestplot) and complemented them with variables representing lipoprotein particle size and density according to the variable names. Values of replicability per analyte were extracted from measurements of technical replicates performed by Nightingale Health Ltd. publicly available at: https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/nmrm_app2.pdf. Summary statistics for metabolite species abundance at population scale were obtained from the publicly available resource showcase of the UK biobank (44) (https://biobank.ndph.ox.ac.uk/ukb/) by querying field IDs 23400 to 23578. In order to build data-driven groups of variables, we used a standardized and centered matrix of features with absolute measurements only, and computed a nearest neighbor graph using 15 neighbors as the size of the local neighborhood (scanpy.pp.neighbors). These were used as input for UMAP (scanpy.tl.umap) and clustered using the Leiden algorithm (scanpy.tl.leiden), both with default parameters using Scanpy (70).

To identify variables associated with COVID-19 severity, we performed linear regression using a mixed effect model. The model used age, gender, and body mass index (BMI) as covariates, with the WHO score per sample as the dependent variable, and fixed effects for each patient. To identify variables associated with tocilizumab treatment, we performed linear regression with a generalized linear model. The dependent variable was the time in days since treatment began, and only samples of patients which received treatment were included. Covariates of age, gender, and body mass index (BMI) were also used. We ensured there was no collinearity between predictors by measuring their variance inflation factor using statsmodels. We fit the models for all variables, inspected the distribution of residuals and for the mixed effect model also compared the estimated coefficients to a generalized linear model with no blocking on patient, and to models not incorporating the covariates. We found that the estimated effect of COVID-19 severity between these models was highly similar (r2 = 0.985). p-values were corrected for multiple testing using the Benjamini-Hochberg FDR method. To assess whether the group of features significantly associated with COVID-19 severity or tocilizumab treatment were enriched in any particular biophysical and functional classes, we performed enrichment analysis using the annotation classes of the metabolites and parametric analysis of gene set enrichment (71) (PAGE) as implemented in https://github.com/afrendeiro/page-enrichment.



Generation of a Latent Space for Precision Disease Monitoring

To establish a latent space embedding using the metabolomics data, we performed spectral embedding of the metabolomics data (sklearn.manifold.SpectralEmbedding). We also compared the results of this method to the following methods for dimensionality reduction: principal component analysis (PCA), non-negative matrix factorization (NMF), multidimensional scaling (MDS), non-linear dimensionality reduction through isometric mapping (Isomap), t-distributed stochastic neighbor embedding (72) (t-SNE), uniform manifold approximation and projection (UMAP), as implemented in scikit-learn, diffusion maps (DiffMap) as implemented in Scanpy (70), and minimum-distortion embedding (70, 73) (MDE) from the PyMDE package. Spectral embedding produces exactly the same results as diffusion maps (DiffMap) with default parameters if the input matrix is standardized and centered. To order variables along a gradient within the derived latent space across its two dimensions, we correlated the original features with each latent vector, scaled each to the unit range and multiplied the values of dimension 1 and 2. Then, to order samples along this gradient, we simply computed the correlation of each sample with the previously derived vector.

Inference of clinical parameters distribution within the latent space was done as previously (74): two bivariate gaussian kernel density estimators were fitted on the coordinates of the samples with the difference being that one was weighted by the respective value of the sample in the clinical parameter. The final values are given by the difference between the two estimators. The compound measure of relative risk is the average of these estimations for the WHO score, hospitalization, intubation, and death.

To generate a vector field of patient movement through the latent space, we extracted vectors representing the movement of each sample at each timepoint by dividing the euclidean distance between points by the time between each two consecutive timepoints. Then, we interpolated these values across the two-dimensional latent space (scipy.interpolate.griddata). The total velocity of each patient in the space was calculated as the total distance over the length of the timeline (first to last NMR sample). To derive a score of COVID-19 severity for each sample, we also separated features dependent on the sign of the coefficients of the mixed effects model and calculated the difference in the mean of up-regulated features and mean down-regulated features scaled by their relative size.



Joint Analysis of Nuclear Magnetic Resonance and Flow Cytometry Datasets

In order to understand the relationship between metabolic variables and immune populations, we performed Ridge regression between the NMR and flow cytometry datasets with hyperparameter optimization using random search cross-validation (sklearn.model_selection.RandomizedSearchCV) for the alpha parameter sampled from a log-uniform distribution with parameters a = 1e-20, and b = 1 for 1000 iterations. The coefficients of the best model were highly regularized (alpha = 0.979196) and were used to represent the relationship between metabolic and immune population variables.

To produce a joint embedding of metabolic and immune data for each patient timepoint, we employed regularized canonical correlation analysis (75) (RCCA) in the Python implementation pyrcca. We performed hyperparameter optimization with grid search cross validation using a number of canonical components between 4 and 8, and a regularization parameter between 1e-3 and 1e3. The best number of canonical components was 6 and the regularization parameter was 90. The separation of groups of samples dependent on clinical parameters was assessed with a silhouette score and an analysis of variance (ANOVA) test on the first 2 canonical components only.

To produce a stratification of patients based on the joint projection of the two datasets in the RCCA space by correlating samples in a pairwise fashion and extracting the first 6 splits of a dendrogram derived from hierarchical clustering of the correlation coefficients. The association of clinical or immune-metabolic variables with the derived patient groups was performed by fitting a linear model explaining those variables using the patient groups. In the case of immune-metabolic data, only the top 3 variables per group were chosen for visualization.

Software used: Python version 3.8.2, numpy (76) 1.21.0, scipy (77) 1.7.0, statsmodels (78) 0.12.2, scikit-learn (79) 0.24.2, scanpy (70) 1.8.0, pymde (73) 0.1.12, pingouin (80) 0.3.12, and pyrcca (75) 0.1.
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Supplementary Figure 1 | Characterization of the NMR metabolomics panel. (A–C) Composition of the panel dependent on the biophysical characteristics of the analytes from A to C with increased granularity. (D, E) Composition of the lipoprotein particle variables in the panel depending on their density (D) and size (E). (F) Absolute abundance of metabolites depending on their density or size. (G) Measures of reproducibility and signal-to-noise for all metabolites in the panel. (H) Relationship between mean and variance for all variables in the panel. (I) Pair-wise correlation of metabolite abundance.

Supplementary Figure 2 | Metabolic changes associated with COVID-19 severity. (A) Number of significant (p < 0.05 FDR) variables for a joint model of COVID-19 severity, patient age, BMI, and race. (B) Volcano plot of changes in metabolites associated with COVID-19 severity. (C) Heatmap of relative metabolite abundance for all samples where the axes have been sorted by the amount of change. (D) Abundance of metabolites with significant association with COVID-19 severity depending on WHO score.

Supplementary Figure 3 | Metabolic and clinical association of disease severity. (A) Distribution of log fold-changes in lipoprotein particle metabolites depending on their size (upper row) or density (lower row). The coefficients represent the change associated with hospitalization, death and disease severity. (B) Volcano plot of clinical variables associated with COVID-19 severity in our cohort. (C) Distribution of clinical parameters in the samples dependent of COVID-19 severity. The horizontal grey areas represent a healthy range for each parameter.

Supplementary Figure 4 | Metabolic changes associated with tocilizumab treatment in COVID-19. (A) Association of metabolite abundance with the time of tocilizumab treatment for all metabolic species (upper panel). The lower panel illustrates the 10 metabolites most associated in each direction. (B) Heatmap of metabolites significantly associated with tocilizumab treatment for samples of patients that have been treated. Volcano plot of clinical variables associated with COVID-19 severity in our cohort. (C) Enrichment of metabolite classes in the change with tocilizumab treatment. (D–F) Abundance of metabolites with discordant (D), concordant (E) or indifferent (D) change between COVID-19 severity and tocilizumab treatment for treated patients.

Supplementary Figure 5 | Metabolic and clinical association of disease severity. (A) Latent space as in Figure 2A, but illustrating the distribution of additional clinical factors. (B) Association analysis of clinical variables with the latent space axes. p-values have been adjusted with the Benjamini-Hochberg FDR method. (C) Difference between bivariate kernel density estimates that have been weighted with the clinical parameters of the samples. The overall risk is the mean of the four clinical parameters in the first row of plots. (D–F) Latent space embeddings of metabolomic data using alternative methods. Samples have been colored by the WHO score scale.



References

1. John Hopkins University Coronavirus Resource Center. Available at: https://coronavirus.jhu.edu/ (Accessed July 15, 2021).

2. Sinha, P, Calfee, CS, Cherian, S, Brealey, D, Cutler, S, King, C, et al. Prevalence of Phenotypes of Acute Respiratory Distress Syndrome in Critically Ill Patients With COVID-19: A Prospective Observational Study. Lancet Respir Med (2020). doi: 10.1016/S2213-2600(20)30366-0

3. Yang, J, Zheng, Y, Gou, X, Pu, K, Chen, Z, Guo, Q, et al. Prevalence of Comorbidities and its Effects in Patients Infected With SARS-CoV-2: A Systematic Review and Meta-Analysis. Int J Infect Dis (2020) 94:91–5. doi: 10.1016/j.ijid.2020.03.017

4. Zhou, F, Yu, T, Du, R, Fan, G, Liu, Y, Liu, Z, et al. Clinical Course and Risk Factors for Mortality of Adult Inpatients With COVID-19 in Wuhan, China: A Retrospective Cohort Study. Lancet (2020) 395:1054–62. doi: 10.1016/S0140-6736(20)30566-3

5. Grasselli, G, Tonetti, T, Protti, A, Langer, T, Girardis, M, Bellani, G, et al. Pathophysiology of COVID-19-Associated Acute Respiratory Distress Syndrome: A Multicentre Prospective Observational Study. Lancet Respir Med (2020). doi: 10.1016/S2213-2600(20)30370-2

6. Guan, W-J, Ni, Z-Y, Hu, Y, Liang, W-H, Ou, C-Q, He, J-X, et al. Clinical Characteristics of Coronavirus Disease 2019 in China. N Engl J Med (2020) 382:1708–20. doi: 10.1056/NEJMoa2002032

7. Huang, C, Wang, Y, Li, X, Ren, L, Zhao, J, Hu, Y, et al. Clinical Features of Patients Infected With 2019 Novel Coronavirus in Wuhan, China. Lancet (2020) 395:497–506. doi: 10.1016/S0140-6736(20)30183-5

8. Huang, J, Cheng, A, Kumar, R, Fang, Y, Chen, G, Zhu, Y, et al. Hypoalbuminemia Predicts the Outcome of COVID-19 Independent of Age and Co-Morbidity. J Med Virol (2020) 92:2152–8. doi: 10.1002/jmv.26003

9. Richardson, S, Hirsch, JS, Narasimhan, M, Crawford, JM, McGinn, T, Davidson, KW, et al. Presenting Characteristics, Comorbidities, and Outcomes Among 5700 Patients Hospitalized With COVID-19 in the New York City Area. JAMA (2020). doi: 10.1001/jama.2020.6775

10. Shi, Y, Tan, M, Chen, X, Liu, Y, Huang, J, Ou, J, et al. Immunopathological Characteristics of Coronavirus Disease 2019 Cases in Guangzhou, China. medRxiv (2020), 2020.03.12.20034736. doi: 10.1101/2020.03.12.20034736

11. Wang, W, Su, B, Pang, L, Qiao, L, Feng, Y, Ouyang, Y, et al. High-Dimensional Immune Profiling by Mass Cytometry Revealed Immunosuppression and Dysfunction of Immunity in COVID-19 Patients. Cell Mol Immunol (2020) 17:650–2. doi: 10.1038/s41423-020-0447-2

12. Wang, G, Wu, C, Zhang, Q, Wu, F, Yu, B, Lv, J, et al. C-Reactive Protein Level May Predict the Risk of COVID-19 Aggravation. Open Forum Infect Dis (2020) 7:ofaa153. doi: 10.1093/ofid/ofaa153

13. Wang, H, Yuan, Z, Pavel, MA, Jablonski, SM, Jablonski, J, Hobson, R, et al. The Role of High Cholesterol in Age-Related COVID19 Lethality. bioRxiv (2020). doi: 10.1101/2020.05.09.086249

14. Tay, MZ, Poh, CM, Rénia, L, MacAry, PA, and Ng, LFP. The Trinity of COVID-19: Immunity, Inflammation and Intervention. Nat Rev Immunol (2020) 20:363–74. doi: 10.1038/s41577-020-0311-8

15. Hennigan, S, and Kavanaugh, A. Interleukin-6 Inhibitors in the Treatment of Rheumatoid Arthritis. Ther Clin Risk Manage (2008) 4:767–75. doi: 10.2147/tcrm.s3470

16. Guaraldi, G, Meschiari, M, Cozzi-Lepri, A, Milic, J, Tonelli, R, Menozzi, M, et al. Tocilizumab in Patients With Severe COVID-19: A Retrospective Cohort Study. Lancet Rheumatol (2020) 2:e474–84. doi: 10.1016/S2665-9913(20)30173-9

17. Xu, G, Qi, F, Li, H, Yang, Q, Wang, H, Wang, X, et al. The Differential Immune Responses to COVID-19 in Peripheral and Lung Revealed by Single-Cell RNA Sequencing. MedRxiv (2020). doi: 10.1101/2020.08.15.20175638

18. Wilk, AJ, Rustagi, A, Zhao, NQ, Roque, J, Martínez-Colón, GJ, McKechnie, JL, et al. A Single-Cell Atlas of the Peripheral Immune Response in Patients With Severe COVID-19. Nat Med (2020) 1–7. doi: 10.1038/s41591-020-0944-y

19. Agrati, C, Sacchi, A, Bordoni, V, Cimini, E, Notari, S, Grassi, G, et al. Expansion of Myeloid-Derived Suppressor Cells in Patients With Severe Coronavirus Disease (COVID-19). Cell Death Differ (2020). doi: 10.1038/s41418-020-0572-6

20. Tan, L, Wang, Q, Zhang, D, Ding, J, Huang, Q, Tang, Y-Q, et al. Lymphopenia Predicts Disease Severity of COVID-19: A Descriptive and Predictive Study. Signal Transduct Target Ther (2020) 5:33. doi: 10.1038/s41392-020-0148-4

21. Ye, Q, Wang, B, and Mao, J. The Pathogenesis and Treatment of the `Cytokine Storm’ in COVID-19. J Infection (2020) 80:607–13. doi: 10.1016/j.jinf.2020.03.037

22. Nicolai, L, Leunig, A, Brambs, S, Kaiser, R, Weinberger, T, Weigand, M, et al. Immunothrombotic Dysregulation in COVID-19 Pneumonia Is Associated With Respiratory Failure and Coagulopathy. Circulation (2020) 142:1176–89. doi: 10.1161/CIRCULATIONAHA.120.048488

23. Takahashi, T, Wong, P, Ellingson, M, Lucas, C, Klein, J, Israelow, B, et al. Sex Differences in Immune Responses to SARS-CoV-2 That Underlie Disease Outcomes. Nature (20202020) 588:315–20. doi: 10.1038/s41586-020-2700-3

24. Lucas, C, Wong, P, Klein, J, Castro, TBR, Silva, J, Sundaram, M, et al. Longitudinal Analyses Reveal Immunological Misfiring in Severe COVID-19. Nature (20202020) 584:463–9. doi: 10.1038/s41586-020-2588-y

25. Dierckx, T, van Elslande, J, Salmela, H, Decru, B, Wauters, E, Gunst, J, et al. The Metabolic Fingerprint of COVID-19 Severity. bioRxiv (2020). doi: 10.1101/2020.11.09.20228221

26. Blasco, H, Bessy, C, Plantier, L, Lefevre, A, Piver, E, Bernard, L, et al. The Specific Metabolome Profiling of Patients Infected by SARS-COV-2 Supports the Key Role of Tryptophan-Nicotinamide Pathway and Cytosine Metabolism. Sci Rep (2020) 10:16824. doi: 10.1038/s41598-020-73966-5

27. Geyer, PE, Arend, FM, Doll, S, Louiset, M-L, Virreira Winter, S, Müller-Reif, JB, et al. High-Resolution Serum Proteome Trajectories in COVID-19 Reveal Patient-Specific Seroconversion. EMBO Mol Med (2021), e14167. doi: 10.15252/emmm.202114167

28. Meoni, G, Ghini, V, Maggi, L, Vignoli, A, Mazzoni, A, Salvati, L, et al. Metabolomic/lipidomic Profiling of COVID-19 and Individual Response to Tocilizumab. PloS Pathog (2021) 17:e1009243. doi: 10.1371/journal.ppat.1009243

29. Danlos, F-X, Grajeda-Iglesias, C, Durand, S, Sauvat, A, Roumier, M, Cantin, D, et al. Metabolomic Analyses of COVID-19 Patients Unravel Stage-Dependent and Prognostic Biomarkers. Cell Death Dis (2021) 12:258. doi: 10.1038/s41419-021-03540-y

30. Chazal, N, and Gerlier, D. Virus Entry, Assembly, Budding, and Membrane Rafts. Microbiol Mol Biol Rev (2003) 67:226–37. doi: 10.1128/MMBR.67.2.226-237.2003

31. Mazzon, M, and Mercer, J. Lipid Interactions During Virus Entry and Infection. Cell Microbiol (2014) 16:1493–502. doi: 10.1111/cmi.12340

32. Welte, MA, and Gould, AP. Lipid Droplet Functions Beyond Energy Storage. Biochim Biophys Acta Mol Cell Biol Lipids (2017) 1862:1260–72. doi: 10.1016/j.bbalip.2017.07.006

33. Watson, RR, and Demeester, F. Handbook of Lipids in Human Function: Fatty Acids. Elsevier (2015). Available at: https://play.google.com/store/books/details?id=jdM4CgAAQBAJ.

34. Song, J-W, Lam, SM, Fan, X, Cao, W-J, Wang, S-Y, Tian, H, et al. Omics-Driven Systems Interrogation of Metabolic Dysregulation in COVID-19 Pathogenesis. Cell Metab (2020) 32:188–202.e5. doi: 10.1016/j.cmet.2020.06.016

35. Lee, W, Ahn, JH, Park, HH, Kim, HN, Kim, H, Yoo, Y, et al. COVID-19-Activated SREBP2 Disturbs Cholesterol Biosynthesis and Leads to Cytokine Storm. Signal Transduct Target Ther (2020) 5:186. doi: 10.1038/s41392-020-00292-7

36. Ahola-Olli, AV, Mustelin, L, Kalimeri, M, Kettunen, J, Jokelainen, J, Auvinen, J, et al. Circulating Metabolites and the Risk of Type 2 Diabetes: A Prospective Study of 11,896 Young Adults From Four Finnish Cohorts. Diabetologia (2019) 62:2298–309. doi: 10.1007/s00125-019-05001-w

37. Tikkanen, E, Jägerroos, V, Rodosthenous, R, Holmes, M, Sattar, N, Ala-Korpela, M, et al. Metabolic Biomarkers for Peripheral Artery Disease Compared With Coronary Artery Disease: Lipoprotein and Metabolite Profiling of 31,657 Individuals From Five Prospective Cohorts. bioRxiv (2020). doi: 10.1101/2020.07.24.20158675

38. Nightingale Health UK Biobank Initiative, Julkunen, H, Cichonska, A, Slagboom, PE, and Würtz, P. Blood Biomarker Score Identifies Individuals at High Risk for Severe COVID-19 a Decade Prior to Diagnosis: Metabolic Profiling of 105,000 Adults in the UK Biobank. bioRxiv (2020). doi: 10.1101/2020.07.02.20143685

39. Nightingale Health UK Biobank Initiative, Julkunen, H, Cichońska, A, Slagboom, PE, and Würtz, P. Metabolic Biomarker Profiling for Identification of Susceptibility to Severe Pneumonia and COVID-19 in the General Population. Elife (2021) 10. doi: 10.7554/eLife.63033

40. World Health Organization. WHO R&D Blueprint: Novel Coronavirus COVID-19 Therapeutic Trial Synopsis. Available at: www.who.int/blueprint/priority-diseases/key-action/COVID-19_Treatment_Trial_Design_Master_Protocol_synopsis_Final_18022020.pdf (Accessed July 15, 2021).

41. Corti, MC, Guralnik, JM, Salive, ME, and Sorkin, JD. Serum Albumin Level and Physical Disability as Predictors of Mortality in Older Persons. JAMA (1994) 272:1036–42. doi: 10.1001/jama.1994.03520130074036

42. Vaidya, VS, Ferguson, MA, and Bonventre, JV. Biomarkers of Acute Kidney Injury. Annu Rev Pharmacol Toxicol (2008) 48:463–93. doi: 10.1146/annurev.pharmtox.48.113006.094615

43. Barski, R. Lipids, Lipoproteins, and Apolipoproteins as Risk Markers of Myocardial Infarction in 52 Countries (the INTERHEART Study): A Case-Control Study. Ann Clin Biochemistry: Int J Lab Med (2009) 46:266–6. doi: 10.1258/acb.2009.200903

44. Ritchie, SC, Würtz, P, Nath, AP, Abraham, G, Havulinna, AS, Fearnley, LG, et al. The Biomarker GlycA Is Associated With Chronic Inflammation and Predicts Long-Term Risk of Severe Infection. Cell Syst (2015) 1:293–301. doi: 10.1016/j.cels.2015.09.007

45. Sudlow, C, Gallacher, J, Allen, N, Beral, V, Burton, P, Danesh, J, et al. UK Biobank: An Open Access Resource for Identifying the Causes of a Wide Range of Complex Diseases of Middle and Old Age. PloS Med (2015) 12:e1001779. doi: 10.1371/journal.pmed.1001779

46. Masana, L, Correig, E, Ibarretxe, D, Anoro, E, Arroyo, JA, Jericó, C, et al. Low HDL and High Triglycerides Predict COVID-19 Severity. Sci Rep (2021) 11:7217. doi: 10.1038/s41598-021-86747-5

47. Alfano, CM, Imayama, I, Neuhouser, ML, Kiecolt-Glaser, JK, Smith, AW, Meeske, K, et al. Fatigue, Inflammation, and ω-3 and ω-6 Fatty Acid Intake Among Breast Cancer Survivors. J Clin Oncol (2012) 30:1280–7. doi: 10.1200/JCO.2011.36.4109

48. Simopoulos, AP. The Importance of the Ratio of Omega-6/Omega-3 Essential Fatty Acids. Biomed Pharmacother (2002) 56:365–79. doi: 10.1016/s0753-3322(02)00253-6

49. Hubler, MJ, and Kennedy, AJ. Role of Lipids in the Metabolism and Activation of Immune Cells. J Nutr Biochem (2016) 34:1–7. doi: 10.1016/j.jnutbio.2015.11.002

50. Almeida, L, Lochner, M, Berod, L, and Sparwasser, T. Metabolic Pathways in T Cell Activation and Lineage Differentiation. Semin Immunol (2016) 28:514–24. doi: 10.1016/j.smim.2016.10.009

51. Rathmell, JC, Vander Heiden, MG, Harris, MH, Frauwirth, KA, and Thompson, CB. In the Absence of Extrinsic Signals, Nutrient Utilization by Lymphocytes Is Insufficient to Maintain Either Cell Size or Viability. Mol Cell (2000) 6:683–92. doi: 10.1016/s1097-2765(00)00066-6

52. Roos, D, and Loos, JA. Changes in the Carbohydrate Metabolism of Mitogenically Stimulated Human Peripheral Lymphocytes. II. Relative Importance of Glycolysis and Oxidative Phosphorylation on Phytohaemagglutinin Stimulation. Exp Cell Res (1973) 77:127–35. doi: 10.1016/0014-4827(73)90561-2

53. Frauwirth, KA, Riley, JL, Harris, MH, Parry, RV, Rathmell, JC, Plas, DR, et al. The CD28 Signaling Pathway Regulates Glucose Metabolism. Immunity (2002) 16:769–77. doi: 10.1016/s1074-7613(02)00323-0

54. Hardardóttir, I, Grünfeld, C, and Feingold, KR. Effects of Endotoxin and Cytokines on Lipid Metabolism. Curr Opin Lipidol (1994) 5:207–15. doi: 10.1097/00041433-199405030-00008

55. Grunfeld, C, and Feingold, KR. Regulation of Lipid Metabolism by Cytokines During Host Defense. Nutrition (1996) 12:S24–6. doi: 10.1016/0899-9007(96)90013-1

56. Rendeiro, AF, Casano, J, Vorkas, CK, Singh, H, Morales, A, DeSimone, RA, et al. Profiling of Immune Dysfunction in COVID-19 Patients Allows Early Prediction of Disease Progression. Life Sci Alliance (2021) 4:e202000955. doi: 10.26508/lsa.202000955

57. Rendeiro, AF, Ravichandran, H, Bram, Y, Chandar, V, Kim, J, Meydan, C, et al. The Spatial Landscape of Lung Pathology During COVID-19 Progression. Nature (2021) 593:564–9. doi: 10.1038/s41586-021-03475-6

58. Carpintero, R, Gruaz, L, Brandt, KJ, Scanu, A, Faille, D, Combes, V, et al. HDL Interfere With the Binding of T Cell Microparticles to Human Monocytes to Inhibit Pro-Inflammatory Cytokine Production. PloS One (2010) 5:e11869. doi: 10.1371/journal.pone.0011869

59. Rader, DJ. High-Density Lipoproteins and Atherosclerosis. Am J Cardiol (2002) 90. doi: 10.1016/s0002-9149(02)02635-8

60. Borén, J, Chapman, MJ, Krauss, RM, Packard, CJ, Bentzon, JF, Binder, CJ, et al. Low-Density Lipoproteins Cause Atherosclerotic Cardiovascular Disease: Pathophysiological, Genetic, and Therapeutic Insights: A Consensus Statement From the European Atherosclerosis Society Consensus Panel. Eur Heart J (2020) 41:2313–30. doi: 10.1093/eurheartj/ehz962

61. Mundi, S, Massaro, M, Scoditti, E, Carluccio, MA, van Hinsbergh, VWM, Iruela-Arispe, ML, et al. Endothelial Permeability, LDL Deposition, and Cardiovascular Risk Factors—A Review. Cardiovasc Res (2018) 114:35–52. doi: 10.1093/cvr/cvx226

62. Ackermann, M, Verleden, SE, Kuehnel, M, Haverich, A, Welte, T, Laenger, F, et al. Pulmonary Vascular Endothelialitis, Thrombosis, and Angiogenesis in Covid-19. N Engl J Med (2020) NEJMoa2015432. doi: 10.1056/NEJMoa2015432

63. Zuo, Y, Estes, SK, Ali, RA, Gandhi, AA, Yalavarthi, S, Shi, H, et al. Prothrombotic Autoantibodies in Serum From Patients Hospitalized With COVID-19. Sci Transl Med (2020) 12. doi: 10.1126/scitranslmed.abd3876

64.Thematic Review Series: The Pathogenesis of Atherosclerosis. Effects of Infection and Inflammation on Lipid and Lipoprotein Metabolism Mechanisms and Consequences to the Host. J Lipid Res (2004) 45:1169–96. doi: 10.1194/jlr.R300019-JLR200

65. Horejsí, V. Lipid Rafts and Their Roles in T-Cell Activation. Microbes Infect (2005) 7:310–6. doi: 10.1016/j.micinf.2004.12.004

66. Kim, W, Khan, NA, McMurray, DN, Prior, IA, Wang, N, and Chapkin, RS. Regulatory Activity of Polyunsaturated Fatty Acids in T-Cell Signaling. Prog Lipid Res (2010) 49:250–61. doi: 10.1016/j.plipres.2010.01.002

67. Kim, S-Y, and Volsky, DJ. PAGE: Parametric Analysis of Gene Set Enrichment. BMC Bioinf (2005) 6:144. doi: 10.1186/1471-2105-6-144

68. Lamerton, RE, Lightfoot, A, Nieves, DJ, and Owen, DM. The Role of Protein and Lipid Clustering in Lymphocyte Activation. Front Immunol (2021) 12:600961. doi: 10.3389/fimmu.2021.600961

69. Veglia, F, Tyurin, VA, Blasi, M, De Leo, A, Kossenkov, AV, Donthireddy, L, et al. Fatty Acid Transport Protein 2 Reprograms Neutrophils in Cancer. Nature (2019) 569:73–8. doi: 10.1038/s41586-019-1118-2

70. Soininen, P, Kangas, AJ, Würtz, P, Tukiainen, T, Tynkkynen, T, Laatikainen, R, et al. High-Throughput Serum NMR Metabonomics for Cost-Effective Holistic Studies on Systemic Metabolism. Analyst (2009) 134:1781–5. doi: 10.1039/b910205a

71. Soininen, P, Kangas, AJ, Würtz, P, Suna, T, and Ala-Korpela, M. Quantitative Serum Nuclear Magnetic Resonance Metabolomics in Cardiovascular Epidemiology and Genetics. Circ Cardiovasc Genet (2015) 8:192–206. doi: 10.1161/CIRCGENETICS.114.000216

72. Wolf, FA, Angerer, P, and Theis, FJ. SCANPY: Large-Scale Single-Cell Gene Expression Data Analysis. Genome Biol (2018) 19:15. doi: 10.1186/s13059-017-1382-0

73. van der Maaten, L, and Hinton, G. Visualizing Data Using T-SNE. J Mach Learn Res (2008) 9:2579–605.

74. Agrawal, A, Ali, A, and Boyd, S. Minimum-Distortion Embedding. arXiv [cs.LG] (2021). Available at: http://arxiv.org/abs/2103.02559.

75. Bilenko, NY, and Gallant, JL. Pyrcca: Regularized Kernel Canonical Correlation Analysis in Python and Its Applications to Neuroimaging. Front Neuroinform (2016) 10:49. doi: 10.3389/fninf.2016.00049

76. Harris, CR, Millman, KJ, van der Walt, SJ, Gommers, R, Virtanen, P, Cournapeau, D, et al. Array Programming With NumPy. Nature (2020) 585:357–62. doi: 10.1038/s41586-020-2649-2

77. Virtanen, P, Gommers, R, Oliphant, TE, Haberland, M, Reddy, T, Cournapeau, D, et al. SciPy 1.0: Fundamental Algorithms for Scientific Computing in Python. Nat Methods (2020) 17:261–72. doi: 10.1038/s41592-019-0686-2

78. Seabold, S, and Perktold, J. (2010). Statsmodels: Econometric and Statistical Modeling With Python, In: Proceedings of the 9th Python in Science Conference. doi: 10.25080/majora-92bf1922-011

79. Pedregosa, F, and Varoquaux, G. Scikit-Learn: Machine Learning in Python. J Mach Learn Res (2011) 12:2825–30. doi: 10.5555/1953048.2078195

80. Vallat, R. Pingouin: Statistics in Python. JOSS (2018) 3:1026. doi: 10.21105/joss.01026




Conflict of Interest: OE is scientific advisor and equity holder in Freenome, Owkin, Volastra Therapeutics and OneThree Biotech.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Rendeiro, Vorkas, Krumsiek, Singh, Kapadia, Cappelli, Cacciapuoti, Inghirami, Elemento and Salvatore. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 14 January 2022

doi: 10.3389/fimmu.2021.799896

[image: image2]


Mitochondrial Dysfunction Associates With Acute T Lymphocytopenia and Impaired Functionality in COVID-19 Patients


Yufei Mo 1†, Kelvin Kai-Wang To 1,2,3,4†, Runhong Zhou 1†, Li Liu 1, Tianyu Cao 1, Haode Huang 1, Zhenglong Du 1, Chun Yu Hubert Lim 1, Lok-Yan Yim 1, Tsz-Yat Luk 1, Jacky Man-Chun Chan 5, Thomas Shiu-Hong Chik 5, Daphne Pui-Ling Lau 5, Owen Tak-Yin Tsang 5, Anthony Raymond Tam 6, Ivan Fan-Ngai Hung 6, Kwok-Yung Yuen 1,2,3,4 and Zhiwei Chen 1,2,3,4*‡


1 AIDS Institute and Department of Microbiology, Li Ka Shing Faculty of Medicine, The University of Hong Kong, Pokfulam, Hong Kong SAR, China, 2 State Key Laboratory of Emerging Infectious Diseases, The University of Hong Kong, Pokfulam, Hong Kong SAR, China, 3 Center for Virology, Vaccinology and Therapeutics, Health@InnoHK, The University of Hong Kong, Hong Kong, Hong Kong SAR, China, 4 Department of Clinical Microbiology and Infection Control, The University of Hong Kong-Shenzhen Hospital, Shenzhen, China, 5 Department of Medicine and Geriatrics, Princess Margaret Hospital, Hong Kong, Hong Kong SAR, China, 6 Department of Medicine, The University of Hong Kong, Pokfulam, Hong Kong SAR, China




Edited by: 

Galileo Escobedo, General Hospital of Mexico, Mexico

Reviewed by: 

Mireille Laforge, INSERM U1141 Neuroprotection du cerveau en développement, France

Gloria Queipo, General Hospital of Mexico, Mexico

*Correspondence: 

Zhiwei Chen
 zchenai@hku.hk



†These authors have contributed equally to this work and share first authorship


‡Lead contact



Specialty section: 
 This article was submitted to Viral Immunology, a section of the journal Frontiers in Immunology


Received: 22 October 2021

Accepted: 20 December 2021

Published: 14 January 2022

Citation:
Mo Y, To KK-W, Zhou R, Liu L, Cao T, Huang H, Du Z, Lim CYH, Yim L-Y, Luk T-Y, Chan JM-C, Chik TS-H, Lau DP-L, Tsang OT-Y, Tam AR, Hung IF-N, Yuen K-Y and Chen Z (2022) Mitochondrial Dysfunction Associates With Acute T Lymphocytopenia and Impaired Functionality in COVID-19 Patients. Front. Immunol. 12:799896. doi: 10.3389/fimmu.2021.799896



Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection results in rapid T lymphocytopenia and functional impairment of T cells. The underlying mechanism, however, remains incompletely understood. In this study, we focused on characterizing the phenotype and kinetics of T-cell subsets with mitochondrial dysfunction (MD) by multicolor flow cytometry and investigating the association between MD and T-cell functionality. While 73.9% of study subjects displayed clinical lymphocytopenia upon hospital admission, a significant reduction of CD4 or CD8 T-cell frequency was found in all asymptomatic, symptomatic, and convalescent cases. CD4 and CD8 T cells with increased MD were found in both asymptomatic and symptomatic patients within the first week of symptom onset. Lower proportion of memory CD8 T cell with MD was found in severe patients than in mild ones at the stage of disease progression. Critically, the frequency of T cells with MD in symptomatic patients was preferentially associated with CD4 T-cell loss and CD8 T-cell hyperactivation, respectively. Patients bearing effector memory CD4 and CD8 T cells with the phenotype of high MD exhibited poorer T-cell responses upon either phorbol 12-myristate-13-acetate (PMA)/ionomycin or SARS-CoV-2 peptide stimulation than those with low MD. Our findings demonstrated an MD-associated mechanism underlying SARS-CoV-2-induced T lymphocytopenia and functional impairment during the acute phase of infection.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the causative agent of the coronavirus disease 2019 (COVID-19) (1), has shocked the world with more than 240 million confirmed cases and more than 4.9 million deaths by October 20, 2021, as reported by the World Health Organization (2). SARS-CoV-2 became the most devastating human coronavirus, which was associated with its extremely high transmissibility (3, 4), hidden asymptomatic spread (4, 5), and emerged viral variants of concern escaping from neutralizing antibodies during natural infection or post vaccination (6–8). Clinically, COVID-19 patients might develop acute respiratory distress syndrome or be admitted to the intensive care unit (ICU) at around 8–15 days post symptom onset (p.s.o.) (9, 10). Most severe COVID-19 patients also suffered from prompt lymphocytopenia (11). Low T-cell count on hospital admission may predict disease severity (12) and relate to the increased peripheral pro-inflammatory cytokines among COVID-19 patients (13, 14). Particularly, the low CD8 T-cell count has been suggested to be a predictor for high mortality and severity of COVID-19 pneumonia (13, 15, 16). Furthermore, T-cell lymphocytopenia is associated with higher saliva viral load (17). These findings demonstrated that T lymphocytopenia might have detrimental effects on acute COVID-19 patients. Considering that T-cell immunity is important for host immune defense by eliminating virus-infected cells and assisting antibody responses (18, 19), we sought to investigate possible causes of T lymphocytopenia during the natural course of acute SARS-CoV-2 infection. We focused on the characterization of T-cell subsets with mitochondrial dysfunction (MD) by flow cytometry and the investigation of the association between MD and T-cell functionality.



Materials and Methods


Study Subjects

Our study was approved by the institutional review board of the University of Hong Kong/Hospital Authority Hong Kong West Cluster and Kowloon West Cluster Research Ethics Committee [UW 13-265 and KW/EX-20-038(144-26)]. We recruited 88 acute patients (APs), admitted to the Queen Mary Hospital and Princess Margaret Hospital from August 6, 2020, to December 23, 2020, into our study. In the meantime, 17 convalescent patients (CPs) and 31 healthy donors (HDs) were recruited by the Hong Kong Red Cross as controls. We primarily divided APs into three groups: asymptomatic (AS), mild APs (symptomatic without O2 treatment), and severe APs (symptomatic with O2 treatment). The clinical information of our subjects was summarized in Table 1.


Table 1 | Brief table for patient information description of 88 recruited acute patients.





Peripheral Blood Mononuclear Cell Isolation

Fresh peripheral blood mononuclear cells (PBMCs) from HDs and patients were isolated using Lymphoprep™ (Axis Shield, Dundee, Scotland) density gradient centrifugation in our BSL-3 laboratory. Freshly purified PBMCs were used for phenotyping by flow cytometry, T-cell proliferation assay, T-cell functionality assay, and/or antigen-specific assay. For all experiments, PBMCs were cultured in R10 Medium [RPMI 1640 medium (Gibco™, Thermo Fisher, MA, USA) supplemented with 10% fetal bovine serum (FBS; Gibco™), 2 mM L-glutamine (Gibco™), and 100 U/ml penicillin/100 μg/ml streptomycin (Gibco™)] with 5% CO2 at 37°C. The rest of the cells were kept in freezing medium [90% FBS + 10% dimethylsulfoxide (DMSO; Sigma Aldrich, MA, USA)] at -150°C before use. Frozen PBMCs were recovered in pre-warmed R10 Medium with 5% CO2 at 37°C overnight.



Flow Cytometry

Cells from fresh or frozen samples were stained with mitochondrial indicators including MitoTracker™ Green FM (200 nM, 37°C for 15 min), MitoTracker™ Red CMXRos (200 nM, 37°C for 15 min), tetramethylrhodamine methyl ester (TMRM; 125 nM, 37°C for 15 min), and MitoSOX™ (5 µM, 37°C for 10 min) before surface antibody staining (Table 2). After cells were washed twice using the staining buffer [2% FBS in PBS (Gibco™)], they were stained with Zombie Aqua™ Kit, FACS antibodies, and calcium indicator Fluo-4FF (Table 2) in the staining buffer accordingly at 4°C for 30 min. For intracellular staining, cells were fixed and permeabilized using Fixation/Permeabilization Solution (BD Sciences, NJ, USA) at 4°C for 20 min, followed by washing with Perm/Wash™ buffer (BD Sciences) and then stained with cytokine antibodies (Table 2) at 4°C overnight. Cells were washed twice before FACS analysis. For the Annexin V assay, T cells were stained with PE/Cyanine7 Annexin V (Table 2) in the Annexin V binding buffer (BD Sciences) before FACS analysis.


Table 2 | List of antibodies or reagents that were used for FACS analysis.





T-Cell Proliferation Assay

Fresh PBMCs were pre-labeled with carboxyfluorescein 6 succinimidyl ester (CFSE; 5 µM; Thermo Fisher) at 37°C for 10 min. Cells were then stimulated with anti-CD3 (2 µg/ml; BioLegend, CA, USA) plus anti-CD28 (1 µg/ml; BioLegend) antibodies for 3 days before FACS analysis. Non-stimulated or non-labeled cells served as controls. Proliferation index was calculated by normalizing the total number of divisions to number of cells that went into division (referring to flowjo proliferation platform: https://docs.flowjo.com/flowjo/experiment-based-platforms/proliferation/).



Polyfunctional Assay in T Cells

Fresh PBMCs from patients or HDs were stimulated with the commercially available 500× cell activation cocktail [BioLegend; containing phorbol 12-myristate-13-acetate (PMA, 40.5 µM) and ionomycin (669.3 µM)] in the presence of brefeldin A (BFA; 7.5 µg/ml; Sigma-Aldrich) in R10 Medium for 6 h. Cells were then harvested for intracellular FACS analysis on tumor necrosis factor (TNF)α, interferon (IFN)γ, and interleukin (IL)-2 expression.



Antigen-Specific Assay in T Cells

As previously described (20, 21), fresh PBMCs were stimulated by 1 µg/ml spike peptide pool or 5 µg/ml nucleocapsid protein (NP) peptide pool of SARS-CoV-2 (15-mer overlapping by 11, spanning the whole spike or NP; Genscript, NJ, USA) in the presence of 0.5 µg/ml anti-CD28 and anti-CD49d antibodies (BioLegend) overnight. PMA/ionomycin stimulation served as positive control, while media only served as negative control. BFA (7.5 µg/ml) was added at 6 h before harvesting cells for intracellular FACS analysis on IFNγ expression.



Immunofluorescence Confocal Microscopy

Valinomycin-treated PBMCs from HDs (1 µM, 60 min) and thawed PBMCs from HDs or APs were stained with MitoTracker™ Green (200 nM) and MitoTracker™ Red CMXRos (200 nM) at 37°C for 15 min before blocking with the Fc Blocker (BioLegend). Then, cells were washed and stained with anti-CD3 antibody (DAKO, 1:50) at 4°C for 30 min followed by secondary AF647-conjugated antibody staining at 4°C for 30 min. After being washed and stained with Hoechst33342 buffer (Thermo Fisher), cells were transferred onto Nunc™ Lab-Tek™ II 8-well chambered coverglass (Thermo Fisher) for confocal analysis.



Seahorse XF Cell Mito Stress Test

Around 0.5 million purified total T cells from fresh PBMCs or thawed PBMCs of HDs or APs were treated with or without 1 µM valinomycin for 60 min before performing Seahorse XF Cell Mito Stress Test. Experimental procedure was strictly based on the Seahorse XF Cell Mito Stress Test Kit [Oligomycin 15 µM, Carbonyl cyanide 4-(trifluoromethoxy)phenylhydrazone (FCCP) 15 µM, Antimycin A/Rotenone stock 5 µM; Agilent]. Seahorse XFe96 Analyzer was used for detecting oxygen consumption rate (OCR).



Statistical Analysis

All statistical analyses were performed using the SPSS or GraphPad Prism 7 software. Data represent mean or mean with SEM of at least three independent experiments unless indicated. To compare the frequency of MD+ cells between patients with high and low levels of markers (including HLA-DR+CD38+, PD-1+, and TNFα+/-IFNγ+/-IL-2+/-) or proliferation index, patients with level higher than the median were regarded as the high group, while others as the low group. Significant differences were calculated using a one-way analysis of variance (ANOVA) or two-tailed unpaired Student’s t test. p < 0.05 was considered statistically significant.




Results


Acute SARS-CoV-2 Infection Results in Rapid Mitochondrial Dysfunction in Both CD4 and CD8 T Cells

By assessing clinical test results, we found that 73.9% of the 88 recruited study subjects displayed lymphocytopenia upon hospital admission. Consistent with previous findings, men were more likely to become severely ill than women (Table 1) (22, 23). A higher neutrophil count was found in severe APs than non-severe ones (Table 1) (24). There were no differences between recruited mild and severe APs in terms of other clinical presentations (Table 1).

We then profiled T-cell frequency in APs [n = 88; 14 asymptomatic (AS), 48 mild APs, and 26 severe APs], as compared to the control groups including HDs (n = 31) and CPs (n = 17), by FACS analysis (Figure 1A). Consistent with results as previously described by us and others (13, 21), T-cell frequency in APs declined dramatically as compared with HDs (Figure 1B). More CD8 T-cell reductions were found among severe APs (Figure 1B) than mild ones (15). In the meantime, we used MitoTracker™ Green (Mito Green, representing for mitochondrial density) and MitoTracker™ Red CMXRos (Mito Red, representing for mitochondrial membrane potential) to assess mitochondrial function by flow cytometry. The MD+ proportion (Figure 1A) was defined by cells of Mito Greenhigh Mito RedLow (25–27), which was validated by confocal study and Seahorse XF Cell Mito Stress Test using the MD-inducing drug, valinomycin, on HD PBMCs (Supplementary Figures S1A–E). As compared with HDs, T cells from both AS and symptomatic AP groups showed high frequencies of MD+ cells (Figure 1C). Moreover, the frequencies of MD+ CD8 T cells were relatively higher than those of MD+ CD4 T cells in both mild and severe APs (Figure 1C). The elevated MD+ T cell proportion was consolidated by correlation analysis with the Mito Greenhigh TMRMLow population [TMRM, another indicator for mitochondrial membrane potential (28)]. Both Mito Greenhigh Mito RedLow and Mito Greenhigh TMRMLow correlated positively with the Annexin V+ apoptotic proportion in CD4 or CD8 T cells from APs (Supplementary Figures S2A, B). Besides, the phenotype of MD+ T cells was supported by moderately less fission under confocal analysis (29) and by relatively lower ATP production and maximal respiration by Seahorse XF Cell Mito Stress Test (Supplementary Figures S3A–F).




Figure 1 | T-cell subsets in asymptomatic and symptomatic donors are characterized by increased production of dysfunctional mitochondria during SARS-CoV-2 acute infection. Fresh peripheral blood mononuclear cells (PBMCs) of 88 SARS-CoV-2 acute patients (APs), 17 convalescent patients (CPs), and 31 healthy donors (HDs) were collected and profiled using flow cytometry in at least three independent experiments. (A) Representative plots showed the gating strategy on different T-cell subsets and cells with mitochondrial dysfunction (MD+) based on fluorescence minus one (FMO) control in FACS analysis. (B) The frequency of total T cells, CD4 T cells, and CD8 T cells and (C) the percentage of MD+ cells in total T cells, CD4 T cells, and CD8 T cells were compared among different groups based on disease severity compared to HDs and CPs. For symptomatic patients, (D) the frequency of total T cells, CD4 T cells, and CD8 T cells and (E) the percentage of MD+ cells in total T cells, CD4 T cells, and CD8 T cells along disease development were compared between mild and severe APs. HDs (in gray) served as negative control. Data represent mean ± SEM. Statistics were calculated based on one-way ANOVA test. *p < 0.05, **p < 0.01, ***p < 0.001. (F) The correlation between cell frequency and the percentage of MD+ cells in T-cell subsets from mild or severe APs during all time periods was calculated by Pearson’s correlation coefficient analysis. The correlation between cell frequency and the percentage of MD+ cells in T-cell subsets from mild or severe APs during the period of 6–10 days (G) or 11–15 days (H) post symptom onset (p.s.o.) was also calculated by Pearson correlation coefficient analysis.



Subsequently, we analyzed the kinetics of MD+ T cells among symptomatic patients. In the first 5 days p.s.o., frequencies of T-cell subsets decreased quickly, while proportions of MD+ T-cell subsets increased (Figures 1D, E). MD+ T-cell proportion, therefore, was negatively correlated with T-cell frequency, especially with a steeper slope of curve in CD4 than CD8 T-cell subsets (Figure 1F). Significant reduction of CD4 T-cell frequency was found in severe APs during the period of 6–10 days p.s.o., albeit that a stronger negative correlation between MD+ proportion and CD4 T-cell frequency occurred in mild APs than severe APs (Figures 1D, G). During 11–15 days p.s.o., significantly lower MD+ proportion in CD8 T cells was found in severe than mild APs, although no significant correlation was found between MD+ proportion and CD8 T-cell frequency (Figures 1E, H). These results demonstrated that acute SARS-CoV-2 infection resulted in significant CD4 T-cell loss and subsequent CD8 T-cell loss especially among severe APs, and that MD correlated more negatively with CD4 than CD8 T-cell loss regardless of disease severity.



COVID-19 Patients With Hyperactivated Memory T Cells Display High Mitochondrial Dysfunction Phenotype

Next, we further analyzed MD phenotype in various T-cell subsets. On average, we found that both central (23.4%) and effector (44.9%) memory CD4 T cells (CD4 TCM and CD4 TEM) were among total MD+ CD4 T cells (Figures 2A, B). Similarly, both effector memory (34.1%) and effector (44.3%) CD8 T cells were among total MD+ CD8 T cells (Figures 2A, B). At around 11–15 days p.s.o., albeit with higher percentage of MitoSOX+ [representing mitochondrial reactive oxygen species (ROS)] cells, significantly lower MD+ central and effector memory CD8 T cells (CD8 TCM and CD8 TEM) were shown in severe APs than mild APs (Figures 2C, D; 3A, B). Similar changes of MD level were not found in CD4 TCM and CD4 TEM cells despite higher mitochondrial ROS level in severe APs than mild APs (Figures 2C, D; 3A, B). Along with MD and MitoSOX phenotype, Fluo-4FF+ [representing intracellular calcium level] cells were also maintained at a high level in these four T-cell subsets from both mild and severe APs (Figures 3A, C).




Figure 2 | Higher percentage of MD+ cells is found in memory CD8 T cell from mild patients than severe patients at 11-15 days p.s.o. during SARS-CoV-2 infection. Eighty-eight SARS-CoV-2 acute patients (APs) were collected for data analysis on T-cell subsets among cells with mitochondrial dysfunction (MD+) using flow cytometry in at least three independent experiments. (A) Representative plots showed the gating strategy on Naive T (CD45RA+CCR7+), central memory T (TCM, CD45RA-CCR7+), effector memory T (TEM, CD45RA-CCR7-), and effector memory T-cell re-expressing CD45RA (TEMRA, CD45RA+CCR7-) from MD+ CD4 or CD8 T cells. (B) The average proportions of different T-cell subsets in MD+ CD4 T-cell and CD8 T-cell subsets were calculated and displayed (number represents mean) in pie charts. Seventy-three SARS-CoV-2 APs [47 mild (M) and 26 severe (S) ones; only one mild AP on Day 16 post symptoms onset (p.s.o.) was excluded for statistical analysis] were collected for data analysis on MD+ cells in various T-cell subsets using flow cytometry in at least three independent experiments. (C) Representative plots showed the gating strategy on MD+ cells from Naive T, TCM, TEM, and TEMRA subsets from CD4 or CD8 T cells. (D) The percentages of MD+ cells in Naive T, TCM, TEM, and TEMRA subsets from CD4 T cells and CD8 T cells along disease development were compared between mild and severe APs. Data represent mean ± SEM. Statistics were calculated based on unpaired Student’s t-test. *p < 0.05.






Figure 3 | High mitochondrial reactive oxygen species (ROS) level and intracellular calcium level are found in memory CD4 or CD8 T cells at 11-15 days p.s.o. during SARS-CoV-2 infection. Seventeen SARS-CoV-2 acute patients [APs; 8 mild (M) and 9 severe (S) ones on Day 11–15 post symptom onset (p.s.o.)] and 18 healthy donors (HDs) were collected for FACS analysis in at least three independent experiments. (A) Representative plots showed the gating strategy on MitoSOX+ cells and Fluo-4FF+ cells among memory CD4 or CD8 T cells. The percentages of MitoSOX+ cells (B) and Fluo-4FF+ cells (C) in CD4 TCM, CD4 TEM, CD8 TCM, and CD8 TEM cells from mild and severe APs on Day 11–15 p.s.o. were displayed in bar charts. HDs served as control. Data represent mean ± SEM. Statistics were calculated based on one-way ANOVA test. *p < 0.05, **p < 0.01, ***p < 0.001.



To further investigate the role of MD in regulating T-cell activation and function, we examined biomarkers of T-cell hyperactivation (HLA-DR+CD38+) and activation/exhaustion (PD-1+) in memory subsets along with monitoring MD in APs (8 mild and 9 severe APs during 11–15 days p.s.o.) as compared to HD controls (Figure 4A). Like previous findings (21), CD4 TCM, CD4 TEM, CD8 TCM, and CD8 TEM cells from APs showed moderately increased percentage of HLA-DR+CD38+ cells and significantly increased percentage of PD-1+ cells as compared to HD (Figure 4B). Mild APs were likely to have higher frequencies of PD-1+ CD4 TCM, CD4 TEM, and CD8 TCM cells than severe ones (Figure 4B). Interestingly, when comparing MD+ vs. HLA-DR+CD38+ cells, APs with highly hyperactivated CD4 TEM, CD8 TCM, and CD8 TEM cells also exhibited significantly higher MD+ (Figure 4C). For PD-1 expression, however, PD-1+ memory T cells showed little association with MD+ proportion except for TEM cells (Figure 4D). These results indicated that APs with hyperactivated memory T cells, especially memory CD8 T cells, displayed high MD phenotype at the time of 11–15 days p.s.o.. These findings implicated that mitochondria were likely involved in regulating T-cell hyperactivation and immune responses at the later stage of SARS-CoV-2 infection.




Figure 4 | Memory CD4 or CD8 T cells with increased level of T-cell hyperactivation exhibit higher MD+ proportion at 11-15 days p.s.o. during SARS-CoV-2 infection. In order to understand the relationship between cells with mitochondrial dysfunction (MD+) and T-cell activation in COVID-19 patients, 17 SARS-CoV-2 acute patients [APs; 8 mild (M) and 9 severe (S) ones on Day 11–15 p.s.o.] and 18 healthy donors (HDs) were collected for FACS analysis in at least three independent experiments. (A) Representative plots showed the gating strategy on HLA-DR+CD38+ and PD-1+ cells among central memory (CM) or effector memory (EM) subsets in CD4 or CD8 T cells. (B) The percentages of HLA-DR+CD38+ and PD-1+ cells in CD4 TCM, CD4 TEM, CD8 TCM, and CD8 TEM cells from mild and severe APs on Day 11–15 p.s.o. were displayed in bar charts. HDs served as control. (C) To investigate the relationship between MD+ proportion and T-cell activation, the percentages of HLA-DR+CD38+ cells and MD+ proportion in CD4 TCM, CD4 TEM, CD8 TCM, and CD8 TEM cells were compared between patients with a high percentage of HLA-DR+CD38+ cells (higher than median) and those with a low percentage of HLA-DR+CD38+ cells (not higher than median). (D) Similarly, the percentages of PD-1+ cells and MD+ proportion in CD4 TCM, CD4 TEM, CD8 TCM, and CD8 TEM cells were compared between patients with high percentage of PD-1+ cells (higher than median) and those with low percentage of PD-1+ cells (not higher than median). HDs served as control. Data represent mean ± SEM. Statistics were calculated based on one-way ANOVA test. *p < 0.05, **p < 0.01, ***p < 0.001. NS, not significantly different.





High Mitochondrial Dysfunction Is Associated With Reduced TEM Cell Functionality in COVID-19 Patients

Since memory T-cell hyperactivation was likely to be associated with high MD in APs at the time of 11–15 days p.s.o., we investigated the relationship between MD and T-cell functionality at this stage. After 3-day non-antigen T-cell receptor (TCR) activation, PBMCs from APs (8 mild and 5 severe) and HDs were harvested for proliferation analysis. Significantly lower proliferation index was found in both CD4 and CD8 T cells of mild rather than severe APs (Supplementary Figures S4A, B). Moreover, APs with lower proliferation index in CD8 T cells showed significantly higher MD, which was not shown in CD4 T cells (Supplementary Figures S4C, D). Subsequently, we analyzed T-cell functionality upon 6-h non-antigen PMA/ionomycin activation on PBMCs from these APs by evaluating intracellular cytokine expression levels of TNFα, IFNγ, and IL-2 (21, 30) (Supplementary Figure 5). Both CD4 TEM and CD8 TEM cells from mild APs exhibit a significantly lower percentage of single functional TNFα+IFNγ-IL2- cells compared to HDs (Figure 5A). Similarly, lower percentage of dual functional TNFα+IFNγ+IL2- cells was detected in both CD8 TCM and CD8 TEM cells from mild APs, which was not found in severe APs (Figure 5A). Among aforementioned functionally defective subsets of memory T cells, dramatically higher MD+ proportion was observed in those subsets with lower percentage of single functional TNFα+IFNγ-IL2- cells (Figures 5B, C) or dual functional TNFα+IFNγ+IL2- cells (Figures 5D, E). Basically, MD in TEM cells of APs was associated with reduced T-cell functionality upon PMA/ionomycin activation.




Figure 5 | Patients with impaired functionality in effector memory T cells have high MD+ proportion. In order to understand the relationship between cells with mitochondrial dysfunction (MD+) and phorbol 12-myristate-13-acetate (PMA)-stimulated T-cell responses in COVID-19 patients at the later stage of infection, 13 SARS-CoV-2 acute patients [APs; 8 mild (M) and 5 severe (S) on Day 11–15 post symptom onset (p.s.o.)] and 18 healthy donors (HDs) were collected for polyfunctional analysis in at least three independent experiments. Fresh peripheral blood mononuclear cells (PBMCs) from these 13 recruited APs were treated with PMA/ionomycin in the presence of brefeldin A (BFA) for 6 h. PBMCs from 18 HDs served as control. Cells were then harvested for FACS analysis on intracellular expression of TNFα, IFNγ, and IL-2. BFA-treated only cells served as negative control. (A) The percentages of TNFα+/-IFNγ+/-IL2+/- cells in CD4 TCM, CD4 TEM, CD8 TCM, and CD8 TEM cells were displayed in bar charts. The groups of TNFα+/-IFNγ+/-IL2+/- cells [labeled with (B–E) in cycle] with significant changes in APs were selected for further comparison as shown in the corresponding figures (B–E). The percentage of certain cytokine expression groups and profile of MD+ proportion in CD4 TEM, CD8 TCM, and CD8 TEM cells were compared between patients with highly cytokine-expressed cells (higher than median) and those with impaired cytokine-expressed cells (not higher than median). Data represent mean ± SEM. Statistics were calculated based on one-way ANOVA test. *p < 0.05, **p < 0.01, ***p < 0.001.





Patients With Poor Antigen-Specific CD4 TEM Cell Response Exhibit High MD+ CD4 TEM Cell

Considering that acute SARS-CoV-2 infection preferentially induced antigen-specific CD4 T-cell response (21, 31), we investigated such responses in memory T-cell subsets upon restimulation using the peptide pool of spike or NP of SARS-CoV-2. Fresh PBMCs from APs (18 mild and 7 severe APs at 6–10 and 11–15 days p.s.o.) and HDs were stimulated by peptide pool of SARS-CoV-2 spike and NP, respectively, overnight and then were analyzed for IFNγ expression by flow cytometry (Figure 6A). Memory T cells from majority of APs at 11–15 days p.s.o. showed responses to spike and NP (Figure 6B and Supplementary Figure S6A), with low viral load (CT value ≥25) (Supplementary Figure S6B) (32). We also compared the MD+ proportion in these subsets specific to spike or NP among these 25 APs. Surprisingly, poor responders to antigen-specific responses of CD4 TEM exhibited significantly higher MD+ proportion, which was not shown in CD4 TCM, CD8 TCM, and CD8 TEM cells (Figure 6C). To avoid bias on days p.s.o., we separated the APs collected on Day 6–10 and 11–15 p.s.o. for comparison. Similarly, in APs on Day 11–15 p.s.o., patients bearing CD4 TEM cells with defective NP-specific responses exhibited profoundly high MD+ proportion (Supplementary Figure S7). Therefore, MD in CD4 TEM cells in APs was preferentially related to poor SARS-CoV-2-specific responses.




Figure 6 | Patients with poor SARS-CoV-2-specific responses in effector memory CD4 T cells show significantly higher MD+ proportion. In order to understand the relationship between cells with mitochondrial dysfunction (MD+) and SARS-CoV-2-specific T-cell responses in COVID-19 patients, 25 SARS-CoV-2 acute patients [APs; 18 mild (M) and 7 severe (S) ones during time periods of 6–10 and 11–15 days post symptoms onset (p.s.o.)] were collected for antigen-specific response assessment in at least three independent experiments. Fresh peripheral blood mononuclear cells (PBMCs) were treated with 1 µg/ml spike peptide pool or 5 µg/ml purified nucleocapsid protein (NP) peptide pool in the presence of 0.5 µg/ml anti-CD28 and anti-CD49d antibodies overnight. Brefeldin A (BFA) was added 6 h before cells were harvested for FACS analysis on intracellular IFNγ level. (A) Representative plots displayed gating strategy on IFNγ+ cells among central memory (CM) or effector memory (EM) subsets in CD4 or CD8 T cells in response to spike or NP. (B) For these 25 patients, the percentages of IFNγ+ cells in CD4 TCM, CD4 TEM, CD8 TCM, or CD8 TEM cells in response to spike (in purple) or NP (in orange) were displayed in stacked bar chart. Each column represents one individual. Data represent the exact value. (C) The percentages of IFNγ+ cells and MD+ cells in CD4 TCM, CD4 TEM, CD8 TCM, or CD8 TEM cells from these 25 patients during the time period of 6–15 days p.s.o. were also compared between poor responders (-) and good responders (+) specific to spike or NP peptide pool. Data represent mean ± SEM. Statistics were calculated based on unpaired Student’s t-test. *p < 0.05, **p < 0.01, ***p < 0.001. NS, not significantly different.






Discussion

In this study, we demonstrated that SARS-CoV-2 infection resulted in rapidly increased frequencies of MD+ T cells by testing freshly isolated PBMCs from COVID-19 patients. Notably, this increase took place among all infected individuals including asymptomatic subjects within the first week of symptom onset and the symptomatic subjects without any drug treatment. Moreover, this increase was not restricted to a particular T-cell population because both CD4 and CD8 T cells with various phenotypic subsets displayed elevated MD. Among symptomatic patients, however, the frequency of MD+ T cells was preferentially correlated with CD4 T-cell loss and CD8 T-cell hyperactivation, respectively. While lower proportion of MD+ memory CD8 T cells was found among severe patients than in mild ones at the stage of disease severity, both mild and severe patients bearing effector memory MDhi CD4 or MDhi CD8 T cells exhibited poorer T-cell responses upon stimulation of either SARS-CoV-2 peptide or PMA/ionomycin. Our results, therefore, demonstrated that MD was associated with T lymphocytopenia and impaired T-cell functionality during acute phase of COVID-19.

SARS-CoV-2 manipulated host T-cell mitochondria rapidly, contributing to T lymphocytopenia. The rapid burst of viral loads during the first week of symptom onset might have direct effects on mitochondria. SARS-CoV-2 proteins nsp2 and nsp4 were likely involved in endoplasmic reticulum calcium homeostasis and mitochondrial biogenesis (33). SARS-CoV-2 RNA–protein interactions mediate virus-mediated mitochondrial dysfunction during early infection (34). Growing evidence indicated that the causes of this rapid manipulation might involve multiple mechanisms in immune cells. Recently, elevated mitochondrial mass was found to be correlated with mitochondrial apoptosis in T cells from COVID-19 patients (35). A highly expressed voltage-dependent anion channel 1, a mitochondrial membrane protein for transporting calcium, was suggested as a cause of mitochondrial dysregulation and apoptosis of T cells in COVID-19 patients (36). Moreover, COVID-19 patients displayed depolarized mitochondria and abnormal mitochondrial ultrastructure in monocytes, which was associated with the production of several inflammatory cytokines and chemokines (37). Inflammatory cytokines such as high levels of TNFα and IL-6 might then drive mitochondria-mediated T-cell apoptosis and lymphocytopenia (14, 38). Consistently with other studies (35, 36, 38), we observed a strongly negative correlation between profound T-cell loss and rapidly increased MD+ T-cell proportion. Besides, with a large number of patients, our results further extend the impact of SARS-CoV-2 infection on the kinetics of T-cell frequency and mitochondrial dysfunction not only to asymptomatic subjects but also to a much broader range of T-cell subsets. It is, therefore, plausible that mitochondria-driven T-cell apoptosis could be one of the mechanisms underlying clinical T lymphocytopenia.

SARS-CoV-2-induced mitochondrial dysfunction compromised T-cell functionality, contributing to suppressed T-cell immune responses to viral infection. Specific T-cell immune responses are essential for eliminating SARS-CoV-2-infected cells and assisting antibody responses (18, 19). Upon antigen binding to TCR, T cells undergo drastic metabolic reprogramming with increased glucose utilization and glycolysis, which was controlled by mitochondria to modulate cell proliferation and differentiation (39). When mitochondrial function is compromised during cellular stress, the bioenergy and responses of immune cells will be reduced. Indeed, a compromised mitochondrial function and deficient energy supply were observed in PBMCs from COVID-19 patients, which contributed to enhanced inflammatory responses causing disease severity (40). MD in T cells might also involve a series of metabolic dysregulation including reduced ATP-linked respiration, dampened glycolysis, and decreased mitochondrial membrane potential (35, 40). During these processes, the formation of oxysterols would increase mitochondrial oxidative stress (41), and in return, the exacerbation of mitochondria-derived ROS might lead to the rupture of redox homeostasis and the induction of apoptosis (42). To this end, we consistently found high calcium uptake and excessive production of mitochondrial ROS in T cells of COVID-19 patients. Under MD with excessive ROS and low mitochondrial membrane potential, fission is a critical way to remove damaged mitochondria via mitophagy (43). Whether or not SARS-CoV-2 infection dampens the activities of mitophagy and mitochondrial fission in host T cells as potential causes of MD remains to be further investigated. Furthermore, among patients with MDhi T cells, our finding of poorer CD4 TEM or memory CD8 T-cell responses to SARS-CoV-2 peptide or PMA stimulation highlighted the reduced antiviral T-cell immune responses. Our patients with MDhi CD4 TEM and memory CD8 T cells exhibited functional exhaustion with reduced production of pro-inflammatory cytokines such as TNFα and IFNγ, which was also in line with other reports on chronic hepatitis B or long-term tumor antigen exposure (44, 45). Interestingly, since CD4 and CD8 T cells might undergo different metabolic processes (46), it might explain why the frequency of MD+ T cells was correlated preferentially and respectively with CD4 T-cell loss and CD8 T-cell hyperactivation in this study. Further studies are required to reveal why more robust CD4 but not CD8 T-cell responses were found during the natural course of SARS-CoV-2 infection (21).

In terms of the association between MD and disease severity, it is possible that MD-related poor responses of CD4 TEM and memory CD8 T cells might be linked with COVID-19 disease progression or severity. Profound T-cell loss during 6–10 days p.s.o. predicts ICU admission and disease severity (13, 15, 16), but it also potentiates thymopoiesis and results in naive T-cell overproduction in a compensative manner (47). Partially reversed T-cell count in severe patients during 11–15 days p.s.o. might be due to freshly compensated T cells. A recent single-cell transcriptomics study pointed out that SARS-CoV-2-specific CD8 T cells in mild patients were found to be pro-exhausted but those in severe APs were pro-survival (48), which might be a consequence of the compensation manner. Increased SARS-CoV-2-reactive T cells were also suggested as a cause of immunopathogenesis in patients (48, 49), which might be alleviated in patients with MDhi T cells along with impaired T-cell functionality. Furthermore, most severe patients received treatment of steroid, when oxygen supply is required from the second week p.s.o (50). Unexpectedly, we found a relatively lower proportion of MD+ T cell but better T-cell functionality in CD4 TEM and memory CD8 T cells of severe patients than mild ones during 11–15 days p.s.o. Steroid did not seem to be a distinct immunosuppressor for interrupting thymopoiesis and inhibiting T-cell responses (51), but early administration of steroid is probably good for CD8 T-cell restoration in CPs after day 14 p.s.o (52). It is, therefore, possible that MD in T cell may serve as a suppressive factor in immunopathogenesis during severity development.
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Understanding the cause of sex disparities in COVID-19 outcomes is a major challenge. We investigate sex hormone levels and their association with outcomes in COVID-19 patients, stratified by sex and age. This observational, retrospective, cohort study included 138 patients aged 18 years or older with COVID-19, hospitalized in Italy between February 1 and May 30, 2020. The association between sex hormones (testosterone, estradiol, progesterone, dehydroepiandrosterone) and outcomes (ARDS, severe COVID-19, in-hospital mortality) was explored in 120 patients aged 50 years and over. STROBE checklist was followed. The median age was 73.5 years [IQR 61, 82]; 55.8% were male. In older males, testosterone was lower if ARDS and severe COVID-19 were reported than if not (3.6 vs. 5.3 nmol/L, p =0.0378 and 3.7 vs. 8.5 nmol/L, p =0.0011, respectively). Deceased males had lower testosterone (2.4 vs. 4.8 nmol/L, p =0.0536) and higher estradiol than survivors (40 vs. 24 pg/mL, p = 0.0006). Testosterone was negatively associated with ARDS (OR 0.849 [95% CI 0.734, 0.982]), severe COVID-19 (OR 0.691 [95% CI 0.546, 0.874]), and in-hospital mortality (OR 0.742 [95% CI 0.566, 0.972]), regardless of potential confounders, though confirmed only in the regression model on males. Higher estradiol was associated with a higher probability of death (OR 1.051 [95% CI 1.018, 1.084]), confirmed in both sex models. In males, higher testosterone seems to be protective against any considered outcome. Higher estradiol was associated with a higher probability of death in both sexes.




Keywords: sex hormones, COVID-19, outcome, ARDS, severity, testosterone, estradiol



Introduction

Coronavirus disease 19 (COVID-19) emerged in December 2019 as a novel viral pneumonia, caused by severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) (1). Epidemiological studies have shown that clinical manifestations of SARS-CoV-2 include asymptomatic infection, bilateral pneumoniae, acute respiratory distress syndrome (ARDS), and death (1). Studies worldwide have shown that sex is an important risk factor in COVID-19 outcomes (1–4). Klein and colleagues reported a significant male-female difference in COVID-19 cases, hospitalizations, and deaths (5). Men were more likely to require intensive care than women, and also had a higher mortality rate (6). Sex disaggregated data from 190 countries confirmed a greater mortality rate in men, especially if over 50 years of age (7).

Social-behavioral (gender) and biological (sex) factors have been considered possible causes of this disparity (3, 8). Women develop a stronger innate and adaptive immune response to infections, which is associated with an increased risk of developing autoimmune diseases (9). The immune response to viral infections varies with sex hormone fluctuations, as they control both cellular and humoral components (10). For this reason, sex hormones have been considered essential in many infectious disease outcomes (11–13). Low testosterone and high estradiol levels have been already shown to be related with a worse outcome in males with severe sepsis (12).

Our study hypothesized that sex hormone levels could be associated with the clinical outcomes of COVID-19 patients. We analyzed four sex hormones in hospitalized COVID-19 patients to determine whether their levels were associated with clinical outcomes.



Material and Methods

The Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guidelines were used (14).


Study Design and Setting

This is an observational, retrospective, cohort study conducted at the Department of Infectious, Tropical Diseases and Microbiology, IRCCS Sacro Cuore Don Calabria Hospital of Negrar di Valpolicella, Italy, and at the San Gerardo Hospital of Monza, Italy. The study was conducted within the Circular Health Initiative promoted by the University of Florida One Health Center (https://onehealth.ifas.ufl.edu/activities/circular-health-program/circular-health/sex-differences/).



Participants and Data

Analyzed samples were taken from patients (aged 18 years or older) hospitalized at the IRCCS Sacro Cuore Don Calabria Hospital (77) and at the San Gerardo Hospital, ASST Monza (61), with a confirmed SARS-CoV-2 infection. A stored serum or plasma sample from these patients was collected upon arrival (or during the first two days after admission) through the first wave of the COVID-19 pandemic (between February 1 and May 30, 2020). Patients who did not consent to the anonymous storage of serum/plasma samples for research purposes were not considered. Patients with an insufficient blood sample for the sex hormone analysis or with missing clinical data also were excluded.

Data up to discharge from hospital or death during hospitalization were gathered from health records in a predefined electronic database. The IRCCS Sacro Cuore Don Calabria Hospital adopted the case report form developed by the International Severe Acute Respiratory and Emerging Infection Consortium (ISARIC) and WHO for use in outbreak investigations (15); the San Gerardo Hospital developed an ad-hoc platform on the basis of WHO COVID-19 (COVID-STORM, ClinicalTrials.gov:NCT04424992).

The variables considered in this study were: demographic, clinical characteristics, and symptoms at entry; date of symptoms onset; vital signs upon emergency room admission; laboratory data from the first two days of hospital admission; chest X-ray and computed tomography (CT) results at entry; illness severity; development of pulmonary complication (ARDS); any supplemental oxygen or form of respiratory support; intensive care unit (ICU) admission with length.

The outcomes considered were: ARDS; severe COVID-19; in-hospital mortality. A full description of the definitions is in the Supplementary Material.

Potential confounders included age, the number of comorbidities, and viral pneumonia (defined as the presence of a new or progressive infiltrate on a chest X-ray or CT) at baseline, due to their known association with a worse outcome (16).

The levels of four sex hormones (estradiol, testosterone, progesterone, dehydroepiandrosterone) were tested on the stored blood samples according with the approach described in the Supplementary Material.



Ethical Consideration

This observational study required no change to the clinical management of participating patients and did not prevent patients from participating in other research. Ethical approval for data collection was obtained in accordance with local regulations at each participating site. The study protocol received ethical approval and consent from the competent Ethics Committee (Comitato Etico per la sperimentazione Clinica delle Province di Verona e Rovigo) on September 1st, 2020 (protocol #46555).



Statistical Analysis

The sex hormone description included the initial cohort of 138 patients, while a subsequent analysis was done on a sub-cohort of patients aged 50 years and over (120 patients).

Patients’ characteristics and sex hormone levels were described by frequencies and percentages for categorical variables, or median and interquartile range [IQR, first - third quartile] for continuous variables.

Differences between the sexes were tested by applying the chi-squared or Fisher’s test when appropriate, and the Wilcoxon rank-sum test for categorical and continuous variables, respectively. Adjusted false discovery rate (FDR) p-values were used for laboratory data.

Logistic regression models were used to estimate the effect of three sex hormones (testosterone, estradiol, and progesterone) on the following outcomes: i) the development of ARDS, ii) severe COVID-19 (ordinary scale 3 = no, 4-7 = yes), and iii) in-hospital mortality. The three models were performed on both the entire population and each sex subgroup. Models were adjusted for sex (in the full model), age, number of comorbidities, and diagnosis of viral pneumonia at entry. Odds Ratio (OR), 95% confidence interval and p-values were reported. P-values were considered statistically significant when lower than 0.05. Statistical analyses were done by SASv9.4 and R.




Results


Description of the Overall Cohort

The study population included 138 patients with a confirmed SARS-CoV-2 infection. The median age was 73.5 years [IQR 61, 82]; 61 patients (44.2%) were female (median age 75 years) and 77 (55.8%) were male (median age 68 years). Only 18 patients were under the age of 50 (nine for each sex) (Figure 1).




Figure 1 | Sex distribution for 138 hospitalized COVID-19 patients in 5-year age groups, according to outcome: discharged; alive; dead. Bar fills are outcomes.



The median testosterone level in males both younger and older than 50 years was below the lower limit of the normal range of each age group (4·9 and 4·4 nmol/L, respectively) (Table 1). Testosterone deficiency (Supplementary Material) was evident in six (75%) males aged 18 to 49 years (n=8), and 58 (86.6%) in those older (n=67). No other variation was evident for the remaining sex hormones. No departure of the four sex hormones from the normal range was described in the female group.


Table 1 | Median sex hormone levels of 138 patients, stratified by sex and age.



Since the development of ARDS in the smaller subset of patients younger than 50 occurred in only four males and none died from this age group (Figure 1), the following analyses were narrowed to patients aged 50 years or older.



Results on Patients Aged 50 Years and Older

One hundred and twenty patients were aged 50 years and older, 52 (43.3%) females (median age 77, [IQR 71.5, 84]) and 68 (56.7%) males (median age 70.5, [IQR 63.5, 82]). Age groups, the number of comorbidities, and symptoms are summarized in Table 2. The percentage of patients older than 70 years was higher in females than males (76.9 vs. 50%, p=0.00026). Ninety-two (78%) patients had viral pneumoniae at baseline (Table 2), with a higher incidence in males compared to females (86.8 vs. 69.2%, p-value =0.0005).


Table 2 | Main characteristics at baseline in 120 patients 50 years and over, stratified by sex.



Details on individual comorbidities, symptoms, and vital signs at baseline are summarized in the Supplementary Material, as well as laboratory data, both stratified by sex.

Table 3 presents the gravity of COVID-19, including the type of respiratory treatment, ICU admission, and clinical outcomes (ARDS, severe COVID-19, and in-hospital mortality) for both the overall population and stratified sex groups. Ninety-six (80%) patients received some form of supplemental oxygen during hospitalization, with no significant difference by sex. Eight (11·8%) males required invasive ventilation, while such treatment was not necessary for any female. ICU admission was required for 12 patients, all male (17.7%), who had a median hospital stay of 8·5 days [IQR 5.75, 13.5]. As for out outcome indicators, 53 (44.5%) patients developed ARDS with a higher incidence in males compared to females (52.2 vs. 34.6%, p-value =0.0550). In particular, males had a significantly more severe form of ARDS than females (28.4 vs. 6%, p-value =0.0107). Ninety-seven (80.8%) patients had severe COVID-19 and the in-hospital mortality rate was 23·3%. For both outcomes, no statistically significant difference between the sexes was found (Table 3).


Table 3 | Type of respiratory support (oxygen therapy and invasive ventilation), ICU admission, and clinical outcomes (ARDS, severe COVID-19, and in-hospital mortality) of patients 50 years and over, stratified by sex (if data are known on a subset of patients, the number is indicated in parenthesis after the variable name).





Association Between Sex Hormones and Clinical Outcomes, Stratified by Sex

Sex hormone levels according to outcome (ARDS, severe COVID-19, in-hospital mortality), in females and males separately, are displayed in Table 4.


Table 4 | Sex hormone levels in patients aged 50 years and over, stratified by sex and outcome.



No statistically significant difference in testosterone levels was evident in the female population that developed ARDS, severe COVID-19, or those that died compared to females with more favorable outcomes.

The testosterone level was significantly lower in males who developed ARDS and severe COVID-19 than in those who did not (3.6 vs. 5.3 nmol/L, p-value =0.0378 and 3.7 vs. 8.5 nmol/L, p-value =0.0011, respectively), while it was borderline significant in the deceased versus survivors (2.4 vs. 4.8 nmol/L, p-value =0.0536) (Table 4 and Figure 2).




Figure 2 | Testosterone levels according to outcomes (ARDS, severe COVID-19, and in-hospital mortality) in 68 males aged 50 years and older. Data are expressed as box plot with median (cross line) and interquartile ranges; whiskers are the minimum and maximum values. The laboratory-assessed hormone reference ranges are indicated in light blue. Circles represent the outliers.



The estradiol level was lower in females with ARDS than in those without it (18.5 vs. 26 pg/mL, p-value =0.0459), but similar in females who either developed or did not develop severe COVID-19. There was no statistically significant difference in the estradiol level of deceased versus surviving females, although in the former it was higher (36 vs. 20 mmol/L, p-value =0.4520), with a median value above the upper limit of the normal range. In males, the estradiol level was similar in patients who suffered both ARDS and severe COVID-19 compared to those who did not. In contrast, the deceased had a significantly higher estradiol level compared to survivors (40 vs. 24 pg/mL, p-value = 0.0006).

No statistically significant difference in progesterone level was evident in the females for any of the clinical outcomes considered. Differently, males who developed severe COVID-19 had a lower progesterone level compared to mild forms of the disease (0.1 vs. 0.2 pg/mL, p-value = 0.0176).

The DHEA level did not change in either sex for any clinical outcome and was thus not considered in the regression models.

Table 5 shows the results of the multivariable logistic regression models considering each outcome variable, for the entire population of patients aged 50 and over, and on both male and female subgroups.


Table 5 | Logistic models on ARDS, severe COVID-19 and in-hospital mortality, overall and in the subset of male and female patients.



After adjusting for possible confounders, higher levels of testosterone were protective against each of the three unfavorable outcomes in the entire population. For each nmol/L increment in testosterone level, the odds of a worse outcome significantly decreased by 15% for ARDS, 31% for severe COVID-19, and 26% for in-hospital mortality. Higher estradiol was associated with a slightly higher risk of death during hospitalization (OR 1.051 [95% CI 1.018, 1.084]), while this hormone had no significant impact on the development of severe COVID-19 or ARDS. Progesterone did not have a significant prognostic effect on the clinical outcomes considered. Males had a higher risk of developing an unfavorable outcome, but this was significant only for ARDS (OR 3.151 [95% CI 1.050, 9.459]). Older age was associated with an increased risk of death (OR 1.141 [95% CI 1.065, 1.223]), while the presence of viral pneumonia at baseline greatly increased the risk of developing ARDS (OR 13.013 [95% CI 3.348, 50.575]) or severe COVID-19 (OR 7.758 [95% CI 1.927, 31.236]).

Analyzing only the male subgroup, the protective effect of testosterone was notable for all outcomes, while estradiol played a role similar to that found in the entire cohort (Table 5). In the subset of females, the logistic model shows an association between higher levels of estradiol and a higher risk of death during hospitalization (OR 1.058 [95% CI 1.007, 1.111]). However, for each ng/mL increment in progesterone, the odds of dying significantly decreased by 86% (OR 0.144 [95% CI 0.026, 0.791]).




Discussion

A significant male-female difference in the severity of COVID-19 cases has been reported in medical literature (1–6). The question arises whether these clinical differences correspond to diverse sex hormone levels.

Firstly, we evaluated the sex hormone levels of hospitalized COVID-19 patients, differentiated by age and sex. Testosterone levels were severely impaired in all males regardless of age and contrasted the other three sex hormones, each being within the normal range. In particular, 75% of males under the age of 50 and 87% of those over 50 had testosterone deficiency. On the other hand, no changes were found for all sex hormone levels from the reference values in the female group.

Low testosterone levels have been reported during surgical stress and other critical illnesses, possibly to reduce energy consumption for survival (17). Furthermore, a progressive decline in testosterone levels occurs during the aging process, due to primary (testicular origin) and/or secondary hypogonadism (hypothalamic-pituitary origin) (18). Reduced testosterone levels have been also observed in patients with cardiovascular disease, obesity, type II diabetes, and chronic obstructive pulmonary disease (19, 20). Given the high number of comorbidities reported by the males aged 50 years and older (85% had ≥ one) and a median age of 70.5 years in this subgroup, it is not surprising that their testosterone levels were very low.

Moreover, the virus per se can also alter testosterone levels. When SARS-CoV-2 replicates in the reproductive organs of animals, it causes massive dysregulation of sex hormones and induces an elevated transcription of CYP19A1 aromatase in the lungs, the enzyme responsible for converting testosterone to estradiol (21). This event occurs particularly in male hamsters, severely depleting testosterone and highly elevating estradiol levels. However, in female hamsters, it reduces estradiol levels only. CYP19A1 aromatase is more elevated in males than females, either animals or humans. However, in male animals, this shift occurs specifically with SARS-CoV-2. In fact, injecting other viruses in male mice has been shown to cause a reduction in testosterone levels, with no alteration in estradiol (21).

Lower testosterone in COVID-19 patients than controls has also been reported in small observational studies (22, 23). Kadihasanoglu and colleagues found a lower median testosterone level in 89 COVID-19 patients (185.5 ng/dL) compared to the level found in 30 patients with other respiratory diseases (288.7 ng/dL) and to that 143 age-matched healthy controls (332 ng/dL) (22). In particular, the proportion of patients with a testosterone deficiency was 74.2, 53.3, and 37.8%, respectively (p-value<0.0001) (22). In 50 COVID-19 patients (39 males and 11 females) requiring ICU admission, plasma testosterone levels were strongly reduced in males compared to healthy controls and non-COVID-19 patients with coronary heart disease (23). This difference was not evident in the female group. Differently from healthy controls and patients with coronary heart disease, plasma estradiol levels were significantly increased in both COVID-19 males and females (23).

Several studies have shown that age and comorbidities are important risk factors for death in patients with COVID-19 (16). However, few studies investigating the relationship between sex hormones and COVID-19 outcomes are available (24–29). Therefore, the second goal of our study was to explore whether sex hormone levels were associated with COVID-19 outcomes. The analysis was restricted to the population aged 50 years and older, as younger patients rarely had respiratory complications, and none died. In our older cohort of 120 patients, we found no significant difference in the death rate between sexes, likely due to limitations in numbers of patients and events. However, ARDS, which often requires ICU admission, occurred more in males, which is consistent with various studies (1–7). In particular, testosterone levels were significantly lower in the male population that developed ARDS and severe COVID-19 than in those who did not.

The role of sex hormones in COVID-19 outcomes remains controversial, as it has only been analyzed in small studies including patients with differing median ages (24–26).

Rastrelli and colleagues studied the association between testosterone levels and outcomes in 31 males with COVID-19 pneumoniae admitted to the Respiratory ICU (24). A stepwise decrease in total testosterone was evident according to COVID-19 severity: 8.8 nmol/L in 21 patients who clinically improved; 5 nmol/L in six patients remaining on non-invasive ventilation therapy; 1 nmol/L in four patients requiring intubation, or who died. In a case-control study, the median testosterone level was significantly lower in the COVID-19 cases (1.4 vs. 3.5 ng/mL, p-value=0.005), yet there was no difference in the median estradiol level between 24 patients with severe COVID-19 pneumoniae and 24 controls (30 vs. 28 pg/mL, p-value=0.959). Still, the small population size inhibited the discovery of any association between testosterone and death (25). In a retrospective study including 221 hospitalized patients with SARS-CoV-2 infection, the testosterone levels were 346 ng/dL in 46 asymptomatic patients, 318 ng/dL in 129 patients hospitalized in internal medicine, and 241 ng/dL in 46 ICU patients (26). As the testosterone level decreased, the probability of being admitted to the ICU or dying increased significantly (p-value=0.001 and p-value=0.002, respectively). No differences were found for estradiol levels (26).

Our overall multivariable logistic regression analysis estimated that for each nmol/L increment in testosterone level, the odds of developing ARDS, severe COVID-19, and in-hospital mortality decreased by 15, 31, and 26%, respectively, after adjustment for main confounders. The same analysis on the subset of males obtained similar results (13, 38, and 29%, respectively) confirming the protective role of testosterone. Differently, for each pg/mL increase of estradiol, the odds of dying during hospitalization increased by five percent, without impacting the other two outcomes. This last result was confirmed in both sex models.

Only three observational studies have suggested that testosterone levels, and to a lesser extent, estradiol levels, are associated with COVID-19 outcomes (27–29). The small retrospective study of Salsiccia and colleagues investigated total testosterone levels of 29 hospitalized COVID-19 men, nine requiring invasive oxygenation treatment and 20 requiring no oxygenation therapy (27). After adjusting for the Age-adjusted Charlson Comorbidity index, hypertension, dyslipidemia, and smoking status, a higher total testosterone level was independently associated with lower odds of invasive oxygenation, corresponding to a better outcome (OR 0.43 [95% CI, 0.23-0.85]) (27).

In a larger prospective cohort study investigating 358 COVID-19 males, the testosterone level was statistically significantly lower in those admitted to the ICU compared to those who were not (64 vs. 286 ng/dl, p-value < 0.001), as well as the deceased compared to survivors (82.9 vs. 166 ng/dl; p-value < 0.001) (28). The multivariate binary logistic regression analysis found an association between testosterone and ICU admission (OR 0.985 [95% CI, 0.985, 0.993]), as well as testosterone and mortality (OR 0.989 [95% CI, 0.989, 0.998]) (28). In our study, to reduce the risk of bias, ICU admission was not considered as an outcome. In fact, during the first wave of COVID-19, the limited availability of ICU beds meant that younger patients with greater chances of survival may have been admitted over others, caused by the unexpected number of severe patients arriving in a short period of time.

In the prospective cohort study of Dhindsa and colleagues, which included 152 COVID-19 patients, the median testosterone level among men with severe COVID-19 was lower compared to those with milder disease (53 vs. 151 ng/dL, p-value=0.01), whereas no estradiol difference was found in the same male groups (29). Testosterone levels in males were inversely associated with severe COVID-19 (OR 0.11 [95% CI, 0.02, 0.059]), ICU admission (OR 0.15 [95% CI, 0.04, 0.57]), ventilator use (OR 0.29 [95% CI, 0.11, 0.81]), and death (OR 0.41 [95% CI, 0.16, 1.03]), independently of other risk factors. Otherwise, estradiol levels were no different in these males. In the female population, no alteration of any sex hormone level was found and no association between hormone levels and outcomes was observed (29). In contrast with these results, our multivariable analysis showed that a higher estradiol level was associated with a higher probability of death in both the male (OR 1.068 [95% CI, 1.010, 1.129]) and female models (OR 1.058 [95% CI, 1.007, 1.111]).

However, the results of our study must take some limitations into account. First and foremost is the small size of the study population and the relatively small number of deaths, especially in the female population 50 years and over. Second, the sex hormone analysis was based on a single measurement upon hospital admission. Third, possible hormone treatment and other factors, such as stress, that may have influenced the hypothalamic-pituitary-gonadal axis were not recorded or measurable. Finally, the retrospective nature of the study and the availability of a limited number of potential confounders consistently collected on all patients due to the chaotic nature of the first pandemic wave.

In conclusion, our study shows that in males aged 50 years and over, higher testosterone protects against unfavorable outcomes, whereas higher estradiol is associated with a higher probability of in-hospital death, regardless of sex. Our study reinforces the recommendation that pre-admission screening for low testosterone could aid the identification of men at high risk of severe COVID-19 as has been already proposed by and colleagues (30). It remains unknown whether sex hormone levels are simple markers or have a causal role in changing outcomes. To confirm the prognostic role of these hormones in clinical practice, larger prospective studies must focus on the level of testosterone, estradiol, and progesterone in hospitalized COVID-19 patients, stratified by sex and age, and according to well defined clinical outcomes. Furthermore, studies on using hormone replacement or suppressive therapy for the treatment of serious COVID-19 may be also planned once stronger association evidence is available. Finally, although our study investigated patients aged 50 years and over, the fact that low testosterone levels were also observed in the younger population suggests that low hormone levels may also play a role in their COVID-19 outcomes. As teenagers and young adults are not yet vaccinated in all countries, or in certain places where the population at large remains at risk, it may also be important to launch studies on hormonal levels in the young.



Data Availability Statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics Statement

The studies involving human participants were reviewed and approved by Comitato Etico per la sperimentazione Clinica delle Province di Verona e Rovigo) on September 1st, 2020 (protocol #46555). The patients/participants provided their written informed consent to participate in this study.



Author Contributions

AB, LM, and IC conceived the work. AB, LM, MV, and AC contributed to the protocol development, study design, and concepts. AB, LM, SD, and PB collected the data. LB, MD’A, ElR, and MD collected and stored the blood samples. ElR and MD analysed sex hormone levels in the blood samples and prepared the dataset. PS integrated data from hospitals, curated datasets, and created paper tables and figures. PS and EmR performed the statistical analysis. ST, MV, PR, and AC supervised statistical methods and data analysis. AB, MV, EmR, PS, and AC interpreted the data. AB searched the literature and wrote the manuscript draft. MV, PS, EmR, AC, LM, and CP contributed to manuscript writing. They revised and edited the manuscript critically. All authors confirm that they had full access to all the data and accept responsibility for the publication submission. All authors contributed to the article and approved the submitted version.



Funding

The research was funded by Italian Ministry of Health “Fondi Ricerca Corrente, Project L1P5” for IRCCS Sacro Cuore Don Calabria Hospital. The funding source had no role in the collection, analysis, or interpretation of data, the study design, or the writing of the paper.



Acknowledgments

This work was conducted within the Circular Health Initiative promoted by the UF One Health Center. The authors thank the Covid&Sex Working Group for their support and fruitful regular discussions: AB, IC, Oriana Ciani, AC, Ana Lleo, Luca Mantegazza, Antonietta Mira, LM, Elisa Pasqual, CP, PS, and MV. We are grateful to all the staff of the Department of Infectious, Tropical Diseases and Microbiology IRCCS Sacro Cuore Don Calabria Hospital of Negrar di Valpolicella, including other personnel from the ward, the laboratory, and nurses. We also thank the STORM Working Group: Giacomo Bellani, Marina Cazzaniga, Giuseppe Citerio, Ernesto Contro, Giuseppe Foti, Alberto Pesci, and MV at the San Gerardo Hospital in Monza.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.834851/full#supplementary-material



References

1. Huang, C, Wang, Y, Li, X, Ren, L, Zhao, J, Hu, Y, et al. Clinical Features of Patients Infected With 2019 Novel Coronavirus in Wuhan, China. Lancet (2020) 395:497–506. doi: 10.1016/S0140-6736(20)30183-5

2. Palaiodimos, L, Kokkinidis, DG, Li, W, Karamanis, D, Ognibene, J, Arora, S, et al. Severe Obesity, Increasing Age and Male Sex are Independently Associated With Worse in-Hospital Outcomes, and Higher in-Hospital Mortality, in a Cohort of Patients With COVID-19 in the Bronx, New York. Metabolism (2020) 108:154262. doi: 10.1016/j.metabol.2020.154262

3. Gebhard, C, Regitz-Zagrosek, V, Neuhauser, HK, Morgan, R, and Klein, SL. Impact of Sex and Gender on COVID-19 Outcomes in Europe. Biol Sex Differ (2020) 11(1):29. doi: 10.1186/s13293-020-00304-9

4. Cannistraci, CV, Valsecchi, MG, and Capua, I. Age-Sex Population Adjusted Analysis of Disease Severity in Epidemics as a Tool to Devise Public Health Policies for COVID-19. Sci Rep (2021) 11(1):11787. doi: 10.1038/s41598-021-89615-4

5. Klein, SL, Dhakal, S, Ursin, RL, Deshpande, S, Sandberg, K, and Mauvais-Jarvis, F. Biological Sex Impacts COVID-19 Outcomes. PloS Pathog (2020) 16(6):e1008570. doi: 10.1371/journal.ppat.1008570

6. Peckham, H, de Gruijter, NM, Raine, C, Radziszewska, A, Ciurtin, C, Wedderburn, LR, et al. Male Sex Identified by Global COVID-19 Meta-Analysis as a Risk Factor for Death and ITU Admission. Nat Commun (2020) 11(1):6317. doi: 10.1038/s41467-020-19741-6

7. Global Health-50/50. Global Health 50/50; 2020. The COVID-19 Sex-Disaggregated Data Tracker. Available at: https://globalhealth5050.org/the-sex-gender-and-covid-19-project/the-data-tracker/Internet (Accessed Dec 9, 2021).

8. Takahashi, T, Ellingson, MK, Wong, P, Israelow, B, Lucas, C, Klein, J, et al. Sex Differences in Immune Responses to SARS-CoV-2 That Underlie Disease Outcomes. Nature (2020) 588(7837):315–20. doi: 10.1101/2020.06.06.20123414

9. Roved, J, Westerdahl, H, and Hasselquist, D. Sex Differences in Immune Responses: Hormonal Effects, Antagonistic Selection, and Evolutionary Consequences. Horm Behav (2017) 88:95–105. doi: 10.1016/j.yhbeh.2016.11.017

10. Fischer, J, Jung, N, Robinson, N, and Lehmann, C. Sex Differences in Immune Responses to Infectious Diseases. Infection (2015) 43(4):399–403. doi: 10.1007/s15010-015-0791-9

11. vom Steeg, LG, and Klein, SL. SeXX Matters in Infectious Disease Pathogenesis. PloS Pathog (2016) 12(2):e1005374. doi: 10.1371/journal.ppat.1005374

12. Angstwurm, MW, Gaertner, R, and Schopohl, J. Outcome in Elderly Patients With Severe Infection is Influenced by Sex Hormones But Not Gender. Crit Care Med (2005) 33(12):2786–93. doi: 10.1097/01.ccm.0000190242.24410.17

13. Karlberg, J, Chong, DS, and Lai, WY. Do Men Have a Higher Case Fatality Rate of Severe Acute Respiratory Syndrome Than Women do? Am J Epidemiol (2004) 159(3):229–31. doi: 10.1093/aje/kwh056

14. Cuschieri, S. The STROBE Guidelines. Saudi J Anaesth (2019) 13(Suppl 1):S31–4. doi: 10.4103/sja.SJA_543_18

15. ISARIC clinical characterization group. The Value of Open-Source Clinical Science in Pandemic Response: Lessons From ISARIC. Lancet Infect Dis (2021) 21(12):1623–4. doi: 10.1016/S1473-3099(21)00565-X

16. Treskova-Schwarzbach, M, Haas, L, Reda, S, Pilic, A, Borodova, A, Karimi, K, et al. Pre-Existing Health Conditions and Severe COVID-19 Outcomes: An Umbrella Review Approach and Meta-Analysis of Global Evidence. BMC Med (2021) 19(1):212. doi: 10.1186/s12916-021-02058-6

17. Wang, C, Chan, V, and Yeung, RT. Effect of Surgical Stress on Pituitary-Testicular Function. Clin Endocrinol (Oxf) (1978) 9(3):255–66. doi: 10.1111/j.1365-2265.1978.tb02208.x

18. Tajar, A, Forti, G, O'Neill, TW, Lee, DM, Silman, AJ, Finn, JD, et al. Characteristics of Secondary, Primary, and Compensated Hypogonadism in Aging Men: Evidence From the European Male Ageing Study. J Clin Endocrinol Metab (2010) 95(4):1810–8. doi: 10.1210/jc.2009-1796

19. Corona, G, Rastrelli, G, Monami, M, Guay, A, Buvat, J, Sforza, A, et al. Hypogonadism as a Risk Factor for Cardiovascular Mortality in Men: A Meta-Analytic Study. Eur J Endocrinol (2011) 165(5):687–701. doi: 10.1530/EJE-11-0447

20. Balasubramanian, V, and Naing, S. Hypogonadism in Chronic Obstructive Pulmonary Disease: Incidence and Effects. Curr Opin Pulm Med (2012) 18(2):112–7. doi: 10.1097/MCP.0b013e32834feb37

21. Stanelle-Bertram, S, Schaumburg, B, Mounogou Kouassi, N, Beck, S, Zickler, M, Beythien, G, et al. SARS-CoV-2 Induced CYP19A1 Expression in the Lung Correlates With Increased Aromatization of Testosterone-to-Estradiol in Male Golden Hamsters. Res Square Preprint (2020). doi: 10.21203/rs.3.rs-107474/v1

22. Kadihasanoglu, M, Aktas, S, Yardimci, E, Aral, H, and Kadioglu, A. SARS-CoV-2 Pneumonia Affects Male Reproductive Hormone Levels: A Prospective, Cohort Study. J Sex Med (2021) 18(2):256–64. doi: 10.1016/j.jsxm.2020.11.007

23. Schroeder, M, Schaumburg, B, Mueller, Z, Parplys, A, Jarczak, D, Roedl, K, et al. High Estradiol and Low Testosterone Levels are Associated With Critical Illness in Male But Not in Female COVID-19 Patients: A Retrospective Cohort Study. Emerg Microbes Infect (2021) 10(1):1807–18. doi: 10.1080/22221751.2021.1969869

24. Rastrelli, G, Di Stasi, V, Inglese, F, Beccaria, M, Garuti, M, Di Costanzo, D, et al. Low Testosterone Levels Predict Clinical Adverse Outcomes in SARS-CoV-2 Pneumonia Patients. Andrology (2021) 9(1):88–98. doi: 10.1111/andr.12821

25. Camici, M, Zuppi, P, Lorenzini, P, Scarnecchia, L, Pinnetti, C, Cicalini, S, et al. ReCoVeRi Study Group. Role of Testosterone in SARS-CoV-2 Infection: A Key Pathogenic Factor and a Biomarker for Severe Pneumonia. Int J Infect Dis (2021) 108:244–51. doi: 10.1016/j.ijid.2021.05.042

26. Çayan, S, Uğuz, M, Saylam, B, and Akbay, E. Effect of Serum Total Testosterone and its Relationship With Other Laboratory Parameters on the Prognosis of Coronavirus Disease 2019 (COVID-19) in SARS-CoV-2 Infected Male Patients: A Cohort Study. Aging Male (2020) 23:1493–503. doi: 10.1080/13685538.2020.1807930

27. Salciccia, S, Del Giudice, F, Gentile, V, Mastroianni, CM, Pasculli, P, Di Lascio, G, et al. Interplay Between Male Testosterone Levels and the Risk for Subsequent Invasive Respiratory Assistance Among COVID-19 Patients at Hospital Admission. Endocrine (2020) 70(2):206–10. doi: 10.1007/s12020-020-02515-x

28. Cinislioglu, AE, Cinislioglu, N, Demirdogen, SO, Sam, E, Akkas, F, Altay, MS, et al. The Relationship of Serum Testosterone Levels With the Clinical Course and Prognosis of COVID-19 Disease in Male Patients: A Prospective Study. Andrology (2021) 10(1):24–33. doi: 10.1111/andr.13081. 10.1111/andr.13081.

29. Dhindsa, S, Zhang, N, McPhaul, MJ, Wu, Z, Ghoshal, AK, Erlich, EC, et al. Association of Circulating Sex Hormones With Inflammation and Disease Severity in Patients With COVID-19. JAMA Netw Open (2021) 4(5):e2111398. doi: 10.1001/jamanetworkopen.2021.11398

30. Rowland, SP, and O'Brien Bergin, E. Screening for Low Testosterone is Needed for Early Identification and Treatment of Men at High Risk of Mortality From Covid-19. Crit Care (2020) 24(1):367. doi: 10.1186/s13054-020-03086-z




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Beltrame, Salguero, Rossi, Conesa, Moro, Bettini, Rizzi, D’Angió, Deiana, Piubelli, Rebora, Duranti, Bonfanti, Capua, Tarazona and Valsecchi. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 16 February 2022

doi: 10.3389/fimmu.2022.796682

[image: image2]


Increased Expression of Tim-3 Is Associated With Depletion of NKT Cells In SARS-CoV-2 Infection


Jingzhi Yang 1†, Teding Chang 1†, Liangsheng Tang 1, Hai Deng 1, Deng Chen 1, Jialiu Luo 1, Han Wu 1, TingXuan Tang 3, Cong Zhang 1, Zhenwen Li 1, Liming Dong 1, Xiang-Ping Yang 2 and Zhao-Hui Tang 1*


1 Division of Trauma & Surgical Critical Care, Department of Surgery, Tongji Hospital, Wuhan, China, 2 Department of Immunology, Tongji Medical College, Huazhong University of Science and Technology, Wuhan, China, 3 School of Medicine, Wuhan University of Science and Technology, Wuhan, China




Edited by: 

Vishwanath Venketaraman, Western University of Health Sciences, United States

Reviewed by: 

Sophia Davidson, Walter and Eliza Hall Institute of Medical Research, Australia

Enguo Ju, Sun Yat-sen University, China

*Correspondence: 
Zhao-Hui Tang
tangzh@tjh.tjmu.edu.cn


†These authors have contributed equally to this work and share first authorship


Specialty section: 
 This article was submitted to Viral Immunology, a section of the journal Frontiers in Immunology








Received: 17 October 2021

Accepted: 28 January 2022

Published: 16 February 2022

Citation:
Yang J, Chang T, Tang L, Deng H, Chen D, Luo J, Wu H, Tang T, Zhang C, Li Z, Dong L, Yang X-P and Tang Z-H (2022) Increased Expression of Tim-3 Is Associated With Depletion of NKT Cells In SARS-CoV-2 Infection. Front. Immunol. 13:796682. doi: 10.3389/fimmu.2022.796682



In the ongoing coronavirus disease 2019 (COVID-19) caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), natural killer T (NKT) cells act as primary initiators of immune responses. However, a decrease of circulating NKT cells has been observed in COVID-19 different stages, of which the underlying mechanism remains to be elucidated. Here, by performing single-cell RNA sequencing analysis in three large cohorts of COVID-19 patients, we found that increased expression of Tim-3 promotes depletion of NKT cells during the progression stage of COVID-19, which is associated with disease severity and outcome of patients with COVID-19. Tim-3+ NKT cells also expressed high levels of CD147 and CD26, which are potential SARS-CoV-2 spike binding receptors. In the study, Tim-3+ NKT cells showed high enrichment of apoptosis, higher expression levels of mitochondrial genes and caspase genes, with a larger pseudo time value. In addition, Tim-3+ NKT cells in COVID-19 presented a stronger capacity to secrete IFN-γ, IL-4 and IL-10 compared with healthy individuals, they also demonstrated high expression of co-inhibitory receptors such as PD-1, CTLA-4, and LAG-3. Moreover, we found that IL-12 secreted by dendritic cells (DCs) was positively correlated with up-regulated expression of Tim-3 in NKT cells in COVID-19 patients. Overall, this study describes a novel mechanism by which up-regulated Tim-3 expression induced the depletion and dysfunction of NKT cells in COVID-19 patients. These findings not only have possible implications for the prediction of severity and prognosis in COVID-19 but also provide a link between NKT cells and future new therapeutic strategies in SARS-CoV-2 infection.
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Introduction

Coronavirus disease 2019 (COVID-19), a disease caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), poses a serious threat to public health (1). Up to December 10, 2021, more than 2.6×108 individuals have been infected and more than 5.3×106 patients have died from the disease worldwide [data from Worldometer COVID-19 Data]. Recently, the new Omicron variant of SARS-CoV-2 trigger global panic again.

Dysregulation of the immune system plays a critical role in the COVID-19 pathogenesis. The immune response of SARS-CoV-2 infection is characterized by the differentiation and proliferation of various types of immune cells and the release of immune mediators (2, 3). Natural killer T (NKT) cells, a distinct subset of T cells that express both NK cell markers and T cell markers, are increasingly regarded as cells talented with a hybrid function between NK cells and T cells (4). NKT cells are involved in the host’s defense against virus infection, bridging innate immunity and adaptive immunity (5). NKT cells get activated via endogenous lipids presented by CD1d on antigen-presenting cells (APCs), a histocompatibility complex (MHC) class I-like molecule (6), or by stimulating cytokines such as IL-12, IL-18, and type I IFNs (bystander activation) (7, 8). NKT cells exert their antiviral functions by directly lysing target cells, recruiting, stimulating, and regulating other innate cells such as NK cells and neutrophils (9). In addition, NKT cells regulate adaptive cells by promoting B cells to proliferate and produce antibodies, as well as the responses of T cells against intracellular viruses (9). Studies have reported that NKT cells prevent replication of influenza A viruses (IAVs), limit lung damage, and prevent infection of hepatitis virus, dengue virus, and human immunodeficiency virus (HIV) (9–11). Recent studies showed that the number of circulating NKT cells in the peripheral blood of patients with COVID-19 decreased (1, 12–15). NKT cells also showed the ability to enhance vaccine-mediated immune response (16), which may be explained by the fact that NKT cells play distinct roles in different stages of COVID-19. To date, the underlying mechanism of NKT cells depletion and the activity regulation during SARS-CoV-2 infection remain to be further elucidated.

T-cell immunoglobulin and mucin-domain containing-3 (Tim-3) is a type 1 membrane glycoprotein expressed on immune cells including T cells, NKT cells,dendritic cells (DCs) and macrophages, which mediates both innate and adaptive immune responses (17–19). By binding with its natural ligand Galectin-9 (Gal-9), Tim-3 induces T cell apoptosis and exhaustion, thus reducing T cell-mediated immunity and inducing peripheral immune tolerance to viruses including hepatitis B virus (HBV), hepatitis C virus (HCV), dengue virus, influenza virus, herpes simplex virus (HSV) and HIV (18, 20, 21). Recent studies reported that the elevated expression of Tim-3 in skin tissue T cells and peripheral blood mononuclear cells (PBMCs) is associated with deregulation of T cell immune response in SARS-CoV-2 infection (22, 23). In addition, our previous study has shown that Tim-3 plays a pivotal role in the regulation of NKT cell functions during severe bacterial infection (17, 24). However, whether NKT cells are involved in the antiviral immune response against SARS-CoV-2 infection by Tim-3 remains unclear.

In recent study, Zhang et al. performed scRNA-seq analysis of peripheral blood mononuclear cells (PBMCs) from a large cohort of COVID-19 patients, including 81 PBMCs samples from patients with COVID-19 (25). In their study, NKT cells were not classified in cell clusters results. Here, we reanalyzed the data to evaluate the number and function changes of circulating NKT cells. The findings indicated that the number of circulating NKT cells in COVID-19 patients decreased while Tim-3+NKT cells increased, and the expression of Tim-3 was associated with the outcomes of COVID-19 patients. Moreover, the elevated expression level of Tim-3 may be induced by IL-12 produced by DCs/monocytes in SARS-CoV-2 infection. In addition, we validated these results in two other scRNA-seq cohorts and single-cell epitope data. These results indicated that NKT cells are strongly involved in the development of dysregulated immune responses in COVID-19 patients. Tim-3+ NKT cell subsets may be a potential indicator for predicting the outcome of COVID-19, and there is a possibility that the regulation of NKT cells by Tim-3 signal pathway could be a new strategy for immunotherapy in patients with COVID-19.



Materials and Methods


Acquisition, Processing, and Integration of Single-Cell RNA Sequencing Datasets

The scRNA-seq datasets in this study were downloaded from Gene Expression Omnibus (GEO) database (GSE158055, GSE168453, and GSE175450). The GSE158055 scRNA-seq dataset was recently published by Zhang et al., including 1462702 cells from 81 advanced COVID-19 patients, 140 recovered COVID-19 patients, and 28 healthy controls, and will be used as a discovery cohort (25). The GSE168453 dataset was constructed by multiplexed single-cell epitope and transcriptome sequencing from PBMCs samples of 54 COVID-19 patients and 11 healthy controls. The GSE175450 scRNA-seq dataset includes PBMCs and T cells samples from 19 advanced COVID-19 patients and 6 healthy controls. The GSE168453 dataset and GSE175450 dataset will be used as validation cohorts. The gene expression matrix was analyzed by R software (v4.0.5) with the Seurat package (v4.0.2) (26). Low-quality cells were discarded according to the following criteria: (1) the number of unique molecular identifiers (UMIs) was less than a quarter of the median of each batch; (2) the number of UMIs exceeds 3 times the median of each batch. And for the GSE168453 dataset, doublet droplets were removed by using the offered Freemuxlet results files. After low-quality cells removal, samples with cells less than 500 were excluded. This study relies entirely on publicly available datasets and hence does not require institutional review board review.

After removal of low quality cells and samples, the gene expression matrix was normalized by the NormalizeData function, and then 2000 features were calculated by the FindVariableFeatures function to select genes with a high intercellular variation. To reduce batch effects between platforms, labs or sample processing, the FindIntegrationAnchors function was used to identify anchors between individual batches based on the previously calculated 2000 features. The selected anchors were input into the IntegrateData function to obtain an integrated gene expression matrix corrected for the batch effect, which was used for subsequent analysis. Then, the ScaleData function and the RunPCA function were performed with the default parameters to diminish the dimensionality of the integrated gene expression matrix. Next, the JackStrawPlot and ElbowPlot functions were conducted to determine the major dimensionality of the dataset, and 50 components were selected. Finally, the FindNeighbors and FindClusters function were used to identify cell clusters, and the RunUMAP function was performed to obtain nonlinear dimensional reduction results.



Cluster Marker Calculation and Cell Cluster Annotation

The cells were clustered together, and the cell clusters were visualized and projected into two-dimensional space by Uniform manifold approximation and projection (UMAP), resulting in a clear separation between clusters. The differential expression genes (DEGs) between the identified clusters were calculated as markers using the FindAllMarkers function in Seurat. Clusters were annotated based on expressions of canonical gene markers of particular cell types, including CD4+ T cells (CD3D+CD4+), CD8+ T cells (CD3D+CD8A+), γδ T cells (TRGV9+TRDV2+), mucosal-associated invariant T (MAIT) cells (SLC4A10+TRAV1-2+), NK cells (KLRF1+), B cells (MS4A1+), plasma B cells (MZB1+), CD14+ monocytes (LYZ+CD14+), CD16+ monocytes (LYZ+FCGR3A+), monocyte-derived dendritic cells (mono DCs; CD1C+), plasmacytoid dendritic cells (pDCs; LILRA4+) and platelets (PPBP+) (27). Due to the poor knowledge of NKT mRNA markers, NKT cell clusters were classified by three different methods (28). The methods were as follows: The NKT cell test datasets (GSE128243, GSE124731, GSE128626 and GSE28726) were analyzed with SingleR R package (v1.4.1) for annotation (29); Annotation was performed by calculating the expression of NK-associated genes, including CD16, NKP30, NKP46, 2B4, NKG2D, CD122, CD56 and CD160 (30); Annotation was performed by analyzing the similarity to NK cells based on the results of hierarchical clustering (4). All three classification methods resulted in common annotation, and NKT cell clusters were identified.



Identification and Functional Enrichment of Differentially Expressed Genes

The differential expression genes (DEGs) between Tim-3+ NKT cells and Tim-3- NKT cells were identified by the FindMarkers in Seurat and Wilcoxon rank-sum test was used to calculate p values. Gene Set Enrichment Analysis (GSEA) on the biological process (BP) of the DEGs was performed by using gseGO in clusterProfiler R package (v.3.18.1) (31).



Single Cell Pseudotime Trajectory Construction and Analysis

Single cell pseudotime trajectories were constructed by using monocle R package (v2.18.0) (32). In brief, the estimate SizeFactors function in monocle was used to calculate cell specific size factor to normalize the gene expression matrix. Next, the DDRTree algorithm was used to project gene expression matrix into a lower dimensional space based on the 2000 features selected before. Finally, single cells were ordered into a trajectory with branch points by order Cells function in monocle.



Statistical Analysis

The statistical analysis was performed by R software (v4.0.5). Wilcoxon rank-sum test was used by wilcox.test function to calculate statistical significance and Spearman correlation was used to evaluate correlation coefficient.




Results


Single-Cell Transcriptional Profiling of PBMCs in COVID-19

To elucidate the immunological features of COVID-19, the scRNA-seq dataset of PBMCs recently published by Zhang et al. (GSE158055) was reanalyzed as a discovery cohort, including 81 PBMCs samples of patients with COVID-19 in progression, 140 PBMCs samples of patients with COVID-19 in convalescence, and 28 PBMCs samples of healthy donors. After data filtering, samples with cells less than 500 were excluded. Finally, 28 samples of healthy controls, 73 samples of COVID-19 patients in progression, and 129 samples of COVID-19 patients in convalescence remained. The 73 samples of patients in progression were categorized into three groups according to their clinical conditions: patients with mild or moderate COVID-19 (n=24), discharged patients with severe or critical COVID-19 (n=36), and deceased patients with severe or critical COVID-19 (n=13) (Table 1). And the 129 samples of patients in convalescence were categorized into two groups: patients after mild or moderate COVID-19 (n=79) and patients after severe or critical COVID-19 (n=50) (Table 1). After the quality-control process, 1333525 single cells were obtained with an average of 4581 unique molecular identifiers (UMIs) and 27943 genes represented.


Table 1 | Information of single-cell datasets.



Thirteen clusters of PBMCs were identified by using unsupervised hierarchical clustering and visualization with uniform manifold approximation and projection (UMAP) (Figure 1A). Twelve types of major cell were annotated by expressions of canonical gene markers, which included CD4+ T cells (CD3D+CD4+), CD8+ T cells (CD3D+CD8A+), γδ T cells (TRGV9+TRDV2+), mucosal-associated invariant T (MAIT) cells (SLC4A10+TRAV1-2+), NK cells (KLRF1+), B cells (MS4A1+), plasma B cells (MZB1+), CD14+ monocytes (LYZ+CD14+), CD16+ monocytes (LYZ+FCGR3A+), monocyte-derived dendritic cells (mono DCs; CD1C+), plasmacytoid dendritic cells (pDCs; LILRA4+) and platelets (PPBP+) (Figure 1C) (27). Various experiments were designed for the classification of NKT cells, and the three subsets of NKT cells include type I NKT cells, type II NKT cells, and NKT–like cells (4). NKT cell type was annotated by analyzing NKT cell test datasets (GSE128243, GSE124731, GSE128626 and GSE28726) with SingleR R package (29); Annotation was performed by calculating the expressions of NK-associated genes, including CD16, NKP30, NKP46, 2B4, NKG2D, CD122, CD56 and CD160 (30); Annotation was performed by analyzing the similarity to NK cells based on the results of hierarchical clustering (4). As expected, highly consistent results of NKT cells annotation were obtained. Therefore, all 13 major cell types were classified, which could be divided into 55 cell clusters by Seurat R package at a 1.5 resolution (Figures 1B, D).




Figure 1 | Single-cell transcriptional profiling of PBMCs in COVID-19. (A) Integration analysis results of patients with COVID-19 and controls showing UMAP visualization, including integration analysis result of 13 major cell clusters annotated (top), the cell clustering results in origin data (middle left), the result of NKT cell clusters annotated by SingleR (middle right), the result of patients with COVID-19 and healthy controls (bottom left), the result of PBMCs samples with no batch effect observed (bottom right). (B) Expression of NK-associated genes, including CD16 (FCGR3A), NKP30 (NCR3), NKP46 (NCR1), 2B4 (CD244), NKG2D (KLRK1), CD122 (IL2RB), CD56 (NCAM1) and CD160 in cell clusters. (C) Known cell markers used to identify PBMCs cell types. (D) The result of cell clusters showing by dendrogram (E) Percentage of lymphocytes in COVID-19 patients derived by the routine blood test. (F) Percentage of NKT cells in COVID-19 patients and controls derived by single cell datasets. (Wilcoxon test).



As shown in Figure 1E, the decrease in the percentage of lymphocytes in patients is associated with the severity of COVID-19, consistent with previous reports (1, 12, 33, 34). We further explored the effect of COVID-19 on the composition of immune cells in PBMCs according to the scRNA-seq data analysis. Consistent with previous studies, we found that the percentage of CD8+T cells, MAIT cells, γδ T cells, mono-DCs, and pDCs decreased significantly as the disease progressed, while the percentage of plasma B cells, CD14+ monocytes, and platelets increased significantly, however, there was no significant change in the number of NK cells (Figure S1) (25, 27, 35).Of note, the percentage of NKT cells in severe COVID-19 patients decreased significantly in both progression and convalescence (Figure 1F), which is consistent with previous studies (13, 14).



The Expression Level of Potential SARS-CoV-2 Spike Binding Receptors in NKT Cells

ACE2 is one of the most important receptors on the host cells mediating SARS-CoV-2 infection by binding to the spike protein (36). In the present study, none of the analyzed NKT cells expressed ACE2, though the scRNA-seq data showed few ACE2 expressed in PBMCs (data not shown). Recently, several other receptors have been reported to involve in mediating SARS-CoV-2 infection for host cells, including CD147 and CD26 (37, 38). The expression levels of CD147 and CD26 in NKT cells were observed. The findings indicated the highest level of CD147 and CD26 expression detected in NKT cells (Figures 2A–D). The relationship between disease severity and CD147+ NKT cells or CD26+ NKT cells was examined during SARS-CoV-2 infection. As shown in Figure 2E, a higher proportion of CD147+ NKT cells were revealed among COVID-19 patients. Moreover, the proportion of CD26+ NKT cells significantly increased as the disease progressed and was restored in convalescence (Figure 2F).




Figure 2 | The expression levels of CD147 and CD26 in NKT cells. (A, B) Expression of CD147 and CD26 in PBMCs showing UMAP visualization. (C, D) Expression of CD147 and CD26 in PBMC subsets. (E, F) Percentage of CD147+ NKT cells and CD26+ NKT cells in COVID-19 patients and controls. (Wilcoxon test).





Tim-3 Expression on NKT Cells Is Associated With Disease Severity and Outcome of COVID-19 Patients

For further analysis, NKT cells of 202 COVID-19 patients and 28 controls were grouped into 6 cell subtypes, including NKT_CD4_CD40LG, NKT_CD4_TIM3_CD62L, NKT_CD8, NKT_CD8_CD40LG, NKT_CD8_TIM3, and NKT_DN_ITGAX (Figure 3A). Our previous studies have demonstrated that the Tim-3 signal plays an essential role in mediating the impaired function of NKT cells in mice model of polymicrobial intra-abdominal infection (17, 24, 39). In the current study, the role of NKT cells expressing Tim-3 was examined in the pathogenesis of COVID-19. The 6 NKT cells subsets were analyzed, and Tim-3 expression was elevated in 2 NKT subsets—NKT_CD4_TIM3_CD62L and NKT_CD8_TIM3 (Figure 3B). Although the total number of NKT cells decreased in the COVID-19 progression phase as shown in Figure 1E, the number of Tim-3+ NKT cells increased significantly (Figures 3F–H). In addition, this elevation could be detected in all patients with varying severity (Figure 3E), and the more severe the COVID-19 was, the greater the number of Tim-3+ NKT cells was detected (Figures 3F–H). It was also true for COVID-19 patients in convalescence that the number of Tim-3+ NKT cells was elevated compared to controls (Figure 3F). This elevation was unique in Tim-3+ NKT cells, since the other NKT cell subsets, including NKT_CD4_CD40LG, NKT_CD8, NKT_CD8_CD40LG, and NKT_DN_ITGAX, did not show a similar change (Figure S2). The relationship between CD147, CD26 and Tim-3 was observed in the 6 isolated NKT cell subsets, and Tim-3+ NKT cells were accompanied with high expression levels of CD147 and CD26, especially in the NKT_CD4_TIM3_CD62L subset (Figures 3C, D). Tim-3+ NKT cells have a trend to express more CD147 and CD26 in COVID-19 patients, which might suggest Tim-3+ NKT subset cells are highly susceptible to SARS-CoV-2 infection.




Figure 3 | Tim-3 expression in NKT cells associated with disease severity and outcome in COVID-19 patients. (A) Integration analysis results of NKT cells in COVID-19 patients and controls with 6 NKT cell clusters. (B) Expression of Tim-3 in 6 NKT cell clusters. (C, D) Expression of CD147 and CD26 in 6 NKT cell clusters. (E) Integration analysis results of NKT cells in COVID-19 patients and controls with no batch effect between samples. (F–H) Percentage of Tim-3+ NKT cells, Tim-3+ CD8+ NKT cells and Tim-3+ CD4+ NKT cells in COVID-19 patients and controls. (Wilcoxon test).





Tim-3 Expression Is Associated With NKT Cells Apoptosis in COVID-19 Patients

Our recent study has demonstrated that Tim-3 is a negative regulator of cell response through promoting NKT cells apoptosis in mice model of polymicrobial intra-abdominal infection (39). The relationship between the up-regulated expression of Tim-3 in NKT cells and depletion of NKT cells during SARS-CoV-2 infection was firstly observed. Gene Set Enrichment Analysis (GSEA) was performed to unfold the potential biological processes related to Tim-3 in COVID-19 patients. GSEA analysis showed that the apoptotic process pathway was significantly enriched, with an adjusted p value 3.48×10-5 (Figure 4A). Releasing of mitochondrial (mt) genes into the cytoplasm is associated with cell apoptosis (40), and a large proportion of mt genes are unfavorable to cell development (41). Mt genes in lymphocytes account for about 5% of the total mRNA content (42). The expression of mt genes in Tim-3+ NKT cells was significantly higher than that of other NKT cells, consistent with the results of GSEA (Figure 4B). Tim-3+ NKT cells account for the highest proportion in the high-mt-gene-expressed NKT cells subset, which is defined as more than twice the average percentage of mt genes (Figure 4C). Subsequently, to study molecular characteristics of NKT cells during the disease, all NKT cells were ordered in pseudo time to reconstruct the trajectory of NKT maturation by using monocle R package. The results of the pseudo time analysis showed that the Tim-3+ NKT cells were positioned at the end of the tree, indicating that Tim-3+ NKT cells were in a late stage of maturation (Figures 4D, E).




Figure 4 | Tim-3 expression associated with NKT cells apoptosis in COVID-19. (A) Gene set enrichment analysis (GSEA) result of apoptotic process pathway. (B) Expression of mitochondrial genes on 6 NKT cell clusters. (C) Percentage of mitochondrial genes highly expressed NKT cells on 6 NKT cell clusters. (D, E) Pseudo-time analysis results. (F) Expressions of caspase genes on Tim-3+ NKT cells and Tim-3- NKT cells in COVID-19 patients and controls. (Wilcoxon test).



To shed light on the process of Tim-3+ NKT cell apoptosis, we investigated the expression levels of caspase genes in all COVID-19 patients and healthy controls. Consistent with the apoptosis trend of Tim-3+ NKT cells, an elevated expression level of almost all caspase genes in Tim-3+ NKT cells was observed in controls and patients with mild and severe COVID-19, especially caspase-2, caspase-3, caspase-6, and caspase-9 (Figure 4F).



Tim-3 Expression and Functional Status of NKT Cells in COVID-19

The function of co-inhibitory receptors, including Tim-3, programmed death-1 (PD-1), cytotoxic T lymphocyte antigen-4 (CTLA-4), and lymphocyte-activation gene 3 (LAG-3), are critical for lymphocyte homeostasis prompting it a novel target for treatment in tumor and infection (43, 44). It is important to investigate the expression levels of these co-inhibitory receptors in Tim-3+ NKT cells. Our results showed that the expression of these co-inhibitory receptors in Tim-3+ NKT cells was significantly higher than that in TIM-3-NKT cells (Figures 5A–C).




Figure 5 | Tim-3 expression and functional status of NKT cells in COVID-19. (A–C) Expressions of co-inhibitory receptor genes PD-1, CTLA4, and LAG3 on Tim-3+ NKT cells and Tim-3- NKT cells in COVID-19 patients and controls. (D–F) Expressions of cytokine genes IFN-γ, IL-10, and IL-4 on Tim-3+ NKT cells and Tim-3- NKT cells in COVID-19 patients and controls. (G–I) Expressions of cytotoxicity related genes NKG2D, PRF1, and GZMB on Tim-3+ NKT cells and Tim-3- NKT cells in COVID-19 patients and controls. (Wilcoxon test).



Unlike conventional T cells, the most important characteristic of NKT cells in infection is the rapid activation and substantial production of cytokines such as IFN-γ, IL-10, and IL-4. To find out the relationship between the up-regulated expression of Tim-3 and cytokine production of NKT cells in COVID-19, the expressions of IFN-γ, IL-10, and IL-4 were examined. We found that the expression of IFN-γ in Tim-3+ NKT cells was significantly compared with Tim-3- NKT cells in deceased severe/critical group and recovered severe/critical group (Figure 5D). To our surprise, we found that the expression of IL-10 in Tim-3+ NKT cells was significantly higher than Tim-3- NKT cells under every condition (Figure 5E). NKT cells expressed few IL-4 in controls, discharged groups, and recovered groups, but the production of IL-4 peaked in the deceased group. The expression of IL-4 in Tim-3+ NKT cells was significantly higher than Tim-3- NKT cells in deceased COVID-19 patients (Figure 5F).

To find the relationship between the Tim-3 expression and cytotoxicity of NKT cells, the expressions of NKG2D, PRF1 and GZMB were assayed. As shown in Figures 5G-I, the expression levels of NKG2D, PRF1, and GZMB in Tim-3+ NKT cells were reduced under almost all conditions.



Correlation Between IL-12 and Expression of Tim-3 on NKT Cells

Our previous work on the mice model indicated that IL-12 secreted by stimulated DCs induced Tim-3 over-expression on NKT cells (39). To ascertain this relationship between IL-12 secretion and Tim-3 over-expression in COVID-19, IL-12 expression on DCs and monocytes were firstly assayed. In line with the increase expression of Tim-3 in NKT cells in COVID-19 patients, the IL-12 expression in DCs/monocytes was significantly higher in patients than controls (Figure 6A). Additionally, the proportion of DCs/monocytes with high IL-12 expression was positively correlated with the proportion of NKT cells with high expression of Tim-3 in discharged COVID-19 patients. The Spearman correlation coefficient R=0.588, p=0.00398 in mild/moderate patients, and R=0.338, p=0.0473 in severe/critical patients was shown in Figure 6B.




Figure 6 | Correlation between IL-12 and expression of Tim-3 on NKT cells. (A) Expression of IL-12 on DCs/monocytes in COVID-19 patients and controls. (Wilcoxon test) (B) Correlation between the percentage of IL-12 highly expressed DCs/monocytes and the percentage of Tim-3 highly expressed NKT cells in COVID-19 patients (Spearman correlation coefficient).





Validation With Other Cohorts and Single-Cell Epitope Data

Two cohorts were included as validation cohorts to validate the discovery of Tim-3+ NKT cells in COVID-19 (GSE168453 and GSE175450). The information of each cohort was shown in Table 1. Similar data processing, integration, clustering, and annotation were performed on the validation cohorts.

As expected, the NKT cells proportion was decreased significantly in severe COVID-19 patients in the GSE168453 cohort (GSE175450 cohort not suitable for calculating NKT cells proportion) (Figure 7A). Several viruses, such as Kaposi’s sarcoma-associated herpesvirus, HSV and HIV, can use different mechanisms to reduce CD1d expression, which may lead to impairment of NKT cells (6). To check whether the decrease of circulating NKT cells is related to CD1d deficiency in COVID-19, CD1d protein expression levels on PBMCs and DCs were assayed through single-cell epitope data of GSE168453. As shown in Figure 7A, CD1d protein expression levels did not decrease, but increased as the disease progressed, on both PBMCs and DCs. The evidence, therefore, did not support the hypothesis that the decrease of NKT cells in COVID-19 was related to CD1d deficiency.




Figure 7 | Validation cohort results. (A) Percentage of NKT cells in COVID-19 patients and controls derived by scRNA-seq data from GSE168453 (left), protein expression levels of CD1d on PBMCs (middle) and DCs (right) derived by single-cell epitope data from GSE168453. (B, C) Percentage of Tim-3+ NKT cells, CD147+ NKT cells, and CD26+ NKT cells in COVID-19 patients and controls derived by scRNA-seq data from validation cohorts. (D) Expression of mitochondrial genes, CD147, and CD26 in Tim-3+ NKT cells and Tim-3- NKT cells in validation cohorts. (E, F) Gene set enrichment analysis (GSEA) results of apoptotic process pathway in validation cohorts. (G) Protein expression levels of PD-1, PD-L1, CTLA4, LAG3, and CD26 on Tim-3+ NKT cells and Tim-3- NKT cells in COVID-19 patients and controls derived by single-cell epitope data from GSE168453. (Wilcoxon test).



In addition, the number of Tim-3+ NKT cells increased in both validation cohorts as the disease progressed, with statistical significance (Figures 7B, C). And the proportion of Tim-3+ NKT cells recovered as well in convalescence phase, consistent with the discovery cohort (Figure 7B). The Tim-3+ NKT cells also showed more mt gene detected than Tim-3- NKT cells (Figure 7D). GSEA results were consistent with the discovery cohort, showing that the apoptotic process pathway was enriched in Tim-3+ NKT cells, with adjusted p-value 1.34×10-9 in GSE175450 and adjusted p-value 1.48×10-7 in GSE168453 (Figures 7E, F).

Consistent with the discovery cohort, COVID-19 patients showed a higher proportion of CD147+ NKT cells and CD26+ NKT cells than controls (Figures 7B, C). And Tim-3+ NKT cells subset had a trend to express more CD147 and CD26 than Tim-3- NKT cells subset (Figure 7D).

To verify the results of the functional status of Tim-3+ NKT cells derived from the discovery cohort, single-cell epitope data from GSE168453 was used. Consistent with the discovery cohort result, the protein expression levels of PD-1, PD-L1, CLTA4, LAG3, and CD26 were significantly higher in Tim-3+ NKT cells than Tim-3- NKT cells under every condition (Figure 7G).




Discussion

NKT cells play an important role in virus infection. After activation by TCR binding to CD1d directly, or by NKT cell-stimulating cytokines such as IL-12, IL-18, and type I IFNs, NKT cells devote to the host’s defense against virus infection by secreting pro- inflammatory or anti- inflammatory cytokines to regulate the activation, recruitment, and differentiation of other immune cells. The effects are critical for the elimination of pathogens and can be inhibited by apoptosis of NKT cells caused by immunosuppression during severe virus infection (45). It was reported that Cd1d-/- mice, which lacked CD1d-dependent NKT activation, were more susceptible to HSV infection, with more severe disease, greater spread of the virus to spinal ganglia, and delayed clearance of virus (46). Impairment of NKT cells may also lead to uncontrolled virus infection in humans (6).

COVID-19 is an acute viral disease caused by SARS-CoV-2 infection, and NKT cells have been reported to play an important role in COVID-19 different stages, including silent SARS-CoV-2 infection stage (47), progressing stage (48), convalescence stage (15), and vaccination (16). However, little is known about the regulatory mechanisms of NKT cells in COVID-19. Previous studies are mostly dependent on flow cytometry or bulk RNA sequencing (13, 14), but they generally fail to provide sensitivity to tiny distinctions in cells. As the technology develops, single-cell RNA sequencing analysis provides a powerful approach to obtain an unbiased and comprehensive visualization of the immunological profiles of PBMCs in patients with COVID-19. Compared with bulk RNA sequencing, it has a single-cell level resolution, which can estimate the whole changes of cell subsets, the immune cell function of individual cell, and the correlation between different cell subsets and cytokines.

In the present study, we reanalyzed the recently published single-cell RNA sequencing datasets of COVID-19 patients, and we confirmed decreased NKT cells in PBMCs of COVID-19 patients, which was associated with the severity and outcomes of the disease. The number of NKT cells in poor-outcome patients was relatively low, which is consistent with the results of previous studies (27). The decrease of circulating NKT cells may be caused by promoted NKT cell death, down-modulation of TCR in NKT cells, and NKT cells migration to the lung. Recent findings did not support the hypothesis of TCR down-modulation (14). Our finding also obtained no evidence of CD1d deficiency in COVID-19 (Figure 7A). Indeed, NKT cells in airways are undetectable, while a previous study concerning supernatants of endotracheal aspirates of COVID-19 patients found that the frequency of MAIT cells in airways was high (14). In addition, It is reported that the number of NKT cells in the lungs of patients with chronic obstructive pulmonary disease (COPD) is also increased (49). Our finding indicated that the number of circulating NKT cells in COVID-19 decreased, accompanied by changed functions of NKT cells such as promoted activation and increased cytokines secretion.

The decrease of circulating NKT cells can be recognized as an indicator to predict the prognosis of COVID-19 from recent researches (48). Our finding of single-cell RNA sequencing data analysis indicated that the proportion of Tim-3+ NKT cells in COVID-19 patients was higher than that in healthy controls, which was different from Tim-3- NKT cell subsets. Tim-3+ NKT cells increased in COVID-19, as the disease progressed. The increase of Tim-3+ NKT cells may be used as a new indicator for COVID-19 disease severity and outcome. Moreover, the number change of Tim-3+ NKT cells may contribute to the functional changes of NKT cells in COVID-19.

ACE2 is one of the most important receptors on the host cells mediating SARS-CoV-2 infection by binding to the spike protein (36). CD147 and CD26 have emerged recently as potential receptors for SARS-CoV-2. SARS-CoV-2 enter T cells, which do not express ACE2, by binding to CD147. At the same time, Meplazumab (an anti-CD147 antibody) can inhibit SARS-CoV-2 replication (37). CD26 is a main cellular entry for MERS-CoV (50), and recent structural studies predict that CD26 directly interacts with SARS-CoV-2 spike protein (38), while some contradictory results also have been reported (51). Our findings indicated Tim-3+ NKT cells have a trend to express more CD147 and CD26 in COVID-19 patients, which might suggest Tim-3+ NKT subset cells are highly susceptible to SARS-CoV-2 infection.

Our previous studies indicated that up-regulated expression of Tim-3 is associated with NKT cell apoptosis, NKT cell activation, and cytokines production in polymicrobial intra-abdominal infection (39). In the present study, we validate the notion. Tim-3+ NKT cells present a higher trend to apoptosis, and the increased proportion of Tim-3+ NKT cells could result in more apoptotic NKT cells caused to fewer circulating NKT cells in COVID-19 patients. In addition, increased cytokines production such as IFN-γ, IL-4, and IL-10 were observed in Tim-3+ NKT cells, which indicated that Tim-3+ NKT cells showed the capacity of activation and secreting inflammatory cytokines. The over-activation of Tim-3+ NKT cells may involve in the early cytokine storm in COVID-19 by producing more IFN-γ, IL-4, and IL-10 (52). And the exhaustion of Tim-3+ NKT cells, characterized by high expression levels of PD-1, PD-L1, and IL-10, may lead to the immune paralysis of NKT cells as a long-term impact of COVID-19 (15). Recent studies also evidence that Tim-3 is more specific for T cells exhaustion than PD-1 in COVID-19 (23, 53). Thymosin alpha 1 used for reversion of T cells exhaustion can reduce the mortality of severe COVID-19, accomplished with a decrease of PD-1 and Tim-3 expression on T cells (54). Collectively, the up-regulated Tim-3 expression in NKT cells may be potentially responsible for functional changes and depletion of NKT cells in COVID-19.

Our recent work showed that IL-12 produced by stimulated DCs significantly promoted the expression of Tim-3 in NKT cells in mice model of severe bacterial infection (39). Previous studies have also demonstrated that IL-12 produced by DCs induces the activation of NKT cells in vivo and promotes the IFN-γ secretion of NKT cells (55–57). In the present study, the production of IL-12 produced by DCs/monocytes in COVID-19 patients is more than that in healthy controls, and the level of IL-12 in patients with mild/moderate COVID-19 is higher than that in patients with severe/critical COVID-19, which is consistent with the results of a recent study (58). Moreover, our findings indicated that the frequency of Tim-3+ NKT cells is positively correlated with the frequency of DCs/monocytes that secrete IL-12 in COVID-19 patients.

In summary, by analyzing the published single cell datasets, we found that circulating NKT cells in COVID-19 patients decreased. The up-regulated expression of Tim-3 in NKT cells is associated with potential SARS-CoV-2 spike protein binding receptors, cell apoptosis, activation and exhaustion, and cytokines secretion of NKT cells. IL-12-secreting DCs/monocytes may be responsible for induced up-regulation of Tim-3 in NKT cells during SARS-CoV-2 infection. Tim-3+ NKT cells subset may be a potential indicator for predicting the outcome in COVID-19 patients, and there is a possibility that the regulation of NKT cell by Tim-3 signal pathway could be a new strategy for elimination of lethal epidemic caused by SARS-CoV-2 infection. Further studies are needed to validate the findings.
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Growth differentiation factor 15 (GDF-15) is a transforming growth factor (TGF)-β superfamily cytokine that plays a central role in metabolism regulation. Produced in response to mitochondrial stress, tissue damage or hypoxia, this cytokine has emerged as one of the strongest predictors of disease severity during inflammatory conditions, cancers and infections. Reports suggest that GDF-15 plays a tissue protective role via sympathetic and metabolic adaptation in the context of mitochondrial damage, although the exact mechanisms involved remain uncertain. In this review, we discuss the emergence of GDF-15 as a distinctive marker of viral infection severity, especially in the context of COVID-19. We will critically review the role of GDF-15 as an inflammation-induced mediator of disease tolerance, through metabolic and immune reprogramming. Finally, we discuss potential mechanisms of GDF-15 elevation during COVID-19 cytokine storm and its limitations. Altogether, this cytokine seems to be involved in disease tolerance to viral infections including SARS-CoV-2, paving the way for novel therapeutic interventions.
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Introduction

Discovered in 1990, growth differentiation factor 15 (GDF-15) is a stress-induced cytokine and a distant member of the transforming growth factor β (TGF-β) superfamily (1–5). GDF-15 is the product of a gene on human chromosome 19p13.11-13.2 that was cloned in 1997 based on expression induction upon macrophage activation (6, 7). GDF-15 is considered as a major regulator of appetite (8–10) through its hindbrain receptor glial-derived neurotrophic factor receptor alpha-like (GFRAL), and its plasma levels were found to be elevated in the context of obesity and diabetes (11). However, GDF-15 acts more as a regulator than an inducer of obesity, as illustrated in mouse models where GDF-15 overexpression and administration of recombinant GDF-15 decrease glucose intolerance and enhance lipid metabolism (12). In addition to a metabolic function, GDF-15 recently emerged as an inflammation-induced mediator of disease tolerance through cellular metabolic reprogramming in the context of infections (13). Indeed, animal models showed that during acute infections, GDF-15 promotes survival by stimulating hepatic sympathetic outflow, which further promotes cardioprotective triglyceride production (13). Altogether, this cytokine seems to play a role in disease tolerance in bacterial and viral infections to a certain extent, including in SARS-CoV-2 infection, which opens up a new avenue for therapeutic intervention (13).



The Cellular Production of GDF-15

GDF-15 was first named macrophage inhibitory cytokine-1 (MIC-1) since it was originally characterized in activated macrophages. Since, GDF-15 has been shown to be a cell-stress response cytokine produced in many cell types (7). Under physiological conditions, GDF-15 is expressed in high levels in the placenta, prostate, and bladder as well as other organs such as liver, kidney, lymph nodes, muscles and colon (14, 15). Cell types reported to express GDF-15 include adipocytes, cardiomyocytes, skeletal and smooth muscle cells and macrophages (15). L’homme et al. recently identified saturated fatty acids (SFAs) as strong inducers of GDF-15 expression in macrophages (11). Endoplasmic reticulum (ER) stress was identified as a key trigger of SFAs-induced GDF-15 expression, through the unfolded protein response (UPR) at the cellular level via PKR-like ER kinase (PERK) (11). Such findings suggest a link between GDF-15 and obesity, as SFAs-activated macrophages produce pro-inflammatory cytokines such as TNF-α and IL-1β (16). Additionally, GDF-15 was reported to be overexpressed in cancer cells of various origins, including predominantly prostatic, renal, urothelial, colorectal cancers and melanoma (17). Globally, GDF-15 is expressed in many different cell types from various organs, both in physiological and pathological conditions.



Conditions Inducing Increased Circulating Levels of GDF-15

High circulating levels of GDF-15 have been associated with chronic inflammatory conditions including renal, lung, liver and cardiovascular diseases (4–11), rheumatoid arthritis, cancers, anemia (18) and infections such as COVID-19. Under physiological conditions, elevated plasma levels of GDF-15 are also reported in older individuals, in late pregnancy and during strenuous exercise. The use of certain drugs such as metformin and colchicine has also been independently associated with increased levels of GDF-15 (12, 19, 20). Furthermore, GDF-15 appears as a marker for all-cause mortality in the elderly and constitutes a predictor of disease severity during bacterial and viral infections (21, 22). During inflammatory conditions, multiple cell types have been shown to release GDF-15, including endothelial cells, epithelial cells, vascular smooth muscle, macrophages and adipocytes (4, 23, 24). Taken together, GDF-15 appears to be released by multiple cell types both during acute and chronic low-grade inflammation.



GDF-15 as a Mitokine During Mitochondrial Dysfunction

Mitochondria are intracellular organelles that constitute cellular “power stations” in all cell types and tissues. These organelles play key roles in many biological processes, such as programmed cell death, oxidative phosphorylation and energy production. Aging and inflammation have been shown to alter mitochondrial function (3, 25).

Upon stress, mitochondrial stress-induced cytokines (referred as mitokines) such as fibroblast growth factor 21 (FGF21) and GDF-15 are expressed (26). Mitokines act in an endocrine, paracrine and autocrine fashion depending on the tissue microenvironment, and have been shown to have both detrimental and protective effects depending on the stimulus intensity (11, 21). GDF-15 is involved in a biphasic (hermetic or U-curve) response via the GDF-15-STAT3 pathway (2, 21, 27). Such hormetic paradoxical dose-response has been illustrated by Conte et al. who demonstrated that low plasma levels of GDF-15 were associated with healthy ageing, while higher levels were detrimental (2, 21). GDF-15 production has been associated with a low NAD/NADH ratio, highlighting the influence of mitochondrial dysfunction on GDF-15 production (28), although ER stress and hypoxia were also shown to induce this cytokine (2, 29).



Cellular Mechanisms and Downstream Signaling Pathways of GDF-15

There are still conflicting reports of the molecular mechanisms of GDF-15 at the cellular level (2, 30, 31). It is established that GDF-15 binds to the GDNF receptor family member GFRAL in the hindbrain, orchestrating its metabolic effects through the neurotransmitter cholecystokinin (CCK) and further reduces appetite and body weight through the RET coreceptor (8, 10, 31, 32). However, GFRAL is not expressed outside the brain, raising the possibility of alternative receptors involved in GDF-15’s immunomodulatory effects, especially through hematopoietic cells (31). As a member of the TGFβ family, it has been speculated that the peripheral effects of GDF-15 could be mediated through receptors of the TGF-β/Smad signaling pathway (2, 31, 33, 34). Candidate receptors for GDF-15 are ALK-5/TGF-βRII, TGF-βRI, TGF-βRII and the epithelial growth factor receptor ErbB2 (35–37). Recently, a new receptor for GDF-15, CD48, has been identified on Treg cells in a genetically-engineered mouse model (38). The GDF-15-CD48 interaction was shown to promote the propagation of Treg cells and indirectly upregulate forkhead transcription factor (Foxp3), enhancing the development of hepatocellular carcinoma (HCC) (38). This immunosuppressive tumor microenvironment was further shown to be altered by the introduction of monoclonal antibodies against GDF-15, which ultimately improved HCC control (38).

Downstream signaling of GDF-15 has been studied in different models. In a mouse model, GDF-15 has been shown to activate the PPARβ/δ-AMPK-p53 pathway, enhancing the fatty acid oxidation and glucose uptake and reducing ER stress as well as inflammation (39). Interestingly, the antidiabetic effect of PPARβ/δ was independent of the central GDF-15/GFRAL receptor in the hindbrain (39). Moreover, GDF-15 was reported to contribute to the increase in peroxisome proliferator-activated receptor-gamma coactivator (PGC)-1α and lipin-1, involved in fatty acid metabolism induced by PPARβ/δ activation (39). In the same animal model, the expression of GDF-15 was induced in the skeletal muscles via PPARβ/δ agonist, mitigating inflammation and improving glucose tolerance (39). In another mouse model, GDF-15 induction through the PPARγ pathway plays a key role in tissue regeneration (40). In summary, hindbrain GFRAL acts as a receptor for GDF-15 and may explain part of its metabolic effects, however the mechanisms of its immunomodulatory effect remain to be determined.



Coping With Stress: GDF-15 in the Context of Host Resistance and Disease Tolerance

Studies on GDF-15 levels during sepsis illustrate the hormetic role of GDF-15 during infection, with low levels being protective while high levels being associated with disease severity. Host survival during infection requires a delicate balance between host resistance, which is essential for detecting and eliminating pathogens, and disease tolerance, which is critical in minimizing collateral tissue damage (41). During infection, mortality is mainly determined by an exaggerated immune response rather than pathogen invasion, reflecting this dysregulation of the balance between defense and tolerance (42). Disease tolerance can be then perceived as “the beauty of compromise” as Mahatma Gandhi stated in his autobiography written by Louis Fisher in 1950, illustrated by T-cell exhaustion and metabolism reprogramming (Warburg effect) in cancer and chronic infections. GDF-15, which has emerged as an inflammation-induced mediator of disease tolerance through metabolic reprogramming, might then serve as a disease tolerance cytokine. The balance between disease tolerance and host-defense response is particularly relevant for COVID-19, due to the negative impact of a hyperinflammatory state in COVID-19. This phenomenon is best illustrated in bats, which are well-documented viral reservoirs and harbor many zoonotic coronaviruses. Despite high viral loads of highly pathogenic viruses in humans (as Ebola virus or SARS-CoV), infected bats exhibit no signs of disease (43, 44).Through unique immune characteristics, bats have an excellent balance between host defense and disease tolerance, allowing them to tamp excessive immune responses to pathogens (45) Effector molecules with known immunomodulatory effects such as GDF-15 might then be of great interest to restore a balanced response.



Association Between Higher GDF-15 Plasma Levels and Respiratory Tract Diseases

Pulmonary epithelial cells constitute a major source of GDF-15 production (46, 47), especially during hypoxia (48) or upon exposure to various allergens, cigarette smoke (49) and air pollutants (50). In chronic obstructive pulmonary disease (COPD), which is associated with cigarette smoking, a positive association has been found between elevated levels of GDF-15 and exacerbation frequency as well as impairment of pulmonary function (7, 51–53). During pulmonary hypertension, GDF-15 has been associated with disease progression and mortality. Higher levels of GDF-15 have been linked with increased atrial pressure and pulmonary capillary wedge pressure, via induction by hypoxia and shear stress from the pulmonary vascular endothelial cells (46, 54). In addition, higher GDF-15 plasma levels were also found in alveolar epithelial cells in pulmonary fibrosis (47, 55). Tissue damage due to hyperoxia is also a strong inducer of GDF-15 secretion by pulmonary epithelial and endothelial cells and is linked with bronchopulmonary dysplasia (56). Conversely, GDF-15 demonstrated a protective role in ventilator-associated acute lung injury induced by platelets-neutrophils aggregates (48).



The Significance of GDF-15 in Viral and Bacterial Infections Outside COVID-19

GDF-15 levels are significantly increased in patients with various infections and sepsis. Regarding hepatic viral infections, GDF-15 is associated with disease progression and enhanced viral replication (57–60). Hepatitis B virus (HBV)-linked HCC (57, 59–61) and liver fibrosis linked with hepatitis C virus (HCV) were both associated with GDF-15 elevation (58, 60, 62). GDF-15 was reported to be overexpressed in genetically engineered mice with acute exacerbations of COPD due to human rhinovirus (RV), the most frequently detected virus in this context (63, 64). Moreover, in human airway epithelial cells as well as in a mouse model, GDF-15 was shown to promote RV replication and to increase viral-induced inflammation (64). This increased inflammation, which is known to be related to symptoms, could be partly explained through the impairment of interferon-γ1 (IFN-γ1) production by GDF-15 (64).

Although less studied, bacterial infections have also been associated with increased GDF-15 levels, both for Gram-positive or Gram-negative bacteria (13, 65) Similarly, GDF-15 was found to be elevated in patients with septic shock and its plasma levels were correlated with increased mortality (66). On the other hand, GDF-15 knockout mice were shown to be protected against severe septic infection, with prolonged survival, and demonstrated better control over local infections (61, 66).



GDF-15 as a Biomarker Coming of Age in the COVID-19 Pandemic

Several proteins have been identified as prognostic biomarkers in COVID-19 such as IL-6, IL-8, C-reactive protein (CRP), procalcitonin, ferritin, D-dimer, calprotectin, IFN-γ-induced protein 10 (IP-10), IFN-γ, TNF-α, granulocyte monocyte-colony stimulating factor (GM-CSF), and macrophage inflammatory protein (MIP) 1α and 1β (66–71). However, only a handful of these cytokines were coined as prognostic markers associated with disease severity and progression in COVID-19 patients (reviewed in Table 1) (74). In addition, due to their very short half-lives, accurate cytokine measurements in the plasma remain difficult and need to be carefully interpreted.


Table 1 | Studies reporting an association between GDF-15 and COVID-19 severity.



Through the correlation of tissue damage, hypoxia and aging, GDF-15 emerged as a significant indicator of disease severity in individuals infected with SARS-CoV-2 (Table 1) (6, 71, 73, 75), specifically in patients with underlying lung pathologies such as COPD in older individuals (42, 46). An inverse correlation has been reported between GDF-15 plasma concentration and oxygen saturation, leading to stratification of disease severity in critically-ill patients with COVID 19 (70). Notz et al. demonstrated that both IL-6 and CRP were correlated with GDF-15 levels throughout the COVID-19 course, suggesting the significance of GDF-15 in inflammation (71). Among many inflammatory markers, increased levels of GDF-15 and ferritin were associated with poor outcomes in the intensive care unit (ICU) and hospitalized patients with COVID-19 (70). Similarly, de Guadiana et al. demonstrated a positive correlation between GDF-15 and ferritin, CRP, calprotectin, and D-dimer in hospitalized COVID-19 patients (68). GDF-15 and calprotectin were found to be the best prognostic markers in assessing the outcome in hospitalized patients infected with SARS-CoV-2 (68, 70). Taken together, higher plasma levels of GDF-15, cardiac biomarkers and higher levels of soluble angiotensin-converting enzyme 2 (sACE2) have been proposed for risk stratification in patients with COVID-19 (67, 72). In patients with end-stage kidney disease (ESKD) infected with SARS-CoV-2, Gisby et al. found more than 200 proteins differentially expressed compared to non-infected controls, 67 of which were linked to an increased risk of mortality (73). Among various proteins known as contributors of inflammation and organ damage, GDF-15 was one of the top 12 cytokines/chemokines on the list (73).

In another study, out of 440 potential biomarkers tested by antibody array profile and confirmed by enzyme-linked immunosorbent assay (ELISA), GDF-15 was found to be consistently and statistically correlated with the severity and the progression of COVID-19 (6). Dynamic changes of GDF-15 levels reflected disease progression, with high levels linked to symptom deterioration, followed by a dramatic decline in plasma GDF-15 levels at the time of clinical and radiological improvement and discharge (6). This study indicates that GDF-15 could be used as a predictor of the progression of the disease (Table 1) (6).



Immunomodulatory Function of GDF-15 During COVID-19

It has been established that the pathogenesis of severe COVID-19 involves the hyperactivation of the immune response leading to a life-threatening ‘cytokine storm’ (76). This clinical syndrome can be induced by both infectious and non-infectious causes, and is characterized by an imbalance between cytokine production and activation of the immune response leading to a hyperinflammatory state and multiorgan failure. Extensive cytokine surges, such as IL-1, IL-6, IL-18, TNFα and IFN-γ (76) triggered by various pathogens (77–79), induce a cytokine release syndrome (CRS) leading to widespread inflammation and considerable tissue damage (76, 80). This further leads to endothelial cell dysfunction, multiorgan failure, disseminated intravascular coagulation (DIC), acute respiratory distress syndrome and alteration in iron homeostasis (74, 76, 81). COVID-19 mortality is directly correlated with the elevation of cytokines (82), in which monocyte/macrophages, neutrophils, and natural killer (NK) cells seem to play a role (74, 76). Innate and adaptive immune responses have also been shown to be uncontrolled, specifically in virus-infected cells (76). In the case of COVID-19, a small proportion of patients affected by severe disease were shown to present with underlying dysregulated host innate response, inducing a hyperinflammatory syndrome (83). In addition, a cytokine storm is observed more frequently in elderly patients and correlates with rapid deterioration during COVID-19 (75, 84). Severe outcomes have been particularly observed in patients with coexisting chronic inflammatory conditions, such as hypertension, diabetes, and obesity, which are in turn linked with elevated plasma GDF-15 levels (76). Cytokine storm-induced GDF-15 elevation was shown to protect against cardiovascular alterations in a mouse model, however, it remains unknown whether this effect is present in COVID-19 patients (13).

Endothelial dysfunction is also a hallmark of COVID-19 and has been linked with oxidative stress (74, 85). The hyperactivity of the angiotensin-converting enzyme (ACE)-Angiotensin (Ang) II- Angiotensin type 1 receptor (AT1) axis of the classical renin–Ang system was shown to contribute to the coagulopathy observed in patients with COVID-19 (74). In addition, endothelial cells constitute a direct target of SARS-CoV-2, which further contributes to endothelial dysfunction. The SARS-CoV-2 cellular receptor ACE2 is heavily expressed in vital organs such as the lung, liver, kidneys, heart, and blood vessels, especially in type II pneumocytes in the lungs (74). Upon binding, the virus is internalized through the endogenous ACE2 receptor through the S1 domain of the spike glycoprotein (S) (74). S2 domains expressed on the SARS-CoV-2-infected cells then cause a fusion between ACE2-positive neighboring cells and triggers the formation of multinucleated syncytial pneumocytes (74, 86). AT1 receptor plays a pivotal role in oxidative stress through numerous intracellular signaling pathways. The endothelial cell damage causes recruitment of inflammatory cells and overproduction of cytokines and endothelialitis resulting in microcirculatory vascular changes in the various tissues (74).. Due to its high expression in endothelial cells and its induction upon hypoxia, GDF-15 might play a role in COVID-19 endothelialitis (46, 54, 70). GDF-15 is secreted from the epithelial and endothelial cells as a result of inflammation and oxidative stress in COVID-19. GDF-15 may exert its effect directly on immune cells as well as via the central GDF-15/GFRAL receptor in the hindbrain (74). The high amount of IL-6 secreted by activated macrophages trigger production of IL-17, which results in excessive immune activation and intense widespread inflammation (50) (Figure 1). Despite its involvement in immune tolerance, GDF-15 elevation seems to be overwhelmed by uncontrolled inflammation in certain patients with COVID-19, leading to vascular pathologies in vital organs (74, 87, 88).




Figure 1 | Contribution of a GDF-15 signaling pathway in COVID-19 pathogenesis. Lungs infected with SARS-CoV-2 lead to tissue damage, hypoxia, and endothelialitis. Tobacco smoke, ultrafine particles, and air pollutants act as a co-stimulant in the direct release of GDF15 in the lung epithelial cells. The virus enters the host cell via ACE2 on type II pneumocytes causing the recruitment of leucocytes, hence, elevated innate immune response. SARS-COV-2 also causes direct endothelialitis after the destruction of the alveolar epithelia. The transmigration of leucocytes causes a massive release of proinflammatory cytokines IL-6, IL-8, TNF alpha, IP-10, IL-1beta, IFN gamma, GM-CSF, and Notch pathway. The hippo pathway favors IL-17 differentiation and the Wnt pathway inhibits Treg suppressor function mediated by GDF15 resulting in overwhelming immune system activation. Together with the formation of the syncytium, hyperactivation of immune response commenced leading to cytokine storm, hypercoagulation and elevated neutrophils-lymphocytes ratio critical in severe outcomes in patients affected with SARS-COV-2 especially with comorbidities. GDF, growth differentiation factor; IL, interleukin; ARDS, acute respiratory distress syndrome; ACE, angiotensin-converting enzyme; UFP, ultrafine particles; HF, heart failure; COPD, chronic obstructive pulmonary disease; CVD, cardiovascular diseases; CD, cluster differentiation; GM-CSF, granulocyte monocyte-colony stimulating factor; SARS-CoV-2, severe acute respiratory syndrome coronavirus 2; ESKD, end-stage kidney disease; IDA, iron-deficiency anemia; T reg, regulatory T cells; ICU, intensive care unit; NK cells, natural killer cells.





GDF-15, Iron Metabolism and COVID 19

One of the proposed mechanisms of oxidative stress and hyperinflammatory state in COVID-19 is dysregulation of iron metabolism (74). Plasma GDF-15 levels have been found to be high in iron deficiency anemia, anemia of chronic disease and iron overloading anemia such as β-thalassemia (89–91). GDF-15 is inversely associated with hepcidin, a key regulator in systemic iron homeostasis in mammals (74, 90, 92), expediting intestinal iron absorption leading to iron overload (93, 94). Inflammation, which is also a hallmark of chronic anemia, increases the expression of GDF-15 in several pathologies such as ESKD, cancers, diabetes and cardiovascular diseases (73, 91, 94, 95) (Table 1). GDF-15 has emerged as an immune modulator in older patients with anemia in COVID-19 and its role is critical in ferroptosis and dysregulated hematopoiesis in the erythroid cell lineage (74, 96).

Iron deficiency anemia is very common in patients with ESKD (97). In one cross-sectional study in South Africa, GDF-15 was found to be a predictor of iron deficiency anemia in early renal disease (91). GDF-15 is also associated with a decline in renal function in chronic renal diseases (98). The iron overload associated with overexpression of GDF-15 in inflammatory states could lead to increase ferritin, another crucial biomarker in stratifying disease severity in COVID-19 (Table 1). Altogether, this could partly explain the relationship between the elevated plasma GDF-15 levels, underlying anemia, and severity of COVID-19 in chronic inflammatory conditions especially ESKD (73, 74).

Recently, high-dose iron chelation has been approved by FDA as adjuvant therapy in critically-ill patients infected with SARS-COV-2 (18). In addition to lowering iron levels, iron chelating therapy demonstrated antiviral and antifibrotic activity while improving endothelialitis and innate immunity (99). There is some evidence supporting treatment of COVID-19-associated-mucormycosis with iron chelators (100), although more studies are needed to fully understand the beneficial effects of this adjuvant therapy.

GDF-15 could therefore potentially be used as a critical biomarker to predict the early use of iron-chelating therapy in patients with COVID-19 with co-existing subclinical inflammation and complications.



Conclusion

Altogether, high levels of GDF-15, a stress-related cytokine, have been associated with the progression and severity of various conditions including COVID-19. Based on our literature review, GDF-15 represents a clinically relevant marker for risk stratification or screening for severe COVID-19 (41). The use of GDF-15 as a biomarker could also enable the identification and optimal timing of the most appropriate therapies in patients with COVID-19 (87). The role of GDF-15 in viral pathogenesis, notably COVID-19, seems to be context-dependent, spanning from a promotor of disease tolerance in the early phase of infection to a detrimental actor in certain patients with cytokine storm. Furthermore, the potential outcome of treating early COVID-19 patients with recombinant GDF-15 could be explored in further studies.
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Coronavirus disease 2019 (COVID-19) is currently a worldwide emergency caused by Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). In observational clinical studies, statins have been identified as beneficial to hospitalized patients with COVID-19. However, experimental evidence of underlying statins protection against SARS-CoV-2 remains elusive. Here we reported for the first-time experimental evidence of the protective effects of simvastatin treatment both in vitro and in vivo. We found that treatment with simvastatin significantly reduced the viral replication and lung damage in vivo, delaying SARS-CoV-2-associated physiopathology and mortality in the K18-hACE2-transgenic mice model. Moreover, simvastatin also downregulated the inflammation triggered by SARS-CoV-2 infection in pulmonary tissue and in human neutrophils, peripheral blood monocytes, and lung epithelial Calu-3 cells in vitro, showing its potential to modulate the inflammatory response both at the site of infection and systemically. Additionally, we also observed that simvastatin affected the course of SARS-CoV-2 infection through displacing ACE2 on cell membrane lipid rafts. In conclusion, our results show that simvastatin exhibits early protective effects on SARS-CoV-2 infection by inhibiting virus cell entry and inflammatory cytokine production, through mechanisms at least in part dependent on lipid rafts disruption.
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Introduction

Coronavirus disease 2019 (COVID-19) is currently a worldwide emergency caused by Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) (1). Although most individuals with SARS-CoV-2 infection develop only mild respiratory symptoms, during the most severe clinical manifestations of the disease, patients evolve to multiple organs and systems dysfunction, mimicking viral sepsis (2, 3). The susceptibility to developing severe COVID-19 is determined by various pre-existing conditions, such as old age, obesity, diabetes mellitus, and cardiovascular diseases (4, 5).

Since hypercholesterolemia is often observed in obesity, diabetes mellitus, and cardiovascular diseases, many people at high risk of developing severe COVID-19 use statins regularly to lower their cholesterol levels (6, 7). Statins are cholesterol-lowering drugs that inhibit hydroxyl-methylglutaryl coenzyme A (HMG-CoA) reductase, the rate-limiting enzyme in intracellular cholesterol synthesis (8). Simvastatin also decreases the cholesterol content of lipid rafts, thus displacing various proteins residing in these domains (9). Notwithstanding, several studies have shown that statins impair hyper inflammation and prevent thromboembolic events (8, 10, 11), making statins good candidates as adjuvant therapy for COVID-19 (12–14). Additionally, the pre-existing statin therapy has been associated with lower mortality and improved clinical parameters in COVID-19 compared to patients without statin therapy (2). Statin use prior to hospitalization reduces the risk of developing severe COVID-19 and accelerates patients’ recovery and hospital discharge (6, 7). Patients who remained on statins during hospitalization also exhibited a lower mortality rate compared to patients who stopped receiving statins after hospital admission (15). A recent updated meta-analysis including twenty-five cohorts and 147.824 patients also concluded that the use of statins is associated with a lower risk of mortality in COVID-19 patients (16).

Despite the great potential of simvastatin as an adjuvant treatment against COVID-19, the mechanisms underlying its suggested protection against SARS-CoV-2 infection are still poorly explored. Here we investigate the effects and mechanisms of statin-pretreatment in SARS-CoV-2 infection and inflammation. Using the COVID K18-hACE2-transgenic mouse model, we demonstrated that simvastatin reduced the viral replication and lung damage in vivo. We also provide evidence that the pleiotropic effects of simvastatin modulate the SARS-CoV-2-induced pro-inflammatory response. Moreover, our data suggest that simvastatin reduced viral replication by mechanisms at least in part dependent on lipid rafts disruption



Materials and Methods


Reagents

Simvastatin was purchased from Sigma-Aldrich (Cat#567020). Reconstitution was performed according to the manufacturer’s instructions.



Study Approval

The in vivo studies were conducted according to the guidelines of Committee on the Use of Laboratory Animals of the Oswaldo Cruz Foundation (CEUA-FIOCRUZ) with license L003/21 and to the animal welfare guidelines of the Ethics Committee of Animal Experimentation from National Cancer Institute of Brazil (CEUA-INCA) with license 005/2021. Experimental procedures involving human cells from healthy donors were performed with samples obtained after written informed consent and were approved by the Institutional Review Board (IRB) of the Oswaldo Cruz Institute/Fiocruz (Rio de Janeiro, RJ, Brazil) under the number 49971421.8.0000.5248.



Virus Strains and Growth Conditions

The SARS-CoV-2 D614G (GenBank #MT710714) and Gamma strains (#EPI_ISL_1060902) were originally isolated from nasopharyngeal swabs of a confirmed case from Rio de Janeiro/Brazil. after a single passage in cell culture, and virus expansion was performed in Vero E6 cells cultured in 150 cm2 flasks with high glucose DMEM plus 2% fetal bovine serum (FBS; HyClone) at 37°C in 5% CO2. Cytopathic effects were monitored daily and peaked 4 to 5 days after infection. According to WHO guidelines, all procedures involving handling infectious virus suspensions were carried out in a biosafety level 3 (BSL3) multiuser facility. Virus titers were determined as 50% of tissue culture infectious dose (TCID50/mL), and virus stocks were kept in -80°C ultralow freezers.



Mice

K18-hACE2-transgenic mice (20–30 g) were obtained from the Oswaldo Cruz Foundation breeding colony. The animals were maintained with free access to food and water and kept at 25–28°C under a controlled 12 h light/dark cycle. Experiments were performed during the light phase of the cycle.



Mice Treatment and Infections

For infection procedures, mice were anesthetized with 60 mg/kg of ketamine and 4 mg/kg of xylazine and inoculated intranasally with medium (Mock), or 105 TCID of SARS-CoV-2 gamma strain in 25 µl of the medium. Treated groups received oral doses of 20 mg/kg of simvastatin 24 h and 1 h before infection (pretreatment). The same dose was given once daily for the subsequent days throughout the experiment. According to WHO guidelines, all procedures were performed in an Animal Biosafety Level 3 (ABSL-3) multiuser facility. Animals were monitored daily for eleven days for survival and body-weight analysis. The clinical score was determined by the observation of following signs: piloerection, curved trunk, alterations in gait, seizures, limb paralysis, coma, respiratory rate, skin color alterations, heart rate, lacrimation, palpebral closure, decreased grip strength, limb, abdominal and body tone and body temperature alterations. The clinical evaluation was based on a multifactorial SHIRPA protocol, with the modifications of Reis et al. (17).



Bronchoalveolar Lavage and Lung Homogenates

To evaluate the inflammatory process induced by SARS-CoV-2 infection in the lung, mice were euthanized on day 6 after infection and bronchoalveolar lavage (BAL) from both lungs were harvested by washing the respiratory tract with 1 mL of cold PBS. After centrifugation of BAL (1500 rpm for 5 min), the pellets were used for total and differential leukocyte counts (diluted in Turk’s 2% acetic acid fluid) using a Neubauer chamber. Lactate dehydrogenase (LDH) activity was evaluated in centrifuged BAL supernatant to evaluate cell death (CytoTox96, Promega, USA). Differential cell counts were performed on cytocentrifuge preparations made using the Cytospin 3 (350 x g for 5 minutes at room temperature) and stained by the May-Grünwald-Giemsa method.

After BAL harvesting, lungs were perfused with 5 ml of PBS to remove the circulating blood and, then, collected, pottered, and homogenized in 750 µL of PBS containing the complete EDTA-free protease inhibitor cocktail (Roche Applied Science, Mannheim, Germany) for 30 sec, using an Ultra-Turrax Disperser T-10 basic IKA (Guangzhou, China). Homogenates were stored at −20°C for cytokine and chemokine measurements.



Myeloperoxidase Activity

Myeloperoxidase activity was assayed spectrophotometrically using the method of Bradley et al. (18). Briefly, lung tissue sample was homogenized in 0.5% hexadecyltrimethylammonium bromide (HTAB - Sigma Chemical Co, St Louis, MO) in 50 mmol/L potassium phosphate buffer, pH 6.0. For each 50 mg of tissue, 100 μL of HTAB buffer was used. Suspensions were then centrifuged at 40,000g for 30 minutes and the resulting supernatant further assayed. Next, in 96-well plates, 50 μL of the supernatant was added together with 50 μL of HTAB plus 50 μL of orthodianisidine (0.167 mg/mL; Sigma Chemical) for 30 min at 37°C, and then 50 μL of H2O2 (0.0005%, Sigma Chemical) was added to each well. After 10 min, the samples underwent analysis in a spectrophotometer (460 nm), and the result was adjusted by tissue mg.



Histological Procedure

Histological features related to the injury caused by SARS-CoV-2 infection were analyzed in the lungs of K18-hACE2 mice. Inflammatory and vascular infiltrates and evidence of cell degeneration was evaluated to characterize the level of the tissue damage. The collected material was fixed with formaldehyde (4%), dehydrated and embedded in paraffin to the obtention of tissue slices using a microtome. The slices were stained with hematoxylin and eosin and scanned for analysis using the Pannoramic Viewer program (3DHISTECH Ltd., Budapest, Hungary).



Determination of Viral RNA Levels

Total RNA was extracted from lung homogenates using QIAamp Viral RNA (Qiagen®), according to manufacturer’s instructions. Quantitative RT-PCR was performed using GoTaq® 1-Step RT-qPCR System (Promega) in a StepOne™ Real-Time PCR System (Thermo Fisher Scientific). Amplifications were carried out in 15 µL reaction mixtures containing 2× reaction mix buffer, 50 µM of each primer, 10 µM of the probe, and 5 µL of RNA template. Primers, probes, and cycling conditions recommended by the Centers for Disease Control and Prevention (CDC) protocol were used to detect the SARS-CoV-2 (CDC 2020). Amplification of the housekeeping gene HPRT1 (Mm03024075_m1, Thermo Fisher Scientific) was used as a reference for the number of cells used. The Ct values for this target were compared to those obtained with different cell quantities (107 to 102), for calibration.



Cells and Virus and Reagents

African green monkey kidney cells (Vero, subtype E6) and the human lung epithelial cell lines (Calu-3) were expanded in high glucose DMEM with 100 U/mL penicillin and 100 μg/mL streptomycin (Pen/Strep; Gibco) and supplemented with 10% FBS. Cells were maintained at 37°C in a humidified atmosphere with 5% CO2.

PBMCs and neutrophils were isolated by density gradient centrifugation (Ficoll-Paque, GE Healthcare) from buffy-coat preparations of blood from healthy donors. Monocytes were isolated from PBMCs by plastic adherence. Briefly, PBMCs (2x106 cells) were plated onto 48-well plates (NalgeNunc) in RPMI-1640 with 5% inactivated male human AB serum (Merck) for 2 h. Non-adherent cells were washed out, and the remaining monocytes were maintained in DMEM (low glucose) with 5% human serum (Merck), 100 U/mL penicillin, and 100 μg/mL streptomycin (Pen/Strep; Gibco). The purity of human monocytes was higher than 90%, as determined by flow cytometric analysis (FACScan; Becton Dickinson) using anti-CD3 (BD Biosciences) and anti-CD14 (Southern Biotech) monoclonal antibodies. Neutrophils were isolated after two hypotonic lysis of erythrocytes, washed with PBS, and resuspended in RPMI.



NETosis and Measurement of Neutrophil-Derived Inflammatory Mediators

Neutrophils (2x105 cells/well) were treated with simvastatin (10 μM) or medium for 30min at 37°C in RPMI, without serum. Then, cells were stimulated with PMA (100 nM) or inactivated SARS-CoV-2 (MOI 0.1) for 3 h, and the supernatants containing NETs were collected and centrifuged at 400 x g for 10 min to remove residual neutrophils. Quant-iT PicoGreen quantified the NETs. Neutrophils (2x105/well) were treated with simvastatin (10 uM) or medium for 3 h at 37°C in RPMI, without serum. Next, cells were stimulated with PMA (100 nM), inactivated SARS-CoV-2 (MOI 0.1), and ROS production was evaluated using Dihydrorhodamine 123 (DHR) probe. (Excitation/Emission: 500/570 nm, SpectraMax Paradigm reader).

For microscopy analysis, neutrophils (1x105/well) were seeded in Labteks (Nalge Nunc) and treated with simvastatin (10uM) for 30 minutes. Next, cells were stimulated with inactivated SARS-CoV-2 (MOI 0.1) for 3 h at 37°C and fixed with 4% formaldehyde. NETs were stained with DAPI and visualized by fluorescence using ZEISS Axio Imager D2 microscope. Cytokines and chemokines were quantified in the supernatants containing NETs by ELISA using commercial kits (R&D Systems), following the datasheet instructions.



Cell Treatment, Viral Infections, and Viral Titration

Cells were treated with simvastatin at indicated doses for 24 h before infection. Then, the medium was removed, and infections were performed with SARS-CoV-2 D614G strain at a multiplicity of infection (MOI) of 0.01 (Vero E6 and monocytes) or 0.1 (Calu-3) in low (monocytes) or high (Vero E6 and Calu-3) glucose DMEM without serum. After the infection, the viral inoculum was removed, cells were incubated with complete fresh medium containing (or not) simvastatin and maintained at 37°C for an additional 24 h. Cells treated only after infections are referred to as post-treated cells.

For viral titration, the plaque-forming assay was performed in monolayers of Vero E6 cells seeded in 96-well plates (2 x 104 cell/well). Cell monolayers were infected with serial dilutions of the supernatants containing SARS-CoV-2 for 1 h at 37°C. The cells were overlaid with high glucose DMEM containing 2% FBS and 2.4% carboxymethylcellulose (CMC/DMEM high glucose semisolid medium). After 3 days, the cells were fixed with 10% formaldehyde, and the monolayers were stained with 0.04% crystal violet in 20% ethanol for 1 h. Viral titers were calculated by counting the plaques formed in at least three dilution replicates and expressed as plaque-forming unit per mL (PFU/mL).



Viral Adsorption and Internalization Assay

Monolayers of Calu-3 cells (3x 105 cells/well in a 48-well plate) were treated with 25 µM simvastatin for 24 h. Thereafter, the medium was removed, and cells were exposed to SARS-CoV-2 at 0.1 MOI and incubated at 4°C for 1 h. For viral adsorption evaluation, following incubation time, cells were washed with cold PBS to remove the unabsorbed virus particles. Total RNA extraction and real-time PCR were performed as described above to measure the levels of viral adsorption. For internalization measurement, following incubation time, cells were washed with cold PBS and incubated at 37°C for 1 h. Then, cells were washed with PBS and treated with proteinase K (Invitrogen) for 45 min at 4°C to remove adsorbed but not internalized virus particles. After proteinase K inactivation with 2 mM PMSF in PBS-BSA, cells were pelleted in PBS containing 0.2% BSA. Following centrifugation of total RNA extraction, real-time PCR were performed as described above to measure the levels of viral internalization.



Measurements of Inflammatory Mediators and Cell Death

IL-6, TNF, IFN-α, CCL2/MCP1, CCL5/RANTES, CXCL1/KC, CXCL8/IL-8, CXL10/IP10 levels were quantified in cell-free culture supernatants from infected or uninfected cells and in pulmonary extracts from infected mice by ELISA, following the manufacturer’s instructions (R&D Systems). Cell death was determined according to the activity of lactate dehydrogenase (LDH) in the culture supernatants and BAL using the CytoTox® Kit (Promega, USA).



SDS-PAGE and Western Blot

Cells were washed with ice-cold PBS and lysed in lysis buffer (1% Triton X-100, 2% SDS, 150 mM NaCl, 10 mM HEPES, 2 mM EDTA containing protease inhibitor cocktail (Roche, pH 8.0). After centrifugation at 13 000 g for 5 min, cell lysates were prepared in reducing and denaturing conditions and subjected to SDS-PAGE. Equal concentrations of proteins were fractionated by electrophoresis on 10% of acrylamide gels and were transferred onto a nitrocellulose membrane (Millipore, Billerica, MA, USA), followed by blocking of nonspecific binding sites in 5% nonfat milk in TBST (50 mM Tris-HCl - pH 7.4, 150 mM NaCl, 0.05% Tween 20) for 1 h at room temperature and blotted with primary antibodies in TBST overnight at 4°C. The following antibodies were used: anti-ACE2 (Proteintech-21115-1-AP), anti-TMPRSS2 (Proteintech-14437-1-AP), anti-GAPDH (Proteintech-60004-1-Ig), anti-CAV1 (Proteintech-16447-1-AP), and anti-FLOT1 (BD-610821). Proteins of interest were identified by incubating the membrane with IRDye® LICOR or HRP-conjugated secondary antibodies in TBST, followed by detections by Supersignal Chemiluminescence (GE Healthcare) or by fluorescence imaging using the Odyssey system Odyssey® (CLx Imaging System). Protein bands were quantified by densitometric image analysis using the ImageJ software.



Immunofluorescence Staining

Calu-3 cells seeded in 48-well plates (2 x 104 cell/well) with coverslips and the infections were performed with SARS-CoV-2 at MOI of 0.1 in high glucose DMEM without serum. After the infection, the viral inoculum was removed, cells were incubated with complete fresh medium containing (or not) simvastatin and maintained at 37°C for an additional 24 h. After 48h, the cells were fixed using 3.7% formaldehyde. Cells were rinsed three times with PBS containing 0.1 M CaCl2 and 1 M MgCl2 (PBS/CM) and then permeabilized with 0.1% Triton X-100 plus 1% BSA in PBS/CM for 10 min (PBS/CM/TB). Cells were stained with rabbit monoclonal antibody anti-ACE2 (Proteintech-21115-1-AP) at 1:200 dilution for overnight, followed by a rabbit anti-IgG-Dylight 488 (Invitrogen-35502) at 1:500 dilution for 1h. The coverslips were mounted in slides using an antifade mounting medium (VECTASHIELD®). Nuclear recognition was based on DAPI staining (1 μg/mL) for 5 min. Fluorescence was analyzed by fluorescence microscopy with an 60x objective lens (Olympus, Tokyo, Japan).



Isolation of Detergent-Insoluble Membrane Domains

Cells grown in 75 cm2 flasks were washed three times with PBS saline buffer, scraped into 1.0 ml of lysis buffer [25 mM 2-morpholino-ethanesulfonic acid (MES), pH 6.5, 150 mM NaCl, 1% (v/v) Triton X-100 containing protease and phosphatase inhibitor cocktail (Roche)], and lysed using a Dounce tissue grinder, after moving the tight pestle up and down five times. An equal volume of 90% (w/v) sucrose in MBS (25 mM MES, 150 Mm NaCl, pH 6.5) was added to cell homogenates. The samples were then transferred to a 6 mL ultracentrifuge tube and overlaid with discontinuous sucrose gradients consisting of 35% (w/v) sucrose in MBS (2 ml) and 5% (w/v) sucrose in MBS (2 ml). The sucrose gradients were centrifuged at 100,000 g for 18 h at 4°C in a Beckman MLS50 rotor, and fractions of 0.5 ml were harvested from the top to the bottom of the tube. All steps were carried out at 4°C.



Statistics

Statistics were performed using GraphPad Prism software version 8. Student’s T-test was used to compare differences between two groups. One-way analysis of variance (ANOVA) was used to compare differences among 3 groups following a normal (parametric) distribution with Dunnett’s post-hoc test was used to determine significant differences between groups; *p < 0.05; **p < 0.01; and ***p < 0.001.




Results


Simvastatin Treatment Reduced Virus Replication, Lung Damage and Delayed Pathophysiology of SARS-CoV-2-Infection in Mice

K18-hACE2-transgenic mice mimic many of the clinical features of COVID-19, making it one of the best animal models currently available (19, 20). As a proof-of-principle of the protective role of simvastatin for SARS-CoV-2 infection, K18-hACE2-transgenic mice were initially treated 24 h and 1 h before SARS-CoV-2 gamma strain infection with 20 mg/kg/day, a dose consistent with sepsis and malaria pre-clinical studies (17, 21). After infection, these animals continued to receive the same dose daily throughout the experiment period. Viral load measurements performed on the sixth day post-infection revealed a lower number of viral genome copies (Figure 1A) in the lungs of animals in the simvastatin group alongside lower tissue damage inferred through LDH levels BAL (Figure 1B). At this point, the histological analysis of lung tissue demonstrated that SARS-CoV-2 infection-induced diffuse alveolar damage (DAD) with leukocyte infiltration, epithelial denudation, submucosal congestion, edema, and hemorrhage (Figure 1C). Despite simvastatin not completely reversed the DAD and edema in SARS-CoV-2 infected mice, the treatment led to an important decrease in tissue hemorrhage and inflammation. Simvastatin pretreatment confers resistance in the early stages of disease onset but does not alter its late outcome (Figures 1D–F). Simvastatin delayed the weight loss (Figure 1D) and other parameters of the disease measured by clinical score (Figure 1E). As a result of the delay in the pathophysiology of infection, we identified that simvastatin led to an increase in survival time compared to the vehicle group (Figure 1F). However, simvastatin treatment failed to inhibit mortality at later time points.




Figure 1 | Effects of simvastatin in physiopathology of SARS-CoV-2 infection in K18-hACE2-transgenic mice. (A–C) K18-hACE2-transgenic mice were initially pretreated with 20 mg/kg of simvastatin 24h and 1h before infection by SARS-CoV-2 gamma strain. After infection, these animals continued to receive treatment daily with 20 mg/kg of simvastatin for six days post-infection. (A) SARS-CoV-2 RNA levels were measured in lungs from mice infected with SARS-CoV-2 treated with Vehicle (Veh) or simvastatin (SimV). (B) Lung damage was evaluated by measuring LDH release in the bronchoalveolar lavage (BAL) from mice infected with SARS-CoV-2 treated with Vehicle (Veh) or simvastatin (SimV). (C) Microphotographs for histology of lung lobe, bronchiole, and alveoli samples from mice infected with SARS-CoV-2 treated with Vehicle (Veh) or simvastatin (SimV). Data are expressed as median with interquartile range; Experiments were performed with 5 mice/group. (D, E) K18-hACE2-transgenic mice were initially pre-treated with 20 mg/kg of simvastatin 24h and 1h before infection by SARS-CoV-2 gamma strain. After infection, these animals continued to receive treatment daily with 20 mg/kg of simvastatin for eleven days post-infection. Weight variation (D), clinical score (E), and Survival (F) were assessed during all days after infection. Weight variation and clinical score data are expressed as means ± SD; Teste t de Student or One-way ANOVA with Dunnett’s post-hoc test, as recommended. *p < 0.05 in comparison to mock, #p < 0.05 comparison to infected untreated (Vehicle - Veh). Survival was statistically assessed by Log-rank (Mantel-Cox) test. (Mock n=5, SARS-CoV-2 + VEH n =8, SARS-CoV-2 + SIMV n = 10).





Simvastatin Impaired SARS-CoV-2- Induced Pro-Inflammatory Response in Murine Lung

Overwhelming inflammation response is a pathological hallmark of COVID-19 disease, strongly associated with lung damage. Thus, we evaluated the effects of simvastatin on lung inflammation induced by SARS-CoV-2 infection. We observed that pretreatment with simvastatin failed to inhibit total leukocyte accumulation at the BAL on the sixth day of infection (Figure 2A). Simvastatin-treated animals presented a significant reduction in the number of mononuclear leukocytes (Mono) and a predominance of polymorphonuclear leukocytes (PMN) (Figure 2A). This phenomenon seems to be strongly associated with modifications of the main chemokines involved in leukocyte recruitment. We observed that simvastatin-treated group have an impaired the level of CCL2/MCP1 (Figure 2C) and CCL5/RANTES (Figure 2D), but not of level CXCL1/KC (Figure 2E) induced by SARS-CoV-2 infection. Of note, although simvastatin failed to inhibit neutrophil recruitment to the BAL, we observed a significant reduction in myeloperoxidase (MPO) detected in the lungs of simvastatin treated animals indicative of decreased accumulation of neutrophils in the lungs (Figure 2B). The pretreatment with simvastatin also significantly reduced the level of IL-6, but not TNF levels (Figures 2F–G), induced by SARS-CoV-2 infection in the lung tissue. Together, these data suggest that anti-inflammatory effects of simvastatin are also important components in reducing the pulmonary damage induced by SARS-CoV-2 infection.




Figure 2 | Effects of simvastatin in inflammatory induced by SARS-CoV-2 in murine lung. K18-hACE2-transgenic mice was initially pre-treated with 20 mg/kg of simvastatin 24h and 1h before infection by SARS-CoV-2 gamma strain. After infection, these animals continued to receive treatment daily with 20 mg/kg of simvastatin for six days post-infection. (A) Total and differential cell counts in bronchoalveolar lavage (BAL) were represented as number of differential cell counts. Total: leukocytes total, Mono: mononuclear leukocytes (Mono), PMN: polymorphonuclear leukocytes. (B) Myeloperoxidase (MPO) activity. The MPO activity in lung tissues were measured by the enzymatic assay. The level of CCL2/MCP1 (C), CCL5/RANTES (D), CXCL1/KC (E), TNF (F), and IL-6 (G) were measured by ELISA. Data are expressed as means ± SEM; One-way ANOVA with Dunnett’s post-hoc test. *p < 0.05, **p < 0.01, ***p < 0.01 in comparison to mock, #p < 0.05 comparison to infected untreated (Vehicle - Veh). Experiments were performed with 3-5 mice/group.





Simvastatin Reduces SARS-CoV-2- Induced Pro-Inflammatory Response in Human Neutrophils

Activated neutrophils play central role in inflammatory response during COVID-19 but also contribute to lung damage through the process of degranulation and NETosis (22, 23). Thus, our next step was to assess the effects of simvastatin on neutrophils in vitro. Neutrophils exposed to inactivated SARS-CoV-2 virions increase NET formation (Figures 3A, B). Simvastatin pretreatment did not prevent NETosis induced by inactivated SARS-CoV-2 virions or PMA, a well-characterized agonist for NET formation (Figure 3B) However, simvastatin significantly reduced the oxidative stress measured by oxidation of DHR probe (Figure 3C) and the levels of inflammatory mediators TNF (Figure 3D), CCL5/RANTES (Figure 3E) and CXCL10/IP-10 (Figure 3F) induced by SARS-CoV-2 or PMA treatment.




Figure 3 | Effects of simvastatin on human neutrophils exposed to SARS-CoV-2. Human neutrophils were treated with simvastatin (10 μM) for 1 h before exposure to inactivated-SARS-CoV-2 (MOI of 0.1 for 3 h) or to PMA (100 nM) for 3 h. (A) Fluorescence analyses of NET after inactivated-SARS-CoV-2 estimulantion (MOI of 0.1) for 3h. NETs were stained with DAPI. Scale bar: 50 μm (B–F) Supernatants were then collected and centrifuged to remove residual neutrophils, and (B) NETs were quantified by Quant-iT PicoGreen. (C) ROS production was evaluated by using DHR (Dihydrorhodamine 1, 2, 3) probe (D–F). Cytokines and chemokines were quantified in the supernatants containing NETs by ELISA. Data are expressed as means ± SD; *, comparison to mock; #, comparison to infected untreated; One-way ANOVA with Dunnett’s post-hoc test; n=5-6.





Simvastatin Downregulates Inflammatory Response Triggered by SARS-CoV-2 Infection in Human Monocytes

Next, we evaluated the ability of simvastatin to modulate the inflammatory response in SARS-CoV-2-infected monocytes, cells critically involved in COVID-19 pulmonary inflammation, using two treatment strategies, as shown in Figure 4A. First, we evaluated the simvastatin effect on pre-treated monocytes (treatment remains after infection period) and its therapeutic potential by post-treating these cells (Figure 4A). We found that either schedule of simvastatin treatment decreased the production of TNF, CXCL-8/IL-8, IL-6, and IFN-α (Figures 4B–E) induced by SARS-CoV-2 infection in human monocytes. Of note, both treatment strategies did not alter the levels of IL-1β, CCL2/MCP-1, CXCL10/IP-10, and IL-10 induced by SARS-CoV-2 infection (data not shown). Since SARS-CoV-2 infection is reported to induce monocyte death by pyroptosis (24), we also evaluated whether simvastatin treatment could reverse this phenomenon by measuring cytoplasmic LDH leak in culture supernatants. We observed that both pretreatment and posttreatment only with 10 µM of simvastatin prevented monocyte death induced by SARS-CoV-2 infection (Figure 4F).




Figure 4 | Effects of simvastatin on human monocytes infected by SARS-CoV-2. Monocytes from healthy donors were pre-treated or not with simvastatin (10 µM) then infected for 1 hour by SARS-CoV-2 h (MOI of 0.01). After removal of the virus inoculum, simvastatin was added again to the pre-treated group and added to infected cells as a posttreatment, at same concentration, for 24 hours (A) (The image was created with BioRender.com). The levels of TNF-α (B), IL-8 (C), IL-6 (D) and INF-α (E) were measured in culture supernatants by ELISA. (F) Cellular viability was analyzed by measuring LDH release in the supernatants of infected cells pre-treated or posttreated with simvastatin compared to the supernatant of uninfected cells or nontreated SARS-CoV-2-infected cells. Data are expressed as means ± SEM; #, comparison to mock; *, comparison to infected untreated; One-way ANOVA with Dunnett’s post-hoc test; n=3-6.





Simvastatin Reduces SARS-CoV-2- Induced Pro-Inflammatory Cytokine Release in Human Calu-3 Airway Epithelial Cells

To gain further insight on the effect of simvastatin, we also evaluated its impact on SARS-CoV-2 induced pro-inflammatory response in Calu-3 cells, a widely used human pulmonary epithelial cell to model susceptible cell types at the infectious site. Unlike monocytes, we observed a more prominent effect of pretreatment in the pro-inflammatory response induced by SARS-CoV-2 infection. Applying the same strategy for monocytes (Figure 4A), we found that pretreatment with simvastatin at 10 µM, 25 µM and 50 µM inhibited the release of IL-6, CXCL8/IL-8 and TNF by SARS-CoV-2-infected Calu-3 cells (Figures 5A–C). On the other hand, the posttreatment with simvastatin did not reduce the level of pro-inflammatory cytokines induced by SARS-CoV-2 infection in Calu-3 cells (Figures 5D–F). Taken together, these data strengthen the protective role of simvastatin against SARS-CoV-2 infection and suggest that simvastatin effects occur at the early stages of infection.




Figure 5 | Effects of simvastatin on SARS-CoV-2 induced cytokine production in Calu-3. Calu-3 cells pre-treated or not with simvastatin were infected by SARS-CoV-2 with a MOI of 0.01 for 1 hours. After that, the viral inoculum was removed and simvastatin was replaced both in pretreatment and posttreatment group, for 48 hours. The levels of IL-6 (A, D), IL-8 (B, E) and TNF-α (C, F) were measured in culture supernatants by ELISA. Data represent mean ± SD; #, comparison to Mock; *, comparison to infected untreated; One-way ANOVA with Dunnett’s post-hoc test. n=4.





Simvastatin Reduces SARS-CoV-2 Infection in the Human Airway Epithelial Calu-3 and in Vero E6 Cells

Simvastatin’s capacity to lower cholesterol synthesis may alter plasma membrane composition, which is critical for viral infection. Based on this property, we evaluated the effect of simvastatin pre and posttreatment on SARS-CoV-2 infection in permissive cells. We observed that pretreatment with simvastatin reduced the viral load in Calu-3 cells in a dose-dependent manner, with an IC50 of 13.9 µM (Figure 6A). Along with the impairment of virus replication, simvastatin attenuated SARS-CoV-2-induced cell death as measured by LDH release (Figure 6C). On the other hand, the posttreatment with simvastatin failed to inhibit SARS-CoV-2 replication (Figures 6B, D). The same phenomenon was also observed in Vero E6 cells, a cell lineage highly permissive to SARS-CoV-2 infection. We observed that only pretreatment of Vero E6 cells with simvastatin reduced the infectivity of SARS-CoV-2 in a dose-dependent way (Figure S1).




Figure 6 | Effects of simvastatin on SARS-CoV-2 infection in Calu-3. Calu-3 were pre-treated with different concentrations of simvastatin (0.01, 0.1, 1, 10, 25 and 50 μM) for 24 hours before the infection with SARS-CoV-2 (MOI of 0.01 for 1h, in the absence of the drug). After infection, simvastatin was added again for additional 48 hours of incubation. Posttreatment refers to simvastatin treatment for 48 hour after infection only. Viral replication was determined in the cell-free supernatant by plaque assay. (A, B) Viral replication in cells (A) pre-treated or (B) posttreated only with simvastatin. (C, D) Cellular viability was analyzed by measuring LDH release in the supernatants of infected cells pre-treated (C) or posttreated (D) with simvastatin compared to the supernatant of uninfected cells or nontreated SARS-CoV-2-infected cells. Data are expressed a mean ± SD; #, comparison to Mock; *, comparison to infected untreated; One-way ANOVA with Dunnett`s post-hoc test. n=4.





Simvastatin Inhibits SARS-CoV-2 Binding and Internalization Despite Upregulating ACE2 Expression in Calu-3 Cells

To further gain insight on the mechanism by which simvastatin impairs SARS-CoV-2 infection, we investigated whether this compound affects SARS-CoV-2 adsorption and internalization. Our data show that simvastatin significantly inhibits virus adsorption (Figure 7A) and virus entry (Figure 7B), which could contribute to further reduced virus production. To understand the mechanism of action of simvastatin on SARS-CoV-2 attachment and entry, we evaluated the level of expression of ACE2 and TMPRSS2, which SARS-CoV-2 explores for cell entry. Surprisingly, ACE2 expression was enhanced after 24 h and 48 h of simvastatin treatment (Figure 7C). Despite the enhancement of ACE2 expression by simvastatin pretreatment, SARS-CoV-2 binds to the cell surface less efficiently (Figure 7A) and virus internalization is reduced (Figure 7B). We also detected an increase of ACE2 expression level in Vero E6 cells after 24 h treatment with simvastatin and a further increase after SARS-CoV-2 infection compared to cells infected but not treated with simvastatin (Figure S2). On the other hand, the expression levels of TMPRSS2, the cellular serine protease that primes SARS-CoV-2 Spike protein for entry (25), remained unchanged in all conditions analyzed in both cell types (Figure 7C and Supplementary Figure S2). These findings suggest that, although simvastatin treatment increases the global expression of ACE2 in the cell, it somehow prevents the correct interaction of the viral spike protein with its receptor, probably due to the well-known effect of simvastatin in disrupting lipid rafts.




Figure 7 | Simvastatin affects the expression level and location of ACE2, as well as adsorption and entry of SARS-CoV-2. Calu-3 were pre-treated or not with simvastatin 25 µM for 24h and then infected by SARS-CoV-2 with MOI of 0.1 at 4°C for 1h for viral adsorption assay (A) and at 4°C for 1h plus 1h at 37°C for viral internalization assay (B). (C) Calu-3 pre-treated or not with simvastatin were infected by SARS-CoV-2 with a MOI of 0.01 for 1 hours. Thereafter, the inoculum was removed, and simvastatin were added again both in pretreatment and posttreatment group, for 24-hour incubation. Cell lysates were collected for the detection of ACE2 and TMPRSS2 by Western blotting. GAPDH levels were used for control of protein loading. (D) Immunofluorescence analyses of Calu-3 after SARS-CoV-2 infection with MOI of 0.01 for 48h. ACE2 was detected by indirect immunofluorescence (Green), nuclei were stained with DAPI (Blue). Scale bar: 20 µm. (E) Calu-3 cells treated or not for 24h with 25 mM simvastatin were lysed in cold Triton X-100-containing buffer and solubilized proteins were separated by ultracentrifugation on discontinuous sucrose density gradients. Detection of proteins was determined by Western blotting with specific antibodies. Caveolin-1 and flotillin-1 were used as markers of detergent-insoluble fractions. Data are expressed as mean ± SD; *, comparison to infected untreated, Paired t-test. n=3-4.





Simvastatin Pretreatment Moves ACE2 Out of Lipid Rafts in Human Calu-3 Epithelial Lung Cells

To advance the understanding of the mechanisms by which simvastatin pretreatment impairs adsorption and internalization of SARS-CoV-2, we decided to study the impacts of this treatment also in the subcellular location of ACE2 (Figure 7D). In mock condition, ACE2 is localized primarily at the cell surface as expected for this cell line. The pretreatment with simvastatin induces a subcellular redistribution of ACE2. The intense concentration of receptors on the plasma membrane were no longer visible and green signals were instead seen as a diffuse labeling. Since statins directly interfere with the integrity of cholesterol microdomains in the plasma membrane, the receptors are likely to have diffused across the lipid bilayer and/or been internalized. To confirm whether the effect of simvastatin in SARS-CoV-2 is related to rafts disturbance, we also evaluated the location of ACE2 and TMPRSS2 in lipid rafts by protein solubilization in cold Triton X-100 buffer, followed by cell fractionation in discontinuous sucrose gradient. In control cells, a substantial amount of ACE2 co-fractionates with the raft marker caveolin-1 (Cav-1) and flotillin-1 (FLOT1) in fractions 4-6 (Figure 7E). In contrast, TMPRSS2 was confined to the detergent-soluble fractions 7-11. Treatment with simvastatin promoted the movement of ACE2 to the detergent-soluble fractions, while the localization of TMPRSS2 in the cellular membrane remained unchanged. Altogether, our data suggest that simvastatin inhibits SARS-CoV-2 binding and entry to the cell by disrupting the lipid environment of the plasma membrane raft structure, altering the location of ACE2, and thus, impeding the proper interaction with the virus.




Discussion

Statins combine antiinflammatory, antithrombotic, and immunomodulatory effects that potentially meet the main demands of those affected by COVID-19 (12, 26). Several retrospective observational clinical studies have recently attested to the beneficial effects of previous and prolonged use of statins and their in-hospital introduction after SARS-CoV-2 infection on patients’ prognosis (7, 15, 27, 28). However, experimental evidence showing how the use of statins can affect the course of SARS-CoV-2 infection is scarce. We demonstrated that simvastatin reduced viral replication and production of inflammatory mediators induced by SARS-CoV-2 in vivo and in vitro infected cells. In addition, simvastatin delayed the weight loss and mortality induced by SARS-CoV-2 in ACE2 transgenic mice. However, simvastatin treatment failed to inhibit mortality at later time points.

As a sepsis-like phenomenon, the systemic cytokine storm contributes to airways and extrapulmonary organ damage (29). Our results suggest that the regulation of the inflammatory response triggered by SARS-CoV-2 in COVID-19 patients may be an important component in the resistance conferred to statin users as well as those who received statins in-hospital. In this sense, the antiinflammatory effect of statins is a well-characterized phenomenon in several infection models (10, 11, 30, 31). Moreover, statins downregulate pro-inflammatory response by inhibiting both NF-κB-mediated cytokine induction and NLRP3 inflammasome activation (13), essential components for the hyperinflammatory response triggered by SARS-CoV-2 infection (24, 25, 32). This antiinflammatory effect of statins may explain the delayed pathophysiology of COVID-19 and mortality, and lower recruitment of monocytes to the lung. Moreover, monocytic cells are a major cellular component of the pulmonary cell infiltrate, and macrophage activation syndrome (MAS)-like accounts for several features of COVID-19 pathogenesis (33). On the other hand, NETs released by SARS-CoV-2–activated neutrophils have also been associated with lung damage and promote lung epithelial cell death in vitro (23). These results unravel a possible detrimental role of NETs in the pathophysiology of COVID-19. In this context, we observed that simvastatin, although it decreased the pro-inflammatory and oxidative response to SARS-CoV-2 in human neutrophil, failed in reducing NET release. Furthermore, simvastatin’s protective and antiinflammatory effects appear to be primarily related to the early events of SARS-CoV-2 infection, both in vitro and in vivo. Remarkably, in human pulmonary epithelial cells, the 24 h before infection pretreatment and maintained thereafter with simvastatin downregulated the secretion of pro-inflammatory cytokines, whereas 1 h posttreatment was devoided of effect. Similarly, in peripheral blood monocytes, 24h pretreatment was more effective when compared to posttreatment only.

SARS-CoV-2 interacts with receptors embedded in the plasma membrane in specifically organized microdomains known as lipid rafts (34). Lipid rafts are cholesterol- and sphingolipids-enriched plasma membrane regions that have reduced fluidity and selectively incorporate or exclude proteins (35–37). Thus, lipid rafts can compartmentalize specific components and mediate important cell events as a signaling platform (38). Numerous enveloped viruses, including members of the Coronaviridae family (37), exploit lipid rafts in distinct steps of their life cycle, such as cell entry, trafficking, signaling, and budding of the cell (39). Data from our adsorption assay confirmed that treatment with simvastatin impairs virus-cell tethering and reduces the number of viral particles that reach the intracellular compartment. This result agrees that simvastatin disrupts the composition and properties of lipid rafts (37), which was proven to be essential for the interaction of SARS-CoV spike protein. Accordingly, recently it has been shown that the depletion of cholesterol in the plasma membrane and its abnormal redistribution into intracellular compartments slows down the kinetic of SARS-CoV-2 infection by suppresses SARS-CoV-2 S protein-mediated fusion, which inhibits virus replication (40, 41). Moreover, other raft-resident lipids such as sphingolipids and ceramides were seen as important in the mechanisms of fusion and virus entry into the cell, highlighting the importance of the integrity of lipid rafts in these mechanisms (42). In this context, the pharmacological redistribution of cholesterol and impaired lipid raft formation hampers the SARS-CoV-2 SARS-CoV-2 entry, and consequently the virus replication (34, 43–45). In line with the results obtained here with simvastatin pretreatment, other drugs that affect not only the synthesis but also the traffic of cholesterol through the endosomal pathway, such as itraconazole, fluoxetine and amitriptyline showed promising results as adjuvant therapy for COVID-19 (42, 46, 47).

Interestingly, as reported by our study and others (48–52), statins can increase the expression of ACE2, the central receptor for recognition and entry of SARS-CoV-2 into the host cell (53, 54). However, subcellular fractionation revealed that the ACE2 receptor is misplaced after simvastatin treatment, being reduced in lipid rafts despite its global enhancement. Therefore, these results suggest that simvastatin impairs the early stages of SARS-CoV-2 infection by disrupting lipid rafts and preventing the proper interaction of viral particles with ACE2 receptors. Similar results were obtained by depletion of plasma membrane cholesterol with methyl-β-cyclodextrin (MβCD), which disrupts lipid rafts and relocates ACE2 to a non-raft environment impacting SARS-CoV infectivity (55). ACE2 is a master regulator of the renin-angiotensin system (56) and has shown to be protective during SARS-CoV-2 infection by downregulating Ang II-mediated vascular permeability and acute lung injury (57, 58). The activity of ACE2 provokes a shift from Ang II toward Ag-(1-7) availability, which has been shown to reduce systemic inflammation in a phase-2 clinical trial of recombinant ACE2 (59). Thus, the elevated levels of ACE2 induced by simvastatin are not necessarily detrimental during SARS-CoV-2 infection.

In this work, we investigated whether simvastatin would have protective effects against COVID-19 in vivo and in vitro and shed light on mechanisms of action. However, it is crucial to highlight some limitations of this study. The dose of simvastatin used in mouse experiments was based on numerous studies that use between 10-40 mg/kg to evaluate the effects of simvastatin in different infection and sterile models of disease (17, 21, 49, 60–62). However, it is important to note that these doses are higher than that routinely applied in human clinical use, limited to a maximum of 80 mg per day (63, 64). As such, the doses used in this article in mice cannot be extrapolated to humans and future randomized clinical studies would be necessary to confirm the potential beneficial effects to humans. Nevertheless, our results suggest that simvastatin treatment may have adjuvant beneficial therapeutic effect on COVID-19 as for patients who already have been using the statins chronically.

In summary, our data showed that simvastatin is endowed with the ability to reduce the inflammatory response associated with SARS-CoV-2 infection both in vivo and in vitro (Figure 8). Our results suggest that simvastatin-induced modifications in cellular components are essential to decrease the inflammatory response related to COVID-19. Moreover, our data demonstrate that simvastatin disrupts lipid rafts relocating ACE2 to the non-raft membrane, which possibly hampers interaction of ACE2 and SARS-CoV-2, preventing infection (Figure 8). Thus, our data support the clinical observations of the protective effect of previous statins in conferring resistance to SARS-CoV-2 infection. However, the therapeutic potential of statins as adjuvant therapy against COVID-19 should be further evaluated in randomized controlled clinical trials.




Figure 8 | Simvastatin have prophylactic effect against COVID-19. Simvastatin pretreatment significantly reduced the viral replication and lung damage in vivo, delaying SARS-CoV-2-associated physiopathology and mortality in the K18-hACE2-transgenic mice model. In vitro models, Simvastatin treatment downregulated key pro-inflammatory cytokines triggered by SARS-CoV-2 infection in human neutrophils, peripheral blood monocytes and lung epithelial Calu-3 cells, showing the potential to modulate the inflammatory response both at the site of infection and systemically. Additionally, Simvastatin pretreatment affects the course of SARS-CoV-2 infection by inhibiting virus entry through mechanisms of ACE2 displacement of rafts. The image was created with BioRender.com.
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Uncontrolled severe acute respiratory syndrome-coronavirus (SARS-CoV)-2 infection is closely related to disorders of the innate immune and delayed adaptive immune systems. Dendritic cells (DCs) “bridge” innate immunity and adaptive immunity. DCs have important roles in defending against SARS-CoV-2 infection. In this review, we summarize the latest research concerning the role of DCs in SARS-CoV-2 infection. We focus on the complex interplay between DCs and SARS-CoV-2: pyroptosis-induced activation; activation of the renin–angiotensin–aldosterone system; and activation of dendritic cell-specific intercellular adhesion molecule 3-grabbing non-integrin. We also discuss the decline in DC number, the impaired antigen-presentation capability, and the reduced production of type-I interferon of DCs in severe SARS-CoV-2 infection. In addition, we discuss the potential mechanisms for pathological activation of DCs to understand the pattern of SARS-CoV-2 infection. Lastly, we provide a brief overview of novel vaccination and immunotherapy strategies based on DC targeting to overcome SARS-CoV-2 infection.
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1 Introduction

The coronavirus disease 2019 (COVID-19) pandemic poses a serious threat to public health and economic systems worldwide (1). As of January 27, 2022, more than 356.95 million people had been infected with the virus that causes COVID-19 [severe acute respiratory syndrome-coronavirus (SARS-CoV)-2] and 5.61 million individuals had died (data from WHO Coronavirus Dashboard).

Coronaviruses can cause intestinal and respiratory infections in animals and humans (2–6). SARS-CoV-2 is a genetically diverse virus found in a range of host species, including birds and mammals. It is transmitted mainly through the respiratory tract (7). The “spike” glycoprotein of SARS-CoV-2 binds to angiotensin-converting enzyme 2 (ACE2) and mediates membrane fusion and virus entry (8). SARS-CoV-2 infection induces pyroptosis (a highly inflammatory form of programmed cell death seen in cytopathic viruses), which leads to release of SARS-CoV-2, pathogen-associated molecular patterns (PAMPs), and damage-associated molecular patterns (DAMPs) (7, 9, 10). Innate immune cells are recruited by these products to respond to SARS-CoV-2 invasion and then release proinflammatory cytokines and “prime” the adaptive immune response via T cells and B cells. Due to unrestrained infiltration of inflammatory cells, the products induced by immune cells mediate lung injury by activating excess innate immune cells and oversecreting protease and reactive oxygen species (11). Therefore, understanding how innate immune cells respond to SARS-CoV-2 infection is critical for the prevention and treatment of COVID-19.

Dendritic cells (DCs) act as a “bridge” between innate immunity and adaptive immunity. They have important roles in viral infection. Pattern recognition receptors (PRRs) expressed on the membrane of DCs, such as Toll-like receptor (TLR)7, retinoic acid-inducible gene-I, melanoma differentiation-associated protein-5, and the cyclic guanosine monophosphate–adenosine monophosphate synthase–stimulator of interferon genes pathway, can recognize SARS-CoV-2-induced PAMPs and DAMPs (12–14). If these receptors are activated, a range of signaling pathways [e.g., interferon regulatory factor 3 (IRF3), IRF7, nuclear factor-kappa B (NF-κB)] are activated to regulate proinflammatory cytokines (e.g., tumor necrosis factor α (TNFα), interleukin (IL)-6, monocyte chemoattractant-1, macrophage inflammatory protein (MIP)1α, MIP1β) in the nucleus and induce interferon type I (IFN-I; the main cytokine responsible for producing a strong antiviral response) production (15, 16). DCs are also responsible for ingesting, transporting, processing, and presenting antigens to T cells, inducing the adaptive immune response, and have important roles in virus infection (17–19). However, the number of DCs, the ability to secrete antiviral cytokines (especially IFN-I), and the capability of antigen presentation decline unexpectedly in patients with severe COVID-19. This review focuses on explaining the (i) interrelationship between DCs and SARS-CoV-2 and (ii) reduced number and dysfunction of DCs. In this way, we hope to create a breakthrough in immunomodulation therapy and an IFN strategy against COVID-19.



2 Direct and Indirect Interaction of SARS-CoV-2 With DCs


2.1 Pyroptosis: A Major Inducer for SARS-CoV-2 to Attract DCs

There is growing evidence of cytolysis (mostly pyroptosis but not necroptosis) in patients infected with SARS-CoV-2 (7, 20). “Pyroptosis” refers to the biological process that relies on caspase-1-dependent activation of gasdermin D to form membrane pores. “Necroptosis” is dependent upon the intracellular signal transduction of receptor-interacting protein kinases, and membrane pores are formed through phosphorylation of mixed lineage kinase domain-like pseudokinase, which results in cytolysis (21). In vitro studies have shown that caspase-1 is activated in patients with severe COVID-19, downstream secretion of IL-1β increased, and decomposition of gasdermin D accelerated (22). Those data show that cytolysis during SARS-CoV-2 infection is mainly pyroptosis rather than necroptosis. Nucleotide-binding oligomerization domain-like receptors (NLRs) recognize the danger signals (which are derived from homologous hosts or microorganisms) and form large supramolecular chemical inflammasomes (9). Caspase-1 activation may be related to SARS-CoV-2 recognition by NLRs in cells. After caspase-1 has been activated, it initiates the pyroptosis pathway, activates gasdermin D to form plasma-membrane pores, and allows water influx, cell swelling, and osmotic lysis. Activated caspase-1 can also activate IL-1β and IL-18, which are released mainly through plasma-membrane pores (9). Many PAMPs, DAMPs, and virus products, which are released by SARS-CoV-2-induced pyroptosis, recruit various types of immune cells (including DCs) to infiltrate lung tissue and promote secretion of cytokines, particularly IL-6, IL-1β, IL-10, TNF, granulocyte macrophage-colony stimulating factor, IFN-induced protein-10, IL-17, monocyte chemoattractant-3, and IL-1ra (23).

ACE2 is the main target of SARS-CoV-2 (11). We postulate that ACE2 is also the inducer of pyroptosis caused by SARS-CoV-2. ACE2 is a transmembrane protease and is the main receptor for virus invasion (24). The N-terminal extracellular domain of ACE2 comprises a “claw-like” protease domain (PD). The receptor-binding domain (RBD) of SARS-CoV-2 combines with the PD of ACE2 to form an RBD–PD complex (24). The C-terminus is a transmembrane domain, also known as the collectrin-like domain (24). Studies have suggested that ACE2 is the major receptor of SARS-CoV and SARS-CoV-2 and binds to transmembrane serine protease (TMPRSS)2-activated spike proteins to induce virus entry into endosomes (25). ACE2 and TMPRSS2 are expressed primarily in cells of the upper respiratory tract and lungs (11, 25–27). These respiratory-tract cells with special cell-membrane receptors are ideal targets for SARS-CoV-2 invasion. This phenomenon may explain why SARS-CoV-2 is transmitted through aerosols and is very infectious (7).

The increased levels of lactate dehydrogenase (LDH) (28) and D-dimer in the plasma of patients infected with SARS-CoV-2 suggest that there is a high level of tissue injury in patients with severe COVID-19 (22, 23, 29, 30). Patients with severe COVID-19 with high LDH levels and leukopenia have impaired integrity of cell membranes (23, 31–33). In addition, the full blood count and biochemical findings of patients with severe COVID-19 reveal that the leukopenia observed in such patients appears to precede the “cytokine storm” (31, 34). SARS-CoV-2 infects human primary monocytes in vitro, resulting in their lysis and death. Flow cytometry and fluorescence microscopy have demonstrated the membrane disruption triggered by SARS-CoV-2 (22). In conclusion, we believe that SARS-CoV-2 invades cells through the ACE2, induces pyroptosis, and finally, causes the subsequent cytokine storm, leading to disease progression.

Products which are induced by SARS-CoV-2 attract DCs selectively into inflammatory sites (35–38). DC aggregation has been observed in the bronchoalveolar lavage fluid of COVID-19 patients, which suggests that DCs infiltrate into lung tissues by the products of SARS-CoV-2-induced pyroptosis (35–38) (Figure 1). Flow cytometry of the bronchoalveolar lavage fluid of COVID-19 patients has revealed that only type-2 conventional dendritic cells (cDC2) accumulate in the lungs (35, 36). cDC1 and plasmacytoid dendritic cells (pDCs), which are involved in IFN-I secretion, are absent in infected lungs (35, 36). cDC2 support the cluster of differentiation (CD)4+ T-cell response, stimulate follicular T-helper (Th) cells (which activate a humoral antiviral adaptive immune response), and produce inefficient antiviral proinflammatory cytokines (39–41).




Figure 1 | Interaction between SARS-CoV-2 and DCs (schematic). The three pathways affected by SARS-CoV-2 are pyroptosis (black lines), imbalanced RAAS (blue lines), and DC-SIGN (red lines). The adaptive immune system is induced by pyroptosis, which is activated by SARS-CoV-2. In addition, SARS-CoV-2 combines with the ACE2 receptor through its spike protein (S), which is activated by TMPRSS2. This process causes an imbalance in the RAAS through the shedding of ACE2 and releases excessive amounts of aldosterone, which promotes the release of proinflammatory cytokines in DCs through MRs. SARS-CoV-2 impacts DCs directly by DC-SIGN, a receptor which has critical roles in the recognition of viruses (e.g., HIV, Ebola, dengue, cytomegalovirus) and other pathogens (e.g., Leishmania species, Candida albicans, Mycobacterium tuberculosis, Streptococcus pneumoniae, Aspergillus fumigatus). Although SARS-CoV-2 replication in lung cells is well-documented, a similar process has not been confirmed in alveolar DCs. Some researchers have suggested such a replication based on triggering aberrant production of proinflammatory cytokines/chemokines and inducing the spread of SARS-CoV-2 infection, as is the case with SARS-CoV and MERS-CoV, but other scholars have ruled out SARS-CoV replication in human DCs. RAAS, renin–angiotensin–aldosterone system; DCs, dendritic cells; TMPRSS2, transmembrane serine protease 2; MRs, mineralocorticoid receptors; DC-SIGN, dendritic cell-specific intercellular adhesion molecule 3-grabbing non-integrin.



SARS-CoV-2 attacks nasal cells and lung cells through ACE2, activates pyroptosis, and leads to the production of many DAMPs, PAMPs, and progeny viruses. These products activate innate immunity (Figure 1).



2.2 Imbalanced Renin–Angiotensin–Aldosterone System: Potential Regulation of DCs

SARS-CoV-2 enters cells through the ACE2. ACE2 is a key factor in the renin–angiotensin–aldosterone system (RAAS) (42, 43). SARS-CoV-2 may affect the RAAS and lead to disease development by affecting the shedding of ACE2. The RAAS mediates blood-pressure control, inflammation, sodium reabsorption, and fibrosis (44). RAAS disorders can lead to heart failure, low blood pressure, atherosclerosis, and diabetes mellitus (45). The factor related most closely with ACE2 in the RAAS is angiotensin (Ang)II. The latter stimulates vascular contraction, secondary inflammation, and atherosclerosis through the type-1 angiotensin II receptor (AT1R) (46). Another receptor, type-2 angiotensin II (AT2R), in contrast to AT1R, is activated by AngII to promote vascular dilation, platelet aggregation, and promotion of insulin action. However, AT2R is rarely expressed in healthy adults (47). Therefore, the regulation and balance of AngII are dependent mainly on ACE2. The latter can convert AngII to Ang-(1–7), which is similar to AT2R stimulation (44, 47). An excess of AngII promotes pulmonary vascular contraction, inflammation, and cytokine-induced organ damage, increases the permeability of cell membranes and apoptosis, and induces acute kidney injury and acute respiratory distress syndrome (ARDS). AngII overactivation is associated with an increase in ACE2 shedding in patients with COVID-19. In a cohort of 12 COVID-19 patients, the circulating level of AngII was significantly higher than that in healthy controls (linearly correlated with viral load), which suggested a direct link between RAAS imbalance and multiorgan damage caused by SARS-CoV-2 infection (1, 48, 49).

Among hospitalized COVID-19 patients, the increase in AngII level is accompanied by an increased level of IL-6, with the highest mortality rate (29). This phenomenon has also been found in the patients with avian influenza A (H7N9) infection. Within 4 weeks of H7N9 infection, AngII levels increase gradually, which is associated with a worse clinical prognosis (50). In COVID-19 patients, AngII levels have been found to be closely related to viral titer and partial pressure of oxygen in arterial blood/fraction of inspired oxygen (49). COVID-19-induced AngII aggregation has been shown to promote acute lung injury (ALI) by activating cytokine-induced inflammation, activating the nicotinamide adenine dinucleotide hydrogen (NADH)/nicotinamide adenine dinucleotide phosphate hydrogen (NADPH) oxidation system and vasoconstriction (49, 51, 52). Researchers found that COVID-19 was more severe and carried a worse prognosis in older people and males, if ACE2 expression declined (49, 53, 54). Coincidentally, patients with COVID-19 with diseases associated with RAAS overactivation (e.g., hypertension, diabetes mellitus) have been shown to carry a higher risk of transfer to the intensive care unit and mortality (55). RAAS overactivation appears to be closely related to a poor prognosis in COVID-19 patients, and the loss of ACE2 (which can regulate the effects of an overactive RAAS during the disease) will lead to worse consequences.

The ACE expressed on the DCs is still able to participate in the RAAS disorders (56–58). It has been proved that the ACE expression increased was correlated with the differentiation and stimulation of DCs (59). Elevated ACE is involved in the production of AngII and the peptide repertoire trimming as part of the MHC-II complex (59, 60). Accumulation of AngII due to the shedding of ACE2 leads to the phosphorylation of the ERK and promotes the secretion of IL-6 and TNFα (61). In the meantime, AngII has the ability to improve the migration, maturation, and antigen presentation of DCs to improve Th1 cells (62).

The increase in the AngII level is accompanied by an increase in the aldosterone level because AngII can stimulate the adrenal cortex to secrete aldosterone. DCs are key immune cells involved in severe COVID-19-induced lung damage mediated by aldosterone, which can stimulate DCs to produce IL-6 and transforming growth factor-β1 via the mineralocorticoid receptor (Figure 1) (63, 64). AngII and aldosterone can alter the proliferation and maturation of DCs, leading to DC dysfunction (36). Supplementation of ACE2 may remedy this problem. Recombinant human (rh)ACE2 has a protective effect in SARS-CoV-induced ALI, and injection of rnACE2 can reduce inflammation and improve lung function (65–67). Therefore, rhACE2 may be a potential treatment for SARS-CoV-2-induced ALI.



2.3 Dendritic Cell-Specific Intercellular Adhesion Molecule 3-Grabbing Non-Integrin: Direct Interaction Between SARS-CoV-2 and DCs

Yang and colleagues (68) showed that SARS-CoV-2 enters DCs and macrophages through dendritic cell-specific intercellular adhesion molecule 3-grabbing non-integrin (DC-SIGN) and furin rather than through ACE2 and TMPRSS2. DC-SIGN (CD209) is a C-type calcium-dependent lectin and a type-II membrane protein. DC-SIGN consists of three domains: extracellular, transmembrane, and intracellular (69–72). The intracellular domain is an N-terminal domain responsible for the binding, phagocytosis, and intracellular transport of molecules associated with signal transduction. The transmembrane domain anchors DC-SIGN to the cell membrane. The extracellular domain consists of two portions: a neck domain (which forms a tetramer that stabilizes the extracellular part of the molecule) and a c-type carbohydrate-recognition domain (a calcium-dependent receptor with a highly conserved sequence) (43, 69, 73). The extracellular domain is essential for binding and recognizing high-mannose oligosaccharides (43, 74, 75). DC-SIGN is expressed exclusively by mature and immature DCs in the skin, mucosa, and lymphoid organs (76). It is a PRR/adhesion receptor in DCs that promotes migration and adhesion and mediates the inflammatory response by activating innate immune and adaptive immune systems. Remarkably, DC-SIGN has a pivotal role in the “immune escape” of pathogens and tumor cells (70, 71). As an antigen-capture receptor, DC-SIGN recognizes, internalizes, and decomposes antigens and, eventually, presents them to CD4+ T cells to trigger an immune response (77). However, virus-infected DCs, through DC-SIGN, also spread SARS-CoV-2 to other tissues and organs (Figure 1). This phenomenon is typical in human immunodeficiency virus (HIV) infection, where the DC-SIGN signal is activated by the HIV and induces its migration to lymph nodes. In lymph nodes, DC-SIGN promotes the migration of HIV-1 from DCs to CD4+ T cells, thereby promoting cell infection and virus transmission (78–80). Hence, whether this “Trojan horse” phenomenon exists in SARS-CoV-2 infection is worthy of further study.

The role of DC-SIGN in SARS-CoV-2 infection is not known. Recent studies have shown that SARS-CoV binds DC-SIGN through its activated spike protein and takes part in the inflammatory response of DCs (Figure 1) (43, 81, 82). DC-SIGN also plays an important part in Middle East respiratory syndrome-related coronavirus (MERS-CoV) infection and is too crucial to neglect in SARS-CoV-2 infection (83). DC-SIGN could become an alternative receptor for SARS-CoV-2 to invade DCs. It has been suggested that the interaction of SARS-CoV-2 or its envelope proteins (including the products of pyroptosis) with DC-SIGN result in the loss of a specific DC subpopulation (36). Moreover, activated DC-SIGN receptors downregulate the expression of major histocompatibility class (MHC)-II molecules (84), which is a key factor of impaired presentation of antigens. In addition, the combination between DC-SIGN and HIV can promote a Th2 cell-based immune response, thereby reducing levels of IL-12 and IFNs (42), which helps to explain the innate immunosuppression in patients with severe COVID-19.

The DC-SIGNR (L-SIGN, CD209L), which is the homology receptor of the DC-SIGN, is broadly expressed in both endothelial cells and epithelial cells (85, 86). The DC-SIGN/L-SIGN may be an alternative receptor, due to the fact that ACE2-deficient endothelial cells but not DC-SIGNR-deficient endothelial cells allow SARS-CoV-2 entry (85, 86). Michel et al. confirm the important role of DC-SIGN in the Trojan Horse model of DCs during SARS-CoV-2 infection (87). They think that SARS-CoV-2 adheres to the surface of DCs through DC-SIGN and secondly present SARS-CoV-2 to susceptible cells in the process recognized as trans-infection which relies on the characteristics of DCs’ migration (87). Intriguingly, the DC-SIGN gene expression is interestingly decreased in lung DCs but increased in circulation DCs which would undoubtedly increase the amount of SARS-CoV-2 carried by DCs and enhance its global transmission ability (88).

As in HIV infection, DC-SIGN-mediated virus internalization is a critical mechanism for immune escape in SARS-CoV-2 infection (75). DC-SIGN has become another potential invasion portal for SARS-CoV-2, and its function deserves further exploration in COVID-19 patients. However, after SARS-CoV-2 infection, the depletion and dysfunction of DCs result in persistent virus infection. The exact mechanism by which SARS-CoV-2 infection reduces the number and function of DCs is discussed below.




3 Depletion and Dysfunction of DCs in COVID-19


3.1 Decline in the Number of DCs in COVID-19 Patients

cDC1, cDC2, and pDCs are recruited into lung tissue during infection (39). cDC1s (also known as CD141+ DC) are found in peripheral blood and among resident DCs of the lymph nodes, bone marrow, and spleen (39, 89–93). They participate in cross-presentation of antigens via MHC-I molecules to activate CD8+ T cells and promote Th1 cells and natural-killer-cell responses though IL-12 (39). cDC1s also secrete IFN-III (including IFN-λ) (39, 94). cDC2s (also known as CD1c+ DC) are present mainly in peripheral blood, lymphoid organs, and tissues. They are activated to become robust producers of IL-12 and are excellent cross-presentation cells. cDC2s are also major producers of IL-23, IL-1, TNF-α, IL-8, and IL-10 (39, 95–97). pDCs (which were identified first in peripheral blood and tonsils) “sense” and respond to viral infection through rapid production of IFN-I (39, 98, 99). These three types of DCs are activated by PAMPs and DAMPs to promote the innate immune response and to activate the adaptive immune response.

The number of DCs in the blood of COVID-19 patients is reduced. Among the three types of DCs, only cDC2s accumulate in the lungs of COVID-19 patients (35, 100–103). The mechanisms that result in a decline in the number of DCs may be caused by an alteration in distribution of DCs, increased apoptosis of DCs, and the inhibitory effects of myeloid-derived suppressor cells (MDSCs) (Figure 2).




Figure 2 | Multiple suppressive mechanisms in SARS-CoV-2-infected DCs from patients with severe COVID-19. The number of DCs in patients decreases after SARS-CoV-2 infection. Increased apoptosis, alterations in distribution of DCs, and inhibition of MDSCs may be associated with a decrease in DC number. IFN-I secretion is inhibited by various viral proteins that have been shown to be effective against IFN-I signaling in SARS-CoV infection (104). In addition to the effects of viral proteins, anti-IFN antibody and reduced expression of TLR7 have been observed in some patients with severe COVID-19. The capability of antigen presentation is impaired in cDC1 and cDC2. Inhibition of the mTOR signaling pathway, activated DC-SIGN pathway, and activated Wnt5 pathway could contribute to downregulation of MHC-II and co-stimulatory molecules. IFN, interferon; IFNAR, interferon alpha and beta receptor; mTOR, mammalian target of rapamycin; IκB, inhibitor of nuclear factor κB; IRF, IFN regulatory factor; ISG, IFN-stimulated gene; JAK, Janus kinase; IKKϵ, IκB kinase-ϵ; M, membrane; MAVs, mitochondrial antiviral signaling proteins; N, nucleocapsid; Nsp, non-structural protein; ORF, open reading frame; P, phosphate; DC-SIGN, dendritic cell-specific intercellular adhesion molecule 3-grabbing non-integrin; PLP, papain-like protease; RIG-I, retinoic acid-inducible gene-I; MDA5, melanoma differentiation-associated gene 5; SARS-CoV-2, severe acute respiratory syndrome-coronavirus 2; TANK, TRAF family member-associated NF-κB activator; TBK1, TANK-binding kinase 1; TRAF3, tumor necrosis factor receptor-associated factor 3; STAT, signal transducer and activator of transcription; TYK2, tyrosine kinase 2; Wnt5, Wnt oncogene analog 5.




3.1.1 Alteration in the Distribution of DCs

SARS-CoV-2 causes pyroptosis through infection of respiratory epithelial cells via ACE2 and TMPRSS2 (11, 27) and leads to production of plentiful cytokines and chemokines that attract DCs to migrate from peripheral blood into the lungs (7, 20, 21). Sanchez-Cerrillo and coworkers (35) analyzed DC profiles in the blood and lungs of COVID-19 patients. They found that pDCs and cDC1s showed a significant depletion and that cDC2s migrated from the blood to the lungs. Xiong and colleagues (38) observed abundant mature DCs in bronchoalveolar lavage fluid, which indicated DC accumulation in SARS-CoV-2-infected lungs. Insufficient recruitment of pDCs and cDC1s to the lungs may be due to downregulation of chemokine receptors such as C–C chemokine receptor type-2 and C–X–C motif chemokine receptor-3 (100). A reduction in the circulation of pDCs and cDC1 may be a result of migration to or sequestration in lymphoid tissues (105, 106). Changes in the distribution of cDC2 may contribute to the reduction in circulation of DCs.



3.1.2 Incremental Apoptosis of DCs

The circulation of DCs (especially pDCs) is diminished significantly in COVID-19 (35). pDCs are key factors involved in the antiviral efficacy of IFN-I (39). Hence, SARS-CoV-2 may target pDCs and reduce their number. Saichi and colleagues found p53 signaling to be upregulated in pDCs in COVID-19 cases (105). However, Onodi and colleagues found that pDCs, which were isolated from healthy donors, are improved during SARS-CoV-2 infection (107), thereby suggesting that SARS-CoV-2 could not kill pDCs directly. In sum, other mechanisms must be involved in pDC apoptosis.

Recently, “immunometabolism reprogramming” has been postulated to explain why DC apoptosis is increased during SARS-CoV-2 infection (108). Immunometabolism reprogramming is characterized by changes in the metabolic stages of immune cells from homeostasis to an inflammatory environment or infectious environment (108). Recent studies have revealed that DC apoptosis in COVID-19 patients was because of the TNF-related apoptosis-inducing ligand or apolipoprotein-2 ligand but was not dependent on the Fas ligand (108–111). The displacement of hexokinase-II from mitochondrial-associated membranes increases glycolysis to produce glucose-6-phosphate. This action can lead to excess release of Ca2+ from the endoplasmic reticulum to the cytosol to activate calpains, mitochondrial depolarization, and apoptosis (112).



3.1.3 Inhibitory Effect of MDSCs

MDSCs are induced in pathological conditions such as inflammation, cancer, or some autoimmune disorders. They inhibit immature myeloid cells from differentiating into mature DCs, upregulate expression of immunosuppressive factors (e.g., inducible nitric oxide synthase, arginase), and promote the production of nitric oxide and reactive oxygen species. Those productions result in expansion of an immunosuppressive population of immature myeloid cells and lead to DC depletion (113, 114). Recent studies have found that the increased number of MDSCs in COVID-19 patients might be key to the decline in DC number (101, 115).




3.2 Impaired Antigen Presentation of SARS-CoV-2-Infected DCs

Not only does the number of DCs decline, but also the ability of DCs to present antigens is impaired during SARS-CoV-2 infection (101, 105, 115, 116). Zhou et al. studied the antigen-presentation capacity of circulating DCs in the acute phase of COVID-19. They found that expression of the co-stimulatory molecule (CD80, CD86) and antigen-presentation molecule (human leukocyte antigen-DR) decreased after stimulation with a “cytokine cocktail” (IL-1β, IL-6, TNF-α, prostaglandin E2) (101). DCs in the acute phase of COVID-19 failed to stimulate the proliferation of CD4+ and CD8+ T cells according to a mixed lymphocyte reaction assay with allogeneic CD4+ and CD8+ T cells (101). The antigen-presentation capability of DCs could act as a bridge between innate immunity and adaptive immunity. Determining the reason for the decline in the antigen-presentation capacity of DCs is crucial, and some reasons are discussed in the following (Figure 2).


3.2.1 Impaired Mammalian Target of Rapamycin Signaling

Impaired mammalian target of rapamycin (mTOR) is a crucial regulator of the development, maturation, and function of DCs. mTOR can dictate and “shape” the inflammatory immune response of DCs (117). Inhibition of mTOR expression hinders DC maturation and reduces the antigen uptake in the early stage of infection (117, 118). Prabhu et al. found a decrease in the pS6 (mTOR marker) level in blood, thereby indicating inhibition of the mTOR signal in COVID-19 patients (115). Suppression of the mTOR signaling pathway may contribute to the impaired antigen presentation of DCs in COVID-19 patients.



3.2.2 Upregulation of Wnt Oncogene Analog Expression

Wnt oncogene analog (Wnt)5 can impair the function and maturation of DCs (104, 119). Wnt5a is activated in ARDS and sepsis as an inhibitor of the repair process (119). Wnt5a could be a candidate biomarker of SARS-CoV-2 progression (116, 120). The Wnt5 signaling pathway may also impair the function of DCs to present antigens to T cells.



3.2.3 Summary

The mechanism by which the antigen-presentation capability of DCs is impaired is not clear. A greater focus on the SARS-CoV-2-induced microenvironment (including alteration of signaling pathways such as DC-SIGN, mTOR, and Wnt5) may be needed to ascertain the underlying mechanism.




3.3 IFN-I Deficiency in SARS-CoV-2-Infected DCs

IFN-I is a powerful weapon for DCs in their fight against viral infection. However, SARS-CoV-2 often leads to the effects of IFN-I being hampered. Zhou et al. found that the ability of infected cDC1 and cDC2 to produce proinflammatory cytokines (IL-1β, IL-6, TNF-α) was not influenced, but the ability of infected pDCs to secrete IFN-I was suppressed significantly, in COVID-19 patients (101). Achille et al. found that the ability of cDC1 to produce IFN-λ was not impaired, which may contribute to disruption of the epithelial barrier in the lungs upon SARS-CoV-2 recognition (121). Various studies have shown that SARS-CoV-2 inhibits only pDCs from secreting IFN-I but does not affect cDC production of other proinflammatory cytokines (68, 101, 115, 116). An IFN-I deficiency promotes SARS-CoV-2 to escape recognition by the immune system. Such an escape by SARS-CoV-2 leads to the body producing many inefficient antiviral proinflammatory cytokines that will initiate the cytokine storm that damages lung tissues and results in ARDS or death. Three main reasons have been postulated as to how SARS-CoV-2 may specifically impair the production and transformation of IFN-I (Figure 2).

First, the IFN-I level is reduced significantly in coronavirus infections (e.g., SARS-CoV, MERS-CoV) and such inhibition is a hallmark of coronavirus infections (122–124). Little is known about how SARS-CoV-2 suppresses IFN signaling, but clues can be obtained from SARS-CoV. IFN-I production in SARS-CoV-2 infection is even less than that observed in SARS-CoV infection (124). SARS-CoV-2 encodes various proteins that have been shown to inhibit IFN-I signaling in SARS-CoV infection (122, 124) (Figure 2).

Second, some researchers have found congenital deletion of TLR7 in critically ill patients and that the pDCs of patients with a TLR7 deletion cannot produce IFN-I (125). In addition, anti-IFN antibodies have been found in a small number of critically ill patients; anti-IFN antibodies bind to IFN and prevent IFN transformation (126). The failure of the immunometabolism reprogramming such as the impairment of the glycogenolysis-mediated glycolysis which is stored as a source of energy of DCs will impair the IFN-I generation in DCs (108, 127, 128). SARS-CoV-2 inhibits the early induction of glycolysis via suppression of IFN-I generation, and in turn, the impaired induction of glycolysis inhibits IFN-I generation in DCs (129). This positive feedback loop further reduces IFN-I generation.

Third, the high viremia of COVID-19 is associated with impaired generation of IFN-I in peripheral blood mononuclear cells (130). Supplementation of IFN in the early stage of SARS-CoV-2 infection is beneficial to patients. IFN-β combined with lopinavir and ribavirin can improve physical status (131) and alter the production of proinflammatory cytokines in the latter stages of COVID-19 (97, 132). There is growing recognition that inappropriate, excessive, and mistimed IFN treatments are deleterious in viral infections (131, 133). In the early stage of COVID-19, IFN treatment could improve patient outcomes (122, 131, 134–136), but immunomodulation therapy is recommended at the latter stage of COVID-19 (122, 137, 138). The delayed response to IFN-I leads to accumulation of pathogenic mononuclear macrophages, which cause vascular leakage, lung disorders, and inappropriate T-cell responses (139, 140). Understanding the exact immunopathogenesis of impaired IFN production and restoring the IFN system at the early stage of COVID-19 is a top priority.




4 Conclusions

As a bridge between innate immunity and adaptive immunity, DCs have important roles during virus invasion. The impaired function and reduced numbers of DCs are a catastrophe for the immune system during SARS-CoV-2 infection. The deficiency and dysfunction of DCs persist for several months after SARS-CoV-2 infection (113). Seven months after SARS-CoV-2 infection, the function of cDC2, as well as the number and IFNα production in pDCs, remains abnormal (113). This prolonged deficiency and dysfunction of DCs are associated with “post-acute COVID-19 syndrome” (“long-hauler syndrome”) in COVID-19 patients. It is characterized by persistent symptoms and/or delayed or long-term complications of SARS-CoV-2 infection beyond 4 weeks from symptom onset (141, 142). Scholars have reported that SARS-CoV-2 can persist in the intestines 7 months after symptom resolution (143). We postulate that the persistent tissue damage and presence of viral antigens which are hard to eliminate due to the deficiency and dysfunction of DCs may contribute to long-hauler syndrome in COVID-19 patients.

The morbidity and mortality of older patients are very high if they have severe SARS-CoV-2 infection (144). Age-associated DC dysfunction has a critical role in the mortality prevalence of COVID-19 patients (103). Age may contribute to the reduction and IFN dysfunction of pDCs and antigen-presentation inhibition of cDC to CD8+ T cells, which hinders the transition from naïve CD8+ T cells to cytotoxic CD8+ T cells (145). In older patients, DC dysfunction leads to an increased proinflammatory response and decreased anti-inflammatory and immunomodulatory responses, which result in a chronic inflammatory state (103). In SARS-CoV-2 infection, DC dysfunction could lead to uncontrolled infection and exacerbate the cytokine storm in older patients (103).

As important antigen-presenting cells, DCs have a critical role in the immunotherapy of SARS-CoV-2. Development of immunotherapies against SARS-CoV-2 includes classic platforms and next-generation platforms. The ongoing vaccine research on classic platforms includes whole-inactive viruses, live-attenuated viruses, protein subunits, and virus-like particles. Next-generation platforms include viral vectors, DNA, RNA, and antigen-presenting cells. LV-SMENP-DC and pathogen-specific artificial antigen-presenting cells (aAPC) from Shenzhen Genoimmune Medical Institute (Shenzhen, China) have recently moved into phase-I clinical development. LV-SMENP-DC is an antigen-presenting-cell vaccine based on DCs. In LV-SMENP-DC, DCs are modified with a lentiviral vector expressing a “synthetic minigene” based on the domains of selected viral proteins, and LV-SMENP-DC is administered with antigen-specific cytotoxic T-cells (NCT04276896) (146, 147).

This review shows that DCs have vital roles in SARS-CoV-2 infection. Studying the relationship between DCs and SARS-CoV-2 is very important. Novel DC-induced immunotherapy strategies for COVID-19 may be discovered in the near future.
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Abnormal function of immune cells is one of the key mechanisms leading to severe clinical symptoms in coronavirus disease 2019 patients, and metabolic pathways can destroy the function of the immune system by affecting innate and adaptive immune responses. However, the metabolic characteristics of the immune cells of the SARS-CoV-2 infected organs in situ remaining elusive. We reanalyzed the metabolic-related gene profiles in single-cell RNA sequencing data, drew the metabolic landscape in bronchoalveolar lavage fluid immune cells, and elucidated the metabolic remodeling mechanism that might lead to the progression of COVID-19 and the cytokine storm. Enhanced glycolysis is the most important common metabolic feature of all immune cells in COVID-19 patients. CCL2+ T cells, Group 2 macrophages with high SPP1 expression and myeloid dendritic cells are among the main contributors to the cytokine storm produced by infected lung tissue. Two metabolic analysis methods, including Compass, showed that glycolysis, fatty acid metabolism, bile acid synthesis and purine and pyrimidine metabolism levels of CCL2+ T cells, Group 2 macrophages and myeloid dendritic cells were upregulated and correlated with cytokine storms of COVID-19 patients. This might be the key metabolic regulatory factor for immune cells to produce large quantities of cytokines.
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Introduction

According to statistics from the World Health Organization (WHO), as of June 18, 2021, coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has caused more than 170 million infections and 3.8 million deaths. SARS-CoV-2 infection is characterized by a broad spectrum of clinical symptoms, namely, asymptomatic disease, mild to moderate flu-like symptoms, severe pneumonia, acute respiratory distress syndrome, multiple organ dysfunction and even death (1, 2).

Studies have shown that aberrant immune cell function is one of the key mechanisms that cause severe clinical symptoms in COVID-19 patients (3–5). Single-cell RNA sequencing (scRNA-seq) technology can help researchers fully understand the changes in the immune response during the development of the disease. There are currently a number of scRNA-seq studies on COVID-19 (6–10) that provide us with important cellular and molecular insights, such as the downregulation of HLA class II expression of monocytes in COVID-19 patients (11), lymphopenia (12), immunity cell exhaustion (13), and increased levels of inflammatory cytokines (14). These studies often focus on changes in the dynamic ratio of immune cells in peripheral blood mononuclear cells (PBMCs) or bronchoalveolar lavage fluid (BALF) of COVID-19 patients and changes in inflammatory characteristics.

In recent years, many studies on immune metabolism have focused on the interaction between the immune response and cellular metabolism. For example, the pro-inflammatory cytokine IL-6 can regulate glucose and lipid metabolism, and the metabolite itaconate has been identified as a regulator of the cytokines IL-6 and IL-12, indicating that inflammatory factors play an important role in metabolic reprogramming (15, 16). In viral infectious diseases, metabolic pathways can regulate the innate and adaptive immune response of the host, and the metabolic demands caused by infection may exacerbate host cell stress, thereby disrupting homeostasis and triggering cell death and inflammation (17). For example, glucose metabolism plays an important role in regulating the cytokine storm induced by influenza A virus (18). The decrease of TCA activity can be observed in patients infected with yellow fever virus (19). Although there have been some studies on the characteristics of PBMCs and serum metabolism in COVID-19 patients (19–21), a more in-depth analysis of the metabolic characteristics of bronchoalveolar immune cells in COVID-19 patients and its association with disease progression are still unclear. As the characteristics of systemic immunity are different from those of the bronchoalveolar compartment, our understanding of cell-specific immune cell metabolic programming in COVID-19 patients is limited by the fact that PBMCs were used in most studies.

In this study, we reanalyzed scRNA-seq data of BALF samples from 9 COVID-19 patients (3 moderate cases and 6 severe cases) and 3 healthy controls (HCs) to identify the metabolic reprogramming of immune cells in the bronchoalveolar compartment and the correlation with disease progression. We drew the metabolic landscape of BALF immune cells from COVID-19 patients and identified several metabolic pathways and genes related to disease and inflammation, thereby gaining insight into metabolic mechanism of bronchoalveolar immune cells during SARS-CoV-2 infection.



Materials and Methods


Data Collection

BALF scRNA-seq data of 3 HCs (P51, P52 and P100) and 9 COVID-19 patients, who were enrolled from the Shenzhen Third People’s Hospital, were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/gds/, GSE145926) (22). Disease severity was defined as moderate (P141, P142, and P144) or severe (namely, severe [P143] and critical [P145, P146, P148, P149, and P152]). scRNA-seq data of nasopharyngeal swabs from 19 COVID-19 patients (8 moderate cases and 11 severe cases) and 5 HCs enrolled from a dual-center cohort from the Charité-Universitätsmedizin Berlin and the University Hospital Leipzig were downloaded from the Magellan COVID-19 data explorer at https://digital.bihealth.org (8).



Single Cell Filtering, Clustering, Dimensionality Reduction and Visualization

Seurat (4.0.1) was used for subsequent calculations of the downloaded count matrix in R (4.0.2). If the number of expressed genes was <200 or >6,000, the UMI count was <1,000, and/or the mitochondrial gene percentage was >0.1, cells were removed. The “IntegrateData” function was used to remove the batch effect across different samples. The “NormalizeData” and “ScaleData” functions were used to standardize and normalize the matrix for subsequent cell clustering and dimensionality reduction. The top 2,000 highly variable genes identified by the “FindVariableFeatures” function were used in the “RunPCA” function to perform principal component analysis. The “FindClusters” function was used to cluster the cells with a resolution of 1.5. The “RunUMAP” and “TsnePlot” functions were used to project the cells into a two-dimensional space and visualize them. The “FindAllMarkers” function was used to identify differential expression genes (DEGs) compared with all other clusters. DEGs were defined as follows: detected in at least 25% of the cells, P <0.05 was based on the Wilcoxon rank sum test and Bonferroni correction, and |log10(fold change)| >0.3. Cell clusters were labeled through known classic markers.



Reclustering of T Cells and NK Cells

T cells and NK cells were reclustered together. The “SubsetData” function was used to identify the T cells and NK cells for secondary cluster analysis with parameter “do.clean” setting to true. The calculation of matrices was repeated as described above, and data standardization, normalization, scaling, dimensionality reduction, and clustering were performed.



Signaling Pathway Score

Subsequent pathway analysis was only performed on cell clusters that existed in both HCs and COVID-19 patients. The cytokine and inflammatory signaling pathways related to COVID-19 infection were collected based on the past literature (10), and the metabolism-related signaling pathways (nucleic acid metabolism, 4 pathways; amino acid metabolism, 14 pathways; lipid metabolism, 19 pathways; energy metabolism, 4 pathways; vitamin metabolism, 7 pathways; carbohydrate metabolism, 15 pathways) were collected from the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases (Supplementary Figure 1). The “AddModuleScore” function in Seurat was used to evaluate signaling pathway scores and the Mann–Whitney rank test was used for statistical analysis.



Correlation Analysis Between Metabolic Pathways and Cytokine or Inflammatory Signaling

The correlation between the metabolic pathway and the cytokine or inflammatory signaling of each cell cluster was evaluated by the score calculated above and the “cor” and “cor.test” functions in R.



Compass Analysis

We followed Wagner et al. article for Compass analysis and defined core metabolic reactions based on the reaction metadata contained in the Recon2 database (23). Compass is an algorithm that uses single-cell transcriptomics data to characterize the metabolic state of cells with single-cell resolution and comprehensive network coverage. We performed the Wilcoxon rank sum test on the Compass score of each meta-response to calculate the statistical significance, and used Cohen’s d statistic to further evaluate the effect.




Results


Metabolic Reprogramming of BALF Immune Cells in COVID-19 Patients

We downloaded the scRNA-seq data of BALF cells from the GEO database (GSE145926) of 3 moderate COVID-19 patients (P141, P142, and P144), 6 severe infected patients (namely, one severe patient [P143] and 5 critical patients [P145, P146, P148, P149, and P152]), and 3 HCs [P51, P52, and P100]. We reanalyzed the scRNA-seq data and marked the cells as 10 lineages identified by characteristic genes, consistent with the paper by Liao (22): T cells (CD3D), NK cells (KLRD1), B cells (MS4A1 and CD79A), plasma cells (XBP1 and IGHG4), mast cells (CPA3, TPSAB1 and TPSB2), neutrophils (FCGR3B), macrophages (CD68), myeloid dendritic cells (mDCs) (CD1C and CLEC9A), plasmacytoid dendritic cells (pDCs) (LILRA4) and epithelial cells (TPPP3 and KRT18). To study the roles of metabolic changes of immune cells in the BALF of COVID-19 patients, we screened 1,651 metabolism-related genes (involved in 63 signal pathways) from the GO and KEGG databases to analyze their regulation in immune cells. We first repeated the t-SNE analysis only based on the expression levels of 1,651 metabolic genes and found that the clustering patterns of these metabolic genes were similar to those of the genome-wide genes, which could clearly distinguish the above 10 cell types (Figures 1A, B, and Supplementary Figure 1A). This implied that the metabolic plasticity of cells could reflect the specific factors of different types of cells.




Figure 1 | Metabolic reprogramming of immune cells in COVID19 patients. (A) tSNE plots of metabolic gene expression profiles within each sample type, color-coded by cell types. (B) tSNE plots of metabolic gene expression profiles, color-coded by sample type. (C) Distributions of metabolic pathway activities in different cell types. The box plots were defined by the interquartile range (IQR, the range between the 25 and 75%) and the median, whiskers represent the upper and lower value within 1.5 times the IQR. The significance was performed by Wilcoxon rank sum test. *P < 0.05, ***P < 0.001, ns, not significant. (D) Distributions of metabolic pathway activities in different patients. The box plots were defined by the interquartile range (IQR, the range between the 25 and 75%) and the median, whiskers represent the upper and lower value within 1.5 times the IQR. (E) Fold change of metabolic pathway activities in cell types in moderate vs. normal (left panel) and severe vs. normal (right panel). (F) Fold change of metabolic pathway activities in cell types in severe vs. moderate.



We scored each metabolic pathway to compare the characteristics of metabolic pathway variation between different cell types. Neutrophils showed lower metabolic activity, which may be related to the short life cycle of neutrophils and the low transcriptional activity (Figure 1C). In most cell types, COVID-19 patients have more active metabolic pathways (Supplementary Figure 1B); moderate patients had the highest overall metabolic pathway activity and there was no significant difference in the metabolic activity of severe patients compared with HCs (Figure 1D and Supplementary Figure 1C). COVID-19 patients showed significant remodeling of metabolic processes, namely, carbohydrate metabolism, lipid metabolism, amino acid metabolism, and nucleic acid metabolism. We calculated the metabolic pathway activities in the cell types with cell counts >20 in both HCs and patients. In both moderate and severe COVID-19 patients, nucleic acid metabolism, amino acid metabolism (phenylalanine, cysteine, methionine, arginine, proline and tyrosine), nicotinate and nicotinamide metabolism, folate biosynthesis, and glycolysis were generally upregulated in all cell types (Figure 1E). There was more significant upregulation in B cells of phenylalanine metabolism, glycine, serine, threonine and tyrosine metabolism, linoleic acid metabolism and cholesterol metabolism than in other cell types. In macrophages, carbohydrate metabolism such as the pentose phosphate pathway was upregulated in moderate patients, but downregulated in severe patients. The metabolic activity of severe patients was generally lower than that of moderate patients, but the levels of energy metabolism and amino acid metabolism such as glutamate, glutamine, glycine, serine, threonine, arginine and proline were higher than those of moderate patients (Figure 1F). Interestingly, most of the metabolic pathways of macrophages in severe patients showed a lower activity compared with other cell types (Supplementary Figure 1D). In summary, we constructed a global metabolic reprogramming map of BALF immune cells in COVID-19 patients.



Metabolic Reprogramming of BALF T Cells in COVID-19 Patients

T cells and NK cells were reanalyzed and labeled as 11 lymphocyte clusters based on the expression of canonical genes (Supplementary Figures 2A, B). There was a significant increase in the ratio of Tregs and NK cells in COVID-19 patients compared with HCs. In addition, compared with moderate patients, the proportions of Tregs, PD1+ T cells, CCL2+ T cells, NK cells and IFNG+ NK cells in severe patients were higher, while the proportions of CTL cells and ILC-like NK cells were lower (Supplementary Figures 2C, D), indicating that COVID-19 infection significantly disrupted the T cell immune response. The t-SNE reclustering analysis based on the expression levels of 1,651 metabolic genes could also clearly distinguish the above 11 T cell and NK cell clusters (Figures 2A, B).




Figure 2 | Metabolic reprogramming of T cells in COVID19 patients. (A) tSNE plots of metabolic gene expression profiles within each sample type, color-coded by T cell subsets. (B) tSNE plots of metabolic gene expression profiles, color-coded by sample type. (C) Distributions of metabolic pathway activities in different T cell subsets. The box plots were defined by the interquartile range (IQR, the range between the 25 and 75%) and the median, whiskers represent the upper and lower value within 1.5 times the IQR. The significance was performed by Wilcoxon rank sum test. ***P < 0.001, ns, not significant. (D) Distributions of metabolic pathway activities in different patients. The box plots were defined by the interquartile range (IQR, the range between the 25 and 75%) and the median, whiskers represent the upper and lower value within 1.5 times the IQR. (E) Fold change of metabolic pathway activities in T cell subsets in moderate vs. normal (left panel) and severe vs. normal (right panel). (F) Fold change of metabolic pathway activities in T cell subsets in severe vs. moderate.



Compared with T cells, the metabolic activity of NK cells was significantly downregulated, which was particularly obvious in HCs. Compared with HCs, the metabolic activity of PD1+ T cells, CTL cells and proliferating T cells in COVID-19 patients increased the most significantly (Figure 2C and Supplementary Figure 3A). The overall metabolic pathway activity of moderate and severe COVID-19 patients was both significantly higher than that of HCs, while the metabolic activity of moderate COVID-19 patients was significantly higher than that of severe patients (Figure 2D and Supplementary Figure 3B). Among the various cell clusters, nucleic acid metabolism, amino acid metabolism, lipid metabolism and carbohydrate metabolism in moderate patients were generally higher than that in HCs, but there was a cell specificity in severe patients. Compared with HCs, the levels of galactose, pyruvate and propanoate metabolism in PD1+ T cells and Tregs were significantly lower in moderate and severe patients, while glycerol lipid and arachidonic acid metabolism were significantly decreased in CCL2+ and proliferative T cells (Figure 2E). Compared with HCs, the activity of the electron transport chain system, oxidative phosphorylation and TCA cycle was reduced in patients with COVID-19, while glycolytic activity was increased, suggesting that the energy metabolism of patients with COVID-19 was dominated by anaerobic metabolism (Figure 2E). Consistent with the changes in the total cells, the energy metabolism level of severe patients was lower than that of moderate patients (Figure 2F). It is worth noting that these metabolic pathways in T cells and NK cells, but not in the total cells, could be distinguished between HCs, moderate patients and severe patients (Supplementary Figure 3C).



Metabolic Reprogramming of BALF Macrophages in COVID-19 Patients

Similarly, the 4 macrophage groups [Group 1, FCN1hi; Group 2, FCN1loSPP1+; Group 3, SPP1+; Group 4, FABP4+; consistent with the paper by Liao (22)] could be well distinguished by the expression of 1651 metabolic genes in t-SNE reclustering analysis (Figures 3A, B). The overall metabolic level of Group 3, marked as alternative M2-like macrophages (22), was the highest among the four groups (Figure 3C). Metabolic pathway activity of moderate COVID-19 patients was significantly higher than that of both HCs and severe COVID-19 patients (Figures 3D, E). In moderate patients, all signal pathways except aerobic metabolism and eicosanoid synthesis were upregulated compared with HCs. In severe patients, only nucleic acid metabolism and the metabolism of some amino acids were upregulated, and most lipid and carbohydrate metabolism levels were lower than those of HCs (Figure 3F). When we performed an unsupervised clustering analysis of macrophage groups based on the scores of metabolic pathways, we found that, surprisingly, macrophages in moderate patients had a closer metabolic profile that more closely resembled that of HCs than that of severe patients. The top half of the pathways were similar between HCs and moderate patients, while the bottom half was similar between severe and moderate patients. More importantly, unlike in total cells and T cells, the expression of metabolic pathways in macrophages could completely separate healthy person, moderate and severe patients (Supplementary Figure 4). Although the metabolic changes of macrophages in the four groups were basically the same in both moderate and severe patients, we could observe that in Group 2 of severe patients, the levels of alanine, aspartate and glutamate metabolism significantly decreased (Figure 3G). Based on these findings, we could conclude that in COVID-19 patients, metabolic reprogramming in T cell subclusters and macrophage subclusters could better reflect the differences between patients at different disease stages than in all immune cells.




Figure 3 | Metabolic reprogramming of Macrophages in COVID19 patients. (A) ttSNE plots of metabolic gene expression profiles within each sample type, color-coded by macrophage subsets. (B) tSNE plots of metabolic gene expression profiles, color-coded by sample type. (C) Distributions of metabolic pathway activities in different macrophage subsets. The box plots were defined by the interquartile range (IQR, the range between the 25 and 75%) and the median, whiskers represent the upper and lower value within 1.5 times the IQR. The significance was performed by Wilcoxon rank sum test. (D) Distributions of metabolic pathway activities in different patients. The box plots were defined by the interquartile range (IQR, the range between the 25 and 75%) and the median, whiskers represent the upper and lower value within 1.5 times the IQR. The significance was by Wilcoxon rank sum test. (E) Distributions of metabolic pathway activities in different sample types. The box plots were defined by the interquartile range (IQR, the range between the 25 and 75%) and the median, whiskers represent the upper and lower value within 1.5 times the IQR. The significance was performed by Wilcoxon rank sum test. (F) Fold change of metabolic pathway activities in macrophage subsets in moderate vs. normal (left panel) and severe vs. normal (right panel). (G) Fold change of metabolic pathway activities in macrophage subsets in severe vs. moderate. *P < 0.05, ***P < 0.001.





Cytokine Storm in COVID-19 Patients Was Correlated With Metabolic Reprogramming

Cytokine storms are often observed in COVID-19 patients, especially in severe patients. Based on the cytokine and inflammation related genes reported to be related to COVID-19, we performed cytokine score and inflammation score analysis on each cell cluster to evaluate the potential contribution of each cell cluster to the cytokine storm. The cytokine and inflammation scores in patients were significantly increased (Supplementary Figure 5A). CCL2+ T cells, mDCs and macrophages (Groups 1–4) had significantly higher cytokine and inflammation scores compared with other clusters (Supplementary Figure 5B). Cytokine and inflammation scores in these six cell clusters of COVID-19 patients were significantly increased, especially in severe stages (Supplementary Figure 5C), suggesting that these cells might play a central role in driving the cytokine storm. We next calculated the correlations between metabolic pathways and the cytokine and inflammation scores in each cell clusters to investigate the impact of metabolic reprogramming on the cytokine storm of COVID-19 patients. We screened the interactions whose correlation coefficient was greater than 0.3 or less than −0.3, and the corrected P-value was less than 0.05. Glycolysis, folate biosynthesis, nicotinate and nicotinamide metabolism, oxidative phosphorylation, lipid metabolism (such as phospholipid, bile acid, cholesterol and fatty acid), arginine and proline metabolism and pyrimidine and purine metabolism were positively correlated with the cytokine and inflammation scores in CCL2+ T cells, mDCs and Group 2 macrophages (Figure 4A). Strong correlations between the cytokine and inflammation scores and metabolic pathways were observed in COVID-19 patients, especially in severe patients, and weak correlations were observed in HCs (Figure 4B). Especially in CCL2+ cells, the correlation in severe patients between these pathways and the cytokine score was significantly higher than in moderate patients and HCs, indicating that these pathways might be activated after SARS-CoV-2 infection, affecting the metabolic reprogramming of immune cells and generating a cytokine storm (Figure 4B). These findings demonstrate that metabolic changes in immune cells might play important roles in the formation of cytokine storm in COVID-19 patients.




Figure 4 | Cytokine storm was correlated with metabolic reprogramming in COVID-19 patients. (A) Dot-plot of correlation between metabolic pathway activities with cytokine score (left panel) and inflammation score (right panel). (B) Heatmap of correlation between metabolic pathway activities with cytokine score (left panel) and inflammation score (right panel).





Compass Analysis of BALF scRNA-seq Data in COVID-19 Patients

In order to verify the results of our metabolic analysis, we used another metabolic calculation method, Compass, to analyze the metabolic status of CCL2+ T cells, Group 2 macrophages and mDCs, which were the important contributors to the cytokine storms. Compass analysis was conducted based on the Recon2 database, which covered 7,440 reactions and 2,626 metabolites (23, 24). In Compass analysis, the overall metabolic state of the cell is quantitatively analyzed by calculating the score of each reaction in each cell. Consistent with previous results, the metabolic pathways in Figure 5A were upregulated in COVID-19 patients compared with HCs both in CCL2+ T cells, Group 2 macrophages and mDCs. Although bile acid synthesis was increased in COVID-19 patients, in CCL2+ T cells and Group 2 macrophages, compared with moderate patients, the metabolic responses related to bile acid synthesis were almost all downregulated in severe patients (Figure 5A). Compass can help us examine changes in metabolism at the level of a single reaction rather than the entire pathway (Figures 5B–D). Although the same metabolic pathway was elevated in a variety of cells, the expression status of each of these responses remained cell-specific. For example, the glycolytic pathway was upregulated in CCL2+ T cells (severe vs. moderate patients) and in macrophages and mDCs (COVID-19 patients vs. HCs). Compass predicted that key enzymes such as pyruvate kinase and glucose-6-phosphate isomerase were all upregulated in three cell types, while the upregulation of phosphoglycerate mutase was more pronounced in CCL2+ T cells and mDCs. The downregulation of L-lactate dehydrogenase was only observed in Group 2 macrophages. The upregulation of folate metabolism was seen in both CCL2+ T cells and mDCs, but the upregulation of folate reductase was statistically significant only in CCL2+ T cells and not in mDCs.




Figure 5 | Metabolic reprogramming of CCL2+ T cells, mDCs and Group2 Macrophages analyzed by Compass. (A) Differential activity of metabolic reactions. (B) Compass-score differential activity test in CCL2+ T cells. (C) Compass-score differential activity test in Group 2 Macrophages. (D) Compass-score differential activity test in mDCs.



Furthermore, to validate our description of the metabolic profile of COVID-19 BALF samples, we performed metabolic analysis of immune cells in independent BALF scRNA-seq data from 3 moderate and 9 severe COVID-19 patients, and we selected CCL2+ T cells, Group 2 macrophages and mDCs for key analysis using Compass (Supplementary Figures 6A, B). Highly consistent with the above analysis results, overall, the metabolic pathways were generally downregulated in severe patients compared with moderate patients. Arginine and proline, glycine serine and threonine, glutamate and glutamine metabolism, oxidative phosphorylation and electron transport chain system were elevated in all cell types, while folate biosynthesis and vitamin B12 metabolism were increased in neutrophils, mono-macrophages and mDCs (Supplementary Figure 6A). Compass analysis of CCL2+ T cells, Group 2 macrophages and mDCs was also consistent with Figure 5A.



Metabolic Reprogramming of Nasopharyngeal Swab Immune Cells in COVID-19 Patients

Finally, we verified the expression levels of metabolic pathways in independent nasopharyngeal swab scRNA-seq data from 19 COVID-19 patients and 5 HCs. Consistent with previous results from BALF, nicotinate and nicotinamide metabolism, glycolysis and pyrimidine synthesis were elevated in COVID-19 patients. Similar to the results from BALF, the electron transport chain system, oxidative phosphorylation, and the citric acid cycle were significantly downregulated in all analyzed cell types in COVID-19 patients (Figures 1E, 6A). We found that most of the pathways are downregulated in NK cells in nasopharyngeal swabs from COVID-19 patients compared with those from HCs (Figure 6A). It is interesting to notice that almost all of the metabolic pathways are downregulated in BALF from severe COVID-19 patients compared with that from moderate ones (Figure 1F), whereas the phenomenon is obscure when comparing the nasopharyngeal swabs from severe and moderate COVID-19 patients (Figures 1F, 6B). However, vitamin B12 metabolism and nicotinate and nicotinamide metabolism are all significantly upregulated in macrophages in both analyses (Figures 1F, 6B). Then we analyzed the metabolic pathways within CCL2+ T cells, group 2 Macrophages, and mDCs between different groups in nasopharyngeal swabs using Compass analysis. We found that most of the metabolic reactions within 11 metabolic pathways are upregulated in CCL2+ T cells and Group 2 macrophages in COVID-19 patients compared with those from HCs, but metabolic reaction activity is similar in CCL2+ T cells, Group 2 macrophages, and mDCs from severe and moderate COVID-19 patients (Figure 6C). Then we analyzed the metabolic pathways within CCL2+ T cells, Group 2 macrophages, and mDCs between different groups in nasopharyngeal swabs using Compass analysis. We found that most of the metabolic reactions within 11 metabolic pathways are upregulated in CCL2+ T cells and Group 2 macrophages in COVID-19 patients compared with HCs, but metabolic activity is similar in in CCL2+ T cells, Group 2 macrophages, and mDCs in severe and moderate COVID-19 patients (Figure 6C). Given the presence of mDC populations in only one HC sample in these nasopharyngeal swab data, we had no means to perform a statistical analysis of the differences in mDC metabolism between HCs and COVID-19 patients. In conclusion, in the nasopharyngeal swab samples, unlike the BALF samples, there were no significant differences in metabolic activity between severe and moderate patients. In our study, we found that almost all metabolic pathways are downregulated in BALF from severe COVID-19 patients compared with that from moderate COVID-19 patients, but the same phenomenon was not observed in nasopharyngeal swabs. The virus infects person from the upper respiratory system to the lower respiratory system, and finally causes the pneumonia. During the development of pneumonia from the moderated to the severe state, most of the destructive events might take place in the lower respiratory system, explaining why the downregulation of metabolic pathways was more prominent in BALF than in nasopharyngeal swabs.




Figure 6 | Metabolic reprogramming of immune cells in independent pooled nasopharyngeal/pharyngeal swabs scRNA sequencing data. (A) Fold change of metabolic pathway activities in cell types in moderate vs. normal (left panel) and severe vs. normal (right panel). (B) Fold change of metabolic pathway activities in cell types in severe vs. moderate. (C) Differential activity of metabolic reactions.






Discussion

As the characteristics of peripheral immune cells are different from those in lungs, with respect to both quality characteristics and duration of the immune response, the analysis of the peripheral immune metabolic reprogramming in COVID-19 might not be comprehensive. Therefore, there was a need to better understand the metabolic landscape in BALF of COVID-19 patients. Previous multi-omics metabolism studies have found a dysregulation of the TCA cycle, fructose and mannose metabolism, tryptophan metabolism, glycolysis and gluconeogenesis in COVID-19 patients. However, there is a lack of understanding of cell-specific metabolic reprogramming, especially in in situ immune cells in lung tissue. This study comprehensively explored and scored the transcriptional changes of genes in 63 metabolic pathways in 22 cell types in BALF and provided evidence of immune metabolic reprogramming in BALF immune cells in patients with COVID-19. In severe COVID-19 patients, the exhaustion of immune cells resulted in lymphocytopenia and impaired immune functions, and also the overall metabolic activity of immune cells showed a decreasing trend.

We have observed that the upregulation of glycolytic pathways in COVID-19 patients occurs in all immune cell types. Although these immune cells did not express ACE2 or TMPRSS2, SARS-CoV-2 RNAs was detected in a diverse set of immune cells, namely, neutrophils, macrophages, plasma B cells, T cells, and NK cells (10, 25). Studies indicated that viruses entering the host cells induced metabolic reprogramming of host cells by triggering mitochondrial reactive oxygen species (ROS) production, which induced stabilization of hypoxia-inducible factor-1α (HIF-1α) and consequently promoted glycolysis. The increase of glycolysis also can be activated independent of the infection itself, such as a direct response to hypoxia (26). Enhanced glycolysis could sustain the proliferation and activation of T cells, B cells and M1 macrophages (27). At the same time, we found that these enhanced glycolysis reactions were also related to the generation of cytokine storms.

Consistent with B cells in PBMCs, metabolism of alanine, aspartate, glutamate and lysine was downregulated in B cells in BALF of patients with COVID-19. However, fatty acid biosynthesis, which displayed enhanced activity in PBMC B cells (28), was increased in moderate patients and decreased in B cells in BALF from severe patients. Phospholipid synthesis and protein modification, which are necessary for transcription and translation during B cell proliferation, differentiation, and immunoglobulin synthesis, require fatty acids as precursors (29). The increase in fatty acids and cholesterol supported the doubling of membrane content associated with proliferation and the formation of the endomembrane immunoglobulin secretion network (30). Previous studies showed that B cells in PBMCs of COVID-19 patients highly expressed the gene encoding immunoglobulin, suggesting that they played a role in the secretion of antigen-specific antibodies. Especially the sera of severe patients have high titers of SARS-CoV-2 specific antibodies (10, 31). This explains why the fatty acid synthesis in B cells of COVID-19 patients was significantly increased. In severe patients, a significant loss of the chemokine receptor CXCR5 in B cells caused damage to the germinal center response and the dysregulates humoral immune response, and a large number of transcripts related to B cell function were downregulated (32–34). This could explain why the synthesis of fatty acids in the B cells in severe patients was reduced in BALF of severe patients.

Studies have reported that compared with HCs, the glycolysis, the TCA cycle and oxidative phosphorylation activity of peripheral blood T cells in COVID-19 patients were all increased (28), while we have observed that in BALF, the electron transport chain system, oxidative phosphorylation and the TCA cycle were decreased, and only glycolytic activity was increased. The electron transport chain system, oxidative phosphorylation and the TCA cycle are all reactions completed in the cell mitochondria. In severe patients, cytokines, such as TNF-α and IL-6, with a sharply elevated content in BALF could hinder mitochondrial oxidative phosphorylation and ATP production, leading to mitochondrial membrane permeabilization and changes in mitochondrial dynamics, resulting in serious mitochondrial damage and further lung damage (35, 36). Although previous studies reported that immune cells in peripheral blood also have mitochondrial damage (37, 38), we might infer that in the BALF of COVID-19 patients, especially in severe patients, the mitochondrial damage of immune cells in the lung bronchus region was more severe than that in the peripheral circulation.

Ren et al. proposed that monocyte subsets might contribute to cytokine storms in PBMCs (10). Similarly, we found that in infected tissue, CCL2+ T cells, Group 2 macrophages characterized by high expression of SPP1 and mDCs might also be the main sources of cytokine storm. mDCs and CCL2+ T cells were distributed in each disease stage, and the proportion of Group 2 macrophages increased in severe patients, and the cytokine and inflammation scores were all significantly elevated in cell types in severe patients. These three cell types contribute to the cytokine storm via enhanced cell ratios, enhanced expression of inflammatory molecules, or both in severe COVID-19 patients. The link between metabolism and inflammatory responses is considered to be an important pathway for regulating cytokine storms. Both activation and differentiation of T cells are highly correlated with metabolic reprogramming. Metabolic reprogramming of macrophage results in a high dependence of cellular energy metabolism on glycolysis to meet the high demands of macrophages to fight infection in an inflammatory environment. DC activation is often accompanied by upregulation of glucose uptake and increased fatty acid synthesis (39–41). In Group 2 macrophages of COVID-19 patients, two metabolic analysis methods both showed that glycolysis, fatty acid metabolism, bile acid synthesis and purine and pyrimidine metabolism were upregulated and strongly correlated to the cytokine and inflammation scores. This might provide us with insight into the factors regulating the production of cytokine storm at the metabolic level. Researchers have found that melatonin could inhibit the production of cytokine storm induced by COVID-19 by inhibiting the glycolysis in immune cells (42). How the other metabolic pathways affect the generation of cytokine storms and corresponding treatment strategies remain to be investigated.

In conclusion, we have systematically drawn and assessed the metabolic landscape of in situ immune cells in infected lung tissue obtained from BALF during SARS-CoV-2 infection. Enhanced glycolysis was the most important common metabolic feature of all immune cells in COVID-19 patients. Group 2 macrophages with high SPP1 expression were among the main contributors to the cytokine storm produced by infected lung tissue. Glycolysis, fatty acid metabolism, bile acid synthesis and purine and pyrimidine metabolism might be key metabolic factors regulating the production of the large quantities of cytokines in this group. This metabolic reprogramming in immune cells plays an important role in the progression of COVID-19 disease and the generation of cytokine storms.
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Despite ongoing vaccination COVID-19 is a global healthcare problem because of the lack of an effective targeted therapy. In severe COVID-19 manifesting as acute respiratory distress syndrome, uncontrolled innate immune system activation results in cytokine deregulation, damage-associated molecular patterns release upon tissue damage and high occurrence of thrombotic events. These pathomechanisms are linked to neutrophil function and dysfunction, particularly increased formation of neutrophil extracellular traps (NETs). While the association of NETs and severity of COVID-19 has been shown and proved, the causes of NETs formation are unclear. The aim of this review is to summarize potential inducers of NETs formation in severe COVID-19 and to discuss potential treatment options targeting NETs formation of removal.
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Introduction

SARS-CoV-2 causes much more than just COVID-19. The world is still facing huge socio-economic problems that will likely persist much longer than the pandemic itself (1). Experts agree that a population-wide vaccination is the most effective weapon in the fight against SARS-CoV-2, but its application is not trivial in today’s world (2, 3). Due to the current state of misinformation, those who would not be vaccinated represent a significant portion of the population in many countries, although the situation is dynamic and changes with the number of vaccines that have been approved (2, 4–6). Unfortunately, if not enough people are vaccinated, the pandemic will not stop (7). If such a scenario occurs, the only remaining solution will be targeted and effective treatment of patients with severe COVID-19 (8). Several treatment strategies have already been proposed, but most of them do not decrease COVID-19 mortality, but at best reduce the time of hospitalization (9–11), with some even being ineffective and harmful (12). So far, the most successful approach seems to be immunosupressive therapy (11, 13), but to design the best treatment is only possible if pathogenesis of the disease is known in detail (14). And there are still gaps to fill.



Thrombosis in COVID-19

At the beginning of the pandemics, COVID-19 was almost exclusively viewed in the context of lung damage, and therefore artificial lung ventilation appeared to be a key therapeutic intervention (15). However, initial results from China, Italy, and the United States showed, that mortality of COVID-19 patients admitted to ICU that were in the need of mechanical ventilation was greater than 90% (16–18). Although the data were not so alarming in other countries later (17, 19), it was clear that the pathophysiology of COVID-19 required a more comprehensive view. A partial explanation was provided by a study published in the Lancet, where the authors showed that patients infected with SARS-CoV-2 show endothelial dysfunction due to endothelial inflammation, so-called endothelitis (20). The damaged endothelium facilitates coagulation and thrombus formation, whether in large vessels or in small arterioles and capillaries (21). This thrombosis and subsequent coagulopathy cannot, of course, be resolved by artificial lung ventilation and additional oxygenation (22). Thrombotic complications were indeed found to be one of the major issues in treating critically ill ICU patients with COVID-19 (23). It has become clear, that identifying the initiators and drivers of thrombosis is vital.



Neutrophil Extracellular Traps

DNA is found inside the nucleus and mitochondria of the cell and as the primary information-carrying molecule is protected by several membranes from external potentially damage-causing factors (24). The same membranes, however, protect the DNA also from release outside of the cell. Nevertheless, various types of cell death might lead to DNA release into the extracellular space (25). During inflammation, a significant source of this cell-free DNA (cfDNA) comes from a specific type of neutrophil response - the so-called NETosis, a process that results in the formation of neutrophil extracellular traps (NETs) (26). NETs are web-like structures composed of DNA-histone complexes decorated by antimicrobial proteins and enzymes such as myeloperoxidase (MPO), neutrophil elastase (NE), cathelicidin, calprotectin and many others (27). In fact, their composition varies and has been reported to be dependent on the stimulus that activates neutrophils and initiates NETs release (28, 29).



Induction of NETs Formation

Formation of NETs was initially discovered as a response of neutrophils to the presence of bacteria and immediately, their role in prevention of pathogen dissemination was recognized (26). Since then, the list of bacteria that can induce the formation of NETs has substantially grown (30–37). Neutrophils are also capable of sensing the size of the stimulus and can selectively form NETs in response to larger pathogens such as fungi and parasites (38–44). Interestingly, NETs formation was also found to be stimulated by viruses (Hantavirus, hRSV, HIV, influenza) but their role in antiviral defense in vivo remains unresolved (45–52). While NETs might potentially restrain virus particles and their individual components possess antiviral properties, NETs were not found to be induced during mild influenza infection and mice that are incapable of their formation do not display increased susceptibility to influenza virus (51, 52). On the other hand, NETs most likely mediate pathology of severe viral infections, where virus-induced tissue damage allows subsequent bacterial overgrowth that together with endogenous stimuli drives NETs release (53, 54). Pathogens are recognized by neutrophils through a variety of pattern recognition receptors (PRR’s) such as toll-like receptors (TLR’s) 2, 4, 7, 8 and 9, dectins 1 and 2 and can also induce NETs formation via activation of calcium signaling by calcium ionophores (55).

Sterile stimuli are also capable of NETs induction and even NETs themselves have been described to induce more NETs (56, 57). If excessive NETs formation damages endothelium or other tissue, neutrophils detect parts of free mitochondria that are released from dead cells as damage-associated molecular patterns (DAMPs) (58). More than 10 years ago, Carl J Hauser and colleagues found that despite billions of years of evolution, the immune system still recognizes mitochondria as bacteria (59). This may be important in the crush syndrome, in polytrauma, where patients end up in a septic shock-like condition even though they do not have any confirmed microbial infection (60). Individual mitochondrial DAMPs activate different receptors. Mitochondrial DNA contains unmethylated CpG islets that are ligands for the Toll-like receptor 9 (TLR9) (61–63). Formylated peptides and proteins of mitochondrial origin are recognized by formyl peptide receptors (FPR1-2) (64, 65) and saturated cardiolipin is able to activate TLR4 mediated signaling (66, 67). During viral pneumonia induced breakdown of pneumocytes, endothelocytes, pulmonary megakaryocytes or during the formation of NETs by neutrophils, free mitochondria are released (68, 69). These can subsequently activate the immune system either as intact organelles or as their individual mitochondrial DAMPs. Similar mechanism might be at play in severe COVID-19 infection.

Another endogenous stimulus such as activated platelets can induce NETs through the interaction of High mobility group box 1 (HMGB1) with the receptor for advanced glycation end products (RAGE) or TLR4 and P-selectin through binding to P-selectin glycoprotein ligand (70–72). NETs formation is also induced by the binding of anti-nuclear or anti-neutrophil antibodies and immobilized immune complexes to FcγRIIIb receptor (73–76), and even nanoparticles, cholesterol and monosodium urate crystals can stimulate NETs formation (77–82). Finally, phorbol 12-myristate 13-acetate (PMA) triggers NETs formation independently of any receptor via activation of protein kinase C (PKC) and production of reactive oxygen species (ROS) and is often used as positive control for NETs induction (30). All of the pathogenic, as well as non-infectious stimuli capable of NETs induction are listed in the Table 1.


Table 1 | Known pathogenic as well as sterile NETs inducers, corresponding receptors they interact with, along with a pathway the are independent of regarding NETs formation.



Formation of NETs is a double-edged sword (85). While being an extremely potent part of the antimicrobial defense, the emerging NETs must also be rapidly removed. Otherwise, the NETs activate other neutrophils and immunocompetent cells contributing to the inflammation that generates more NETs (55, 86). This creates a vicious cycle that is a key component in the pathogenesis of diseases as diverse as preeclampsia, sepsis or rheumatoid arthritis (71, 87, 88), and data suggests, that it is important for COVID-19 as well.



NETs Drive Thrombosis in COVID-19

The hypothesis that neutrophils and NETs are implicated in the formation of thrombi during severe SARS-CoV-2 infection has been proposed several times (89–94). Blood myeloperoxidase-DNA complex levels (i.e. NETs) were identified as a biomarker of an early response to SARS-CoV-2 infection, suggesting that circulating NETs are involved in COVID-19 pathology (95). Since then, several studies found that the production of NETs is increased in COVID-19 and their concentration is associated with severity of the disease and thrombosis (96–100), and NETs were found to be predominantly located in the lower respiratory tract of critically-ill patients (101). Skendros and his colleagues even proposed a mechanism of NETs induced thrombosis in COVID-19, where SARS-CoV-2 triggered complement activation leads to thrombin induced expression of tissue factor (TF) in neutrophils, which results in TF rich pro-coagulatory NETs (100). Increased NETs formation during SARS-CoV-2 infection has also been linked to ischemic stroke, underlying the importance of therapy focused on the inhibition of NETs formation (102). The fact that several studies and meta-analyses identified neutrophilia as one of the predictors of COVID-19 severity and an increased neutrophil to lymphocyte ratio has high predictive value if present at the beginning of the infection further underscores the role of neutrophils in early stages of COVID-19 pathology (103–107). In addition, the dysregulation of myeloid populations resulting in immature or dysfunctional neutrophils was found to be characteristic for developing severe, but not mild COVID-19 (108, 109). Lastly, genetic predisposition might also affect NETs mediated COVID-19 pathology. Genome-wide association study investigating genetic variants associated with circulating NETs levels in plasma revealed a variant in TMPRSS13 gene coding a type II transmembrane serine protease to be significantly associated with increased level of MPO-DNA complexes (110). Interestingly, the same protease TMPRSS13 was reported to enhance cellular uptake and replication of SARS-CoV-2, making it an interesting target for future investigation (111). Other study identified a variant on 3p21.31 region associated with increased respiratory failure risk in COVID-19 that enhances expression of leucine zipper transcription factor like 1 gene (LZTFL1). LZTFL1 regulates a viral response pathway and is associated with epithelial-mesenchymal transition and it is possible that this epithelial dysfunction is driven by neutrophil extracellular traps (112, 113).



Mechanisms of NETs Induction in COVID-19

Soon after it was found that SARS-CoV-2 infection results in the formation of neutrophil extracellular traps, the search for possible mechanisms of NETs induction in COVID-19 has begun. Arcanjo and his colleagues were the first to describe that both live, and heat-inactivated SARS-CoV-2 virus cultivated on and isolated from Vero cells could induce NETs formation at surprisingly low concentrations (83). Possible mechanism of SARS-CoV-2 induced NETs formation was later proposed by Veras and his colleagues. They reported that live, but not formaldehyde inactivated SARS-CoV-2 virus induces the formation of NETs and their induction is dependent on virus binding to neutrophil angiotensin converting enzyme (ACE2) receptor, again at interestingly low multiplicity of infection rate of 1 (84). Additionally, neutrophil elastase – a NETs component, is able to cleave S protein, resulting in an easier SARS-CoV-2 entry into the cell through ACE2, potentially increasing virus infectivity and its ability to stimulate immune response (114). Thus, as was already proposed, NETs formation might be induced by SARS-CoV-2 virus and at the same time increase its infectivity, making NETs and neutrophil elastase promising treatment targets (115). Whether these findings apply to a situation in vivo remains to be elucidated.

One possible factor linking endothelial dysfunction and deregulation of NETs formation with COVID-19 might be angiotensin 1-7, a product of ACE2, which functions as a key receptor for SARS-CoV-2 (116). Binding of the virus to this receptor leads to a reduction in the production of angiotensin 1-7 as a ligand of the Mas receptor (117, 118). The resulting imbalance between increasing angiotensin II and decreasing angiotensin 1-7 can stimulate endothelial dysfunction, an inflammatory response, induce NETs and thrombus formation (119–121). The consequences of these pathomechanisms are consistent with the histopathology of COVID-19 (122). Compared to influenza, lung necropsies in patients with COVID-19 showed similar diffuse alveolar damage but much more pronounced thrombosis with microangiopathy. Microthrombi were up to 9 times more frequent in the pulmonary circulation of COVID-19 when compared to influenza (122). Proposed mechanisms of NETs formation and induction of thrombosis in COVID-19 are illustrated in Figure 1.




Figure 1 | Potential mechanism underlying NETs formation and thrombosis induction in COVID-19. Upon SARS-CoV-2 infection, pneumocyte death and endothelial dysfunction result in the release of DAMPs and SARS-CoV-2 into extracellular space, where they bind to PRRs and ACE2 receptors and initiate activation of neutrophils and formation of NETs. NETs that are not removed from the circulation induce more NETs in a vicious circle and cause thrombosis and inflammation that might even lead to cytokine storm. Additionally, binding of SARS-CoV-2 on ACE2 receptor of endothelial cells may promote angiotensin II and angiotensin 1-7 imbalance leading to endothelial dysfunction and inflammation, which further contributes to NETs induction and thrombus formation. Figure was created with BioRender.com.





Targeting NETs Formation

Whether a neutrophil decides to form a NET depends on the context, i.e. also on the size, number and structural properties of the potential inducers (123). Understanding NETosis on a molecular level is extremely important, as the knowledge of signaling pathways involved in NETs induction will enable for selective inhibition of NETs formation, rather than just unspecific attenuation of inflammation. As was mentioned above, both pathogenic and sterile stimuli activate neutrophils through binding of various membrane and intracellular receptors and via MEK–extracellular-signal-regulated kinase (ERK) and protein kinase C (PKC) induce the production of ROS. ROS then activate MPO, which triggers oxidative activation of NE required for the degradation of actin cytoskeleton and subsequent histone processing upon NE nuclear translocation (41, 124, 125). Histone citrullination by protein-arginine deiminase type 4 (PAD4) further enhances chromatin decondensation and after mixing with cytoplasmatic components and permeabilization of the plasma membrane, NET is released into the extracellular space (30, 126–128).

To date, several compounds that target components of this pathway have been suggested as a potential intervention in COVID-19, most notable of them being Chloramidine, an inhibitor of PAD4 and NE inhibitor Sivelestat (ONO-5046), that has already been approved for the treatment of ARDS in Japan (92). While Sivelestat improves pulmonary function and oxygen saturation in ARDS patients, meta-analysis of completed clinical trials did not show improvement in survival of patients with ARDS (129). Currently, new generation of NE inhibitors (Lonodelestat, Alvelestat, CHF6333 and Elafin) have entered clinical trials, albeit neither NE nor PAD4 inhibitors are currently tested in clinical trials investigating COVID-19. Other, less specific drugs that could inhibit neutrophil recruitment or indirectly attenuate NETs formation such as Colchicine, Disulfiram, Anakinra, N-Acetyl Cysteine, Azithromycin, Aspirin, Cyclosporine A and Metformin are being clinically evaluated in COVID-19 but only two will inspect the effect of intervention on NETs formation (92). One retrospective study will examine the effect of Anakinra and the other examined the effect of disulfiram, but no results are currently available (NCT04594356, NCT04594343). Finally, hydroxychloroquine that interferes with NETs formation through inhibition of TLR9 has been proposed as a therapeutical intervention for COVID-19, although it has already been shown that it does not improve clinical outcome and mortality of patients with COVID-19 (130, 131).

Recently, mtDNA has been identified as an activator of cyclic GMP-AMP synthase (cGAS)-Stimulator of interferon genes (STING) signaling that drives aberrant type I interferon (type I IFN) response in COVID-19 (132). Moreover, pharmacological inhibition of STING improved disease outcome in a murine model of SARS-CoV-2 induced lung inflammation. Since type I IFN is also known to be an inducer of NETs formation, therapeutical targeting of DAMPs that are released from dead pneumocytes after SARS-CoV-2 infection should also be considered (133, 134). In fact, it has already been proposed, that cell-free mitochondria constitute a potential treatment target, since inhibition of their recognition by neutrophils could result in decreased neutrophil reactivity and NETs formation (135).

Another possible therapeutic strategy is to focus on the removal of NETs. NETs clearance is important for preventing sterile inflammation and thrombosis and is carried out by monocytes and macrophages, but also depends on the plasma nuclease activity (136). Because of histones, antimicrobial peptides and other proteins that bind DNA with high affinity, NETs may be partially resistant to deoxyribonuclease (137, 138). Additionally, anti-NET antibodies found in the plasma of COVID-19 patients likely also stabilize NETs and impair their clearance (139). Nevertheless, exogenous administration of recombinant deoxyribonuclease 1 has already been shown to decrease the concentration of plasma levels of cell free DNA and NETs in vitro and may be used as a potential therapeutic intervention (140). There are currently 8 registered clinical trials evaluating NETs in COVID-19 patients (NCT04409925, NCT04541979, NCT05139901, NCT04359654, NCT04402970, NCT04817332, NCT04594356, NCT04594343). Of those, NCT04594356, NCT04594343 were mentioned above and will investigate the effect of Anakinra and Disulfiram, and NCT04817332 evaluates the effect of protease inhibitor Brensocatib, that is expected to reduce NE activity. The remaining five are investigating the effect of recombinant human DNase 1 (rhDNase 1) on NET quantity, with NCT04402970 having already published results (141). In this study, treatment with rhDNase 1 was associated with decreased DNA-MPO complexes (i.e. NETs) in lungs as well as improved oxygenation. This study was however limited by its small sample size of 30 patients, and while a small decrease in mortality was observed upon rhDNase 1 treatment, it was not statistically significant and a more extensive trial would be warranted. All of the currently available as well as proposed treatments targeting NETs are listed in the Table 2.


Table 2 | Compounds that degrade or inhibit the formation of NETs and their corresponding targets with proposed mechanism of action in relation to clinical trials with COVID-19 patients.



Increased concentration of NETs components and cfDNA were negatively associated with clinical outcomes, indicating that NETs formation should be potentially evaluated not only as a novel target for therapeutic interventions, but could also be used as a clinical biomarker (142). A case study by Zuo and colleagues found remnants of NETs such as cfDNA, citrullinated histone H3, myeloperoxidase and its complexes in patient sera were associated with higher risk of thrombosis, in spite of previous prophylactic anticoagulation (143). While this phenomenon should be further explored, these results suggest that standard anticoagulation treatment may not be sufficient and targeting NETs formation and promoting their degradation should be prioritized.

Today, it still remains unclear what induces the formation of NETs during SARS-CoV-2 infection, why geriatric and not immunosuppressed patients are at higher risk of death from COVID-19, and how to best intervene to avoid the negative consequences of increased NETs production. Since the early outbreak in Wuhan, old age was found to be a major risk factor for mortality of COVID-19 patients (144). While it has been hypothesized, that increased risk of thrombotic complications is attributed to individuals with specific genetic conditions that favor the release of NETs and are therefore predisposed for abnormal coagulation (145), so far, no studies have stratified COVID-19 patients ex ante based on NETs formation. Whether elderly people and those with underlying health problems such as diabetes or asthma are at the highest risk of developing severe COVID-19 because of altered neutrophil function and NETs formation remains to be determined.



Conclusion

NETs research is in an exciting phase. While the evidence for the procoagulatory properties of NETs and their involvement in the COVID-19 pathology is growing stronger, insight into the mechanisms initiating their formation is still lacking. To develop targeted therapies focused on NETs inhibition is only possible if the factors that are involved in their induction are elucidated, and that requires extensive preclinical studies followed by clinical trials. This work presents current knowledge on the stimuli that might activate neutrophils and induce the formation of NETs during SARS-CoV-2 infection and highlights possible treatment options for COVID-19, but also for several other pathologies with shared pathogenesis involving NETs formation. Many unknowns need to be resolved, but understanding the complexities of NETs formation in vivo would be beneficial beyond the current pandemic.
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SARS-CoV-2, which initially emerged in November of 2019, wreaked havoc across the globe by leading to clinical acute respiratory distress syndrome and continues to evade current therapies today due to mutating strains. Diabetes mellitus is considered an important risk factor for progression to severe COVID disease and death, therefore additional research is warranted in this group. Individuals with diabetes at baseline have an underlying inflammatory state with elevated levels of pro-inflammatory cytokines and lower levels of anti-inflammatory cytokines, both of which cause these individuals to have higher susceptibility to SARS- CoV2 infection. The detrimental effects of SARS-CoV-2 has been attributed to its ability to induce a vast cell mediated immune response leading to a surge in the levels of pro-inflammatory cytokines. This paper will be exploring the underlying mechanisms and pathophysiology in individuals with diabetes and insulin resistance making them more prone to have worse outcomes after SARS- CoV2 infection, and to propose an adjunctive therapy to help combat the cytokine surge seen in COVID-19. It will also look at the immunomodulatory effects of glutathione, an antioxidant shown to reduce immune dysregulation in other diseases; Vitamin D, which has been shown to prevent COVID-19 patients from requiring more intensive care time possibly due to its ability to decrease the expression of certain pro-inflammatory cytokines; and steroids, which have been used as immune modulators despite their ability to exacerbate hyperglycemia.
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Introduction

With approximately 251 million confirmed cases, over 5 million deaths documented and only about 3.15 billion of the 7.7 billion total global population fully vaccinated as of November, 2021 (1). The novel strain of coronavirus, which originally appeared in Wuhan, in the People’s Republic of China at the end of 2019 and was found to precipitate acute respiratory distress syndrome (ARDS) is still wreaking havoc across the globe (2).

The genetic similarity of this novel strain to SARS-CoV-1, formerly known as SARS-CoV, and Middle East Respiratory Syndrome Coronavirus (MERS-CoV) lead to it being named Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). SARS-CoV-2 is an enveloped, positive-stranded RNA virus which belongs to a large family of Coronaviridae viruses with noxious capability across many species (3). Prior to COVID-19, Coronaviridae family was well known for being the most common cause of common cold.

Evolution and mutations are an essential part of the viral life cycle of SARS-CoV-2; therefore, the risk of a more virulent strain or decreased vaccine efficacy is a potential outcome. Since the emergence of SARS-CoV-2 there have been a few different variant strains, some more prevalent in certain regions. The World Health Organization (WHO) has separated these variants into four different classes based on their potential for harm, those deemed to be a lower risk were assigned to the class: variant being monitored (VBM), next is variant of interest (VOI), followed by variant of concern (VOC) and finally variant of high consequences (VOHC). The designation of a variant to a certain class differs from country to county (4). Currently, WHO has designated five of the SARS-CoV-2 variants as VOC, these include Alpha, Beta, Gamma, Delta and the newest variant Omicron (5). For a variant to be assigned to VOC this conveys that this strain has shown to be highly transmissible, has increased morbidity and mortality, has shown to have a reduction in neutralization by antibodies, has decreased vaccine or treatment effectiveness as well as interference with diagnostic testing (6). The precise impression is yet to be determined for variant Omicron as this strain materialized very recently and research is ongoing. All of the VOCs have mutations in the spike protein, with variant Alpha having mutations in receptor binding domain along with spontaneous spike mutation and mutation near S1/S2 furin cleavage site, Beta variant was found to have mutations in receptor binding domain of spike protein and Gamma and Delta variants both demonstrated numerous spike protein mutations. As more information becomes available, Omicron was found to have spike protein mutations- a protein essential for viral entry and hence has been a target for vaccine development (7–9).

Over the past year there have been many different mechanisms of virulence, pathophysiology and mechanism of action proposed, each changing as newer information has become available about this novel strain. The mode of infection is via the viral spike S-glycoprotein binding to the ACE2 (Figure 1) on the epithelial surface to mediate viral entry (13). This process is supported by transmembrane protease serine 2 (TMPRSS2) (14), which in COVID-19 leads to a robust immune response resulting in acute inflammation with increased levels of inflammatory mediators including cytokines and chemokines (15). This activation of the immune system provides us with the insight as to why individuals who are immunocompromised at baseline with other comorbidities such as diabetes tend to have a more severe disease progression. Multiple studies have shown that individuals with diabetes are prone to have cytokine dysregulation at baseline with increased levels of pro-inflammatory cytokines and decreased levels of anti-inflammatory cytokines (16).

The difficulties attributed to COVID-19 response is multi-factorial, some of which include new emerging strains, lower socioeconomic status, lack of resources and different co-morbidities with underlying augmented baseline inflammation and immune dysregulation as seen in diabetes. This paper will be divulging into the mechanism and pathophysiology of why individuals with diabetes and insulin resistance are more prone to have worse outcomes after COVID-19 and propose an adjunctive therapy to help combat the cytokine storm as seen in COVID-19 to help alleviate the underlying inflammation (2, 16).



Pathogenesis of SARS-CoV-2

SARS-CoV-2 are RNA viruses which spread via bodily fluid exposure. Viral attachment and entry into host cells happens using the spike protein which sits on the virus’ membrane. Spike protein is composed of two subunits S1 which promotes infectivity via receptor binding and S2 which increase entry via endocytosis. S1 subunit which infects via receptor binding attaches to the host cell via angiotensin-converting enzyme-2 (ACE2) receptors (Figure 1). Here the entire virus enters the cell by being encased in an endosome. Once in the cell, this membrane is then broken-down piece-by-piece by the protease cathepsin. Eventually, this will expose the viral RNA to the cytoplasm. Neuropilin-1 is another host cell receptor for SARS-CoV-2 and facilitates infectivity, the exact mechanism is still debatable, though it is thought to allow for S1 binding as well (16–22).

The second mode of entry requires spike protein cleavage at the S1/S2 site by proteases which includes transmembrane protease serine 2 (TMPRSS2) and cathepsin L (16, 17). This allows for fusion of the S2 component with the cell’s plasma membrane leading to an opening or fusion pore, facilitating the RNA’s entry into cellular cytoplasm (17, 21, 22). Once in the cytoplasm of the cell the RNA genome gets translated into viral proteins. These will eventually form into viruses and be released from the cell (23). Figure 1 demonstrates the steps for entry requiring spike protein cleavage.

As more information about this novel virus is elucidated, another protease’s role in promoting infectivity is becoming more significant. Furin is a proprotein convertase (PC) that has a role in cleaving proteins. It is generally located on the trans-Golgi network and has been found to also cleave at the S1/S2 component of the spike protein. It is thought that this will enhance viral maturity and processing once the virus is already in the cell (23, 24). The spike protein also has a unique furin cleavage site at the S1/S2 junction which facilitates fusion of S2 to the cellular receptor neuropilin-1 (NRP1). This amplifies transmission of SARS-CoV-2 (25). Studies show that patients with diabetes and metabolic syndromes have higher plasma furin levels (26).

It has further been discussed that this elevation in furin may increase the mortality of COVID-19 patients. The augmented furin levels raises susceptibility of host cells, hence boosting viral load. We predict that patients may have worse outcomes secondary to higher viral infiltration of organs with higher furin concentration such as the lungs, kidneys, and atherosclerotic plaques. Respectively, many fatal outcomes from COVID-19 seem to come from acute respiratory distress syndrome, acute renal failure, and acute cardiac injury with heart failure (27).



Mechanism for Insulin Resistance

Diabetes mellitus is a disorder affecting glucose metabolism and can be separated into two types. Type one involves insulin deficiency while the more common type two involves insulin resistance (28, 29).

Insulin resistance is a decreased responsiveness of tissues and cells to circulating insulin. This leads to both increased circulating levels of insulin, as well as higher levels of circulating glucose (30).

Insulin resistance is a metabolic disorder that is not easily explained by a single metabolic pathway. Chronic exposure to energy surplus is postulated to lead to insulin resistance. This usually induces ectopic lipid accumulation in the liver, muscles and adipose tissues leading to reduced glucose uptake by skeletal muscle and decreased glycogen synthesis in the liver (28). Ectopic lipid accumulation is postulated to be one of the main causes of development of insulin resistance. Early studies by Randle suggest that fatty acids impair insulin-mediated glucose uptake by inhibition of pyruvate dehydrogenase, leading to decreased glucose oxidation, which is necessary for glucose metabolism (29).

While plasma lipids play an important role in insulin resistance, other studies have demonstrated that elevated accumulation of intra-myocellular lipid, especially diacylglycerol (DAG) alters the cellular matrix by activating a de-novo protein kinase C (PKC). This impairs insulin signaling by increasing protein phosphatase 2A (PP2A) and sequestrating serine/threonine kinase (Akt2); both of which play an important role in the function of the insulin receptor and it’s signaling pathway as well as in glucose uptake (31–33).

Ceramides are by-products of fatty acids and are believed to play an important role in insulin resistance. As fatty acids enter the cell, they get esterified with sphingosine creating ceramides. These ceramides are membrane bound lipids, found in greater quantities in the muscles and liver cells (34). One-way chronic inflammation can be explained in patients suffering from insulin resistance is by the activation of the innate immune signaling pathway triggered by toll-like receptor 4 (TLR4). TLR4 are an upstream signal required for ceramide biosynthesis. Ceramides are associated with lipid-induced inflammatory pathways and the development of proinflammatory components such as kinase IKβ (35). Patients in septic shock who are suffering from obesity and/or diabetes exhibited an increase in insulin resistance and an elevation in cytokines, this would suggest that insulin resistance plays a role in cytokine production and its downstream complications (36, 37). In turn, cytokines can feed back into this system causing insulin resistance. For example,Tumor necrosis alpha (TNF-α) directly causes insulin resistance through insulin receptor substrate-1 (IRS-1) and insulin receptor substrate-2 (IRS-2 via promoting serine/threonine phosphorylation of the substrates. This leads to an inhibition of the insulin receptor and causes insulin resistance (38).

Diabetes also imparts damage to the body by increasing oxidative stress in DNA, proteins and lipids, which leads to an enhanced cellular response and activation of PKC, transcription factor nuclear factor kappa B (NF-κB) and JNK stress associated kinase (39). Hyperglycemia also leads to microvascular damage, resembling poorly perfused tissue. This in part is referred to as pseudohypoxia which impairs oxidation of NADH to NAD+. Oxidative stress increases reactive oxygen species (ROS) such as superoxide anion and possibly nitric oxide formation and decreases oxidative defenses leading to tissue damage (40).

While there are multiple pathways which lead to oxidative stress such as glucose oxidation, non-enzymatic glycation, and polyol pathways. The polyol pathway appears to have the greatest effect on oxidative stress in an individual (41). The polyol pathway consists of two enzymes, aldose reductase (AR) and sorbitol dehydrogenase (SDH), that aid in the formation of glucose to sorbitol and sorbitol to fructose (42). Therefore, hyperglycemia leads to tissue damage via two pathways, osmotic damage via sorbitol accumulation and oxidative stress by means of oversaturating the polyol pathway and ROS accumulation. The first reaction requires a NADPH for the conversion of glucose into fructose by AR. This in turn, depletes NADPH which is needed by glutathione reductase to generate glutathione (GSH), leading to a depletion of GSH. The second reaction is the conversion of sorbitol to fructose by SDH which causes oxidative stress by increasing the NADH cofactors, a substrate for ROS (43). These are some of the main pathways and reactions believed to cause tissue damage, increase pro inflammatory molecules which eventually leads to insulin resistance.



Mechanism Behind Impaired Immune Response in Diabetes

The pathophysiology and treatment of SARS-CoV-2 has been inexorably linked with our immune system. Severe SARS-CoV-2 infections appear to be largely related to inappropriate and excessive immune system response (15). Meanwhile, humoral and cell mediated immune responses appear to be the cornerstone of the treatment and prevention of SARS-CoV-2. Many attempts at therapeutics have relied on convalescent plasma or monoclonal antibodies, supporting, and amplifying our body’s own natural immune system. Likely more important, highly effective COVID-19 vaccines rely on our bodies own humoral immune system to be effective.

Diabetic patients, making up over ten percent of the population in the United States, and known to have markedly increased mortality rates due to SAR-CoV-2 infections are a group of significant interest regarding COVID-19 infections (4, 44). A meta-analysis concluded that blood glucose level was elevated in severe SARS-CoV-2 when compared to milder disease, and while hemoglobin A1C (HbA1C) was slightly higher in severe disease, it was not significant. This was again seen in a retrospective study by Patel and team which showed that in diabetic patients hospitalized with SARS-CoV-2 there was no significant association between HbA1C level and adverse clinical outcomes (45, 46). Despite there being no significant correlation between HbA1C and adverse outcomes early in the pandemic, a recent meta-analysis by Zheng et al. concluded that uncontrolled hyperglycemia for a prolonged period was associated with adverse prognosis. The mechanistic effect of hyperglycemia on inflammation and cytokine surge has been established in many studies (47).

Glucose reacts non-enzymatically with proteins, forming compounds which undergo a series of irreversible changes over time to become advanced glycation end-products (AGEs). In studies AGEs significantly increase the mRNA expression and production of TNF- α in endothelial cells cultured and grown from the human umbilical vein. TNF- α can then induce the production of inflammatory cytokines such as interleukin-6 (IL-6), interleukin-8 (IL-8), and granulocyte-macrophage colony-stimulating factor (GM-CSF) from endothelial cells (48).

Diabetes, poor glycemic control, and inability to produce adequate insulin are related to several immunosuppressive effects in relation to B and T cell activity, and lead to the disease being considered an immunosuppressive condition. These effects are likely the root of the markedly increased mortality seen in this population, and worth further investigating (44).

Cell-mediated response is assisted and amplified by the activity of CD8+ T cells, leading to the cascade of cytokines that rally other components of the cell-mediated immune response. Prior research has shown that this response is blunted in diabetics (46, 49). For example, research has shown that viral infection can cause states of insulin resistance in skeletal muscle and other sites in the body. This leads to a hyperglycemia and resulting compensatory hyperinsulinemic state. These increased levels of insulin have been shown to be stimulating factors for CD8+ T cells. This hyperinsulinemic response has been shown to be blunted in patients with Type II diabetes (T2DM), leading to decreased CD8+ T cell activity and a state of hyperglycemia in the presence of infection (50, 51). There are also associated effects of uncontrolled hyperglycemia, including glycosylation components of the immune system including IgG and IgM antibodies, as well as inappropriate activation of CD4+, CD8+, and cytotoxic T cells, and decreased production of inflammatory cytokines in immune responses (52). A study comparing patients with impaired glucose tolerance (IGT) to non-diabetic subjects showed that IL-6, C-reactive protein (CRP), serum amyloid A protein, and fibrinogen were more elevated in patients with T2DM (53). Another study looked at type II diabetics who did and did not have an infection present compared to non-diabetic patients with and without infection. Both cohorts of diabetics had higher levels of CRP than the control group of non-diabetic patients with no infection (54, 55).

SARS-CoV-2 infections present somewhat of a paradox regarding cell-mediated immune response. While necessary to control the viral replication and limit infection, it appears most of the serious adverse effects of the infection result from an overactive cytokine cascade. This should raise the question of why immunosuppression is not beneficial in these patients. A similar issue exists regarding steroid use as a therapeutic agent, having been found to have both beneficial and harmful effects in different patient populations (56). Likely the easiest way to parse out the complicated relationships between these competing effects is to look at the result. Diabetics are found to have a higher rate of clinically significant infection, and nearly 3 times the mortality rate from infections (44). This suggests that while there are likely both protective and deleterious effects of the blunted immune response in diabetics- overall it is a detrimental process. The differential effects of glucose on the various immune cell types can be gleaned in Table 1.


Table 1 | The effects of hyperglycemia on the various types of immune cells.






Figure 1 | SARS-CoV2 infection of host cells (10–12): 1. Attachment of S1(green) subunit of the SARS-CoV-2 (pink) spike protein to the ACE 2 (Orange) receptor on the host cell plasma membrane (blue). 2. Cleavage of S1/S2 (green/purple) complex by either TMPRSS2, or Furin (red) 3. Fusion of the S2 spike protein component with the host cell plasma membrane.



Humoral immunity, and a sustained antibody response to SARS-CoV-2 infections, whether by natural infection or vaccination appear to be the definitive method of control of the pandemic. The question of sustained immune response will likely be the deciding factor of whether COVID-19 becomes a seasonal infection, or eventually sputters out as the number of potential infected dwindles. One of the current areas of interest is how long the antibody response to COVID-19 infections lasts from a natural infection, how long it provides effective resistance, and how the response from different vaccines compares to this (60). Diabetics are again a group of interest because of impaired B-cell response. Clinically, diabetics have shown impaired humoral immune responses to both infections and vaccinations in the past (significant examples being influenza and hepatitis B vaccines) (61). The effects of diabetes on humoral immunity are complex and interconnected. Factors limiting cell mediated immune responses mentioned above contribute to a less robust activation of the humoral immune system, while glycosylation of antibodies directly affects the effectiveness of these responses (52, 61). All of this inflammatory dysregulation present in diabetics is a recipe for disaster if mixed with COVID-19. Both disease states have many similar pro-inflammatory mechanisms that can potentiate a very sick patient (50). Despite this, clinical trials have shown mixed, but promising, results of immune response to COVID-19 (measured in antibody titers) that appear to be appropriate and sustained (61, 62). Giving some hope that this population will have an effective response to vaccination programs going forward. Table 2 Summarizes the main factors of diabetes that contribute to SARS-CoV-2 pathophysiology as discussed in this paper.


Table 2 | Summary of the main factors of diabetes that contribute to SARS-CoV-2 pathophysiology as discussed in this paper.





Role of Vitamin D and Glutathione in Decreasing Cytokine Surge and Oxidative Stress

Glutathione (GSH) is an endogenous compound which continuously cycles between oxidative states in order to regulate the body’s oxidation status (63). Reduced GSH is oxidized to form Glutathione disulfide (GSSG) upon reduction of reactive oxygen species (ROS)-scavenger enzymes (64). Thus, GSH ultimately neutralizes oxidative compounds via a series of enzymatic reactions, combating the oxidative stress induced pro-inflammatory cytokine expression classically seen in diabetic patients (63, 64). Certain agents can upregulate or downregulate glutathione activity. For instance, N-acetyl-cysteine (NAC) and glutathione ether ester (GEE) increase intracellular GSH levels whereas Diamide and Buthionine Sulfoxime (BSO) deplete intracellular GSH (64–66). In lymphoma B cells, BSO treatment and consequent GSH depletion increased ROS production, ultimately inducing apoptosis (65).

GSH affects the expression of cytokines, this has been established by many studies which show an imbalance between pro and anti-inflammatory cytokines in disease states such as diabetes and human immunodeficiency virus (67). In a study analyzing heart failure among rabbits, those treated with NAC showed greater levels of GSH and consequently decreased expression of the transcription factor NF-κB when compared to controls. NF-κB activity upregulates expression of IL-6, interleukin-1(IL-1), and TNF-α (66). Furthermore, lower total GSH levels were correlated with increased disease severity and lung damage, highlighting glutathione’s potential role in COVID-19 management (68). Essentially, GSH reduces oxidative stress and the expression of cytokines pertinent to the diabetes related exacerbation of SARS-CoV-2 pathogenesis and thus could be a potential therapeutic target for reducing disease severity. Several clinical trials, as listed in Table 3, investigate the therapeutic potential of glutathione in COVID-19 pathogenesis; however, diabetic-specific trials have not yet been commenced (69–73).


Table 3 | Current glutathione-relevant clinical trials in COVID-19 patients and their corresponding clinicaltrials.gov identification numbers, treatments, measured parameters, and clinical phases.



In addition to GSH, Vitamin D can also be implicated in the therapeutic barrage against COVID-19. In a randomized clinical study, patients with COVID-19 who were administered 25-Hydroxyvitamin-D3 (calcifediol) showed a significantly lower need for Intensive care unit (ICU) treatment when compared to non-administered COVID-19 patients (74). In another randomized clinical trial consisting of 130 COVID-19 patients with hypovitaminosis D, high dose (60,000 IU) daily oral supplementation of Vitamin D significantly increased systemic Vitamin D levels and decreased the levels of the following inflammatory markers: C-reactive peptide (CRP), IL-6, and Neutrophil/lymphocyte ratio (75). Information on clinical trials involving Vitamin D supplementation in COVID-19 patients can be gleaned from Table 4 (76, 77). No clinical trials involving vitamin D supplementation in diabetic COVID-19 patients have been undertaken.


Table 4 | Current Vitamin D-relevant clinical trials in COVID-19 patients and their corresponding clinicaltrials.gov identification numbers, treatments, measured parameters, and clinical phases.



Both 25-Hydroxyvitamin-D3 and 1,25-Dihydroxyvitamin-D3 (calcitriol) inhibit the expression of TNF-α, IL-6, Monocyte chemoattractant protein-1(MCP-1) and NF-κB in lipopolysaccharide-stimulated and unstimulated macrophages (78). They also significantly reduce the expression of IL-6, MCP-1, and IL-8 in a dose-dependent manner among human periodontal ligament fibroblasts as well as the expression of MCP-1 and IL-8 in primary human periodontal ligament cells (79). These anti-inflammatory outcomes of vitamin D administration may be explained by its effects on TNF-α. In vascular smooth muscle cells (VSMCs) TNF-α activates NF-κB via TNF receptor binding, eventually inducing the expression of pro-inflammatory genes such as MCP-1 and Interleukin -1 beta (IL-1β) (80). However, administration of both calcitriol and paricalcitol attenuated TNF-α-dependent NF-κB binding to DNA, decreasing nuclear translocation of NF-κB and consequent NF-κB-induced gene transcription (81). Thus, vitamin D inhibits the NF-κB-induced transcription of cytokines upregulated during hyperglycemia and the cytokine storm seen in severe SARS-CoV-2 infection. Vitamin D may also alleviate heightened oxidative stress characteristic of hyperglycemia, subsequently alleviating SARS-CoV-2’s pathogenesis in diabetic patients. According to a meta-analysis and systematic review by Sepidarkish et al., Vitamin D supplementation increases serum levels of glutathione (GSH) and significantly depletes malondialdehyde (MDA), indicating decreased oxidative stress (82). Furthermore, treatment with Vitamin D increases glucose tolerance and decreases insulin resistance. The proposed mechanism involves a direct stimulation of insulin-producing pancreatic cells via their vitamin D receptors and an indirect stimulation via normalization of systemic calcium levels, allowing appropriate calcium-induced insulin secretion (83). Despite there being no clinical trials demonstrating that low Vitamin D levels lead to higher SARS-CoV-2 susceptibility, there have been numerous studies showing that the pre-infection Vitamin D deficiency is associated with increased morbidity and mortality and hence lower Vitamin D levels are likely a good predictor for disease progression (84).

A study by Demir et al. validates the impact of Vitamin D on inflammation. This study showed that as Vitamin D levels increased, the risk of SARS-CoV-2 infections decreased along with its downstream effects. It proved that if an individual is already positive for COVID-19, as their Vitamin D levels increased, the levels of inflammatory markers such as D-Dimer and C-reactive protein decreased along with the extent of lung injury (85).

Numerous studies have displayed that having baseline levels of Vitamin D deficiency is a common risk factor for multiple inflammatory diseases including obesity, diabetes, insulin resistance and atherosclerosis (86, 87).

A study conducted by Jain and team looked at the link between Vitamin D deficiency and a lower GSH level, where they showed that supplementation using a combination of Vitamin D and L-cysteine significantly raised GSH levels while lowering oxidative stress, TNF-α level, and insulin resistance levels in blood (86).

Thus, Vitamin D supplementation not only reduces oxidative stress, but it also augments GSH and contributes to improving diabetic hyperglycemia and its associated inflammation.



Steroid’s Role in COVID-19 Infection

Corticosteroids which include glucocorticoids and mineralocorticoids are a class of stress hormones released in a circadian manner by the adrenal cortex. It plays a role in regulating physiologic processes essential for life (88). Today corticosteroids are at the forefront of immunosuppressive and anti-inflammatory therapy and hence are a critical part in the fight to combat the detrimental impact of SARS-CoV-2 (89). The release of glucocorticoids is regulated by hypothalamic-pituitary-adrenal (HPA) axis (88, 90). The downstream effects of glucocorticoids are mediated via two major pathways; first by its direct effect on gene transcription via glucocorticoid responsive elements and transcription factors, both of which inhibit cytokine synthesis, obstruct promoter sites of pro-inflammatory cytokines and impede nuclear factor kappa B. Nuclear factor kappa B which acts to activate immunoregulatory genes in inflammation, therefore when inhibited by steroids, leading to a decrease in inflammation (91, 92). Secondly corticosteroids modulate cytokine function via post translation events by affecting the stability of messenger RNAs which encodes for certain cytokines (93, 94).

Corticosteroids are immunosuppressants and hence will function to decrease the cytokine production, but concurrently would also hinder the defensive properties of the immune system by blocking T-cells and decreasing the ability of B-cells to make antibodies. They also subdue the function of macrophages and natural killer cells, hence, impeding the body from fighting against superimposed infections (95). A study by Lee et al. showed that early corticosteroid use was associated with higher continuous plasma viral load (96). The recovery trial, one of the more prominent studies supporting corticosteroids for SARS-CoV-2 concluded that dexamethasone for 10 days reduced 28-day mortality in patients receiving some form of respiratory support but found no benefits and possibly harm in patients not requiring oxygen supplementation. This was also seen documented in the meta-analysis by WHO prior to their recommendation for corticosteroid use along with many other studies, all of which recommended corticosteroids for severely ill patients only (10, 56, 95, 97, 98).

As SARS-CoV-2 lead to devastation across the globe, the impact of different co-morbidities became more apparent, and the different consequences became evident. Diabetes is one of the co-morbidities that has been shown to be an independent risk factor for infections and for severe disease progression of Covid-19 (11, 12). There have been many emerging reports and studies showing that there is a high rate of mucormycosis infection in patients with SARS-CoV-2 in India. Hyperglycemia, becoming worse in the setting of corticosteroid supplementation, provides an ideal environment for fungal infections (11). In a systemic review of cases looking at 101 patients with mucormycosis it was found that 80% were diabetic patients and 76.3% had received corticosteroids, as there was no specific documentation of the prevalence of infections in diabetic and non-diabetic patients’ definitive conclusions could not be drawn (11).

As noted above, steroids are undoubtfully beneficial and most definitely contributed to keeping our mortality rate lower, but are not without risk, and these risks are compounded when coupled with certain co-morbidities such as diabetes. Therefore, it is crucial that the usage of corticosteroids is done cautiously in certain population, such as the immunocompromised community.



Conclusion

Diabetes is currently one of the top ten causes of death worldwide, the number of individuals with diabetes rose from 108 million in 1980 to 422 million in 2014 and in 2019, an estimated 1.5 million deaths were directly caused by diabetes (1). The underlying immune system dysregulation became an imminent point of interest as the COVID-19 pandemic swept through the globe. SARS-CoV-2 by itself had exhausted medical resources as there was a rush to analyze the pathogenesis of the novel virus. Nowadays, there are multiple vaccines available but only a fraction of the world’s population has been vaccinated. As we see newer strains emerging it begs the question if the current vaccines provide appropriate protection from these evolving viruses.

In the executive summary published by the Centers for Disease Control and Prevention (CDC), reviewing the meta-analysis of clinical trials, it was suggested that vaccination is effective in preventing severe infection and provided protection from variants. This analysis also showed that various immune markers including neutralizing antibodies, including CD 4+ and CD8+ T cells, have a half-life, and see a decline after a period of time. Memory B cells on the other hand was elevated after an infection/vaccination and this level was sustained (99, 100).

CDC’s weekly report showed that vaccine effectiveness was significantly reduced in patients 4-6 months after vaccination, showing increased morbidity and mortality among nursing home residents who had already received the full vaccination series when the Delta variant predominated, hence reenforcing the need for boosters (101).

Here we presented GSH, an antioxidant that has been shown to normalize pro and anti-inflammatory cytokines in other disease states such as diabetes and HIV, as a potential therapeutic pathway for COVID-19 infections. We also discussed the risks and benefits of corticosteroids and recommend that physicians use them sparingly when dealing with patients who do not require respiratory support. Immunomodulation with steroids, GSH, and Vitamin D have shown beneficial effects in prior studies related to similar inflammatory conditions and warrant further research in the pathophysiology and treatment of COVID-19.
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Coronavirus disease 2019 (COVID-19) has evolved into an established global pandemic. Metabolomic studies in COVID-19 patients is worth exploring for further available screening methods. In our study, we recruited a study cohort of 350 subjects comprising 248 COVID-19 patients (161 non-severe cases, 60 asymptomatic cases, and 27 severe cases) and 102 healthy controls (HCs), and herein present data with respect to their demographic features, urinary metabolome, immunological indices, and follow-up health status. We found that COVID-19 resulted in alterations of 39 urinary, mainly microbial, metabolites. Using random forest analysis, a simplified marker panel including three microbial metabolites (oxoglutaric acid, indoxyl, and phenylacetamide) was constructed (AUC=0.963, 95% CI, 0.930-0.983), which exhibited higher diagnostic performance than immune feature-based panels between COVID-19 and HC groups (P<0.0001). Meanwhile, we observed that urine metabolic markers enabled discriminating asymptomatic patients (ASY) from HCs (AUC = 0.981, 95% CI, 0.946-0.996), and predicting the incidence of high-risk sequalae in COVID-19 individuals (AUC=0.931, 95% CI, 0.877-0.966). Co-expression network analysis showed that 13 urinary microbial metabolites (e.g., oxoglutaric acid) were significantly correlated with alterations of CD4+, CD3+, and CD8+ T-cells, as well as IFN-γ, IL-2 and IL-4 levels, suggesting close interactions between microbial metabolites and host immune dysregulation in COVID-19. Taken together, our findings indicate that urinary metabolites may have promising potential for screening of COVID-19 in different application scenarios, and provide a new entry point to understand the microbial metabolites and related immune dysfunction in COVID-19.
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Graphical Abstract | We characterise the alterations and functions of urinary microbiome-associated metabolites, and highlight the reciprocal interaction of urinary metabolomics, immune dysregulation, and physical and psychiatric sequelae in different severity of COVID-19 patients.




Introduction

Coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has been designated as a global pandemic, and a public health emergency of international concern (1). With worldwide implementation of SARS-CoV-2 RNA detection, mandatory lockdowns, and vaccines against COVID-19 (2), the COVID-19 outbreaks in some countries have been gradually alleviated. However, due to the currently poor understanding of the underlying pathogenic mechanisms of SARS-CoV-2 infection (3), unavailability of sensitive detection technologies in developing countries (4), and evolution of variant SARS-CoV-2 strains, the international community remains in a struggle to control the COVID-19 pandemic which may long-term co-exist with humans.

Emerging evidence has shown significant microbial dysbiosis in COVID-19 infection (5, 6). For example, Ren et.al., observed that the butyrate-producing bacterial genera, Porphyromonas and Fusobacterium, are significantly depleted in COVID-19 patients, accompanied by altered lipidomic metabolism (7). Furthermore, SARS-CoV-2 infection is associated with significant changes of T-cells and cytokines, which could compromise host immune homeostasis and stability of the microbial communities residing in the human gut (8). Particularly, some ubiquitous fungi, such as Aspergillus, have the potential to cause a variety of pulmonary and respiratory symptoms following COVID-19 (5). Microbial dysbiosis may also be a sequela of COVID-19. Yeoh et.al., demonstrated that gut microbiota composition in recovered patients remained significantly altered compared with non-COVID-19 individuals (9). Recent studies have reported that COVID-19 survivors are at an increased risk of physical and psychiatric sequelae (10). The principal long-term consequences in survivors of COVID-19 are post-traumatic stress disorder (PTSD) (11), depression (12), and anosmia/hyposmia (13). As COVID-19 heals, accompanying sequelae are more likely to be ignored. The large numbers of patients being discharged from hospital with incomplete resolution of psychiatric and physical symptoms have the potential to result in serious and persisting social problems. Many disease-associated metabolites are excreted in urine, thus affording urine the ability to reflect metabolic alterations in disease (14). Compared with other methods, urine testing is economical, convenient, and non-invasive, and is thus a readily-available source to detect biomarkers for diagnosis and prognosis (15). In addition, microbial metabolites in the host’s circulatory system accumulates in urine, and urinary metabolomic analysis provides a snapshot of host microbial metabolism in COVID-19. Given that the microbiome mainly regulates host metabolism and the immune pathway, it is necessary to simultaneously characterize how microbiome-associated metabolism and host immune signatures change, and to further explore their interactions in relation to physical and psychiatric sequelae at different severities of COVID-19.

To address the above-mentioned knowledge gaps in the pathogenesis of COVID-19, in this study, we established a study cohort of 350 subjects, which included healthy controls (HCs, n=102) and COVID-19 patients of varying severity (n=248, 161 non-severe cases, 60 asymptomatic cases, and 27 severe cases). We firstly characterized the variety of urinary metabolites, T-cell/cytokine levels, and the physical and psychiatric sequelae of COVID-19, and their reciprocal interactions at the different disease severities, to reveal how these disturbed signatures affect host symptoms. Furthermore, using the random forest model, we also selected potential biomarkers from the specific urine microbial metabolites and subsequently constructed three simplified urine marker panels, which exhibited potential in differentiating COVID-19 cases from HCs, asymptomatic patients (ASY) from HCs, and in predicting the incidence of the high-risk sequelae of physical and psychiatric disorders in recovered COVID-19 patients.



Methods


Clinical Definitions

A diagnosis of COVID-19 was confirmed by lung CT scan and RT-PCR assay, and determined by self-report on the baseline questionnaire of a diagnosis according to Chinese Clinical Guidance (16).

Clinical classification was defined based on the COVID-19 diagnosis and treatment plan (5th edition) developed by the National Health Commission of the People’s Republic of China. RT-PCR of all COVID-19 patients were positive. The groups of different COVID-19 patients were tested according to the following guidelines: 1) Asymptomatic infection: SARS-CoV-2 virus nucleic acid or specific antibody positive but without any respiratory or systematic symptoms; 2) Mild infection: mild symptoms without pneumonia; 3) Moderate infection: fever or respiratory tract symptoms with pneumonia; 4) Severe infection (meeting any of the following criteria): (1) respiratory distress (respiratory rate ≥ 30 times/min), (2) oxygen saturation ≤93% at rest, (3) arterial partial pressure of oxygen (PaO2)/fraction of inspired oxygen (FiO2) ≤300mmHg; 5) Critical infection (fulfill any of the following three criteria): respiratory failure and requirement for mechanical ventilation; presence of shock; admission to ICU with other (other than respiratory) organ failure (17).



Recruited Subjects

A total of 248 SARS-CoV-2-infected patients, including 161 non-severe patients (including both mild and moderate patients), 60 asymptomatic patients, and 27 severe patients (including severe and critical patients) (Table 1) were enrolled in this study. The 102 sex and age-matched healthy individuals were used as the HC group: 40 female, 62 male, the median age was 41.0 years old. No demographic differences were observed between HC group and COVID-19 group (sex: P=0.125, Chi-squared test; age: P=0.952, Student’s t-test). Cross-sectional urine and blood samples from 248 COVID-19 patients were collected from Chongqing Public Health Medical Center. Urine and blood samples were collected from 102 HCs who visited the Chongqing Public Health Medical Center for regular health examination. Healthy controls did not take any medications that could influence the immune system, nor had any illnesses.


Table 1 | Baseline characteristics of the recruited COVID-19 patients.





Follow-Up Visit

In our study, the follow-up visit was set via telephone by trained medical staff. If the follow-up appointment was missed, the patient was given three opportunities to reschedule their visit. 151 participants were enrolled for questionnaire interview over the telephone at six months after hospital discharge. All follow-up participants completed a series of questionnaires, including the Chinese-version general anxiety disorder scale questionnaire (GAD-7), the patient health questionnaire (PHQ-9), and the post-traumatic stress disorder (PTSD) questionnaire (The PTSD Checklist-Civilian Version, PCL-C). Scores were considered to be in the pathological range when higher than generally accepted standard cutoff scores were obtained [GAD-7≥10 (18); PHQ-9≥10 (19); PCL-C≥38 (20)].



Cytokine Measurement and T-Lymphocyte Subset Measurement

Cytokines were quantified in plasma samples from 151 COVID-19 patients and 100 HCs. The concentrations of 7 cytokines (IL-2, IL-4, IL-6, IL-10, TNF-α, IFN-γ, and IL-17A) were measured via human th1/th2 cytokine detection kits (Jiangxi Cellgene Biotech) in a flow cytometer (GWZX-SYS-HIV-15, BD FACS-Canto II) following the manufacturer’s instructions (Supplementary Data 1). The T-lymphocyte subset functional and surface markers (CD3+ T-cells, CD4+ T-cells, and CD8+ T-cells) were tested in blood samples from 227 COVID-19 patients and 102 HCs. The measurement was conducted in a flow cytometer (GWZX-SYS-HIV-15, BD FACS-Canto II) with CD4-FITC/CD8-PE/CD3-PerCP detection kits (Tianjin Quanto Biotech), following the manufacturer’s instructions (Supplementary Data 2).



Urine Sample Preparation for Metabolomics

All urine samples from COVID-19 patients and HCs were confirmed to be negative for SARS-CoV-2 by RT-PCR (Supplementary Data 3). Human urine samples were inactivated and sterilized at 56°C for 30 min, and processed with some modifications. 150µl of urine from each human urine sample, 450µl of methanol-chloroform mixture solution (volume ratio of methanol and chloroform was 1:2) and 10µl of internal standard solution (0.3mg/ml 2-cl-phe, methanol as solvent) were added and homogenized via vigorous vortex for 1 min. The suspension was cooled, placed for 2 h at -20°C, and then centrifuged at 10000 rpm at 4°C, for 10 min. 150µl of the supernatant was collected for UPLC-Q-TOF/MS and stored at -80°C, until analysis. Equal aliquots of the supernatant from each metabolite sample (10µl) were pooled together to make the quality control (QC) samples.



Ultra-Performance Liquid Chromatography/Time-of-Flight Mass Spectrometry Analysis

Metabolite samples were analyzed via UPLC-Q-TOF/MS analysis, carried on a Waters I-Class Acquity UPLC (Waters, UK) coupled with a Vion IMS QToF (Waters, UK) using a BEH amide column (100mm × 2.1mm, 1.7µm) (Waters, UK) for HILIC separation. The mobile phase A was 10mM ammonium formate in water, and the mobile phase B was acetonitrile and 10mM ammonium formate in water (volume ratio of acetonitrile and water was 95:5). Metabolites were separated via gradient elution under the following conditions: 0.0 min, 92% B; 0.5 min, 92% B; 5.0 min, 80% B; 9.0 min, 70% B; 10.0 min, 50% B; 11.0 min, 20% B; 12.0 min, 20% B; 12.5 min, 92% B; 15.0 min, 92% B; The flow rate was 0.4mL/min. A total of 2µl was injected onto the column and the column was kept at 45°C. The heated electrospray ionization (HESI) MS was operated in both positive and negative modes.

The instrument parameters were as follows: heater temp, 350°C; sheath gas flow rate, 50arb; aux gas flow rate, 15arb; spray voltage, 3.2KV (positive mode) and 2.8KV (negative mode); capillary temp, 320°C; S-Lens RF level, 50%; MS1 scan ranges, 67-1000. Full scan resolution, 70000; MS/MS resolution, 17500.



Metabolomic Analysis

Baseline filter, peak identification, integration, retention time correction, peak alignment, and normalization were performed by the metabolomics processing software of the instrument, Progenesis QI (Waters Corporation), using raw data to obtain a data matrix with retention time, mass-to-charge ratio, and peak intensity. The accurately identified molecules were further annotated through the KEGG database for metabolic pathways. To analyze the biological functions, the online software MetaboAnalyst 5.0 was utilized. The online database, Ingenuity Pathway Analysis (IPA), Version 13.0, was used to provide disease-related information of metabolites.

The normalized metabolites data matrix was imported into the SIMCA-P+ 14.0 software package (Umetrics, Umea, Sweden) for unsupervised principal components analysis (PCA), to observe the overall sample distribution and the stability of the analysis process. Then, the supervised (orthogonal) partial least square method, (O) PLS-DA, was used to distinguish overall metabolic profile differences and to identify metabolite differences between groups. Variables with variable importance in projection (VIP) scores greater than 1 were considered differential variables. To prevent the model overfitting, the quality of the model was investigated using seven interactive verification cycles and 200 response sequencing tests. To adjust the contribution of comorbidities (hypertension and diabetes), additional statistical analyses were performed excluding the patients with hypertension or diabetes. The metabolites were excluded when it became unsignificant in comparison between non-comorbid patients and HC.



Establishment of the Urine Metabolite Marker Panel

A random forest classifier (Python’s scikit-learn package) was used to identify metabolites with potential predictive value, to generate the classification models, and to evaluate the performance of predictor panels (21, 22). The receiver operating characteristic (ROC) curve was obtained (MedCalc V19) for the display of the constructed models, then the area under the curve (AUC) was used to designate the ROC effect. Moreover, the screening efficacy of potential biomarkers for presence in COVID-19 patients was assessed with the misdiagnosis rate, the missed diagnosis rate, and the Youden Index (YI) (23). All the screening models were tested using five-fold cross validation as internal validations. To adjust the contribution of comorbidities (hypertension and diabetes), additional statistics were performed excluding the patients with hypertension or diabetes. The metabolites were excluded when it became unsignificant in comparation between no-comorbidity patients and HC.



Weighted Gene Co-Expression Network Analysis

WGCNA was used to identify key phenotype-related urine metabolic modules based on correlation patterns. WGCNA was performed using an R software package for WGCNA, along with official tutorials (https://horvath.genetics.ucla.edu). All urine metabolites were integrated into a scale-free network topology using ‘step-by-step network construction’, with default parameters (24). Associations between COVID-19 phenotypes (disease subgroup, T-cell levels, cytokines, and follow-up depression/anxiety symptoms) and modules were calculated with Pearson correlation coefficients. The modules that significantly (FDR < 0.05, adjusted by age and sex) associated with at least one COVID-19 phenotype were identified as potential phenotype-driven modules. The filtered modules and corresponding phenotypes were included into a co-occurrence network, and spontaneously clustered using an edge-weighted, spring-embedded layout.



Statistical Analysis

The difference of the first or second principal component (PC1 or PC2) in PCA was tested using the Wilcoxon rank-sum test. PCA, PLS-DA, and OPLS-DA were performed in SIMCA-P+ (V14.0). The random forest classifier was used to construct and evaluate the screening marker panel, which was performed on Python with the scikit-learn package, and graphed with own scripts. The calculation and comparison of the ROC were done in MedCalc (V19). The misdiagnosis rate, the missed diagnosis rate, and the Youden Index were analyzed on R studio (V4.0), with own scripts. The differences of CD4+% and CD8+% were analyzed using Student’s t-test for two groups and one-way ANOVA with Dunnett’s test for three groups, because they met the assumptions of normality of distribution and homogeneity of variance prior to analysis. Other T-cells and cytokines were analyzed via the non-parametric Mann-Whitney U test. The differences of T-cells and cytokines were analyzed in SPSS (V22.0). WGCNA was performed in R studio (V4.0) with the ‘WGCNA’ package. The correlations between metabolomic modules and phenotypes were checked using the partial correlation, and corrected by age and sex in SPSS. The FDR correction was conducted in R studio with own scripts. The networks were constructed and analyzed in Cytoscape (V3.7). Bar plots and heatmaps were generated using Graphpad Prism (V9.0).




Results


The Clinical Characteristics of Recruited Subjects

The main demographic and clinical characteristics of COVID-19 participants are summarized in Table 1. Our primary cohort comprised 248 patients diagnosed with COVID-19, and 102 HCs. The median age of the enrolled participants was 45.0 (2.0-86.0) years old, with 127 (51.2%) men and 121 (48.8%) women. 59 (23.8%) participants had a contact history in an epidemic area, and 127 (51.2%) had a known contact with someone with a confirmed COVID-19 diagnosis in the preceding 5 months. The most common comorbidity was hypertension (25 patients, 10.1%), followed by diabetes (16 patients, 6.5%), and bacterial pneumonia (4 patients, 1.6%). Cough (106 patients, 42.7%), fever (103 patients, 41.5%), and asthenia (40 patients, 16.1%) were common symptoms at the onset of COVID-19.



The Prevalence of Physical and Psychiatric Disorders in Discharged COVID-19 Patients

In this follow-up study, the physical and psychiatric symptoms of recovered patients with COVID-19 were estimated using the GAD-7, PHQ-9, and PCL-C questionnaires. As shown in Table 2, 10.6% of patients (16/151) scored at or above the clinical cut-off of 38 on the PCL-C, which indicates the presence of probable PTSD. 4.0% of patients (6/151) and 3.3% of patients (5/151) in their responses to the PHQ-9 and GAD-7 questionnaires, respectively, were diagnosed as having depression and generalized anxiety disorder. Intriguingly, no significant difference was observed in the risk of development of PTSD, depression, and generalized anxiety disorder among the three subgroups of severe, non-severe, and asymptomatic individuals (all p>0.05, Table 2). The most common physical and psychiatric symptoms in the recovered subjects with COVID-19 were ‘discrimination’ (43.0%, 65/151), ‘flashback memories’ (37.7%, 57/151), and ‘avoidance’ (37.1%, 56/151, Table 2). The proportion of patients with a feeling of ‘discrimination’ from others was 48.4% (46/95) in the non-severe subgroup, 27.8% (10/36) in the asymptomatic subgroup, and 45.0% (9/20) in the severe subgroup; the proportion of patients with ‘flashback memories’ was 38.9% (37/95) in the non-severe subgroup, 36.1% (13/36) in the asymptomatic subgroup, and 35.0% (7/20) in the severe subgroup; The proportion of patients with a feeling of ‘avoidance’ was 41.1% (39/95) in the non-severe subgroup, 30.6% (11/36) in the asymptomatic subgroup, and 30.0% (6/20) in the severe subgroup. The most common clinical symptoms which persisted after hospital discharge were ‘insomnia’ (31.1%, 47/151), ‘fatigue for no reason’ (22.5%, 34/151), and ‘memory deterioration’ (15.9%, 24/151, Table 2). These results demonstrate that physical and psychiatric symptoms should be identified and addressed in the COVID-19 epidemic era.


Table 2 | Major follow-up outcomes for the recruited COVID-19 patients.





The Risk of Physical and Psychiatric Symptoms Was Higher in the Symptomatic Than in the Asymptomatic Group

Based on the physical and psychiatric symptoms found in our follow-up study, we then compared the effects of different disease severity with risk of development of these disorders, and screened for high-risk factors. We evaluated whether specific clinical symptoms of COVID-19 during hospitalization would increase the risk of development or persistence of symptoms after hospital discharge. Utilizing Fisher’s exact test, we calculated the risk of 32 physical and psychiatric symptoms in the symptomatic and the asymptomatic groups, and in severe and non-severe patients, and assumed that clinical symptoms during hospitalization would not increase the risk of development of disorders after hospital discharge (Table 2). The risk of the perception of ‘discrimination’ among participants within the symptomatic group was higher than that in the asymptomatic subgroup (OR 2.37, 95% CI 1.00–6.03, P = 0.04). Compared with the asymptomatic group, symptomatic patients were more prone to feel ‘apathy’ from others (OR 5.17, 95% CI 1.19–47.3, P=0.02). The proportion of patients with a feeling of ‘apathy’ from others was 35.0% (7/20) for severe patients, 21.1% (20/95) for non-severe patients, and 5.6% (2/36) for asymptomatic patients. The risk of presenting with ‘memory deterioration’ was significantly higher in symptomatic patients than in asymptomatic patients (no occurrence in asymptomatic patients, OR thus not calculated, 95% CI 2.21–undefined or incalculable value, P=0.0011); However, no significant difference in risk of ‘memory deterioration’ was observed for participants among the severe and the non-severe subgroups (OR 2.45, 95% CI 0.72–7.87, P=0.13). The proportion of patients with ‘memory deterioration’ was 35.0% (7/20) in the severe subgroup, 17.9% (17/95) in the non-severe subgroup, and 0.0% (0/36) in the asymptomatic subgroup. Briefly, we only observed significant differences in the risks of ‘discrimination’, ‘apathy’, and ‘memory deterioration’ between symptomatic and asymptomatic patients, while there were no significant mathematical differences when we compared the presence of these risks in the severe and non-severe subgroups (all P > 0.05, Table 2). Overall, the high-risk disorders that emerged at different disease severity, especially in symptomatic patients, indicates that targeted approaches to management of specific cohorts of COVID-19 patients are required.



COVID-19 Patients Have Significant Alterations in Urine Metabolism

We profiled urine samples from 102 HCs and 248 COVID-19 patients via UPLC-Q-TOF/MS, for determining metabolic perturbations associated with SARS-CoV-2 infection (Supplementary Data 4). A total of 775 metabolites were identified among all samples. Multivariate statistical approaches, including PCA, PLS-DA, and OPLS-DA were used to evaluate overall metabolomic signatures. We found that the urine metabolic signatures of patients with COVID-19 were significantly different than those in HCs (Figures 1A–C). Using the double cut-off method (results were considered statistically significant if P<0.05 and VIP>1.0), 39 discriminating metabolites were identified between the two groups (Supplementary Table 1). As shown in Figure 1D, there were 13 upregulated and 26 downregulated metabolites present in the urine of COVID-19 patients relative to HCs. We annotated the biofunction of these different metabolites through the KEGG database. Interestingly, a high proportion of metabolites were uniquely linked with bacterial metabolism in the intestinal tract (33.3%, 13/39; ko01120, ‘microbiome-associated metabolism’). In particular, 12.8% (5/39) of metabolites were from the ‘tryptophan metabolism pathway’ (ko00380) (Figure 1E).




Figure 1 | Urinary metabolomic profiling of COVID-19 patients and HCs. The PCA (A), PLS-DA (B) and OPLS-DA (C) showing significant differences of overall metabolomic signatures between COVID-19 patients (red dots) and HCs (blue dots). The projection of COVID-19 patients and HCs were significantly different in the top two components (P = 1.97E-3 and 2.2E-16, respectively, Kruskal-Wallis rank sum test , **P < 0.01, *** P < 0.001). (D) Using double cut-off (results were considered statistically significant if P < 0.05 and VIP > 1.0), 40 differential metabolites responsible for discriminating COVID-19 patients and HCs were identified. (E) The functional assignment of different urine metabolites. 32.5% of differential metabolites (13/40) belonged to gut microbiota associated metabolites, in which we found 5 tryptophan metabolites. (F) Circos plot showing the shared altered metabolites between COVID-19 and other related diseases. Ingenuity Pathway Analysis (IPA) 13.0 was used to provide disease-related information of metabolites. (n = 102, HCs; n = 248, COVID-19).



Based on these differential expressions of urinary metabolites, we further explored the similarity between SARS-CoV-2 infection and other known diseases. By IPA analyses, we found that the altered urine metabolites in COVID-19 patients were mainly enriched in ‘inflammatory response’, ‘neurological disease’, and ‘organismal injury’ and ‘abnormalities’ disease catalogs. ‘Inflammation’ and ‘encephalomyelitis’ were the two markedly enriched diseases (P=7.67E-4, 2.89E-5), suggesting the similar metabolic alterations between COVID-19 and inflammatory diseases (Figure 1F and Supplementary Figure 1A). N-acetyl-L-aspartic acid, 2-oxoglutaric acid, and another eight metabolites were identified as the prevalent disease-associated metabolites (Supplementary Figure 1B). Similar to COVID-19, the inflammatory diseases shared metabolites were also mainly annotated into microbiome-associated metabolism.



Altered Metabolites Significantly Associated With Immune Dysregulation

Past studies have demonstrated that COVID-19 infections may result in a so-called ‘cytokine storm’, with subsequent immune dysregulation, which may result in rapid progression of COVID-19, and alteration of metabolism. In our study, we also assessed T-cells and cytokine levels in our cohort. Consistent with the results observed in recent past studies, COVID-19 infections in our cohort exhibited a marked decrease in CD3+ T-cell and CD8+ T-cell counts, and CD8+ T-cell proportion, compared to these indices in HCs. However, in comparison to HCs, the percentage of CD4+ T-cells, the CD3++CD4++CD8+/CD3+ ratio, and the CD4+/CD8+ ratio showed progressive increase in COVID-19 patients (Figure 2A). In addition, cytokines in COVID-19 patients, including IFN-γ, IL-2, and IL-4 were observed to decrease compared to levels in HCs (Figure 2B). CD4+ T-cells and CD3+ T-cells are critical for anti-viral defense, and increase the ability of CD8+ T cells to eliminate the SARS-CoV-2 virus (25, 26), which is vital for the elimination of infected cells and for mediating viral clearance. Our data thus highlights the commonly occurring inflammatory responses and immune dysregulation in COVID-19 patients.




Figure 2 | Immunological indices profiling and the correlation network with altered metabolites and psychiatric questionnaire scores. (A) The analyses of T-cells in COVID-19 patients and HCs (n = 102, HCs; n = 227, COVID-19). (B) Cytokine levels in COVID-19 patients and HCs (n = 100, HCs; n = 151, COVID-19). *P < 0.05; ***P < 0.001, Mann-Whitney U test (CD4+%, CD8+%, Student’s t-test). (C) The T-cells, cytokines (orange square), and psychiatric questionnaire scores (pink diamond) significantly correlated with altered urine metabolites (deep blue and grey blue indicated the microbial metabolites and other metabolites). The color of line indicates the Pearson correlation coefficient (blue to red, -0.32 to 0.37).



To explore potential interactions between altered urine metabolites and inflammatory indices in COVID-19 patients, we constructed co-occurrence networks of urine metabolites, T-cells, cytokine levels and psychiatric sequelae. Overall, immune markers formed strong co-occurring relationships with urine microbial metabolites (Figure 2C and Supplementary Data 5). Within this co-expression network, we found that except for CD4+ T-cell count, all of the T-cell markers (T-cell count, percent, ratio) were negatively or positively correlated with ten urine microbial metabolites in COVID-19. Notably, in all T-cell markers, we found that the CD8+ T-cell count was the specific indicator that was highly linked with the most urine metabolites (23/39). 39.13% (9/23) of CD8+ T-cell related metabolites were assigned to microbiome-associated metabolism, including seven positively correlated microbial metabolites (trimethylamine N-oxide [TMAO], 2-phenylacetamide, indoleacetic acid, indoxyl sulfate, oxoglutaric acid, n-acetylserotonin, indoxyl) and two negatively correlated microbial metabolites (sulfate and gluconic acid). Unsurprisingly, these urine metabolites are also mainly recognized in inflammatory responses (Supplementary Figure 1). In addition, IL-4 was positively correlated with oxoglutaric acid and IL-2 was positively correlated with xanthine; IL-6 was negatively correlated with 2-phenylacetamide, indoxyl and 2-hydroxybenzaldehyde. Furthermore, two urine microbial metabolites (oxoglutaric acid, gluconic acid) were also linked to psychiatric sequelae (PTSD, GAD-7, PHQ-9).



Urinary Metabolomic Biomarkers Showed Promising Screening Potential In SARS-COV-2 Infection

We subsequently evaluated whether urinary metabolites could be used as potential screening biomarkers for COVID-19. We employed the 39 discriminating metabolites and quantified their potential predictive abilities for COVID-19 clinical diagnosis via a random forest classifier. After iterations and optimizations, we identified a simplified urine marker panel (M1) comprising of only 3 microbial metabolites (oxoglutaric acid, indoxyl, and 2-phenylacetamide), which could efficiently identify and differentiate COVID-19 from HCs (AUC=0.963, 95% CI, 0.930-0.983, accuracy=0.957, Figure 3A). Meanwhile, we further established a T-cell marker panel (including all 7 T-cell indices) and a cytokine marker panel (including all 7 cytokine indices) using the same workflow. By comparison of ROCs among the three panels, we found that M1 exhibited a superior screening efficacy (AUC=0.963 vs. 0.823 and 0.799, respectively, P<0.0001, Figures 3A, B) and far smaller marker panel size (3 vs.7 and 7, respectively, Figure 3C) than the other two immune marker panels for COVID-19 diagnosis. In addition, we calculated the confusion matrix and assessment parameters for each marker panel. Compared with the cytokine panel and the T-cell panel, M1 was characterized by excellent performance (misdiagnosis rate: 12.75% vs. 39.00% and 58.82%, respectively; missed diagnosis rate: 0.81% vs. 13.25% and 7.05%, respectively; Youden Index (YI): 0.82 vs. 0.48 and 0.34, respectively, Figure 3C).




Figure 3 | The potential for urinary metabolite markers to discriminate COVID-19 patients with HCs. (A) The ROCs of the urine metabolite markers panel (blue line), the T-cell panel (blue dashed line) and the cytokine panel (yellow dashed line). (B) Comparison of the AUC of ROCs among the three marker panels. The AUC of the urine metabolite marker panel (0.963, 95% CI, 0.930-0.983) was significantly higher than that of the other two panels (0.823, 0.799, respectively; MedCalc; ***P < 0.001). (C) Confusion matrix to assess model performance. Using the random forest classifier, the urine metabolite model showed better identification performance, with a lower misdiagnosis rate (12.75% vs. 58.82% and 39.00%, respectively), missed diagnosis rate (0.81% vs. 7.05% and 13.25%, respectively) and a higher Youden index (YI) (0.82 vs. 0.34 and 0.48, respectively) compared with the other two models. The color depth (from white to black) of the matrix box indicates the prediction accuracy. atrue-positive; bfalse-positive; cfalse-negative; dtrue-negative. Misdiagnosis rate (%) = b/(b+d)×100%; Missed diagnosis rate (%) = c/(a+c)×100%; Youden index (YI) = a/(a+c)+d/(b+d)-1.



Discrimination of asymptomatic (ASY) patients from HCs is challenging in epidemic prevention and control. Here, we evaluated whether urine metabolites can be used as potential screening biomarkers for ASY patients. We compared the urinary metabolomic signatures of ASY patients with that in HCs via PCA, and found a significant difference in the second dimension of the PCA result (P=5.03e-13, Figure 4A). Using the double cut-off method (P<0.05 and VI>1.0), we first identified 37 different metabolites among ASY patients and HCs (Supplementary Table 2). Based on these metabolites, a simplified marker panel (M2) including 3 urinary metabolites (hypoxanthine, uric acid, dihydro-5-pentyl-2(3H)-furanone) was constructed, which had the ability to discriminate between the ASY patients and HCs. Using the random forest classifier, M2 showed good performance, and the area under the ROC curve was 0.981 (95% CI, 0.946-0.996, accuracy=0.901, Figure 4D), the misdiagnosis rate, the missed diagnosis rate, and the Youden Index was 5.88%, 16.67%, and 0.77, respectively (Figure 4E and Supplementary Table 3A). Thus, these urinary metabolic biomarkers demonstrated substantial potential for the diagnosis of SARS-CoV-2 infection.




Figure 4 | The metabolomic and immune features related to the severity of COVID-19. (A, B) The PCA showed significantly different metabolomic signatures between asymptomatic (ASY, n = 60, green dots), symptomatic patients with COVID-19 (SYM, n = 188, red dots) and HCs (n = 102, blue dots). (C) 38 and 41 different metabolites were identified through comparison between ASY/HC (green circle) and ASY/SYM (blue circle), respectively. There were 13 shared altered metabolites between ASY/HC and ASY/SYM. (D) The ROC of the urine metabolite marker panel for distinguishing ASY from HC (AUC = 0.981, 95% CI, 0.946-0.996). (E) Confusion matrix to evaluate the urine metabolite classifier. (F, G) Three psychiatric and physical symptoms were highly risky to occur in SYMs after discharge. Using urinary metabolites, a diagnostic marker panel to predict the occurrence of the unfavorable symptoms was identified (AUC = 0.931, 95% CI, 0.877-0.966). (H) T-cell analysis of ASY, SYM and HCs. (I) Cytokine levels in ASY, SYM and HCs. *P < 0.05; ***P  < 0.001, Mann-Whitney U test (CD4+%, CD8+%, one-way ANOVA with Dunnett’s test).





Metabolomic and Immune Features Related to the Severity of COVID-19

We subsequently analyzed the metabolomic and immune features in the subgroups having different COVID-19 severity. Through PCA (Figure 4B), it was observed that urinary metabolomic signatures were significantly different between symptomatic patients (severe plus non-severe patients, SYM) and ASY patients. Using similar double cut-off standards as used above, we identified 41 different urine metabolites (Supplementary Table 4). Compared with the different expression of urinary metabolites, we found only 13 metabolites that were common between ASY/HCs and ASY/SYM, less than the specific differences between the two subgroups (Figure 4C). Based on T-cell analysis among SYM, ASY, and HC, we found that CD4+% and CD4+/CD8+ ratio was significantly increased, and that CD8+% was decreased in both SYM and ASY (Figure 4H). Nevertheless, as compared with the ASY group, the absolute counts of CD3+ T-cells, CD4+ T-cells, and CD8+ T-cells were significantly decreased in SYM (Figure 4H). Thus, the functional responses of T-cells to the SARS-CoV-2 virus in COVID-19 patients correlate with disease severity, and these T-cell reactions in the SYM group were more pronounced. Moreover, cytokine levels in COVID-19 patients are also related to disease severity. Cytokine profiling indicates that the levels of TNF-α and IL-4 in ASY were higher than SYM (Figure 4I). Overall, our data identified salient features of immunological dysregulation in COVID-19 patients, suggesting impaired host T-cell function with SARS-CoV-2 infection.



Urinary Metabolic Biomarkers Showed Prognostic Potential for Psychiatric Symptoms

For the three high-risk physical and psychiatric symptoms (‘discrimination’, ‘apathy’, and ‘memory deterioration’) that may occur in COVID-19 patients after hospital discharge, we attempted to predict the possibility of their future occurrence through the identification of specific urinary metabolites. We constructed a screening panel (M3), which included 7 urine metabolites, based on the 41 different metabolites between SYM and ASY. Using the random forest classifier, M3 was found to efficiently predict the occurrence of high-risk disorders (AUC=0.931, 95% CI, 0.877-0.966, accuracy=0.846, Figures 4F, G and Supplementary Table 3B).



Urinary Metabolic Modules Associated With COVID-19 Symptoms and Microbial Metabolites

In order to understand the relationship between COVID-19 clinical phenotypes and urine metabolism, we employed WGCNA, and identified phenotype-associated metabolic modules. Among the 775 identified urinary metabolites, 460 were clustered into 9 modules and stratified by color; 315 metabolites that did not cluster into any of the modules were retained in the Mgrey (Supplementary Figure 2). Metabolites in each module are presented in Supplementary Data 4. The heatmap in Figure 5A presents 5 metabolic modules that significantly correlate with 5 COVID-19 phenotypes after FDR-correction (FDR<0.05, Pearson correlation, Supplementary Data 6). Three modules (Mgreen positively, Mblack and Mred negatively) correlated with COVID-19 severity. Three modules correlated with T-cell and cytokine results: Mgreen positively, and Mred negatively correlated with CD3+ T-cell and CD4+ T-cell counts, and Mblue positively correlated with IL-4 levels. In addition, one module (Mbrown) was identified to positively correlate with the incidence of mental health symptoms. Subsequently, we analyzed the components of the 5 modules, and incorporated these metabolites as well as corresponding phenotypes into a co-occurrence network. Filtered modules and phenotypes were included and spontaneously clustered using an edge-weighted spring-embedded layout (Figure 5C). Severity and Mgreen spontaneously located centrally in the network, surrounded by physical symptoms and immune features, and their corresponding modules, suggesting associations of severity to other phenotypic and metabolic modules. The KEGG metabolism annotation of these metabolic modules showed that the metabolites mainly involved amino acid and microbial related metabolism (Figure 5B). Mbrown, the only prognostic-associated metabolic module, provided the most amino acid and microbial related metabolites (32.2% and 34.9%, respectively, Figure 5B).




Figure 5 | WGCNA of urinary metabolites. (A) The correlation heatmap of urinary metabolic modules and COVID-19 phenotypes, including severity, T-cells, cytokines, in-hospital symptoms, and discharged symptoms (from top to bottom). The significance of correlation was corrected for the confounders of age and sex, and adjusted by the false discovery rate (FDR). *P < 0.05; **P < 0.01, Pearson correlation. (B) Metabolites in the phenotype-associated modules were mainly involved in amino acid, microbial, and nucleotide metabolism. (C) Network of phenotype-driven modules of COVID-19. Driven modules and phenotypes were included and spontaneously clustered using an edge-weighted spring-embedded layout. Severity and Mgreen were located centrally in the network, surrounded with physical symptoms, and immune features and their corresponding modules.






Discussion

In this study, we recruited a COVID-19 patient cohort with varying disease severity, and a corresponding cohort of HCs. We firstly found that altered urinary microbial metabolites were a hallmark of COVID-19 patients. Based on microbial associated metabolites, we established simple but efficient urinary metabolite screening models for different application scenarios: M1 was able to distinguish COVID-19 from HCs; M2 sensitively identifies asymptomatic SARS-CoV-2-infected cases; M3 can predict the risk of development of physical and psychiatric disorders in recovered COVID-19 patients. We observed that clinical severity of COVID-19 was also related to physical and psychiatric sequelae after hospital discharge. We found that microbial metabolites involved various inflammatory processes in which the CD8+ T-cell count was the key metabolite-related indicator. Using WGCNA on urine metabolism, we attempted to discover the associations between inflammation and host metabolism in SARS-CoV-2 infection, and found that microbial tryptophan metabolism may be the key modulating pathway. These observations demonstrate the promising potential of urinary metabolites in both screening and the study of pathogenesis in COVID-19.

Disease-related molecules in circulation can be released into urine, making urine a readily-available source to detect biomarkers for diagnosis and prognosis (27). In recent years, metabolomics and machine learning has driven the widespread discovery and use of urine-based biomarkers. Wang et al., employed 15 specific urinary metabolites to construct a diagnostic model for discriminating gestational diabetes mellitus from healthy populations (28). Gisewhite et al., proposed altered urine metabolites as biomarkers to predict the stage of acute kidney injury (AKI), and of mortality, in cases of acute kidney injury (29). In our study, we sought to identify potential urinary biomarkers in COVID-19 patients. Here, we established a simplified urine marker panel (M1), containing three urine microbial metabolites, for the screening of COVID-19. Also, compared with symptomatic patients, asymptomatic patients have a significantly longer duration of viral shedding, and exhibit lower levels of virus-specific antibody in the early infective phase (30). Thus, an appropriate screening strategy to identify asymptomatic or pre-symptomatically-infected individual remains important. We further developed an independent marker panel (M2) for identifying asymptomatic COVID-19 cases using urine metabolites. Using urine metabolites to discriminate different severity grades of COVID-19 showed three main advantages in comparison to that of other markers: firstly, a significantly higher diagnostic efficiency; secondly, the non-invasive sample collection method can increase compliance of the studied population during the screening process; and finally, the simplified panel size can significantly reduce costs, and achieve wide application. Importantly, the urinary markers that we used may be separated or quantified through relatively simple biochemical methods, which makes it possible to thus conduct widespread COVID-19 screening in underdeveloped regions, where PCR-based testing may be unavailable or other appropriate laboratory infrastructure for immunological diagnostic studies may be lacking.

SARS-CoV-2 infection causes a transition from a stable to an unstable microbial community state, which creates a microbiome-associated metabolic fingerprint for COVID-19. Microbial metabolites are released into the urine, resulting in a readily-available sample source that reflects changes resulting from systemic pathophysiology. By annotating the source and function, we found that the altered urinary metabolites were primarily from microbiome-associated metabolism (33.3%) and the tryptophan metabolism pathway (12.8%). These findings suggest that microbiome-associated metabolism changes may reflect disturbances of microbiota composition in COVID-19 patients. Recently published literature has explained alterations in microbial metabolism in SARS-CoV-2 infection as a dysregulation of the gut-brain-lung axis (31). Many researchers have attempted to construct diagnostic models based on plasma metabolites and the oral microbiome for COVID-19 diagnosis (7, 32–34). Because of a possible transmission of SARS-CoV-2 by the fecal-oral route, urine is safer and more appropriate for diagnosis than feces.

Damage to the neuropsychiatric system in COVID-19 is presumed to be attributable to the occurrence of the cytokine storm syndrome (CSS) in the central nervous system (CNS) (35). After symptoms of the acute viral infection are controlled, chronic inflammation in neurons or glial cells may persist without efficient intervention (10). The results of the GAD-7, PHQ-9 and PCL-C questionnaires in our follow-up further revealed a high risk of physical and psychiatric sequelae in COVID-19 patients. Some studies have reported that the urinary metabolome can reflect neurotransmitter metabolism and CNS inflammation, and also has been shown to be useful in the diagnosis of mental disorders, including depression, bipolar disorder, and schizophrenia (36, 37). We observed that three physical and psychiatric symptoms were calculated to be more strongly associated with symptomatic cases than with asymptomatic cases after hospital discharge, which could be seen as an ideal entry-point for intervention. Thus, we established a corresponding screening panel (M3) for predicting physical and psychiatric symptoms based on urinary metabolites. Using the M3 panel, patients could be advised of, and psychologically prepared for, potential physical and mental symptoms prior to hospital discharge, and they would thus be in a position to receive early interventions, including appropriate anti-inflammatory drugs (if appropriate) and therapeutic and preventive psychiatric health counselling.

To the best of our knowledge, we are the first group to employ a well-characterized large cohort to describe disturbances of the urinary metabolome in detail, and provide a multilevel understanding of the role of disturbed urinary microbiome-associated metabolism in COVID-19 patients. Importantly, our urine marker panels are relatively easily implementable and widely generalizable worldwide. However, our study has some limitations. Firstly, all patient samples were collected at a designated hospital, and not included patients with variant strains of SARS-CoV-2. Thus, studies involving COVID-19 patients in different regions with variant SARS-CoV-2 strains are required to independently confirm the metabolomic changes and the screening performance of urinary microbial metabolites. Secondly, none of the participants in this study received any vaccination against SARS-CoV-2 infection. Thus, the characteristic changes and the potential functioning of the urinary metabolome in vaccinated COVID-19 patients remain unknown. Thirdly, we discovered possible interactions between different disease severity, urine metabolomics, immune responses and sequelae of physical and psychiatric in COVID-19. Further studies focusing on understanding the potential causal role of these interaction pathways are required. For example, investigation of whether physical and psychiatric sequelae can be ameliorated though early intervention against metabolic disorders, immune dysregulation, and psychiatric stress in COVID-19 patients during hospitalization. Finally, we did not go further to reveal the specific underlying mechanisms related to the altered microbial metabolites in COVID-19, and therefore, further studies are still required, for example, the exploration of whether mechanisms of urinary metabolic changes may be associated with the expression of Angiotensin Converting Enzyme (ACE)-2 receptors in the urinary tract (38, 39). We hope our findings and limitations will inspire follow-up investigations.

In summary, we observed that altered urinary microbiome-associated metabolites can potentially serve as screening biomarkers for symptomatic and asymptomatic COVID-19 patients, and may also be used to predict their ongoing risk of physical and psychiatric sequelae. We proposed that microbial metabolism may play an important role in modulating host immune responses, and may potentially influence disease severity and outcomes in COVID-19. Our findings lay a foundation for an understanding of the interactions among COVID-19 disease severity, urine metabolomics, the immune response, and long-term physical and psychiatric sequelae in COVID-19 pathogenesis and disease evolution, and expedites the development of widely available and user-friendly COVID-19 screening methods in the future.
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Host cholesterol metabolism remodeling is significantly associated with the spread of human pathogenic coronaviruses, suggesting virus-host relationships could be affected by cholesterol-modifying drugs. Cholesterol has an important role in coronavirus entry, membrane fusion, and pathological syncytia formation, therefore cholesterol metabolic mechanisms may be promising drug targets for coronavirus infections. Moreover, cholesterol and its metabolizing enzymes or corresponding natural products exert antiviral effects which are closely associated with individual viral steps during coronavirus replication. Furthermore, the coronavirus disease 2019 (COVID-19) caused by severe acute respiratory syndrome coronavirus 2 infections are associated with clinically significant low cholesterol levels, suggesting cholesterol could function as a potential marker for monitoring viral infection status. Therefore, weaponizing cholesterol dysregulation against viral infection could be an effective antiviral strategy. In this review, we comprehensively review the literature to clarify how coronaviruses exploit host cholesterol metabolism to accommodate viral replication requirements and interfere with host immune responses. We also focus on targeting cholesterol homeostasis to interfere with critical steps during coronavirus infection.
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Introduction

Coronaviruses are enveloped viruses with non-segmented, single-stranded, positive sense RNA genomes (1). They belong to the Nidovirales order in the Coronaviridae, and are divided into four types: α, β, γ, and δ (1, 2). Coronavirus subfamily members are widespread in infected birds and mammals and some respiratory and intestinal diseases (3–5). Currently, at least seven coronaviruses are known to infect humans, including respiratory syndrome coronavirus 2, human coronavirus OC43, human coronavirus NL63, human coronavirus 229E, severe acute respiratory syndrome coronavirus, human coronavirus HKU1, and Middle East respiratory syndrome coronavirus (6). Coronavirus diversity is due to the low fidelity of RNA-dependent RNA polymerase during viral coding which produces approximately 10−3–10−5 substitutions/site/year (7). Previous evidence indicated that coronaviruses undergo rapid recombination which creates new strains with altered virulence (8). Recent studies reported molecular and serological evidence of the active transmission of SARS-CoV-2-associated coronavirus (SC2R-CoV) in bats in Southeast Asia (9). Closely related coronaviruses are found in distantly related animals; the consequences of this species barrier jump may be devastating and lead to serious disease and death, e.g., SARS-CoV and MERS-CoV are zoonotic viruses that have crossed the species barrier via bats/palm civets and dromedary camels, respectively (10). Beta-coronavirus spill over from Hipposideridae to Rhinolophidae, and then from Rhinolophidae to civets and humans (11). Swine Acute Diarrhea Syndrome CoV is derived from the species Rhinolophus bat coronavirus HKU2 which potentially infects rodents (12, 13). Mechanistically, the species barrier jump is believed to be due to a failure in specific interactions between the viral spike protein receptor binding domain (RBD) and the host receptor, angiotensin converting enzyme 2 (ACE2) (14). This mechanism demonstrated a major tendency to jump from animals to humans.

The COVID-19 pandemic caused by SARS-CoV-2 is the latest example of a major threat to human health (15). This marks the third time a highly pathogenic coronavirus was transmitted to humans from animals (16, 17). SARS-CoV-2 is believed to have originated in bats, however the intermediate host species and the transmission mode remains unclear (18, 19). Studies confirmed that SARS-CoV-2 replicates more easily in ferrets and cats when compared with dogs, pigs, chickens, and ducks (20). The main pathophysiological feature of SARS-CoV-2 is the excessive production of inflammatory factors, leading to systemic inflammation and multiple organ dysfunction syndrome, with an acute impact on the cardiovascular system and lung fibrosis (21–24). Since SARS-CoV-2 belongs to β-coronavirus family and is not a common human pathogen, humans lack a natural immunity to SARS-CoV-2 (25). Unfortunately, the development of novel coronavirus vaccines commenced too late to effectively control the first infection wave (26). Thus far, no specific, highly effective antiviral therapies are available. The disease has rapidly spread to more than 200 countries and territories (27–30). According to World Health Organization statistics, as of February 11th 2022, the total number of COVID-19 cases worldwide had reached 402,044,502, of which 5,770,023 had died (https://www.who.int/emergencies/diseases/novel-coronavirus-2019). SARS-CoV-2 is estimated to have 2–4 times more affinity for ACE2 than the SARS virus (31). Multiple mutations have been identified in the viral S1 subunit, of which three are in the RBD. This not only increases RBD affinity for ACE2 but improves viral escape from the immune system (32). Currently (September 2021), several SARS-CoV-2 delta variants have become more infectious due to mutations in the S protein RBD, and they are also ORF8-deficient. These variants have rapidly spread globally, including outbreaks in the UK (33–36), Taiwan (37), Southeast Asia (38), Germany (39), France (40), USA (41), Poland (42), and Italy (43). Strikingly, ORF8-deficient variants had spread among domestic mink and pangolin in Denmark, and were detected in humans (44, 45). Thus, ORF8-deficient variants in unknown animal reservoirs pose great challenges to human public health and safety (46), thus monitoring such SARS-CoV-2 variants is critical for the prevention and control of the COVID-19 pandemic (36).

Previous studies reported that COVID-19 severity was related to several risk factors, for example, obesity, old age, and underlying disease (47–49). A recent study suggested that when compared to the normal population, cholesterol levels were significantly lower in COVID-19 patients (50). Furthermore, high-density lipoprotein cholesterol was lower in patients with severe and critical disease than in patients with moderate or mild disease, in a study on cholesterol metabolism in mild, moderate, severe, and critical COVID-19 patients (51). Age-specific COVID-19-associated death data from 45 countries showed that the infection fatality ratio was lowest among 5–9-year-old children, with a log-linear increase by age in individuals over 30 years old (52). In Spanish subjects over 75 years old, the lethality rate approached 36% in hospitalized patients, far higher than for younger groups under the same conditions in hospitals, despite having s similar course to younger individuals (53). In addition, Richter and Sohrabi studied obese factors in COVID-19 patients when compared with the normal population. In general, they observed that obese patients were twice as likely to develop COVID-19 as those with a normal weight range (54, 55). A study of clinical characteristics on 393 patients with COVID-19 in New York City, they found that respiratory failure, a severe clinical symptom of COVID-19, was more common among the obese patient subgroup, comprising 35.8% of the patients studied in New York. In addition, they also found that after advanced age, obesity was the most common risk factor leading to severe disease and death from COVID-19 (56). In addition to these factors, male sex, diabetes, smoking, hypertension, and cardiovascular disease also affect COVID-19 risk severity.

Importantly, transcriptomics data indicated that host cholesterol metabolism affects virus replication (57). Cholesterol content in the plasma membrane is extremely high and is important for biochemical and biophysical functions (58). As a unique feature of mammalian membranes, host cell cholesterol is targeted by pathogens (cytosolic bacteria and viruses) for entry and egress (59–63), however, a small number of coronavirus strains are distinct in terms of their dependence on cholesterol (64). Notwithstanding, a strong relationship between cholesterol and coronavirus replication is widely documented in the literature; in some instances, cholesterol is vital for coronavirus entry, membrane fusion, translation, pathological syncytia formation and vascular pathology (65–68) (Figure 1). Cholesterol metabolism may be hijacked by enveloped viruses to provide raw materials for virus particle replication, assembly, and maturation (69), e.g., Hepatitis C virus (HCV), human cytomegalovirus, and Epstein-Barr virus (70–72). For coronaviruses, cholesterol and other specific lipid requirements are required for viral replication scaffolds (73–75). Also, previous studies reported significant associations between cholesterol homeostasis and type I interferon (IFN) responses (76). Viral infections may induce host cells to alter the expression of cholesterol metabolizing enzymes and metabolites, and similarly, cholesterol metabolism can also regulate host antiviral responses (77, 78). Therefore, weaponizing host cholesterol metabolism dysregulation against coronavirus infectivity could be an effective antiviral strategy (79, 80).




Figure 1 | Disrupting cholesterol homeostasis interferes with critical steps during coronavirus infection. Cholesterol is important for coronavirus attachment (A), endocytosis (B), membrane fusion (C), translation/replication (D), and maturation/release (E). 25HC, 25-hydroxycholesterol; MβCD, methyl-beta-cyclodextrin; LE/MVB, late Endosomes/Multivesicular Bodies; IFITM3, interferon-induced transmembrane protein-3; U18666a, an intra-cellular cholesterol transport inhibitor; DMVs, double-membrane vesicles; OSBP, oxysterol-binding protein; VAP-A, vesicle-membrane-protein-associated protein A; Oxy210, semi-synthetic oxysterols; Oxy232, semi-synthetic oxysterols; AM580, a selective retinoic acid receptor-α agonist.



Thus, cholesterol could be an important tool for the in-depth exploration of COVID-19 pathophysiology (81). The disruption of cholesterol homeostasis may interfere with critical steps of coronavirus infection, therefore understanding cholesterol functions during COVID-19 pathogenesis may generate improved prognostics and therapeutics (27). Recently, Daniloski et al. conducted a large-scale screen of > 20,000 drugs potentially used to treat COVID-19, and identified cholesterol biosynthesis pathway induction as a possible mechanism of viral inhibition (82, 83). The pharmacological inhibition of phosphatidylinositol kinases and cholesterol homeostasis reduced replication of all three coronaviruses. These findings provide important insights for an increased understanding of the coronavirus life cycle and the development of host-directed therapies (84). This review focuses on the latest scientific evidence and clarifies how coronaviruses manipulate host cholesterol metabolism to meet their own replication needs and impair host IFN responses. In addition, targeting and altering cholesterol levels in host cell membranes, and interfering with intracellular cholesterol metabolism pathways may be effective strategies in preventing early coronavirus cell entry and subsequent translation and replication. These approaches could provide foundations for the design of anti-coronavirus drug and treatment strategies (79, 85).



The Role of Cholesterol Metabolism During the Coronavirus Life Cycle


Molecular Mechanisms of Coronavirus Entry

Coronavirus entry into host cells is key for virus replication cycles and evading host antiviral responses (86, 87). However, coronaviruses enter cells by two ways: 1) when sufficient proteases are present on plasma membranes, viruses exploit this by fusing with the cell through the “early pathway” via the plasma membrane, and 2) in the absence of extracellular proteases, endosomal proteases activate the viral S protein to gain cell entry via the endosomal pathway (88) which is sensitive to the pH of endosome/lysosome pathways (89). Moreover, the infection efficiency of SARS-CoV in the cell in the “early pathway” is 100-1000 times higher than the endosomal pathway (90). Previous research reported that many coronaviruses, including infectious bronchitis virus (IBV), porcine hemagglutinating encephalomyelitis virus (PHEV), porcine epidemic diarrhea virus (PEDV), and feline coronavirus (FCoV) enter host cells via the endocytic pathway and then pass-through endosomal compartments via multivesicular bodies (MVBs) to enter the cytoplasm (91–94). The coronavirus S protein plays a key role in early viral infection stages and is necessary for viral entry and chemotaxis in hosts (95). This protein is a type I homotrimeric transmembrane fusion glycoprotein, composed of S1 and S2 subunits with different functions. The RBD of the S1 subunit recognizes the cell receptor, ACE2, which determines cell homogeneity and pathogenicity of coronaviruses. The S2 subunit mediates virus and host cell membrane fusion via a wide range of conformational rearrangements (96–98). Moreover, the S1 subunit of SARS-2-S also binds to cholesterol and possibly high-density lipoprotein (HDL) components to enhance in vitro viral uptake; this mechanism is mediated by the HDL scavenger receptor B type 1 (99). In addition, the SARS-CoV-2 spike protein S1/S2 boundary sequence has key roles in regulating viral entry and spread within the cell (96). More importantly, S1/S2 border sequence deletion switches SARS-CoV-2 from the plasma membrane to the endosomal fusion pathway, significantly reducing viral transmission efficiency in hamsters (100). In particular, the S1/S2 boundary sequence contains a furin protease cleavage site which pre-activates the S protein for membrane fusion, reducing SARS-CoV-2 dependence on plasma membrane proteases (e.g., TMPRSS2), thereby efficiently improving cell entry (101). When compared with other coronaviruses, murine coronavirus (MHV) is unique; its receptor binding has dual roles when gaining cell entry: the S protein N-terminal domain binds to the host receptor protein, CEACAM1a (102), then MHV uses a zinc metalloprotease for invasion and cell-cell fusion (103). This not only promotes MHV attachment to host cells, but also promotes MHV fusion with the host membrane (104). More specifically, the CEACAM1 receptor or a pH 8 induces conformational changes in the MHV S glycoprotein at 37°C. This conformational change is more conducive to triggering membrane fusion without the need to activate cleavage between S1 and S2 in advance (105).

Niemann-Pick disease type C (NPC) is a lysosomal storage disorder (106) caused by deficient lipid efflux from the late endosome/lysosome (LE/L) and induces intracellular cholesterol synthesis and transport disorders to impair viral SARS-CoV-2 infectivity via several lipid-dependent mechanisms (79). By intervening in the NPC1 pathway, SARS-CoV-2 is blocked from entering the host cell from the plasma membrane or endosomes/lysosomes, thus viral infectivity is weakened (107). The Ebola virus requires a functional NPC1 protein to complete its replication cycle, however, it is unclear if this is true for coronaviruses (108). Studies reported that SARS-CoV particle transport through endosomes to NPC1 positive compartments of the lysosomal system was necessary for successful infection (109). Mingo et al. showed that Ebola virus reaching NPC1-positive LE/Ls was the rate-limiting step in determining viral infection (109). Furthermore, although SARS-CoV does not require NPC1 for entry, its entry into the cytoplasm begins after colocalization with NPC1 (109). Therefore, pharmacological interventions targeting lysosomal functions could induce transient NPC1-like cells and biochemical phenotypes, which could constitute a possible rationale for COVID-19 treatment (110). Drugs such as fluoxetine not only damage LE/L acidification but also accumulate cholesterol in these compartments (111).



Host Cholesterol in Coronavirus Entry

Coronavirus enters host cells mainly via plasma membrane fusion or endocytosis (112, 113). Lipid rafts participate in endocytosis-mediated processes, and function as platform and docking sites for coronavirus entry and genome release (114, 115). Cholesterol is an important component of lipid rafts; increased lipid raft formation is benefitted by increased cholesterol levels (116). Early coronavirus infection depends on lipid rafts (117) which may harbor ACE2 receptors for the SARS-CoV-2 S protein (118–121), permitting membrane rearrangements to facilitate transmissible gastroenteritis virus (TGEV) entry (122). In addition, lipid rafts act as attachment factors to promote IBV absorption before it enters the cell (119). MHV entry and membrane fusion also require lipid rafts (123). Membrane cholesterol consumption inhibits SARS-CoV-2 and other coronaviruses from fusing with cells, preventing viral entry (124, 125). By reducing plasma membrane cholesterol levels and changing lipid raft-dependent ACE2 and TMPRSS2 activities, these processes interfere with viral internalization by host cells (87, 110, 126). Therefore, cholesterol depletion from cellular membranes using e.g., methyl-β-cyclodextrin (MβCD) eliminates cholesterol in lipid rafts and significantly reduces clathrin-dependent endocytosis to significantly eliminate IBV, TGEV, and SARS-CoV infectivity (Figure 1A) (117, 119, 127). In addition, SARS-CoV-2 pathogenicity was significantly dependent on TMPRSS2 (128). Contributions of human ACE2 and TMPRSS2 in determining host-pathogen interaction of COVID-19 (129). The SARS-CoV-2 Omicron variant showed less efficient replication and fusion activity when compared with the Delta variant in TMPRSS2-expressed cells (130). Omicron infection was not enhanced by TMPRSS2 but was largely mediated by the endocytic pathway. The differences in pathway entry between variants may have impacted on clinical manifestation or disease severity (130). In addition, anti-androgens target TMPRSS2 and reduce SARS-CoV-2 virus entry in lung cells (131), which may at least in part explain why men with COVID-19 have a worse prognosis when compared to women (132). SARS-CoV-2 cell entry inhibition via TMPRSS2 was facilitated by camostat, nafamostat mesylate and alpha-1 antitrypsin (133, 134). It is therefore possible that inhibiting androgen signaling by anti-androgens could reduce TMPRSS2 expression in the lung, and concomitantly reduce viral entry. For this reason, anti-androgens are proposed as treatment options for COVID-19 (135, 136).

Infectivity is also reduced by depleting cholesterol from the viral envelope as in TGEV (127). Similarly, plasma membrane cholesterol depletion is also triggered by ACE2 displacement from lipid rafts to non-raft membrane domains, thereby reducing efficient SARS-CoV cell entry (120). Previous studies reported that 27-hydroxycholesterol (27HC) accumulation in lipid rafts caused the rapid consumption of lipid raft cholesterol, interrupted cell signal transduction in lipid raft membrane microdomains, and specifically inhibited IL-6-JAK-STAT3 signaling (137, 138). It is worth emphasizing that lipid raft destruction due to cholesterol consumption may be the main reason for inhibiting extracellular signal-regulated kinase (ERK) signaling and activation inhibition (139). Since the Raf/MEK/ERK pathway is involved in the modulation of various important cellular functions, numerous DNA and RNA viruses coopt this pathway for efficient viral propagation (140). The ERK pathway is known to be modulated during PEDV infection (141). In our previous research, we reported that IBV infection activated ERK1/2 signaling and that up-regulation of the phosphatase, DUSP6 formed a negative regulation loop (142). ERK activation is necessary for PEDV and porcine deltacoronavirus (PDCoV) replication, the suppression of viral protein expression, and viral RNA transcription via ERK activation inhibition (140, 143). Also, the negative regulation of the Raf/MEK/ERK signaling pathway by the MEK inhibitor, U0126 or DUSP6 upregulation significantly impairs MHV and IBV progeny production (142, 144), respectively. However, the exact mechanism whereby ERK activity regulates the replication cycle of PEDV during infection remains unclear. Therefore, the targeted regulation of lipid raft cholesterol levels may be a host defense strategy against coronavirus infection (145).



Host Cholesterol in Viral Fusion

Along with binding to host cell receptors, viral envelope fusion with host cell membranes is critical in establishing successful coronavirus infection, especially for viral gene delivery into the cytoplasm. Coronaviruses enter cells by fusing directly with the cell surface or internalization via endosomal membranes (146). In general, the viral envelope contains specific cholesterol quantities; cholesterol is an important component of lipid rafts, and the fusion of viruses and host plasma membranes is affected by the ratio of membrane cholesterol to fatty acids (147). Genome-wide clustered regularly interspaced short palindromic repeats (CRISPR) screening revealed that cholesterol metabolism was a key host pathway promoting coronavirus (SARS-CoV-2, HCoV-229E, and HCoV-OC43) infections (84), whereas cholesterol dysregulation reduced viral invasion (82, 84, 100, 148). In addition, coronavirus enters cells either via fusion or endocytosis (149) via clathrin-mediated mechanisms in a cholesterol dependent manner (Figure 1B) (92). Cellular cholesterol homeostasis regulation, especially in endosomal compartments, exerts a significant impact on the entry stage of viral infection (108). It is because that coronavirus or coronavirus-containing MVBs via the endosomal cathepsin activate viral S protein to mediate the cytoplasmic release of viral nucleic acid, and artificially destroying the homeostasis of cholesterol in the endosomal membrane will inhibit this invasion step (91, 150). Therefore, the virus reprograms cholesterol metabolism to promote virus replication, or specific infection-induced host defense responses. Targeting cholesterol metabolism pathways in cells could be a potential target for interfering with “viral cargo”, and may be used as an intervention to inhibit coronavirus membrane fusion in the endosome (79). Many coronaviruses, including IBV, PHEV, PEDV, and FCoV pass through endosomal compartment via MVBs to enter the cytoplasm (91–94). In a previous study, IBV membrane fusion was induced in the LE/L after 1 hour post infection (91). The accumulation of cholesterol and oxidized sterols in late endosomes and MVBs also impaired virus functions, hindered viral membrane fusion, and subsequent replication (79, 151). Therefore, the destruction of cholesterol homeostasis to block viral entry exemplifies the importance of cholesterol during viral infections (150). Cholesterol function during viral invasion was extensively studied in several coronaviruses, including SARS-CoV (120), PEDV (152), MHV (123, 153), PDCoV (154), and IBV (117, 119).

Coronavirus infections may be significantly restricted by IFN-induced transmembrane proteins (IFITMs) (155). These proteins significantly inhibit endosome membrane fusion and are driven by the viral S protein (156). IFITMs inhibit viral membrane fusion before hemifusion occurs, by reducing membrane fluidity and imparting positive spontaneous curvature to outer cell membrane leaflets (157). IFITM phosphorylation status and carboxy-terminal amino acid residues are key factors determining human coronavirus entry, including, HCoV-NL63, SARS-CoV, MERS-CoV, HCoV-OC43, and MERS-CoV (158). These functional units may pass it interacts with the virus and/or host cell components of the virus entry site to regulate the fusion of the virus envelope and cell membrane (158)The vesicle membrane-associated protein A (VAPA) and oxysterol-binding protein (OSBP) jointly regulate intracellular cholesterol balance (150). IFITM3, as a member of the IFITM protein family, hinders binding of OSBP and VAPA, which not only causes abnormal cholesterol accumulation in late endosomes, but also increases membrane hardness and inhibits viral nucleic acid release (Figure 1C) (150).



Cholesterol Metabolism Is Involved in Coronavirus Translation/Replication

As a positive-strand RNA virus, after internalization and un-coating, coronavirus first uses its own genomic RNA as a template to replicate and produce the polyproteins, pp1a and pp1ab via cap-dependent translation, and then via autoproteolytic cleavage, 15–16 nonstructural proteins (NSPs) (159). NSPs induce the rearrangement of cholesterol-rich lipid rafts on cell membranes, forming double-membrane vesicles (DMVs) in the cytoplasm, thereby anchoring viral replication transcription complexes (160). DMVs act as efficient replication sites for coronavirus genomic RNA and provide a safe site for viral RNA replication and translation (161). Cholesterol is also enriched in DMVs and constitutes the viral replication site of DMVs with fatty acids (80, 162). DMVs destroyed by Oxy210 (semi-synthetic oxysterol) significantly inhibit SARS-COV-2 replication in vitro (163) (Figure 1D). Thus, disruption of lipid rafts may affect viral replication and transcriptional synthesis. Recently, it was reported that intracellular cholesterol biosynthesis and transport systems were related to virus replication (164–166). Cellular cholesterol is derived from the biosynthesis and cellular uptake of low-density lipoprotein (167–169). U18666A is a cationic amphiphilic drug affecting cholesterol biosynthesis and intracellular transport (170). Previous studies reported that cholesterol was involved in the viral life cycle of type I FCoV infection (64), and that U18666A induced cholesterol accumulation via NPC1 dysfunction and type I FCoV replication inhibition (144, 171, 172).



Host Cholesterol May Not Be Involved in Coronavirus Assembly and Release

After un-coating, translation, and genome replication, virus particles assemble in the endoplasmic reticulum (ER)-Golgi intermediate compartment and are coordinated by the M protein (159, 173). For most coronaviruses, virus assembly sites contain highly active enzymes involved in the cholesterol biosynthesis pathway; these include, cholesterol-synthesizing enzyme, 3-hydroxy-3-methyl glutaryl coenzyme A reductase, and mevalonate diphospho decarboxylase (165, 174, 175). Several studies indicated that many enveloped viruses, such as human immunodeficiency virus, Dengue, Zika, and alphavirus contain cholesterol in the virion, and that viral proteins involved in virus particle assembly and budding are related to cholesterol (78, 176). Furthermore, different cholesterol levels in hosts generate different envelope cholesterol levels in alphaviruses (177). When compared with mayaro virus particles from mosquito cells, virus particle envelopes from vertebrate cells have higher cholesterol levels (178). In terms of coronaviruses, Simons et al. found that although MHV- S protein was localized to the Golgi, that contained cholesterol and lipid rafts, the assembled and released of MHV is not associated with cholesterol (167). But, cholesterol involvement in virus assembly and budding has mainly focused on viruses budding from cell membranes, however, studies on viruses budding from intracellular membranes are rare (167). Moreover, the different functional roles of cholesterol in enveloped RNA virus stability, infectivity, and assembly are not entirely clear (177, 179). Therefore, coronavirus assembly and budding may not necessarily use cholesterol on Golgi membranes, thus specific mechanisms require further study.



Cholesterol Metabolizing Enzymes and Metabolites Combat Coronavirus Infectivity

Coronavirus infection induces host cells to alter the expression of certain cholesterol metabolizing enzymes and metabolites which may exert antiviral effects (Figure 2A) (77). Indeed, both 25-hydroxycholesterol (25HC) and 27-hydroxycholesterol (27HC) are physiologically produced by the enzymatic oxidation of cholesterol and may be used to inhibit enveloped and non-enveloped human viruses (183, 184) and highly pathogenic viruses, including Zika (185), mammalian reovirus (186), Lassa virus (187), encephalomyocarditis virus (188), porcine reproductive and respiratory syndrome virus (189). A recent study reported that the 25HC treatment of mice infected with SARS-CoV-2 significantly reduced virus numbers in the lungs and trachea (148). On the one hand, cholesterol is transformed into 25HC by Cholesterol 25-Hydroxylase (CH25H). By obstructing membrane fusion, 25HC exhibits extensive anti-coronavirus activity (125, 184). Similarly, the internalization of 25HC aggregates in late endosomes may inhibit spike protein-catalyzed membrane fusion of SARS‐CoV‐2 by blocking cholesterol export (124); however, CH25H consumes available cholesterol on the plasma membrane to suppress virus-cell fusion (125). These data indicate that membrane-modifying oxysterols are possible antiviral therapeutics, thereby inhibiting SARS-CoV-2 and other coronaviruses (Figure 1A) (153). However, it is possible to obstruct PDCoV proliferation using CH25H which acts as a host restriction factor, but this inhibition is not entirely dependent on its enzymatic activity (190). The junction adhesion molecule-A and the cation independent isoform of the mannose-6-phosphate receptor are two key replication molecules common to all viruses that use adhesion molecules and the endosomal pathway to enter and diffuse target cells. Both molecules are downregulated by 25HC and 27HC (191). Previous studies suggested that SARS-CoV-2 propagation in cultured cells was inhibited by various cholesterol molecules, including natural oxysterols, 7-ketocholesterol, 22(R)-hydroxycholesterol, 24(S)-hydroxycholesterol, and 27HC (Figures 2A-e, c) (163). At effective concentrations, 25HC, 7-dehydrocholesterol (7DHC), and 27HC were non-toxic natural products, with potentially curative applications for emerging virus infections, such as SARS-CoV-2 (192), human immunodeficiency virus, Ebola virus, Nipah virus, Rift Valley fever virus, and Zika (153).




Figure 2 | Overview of mevalonate pathway and coronavirus infection. (A) Cholesterol metabolizing enzymes and metabolites act against viral infectivity. Red type represents cholesterol metabolizing enzymes or corresponding natural products which may be used as drug targets or directly to exert antiviral effects. (a) HMG-CoA reductase regulates cholesterol biosynthesis and is targeted by statins. (b, c, d) The sterol metabolic network participates in interferon (IFN) antiviral responses. (e, f) SARS-CoV-2 propagation in cultured cells is inhibited by various cholesterol molecules and semi-synthetic oxysterols. The detailed steps of the cholesterol synthesis pathway can be found in (180–182). (B) Cholesterol metabolism reprogramming and antiviral responses after viral infection. (a) Cholesterol promotes pathological syncytial formation during SARS-COV-2 infection. (b) Serum TC, TG, and non-esterified polyunsaturated fatty acid levels are remodeled in COVID-19 patients. (c, d) SARS-CoV-2 infection increases glucose entry into the TCA cycle via increased pyruvate carboxylase expression and reduced oxidative glutamine metabolism, while maintaining reductive carboxylation. (f) SREBP-dependent lipidomic reprogramming is a broad-spectrum antiviral target, AM580 strongly inhibits coronavirus replication by interacting with SREBP-2. (e, h, g, i, j) COVID-19-activated SREBP-2 disturbs cholesterol biosynthesis, leading to a cytokine storm. Importantly, SREBP-2 activity is regulated by crosstalk between cholesterol consumption and NF-κB expression via several inflammatory response processes induced by SARS-CoV-2 infection. Red arrows represent upregulation and blue arrows represent downregulation. Acetyl-CoA, Acetyl-Coenzyme A; HMG-CoA, 3-hydroxy-3-methylglutaryl-coenzyme A; EBP, Δ(7)-isomerase; DHCR24, 3-β-hydroxysteroid-Δ-24-reductase; SC5DL, Sterol C5-desaturase; DHCR7, 7-dehydrocholesterol reductase; CH25H, cholesterol-25-hydroxylase; 25HC, 25-hydroxycholesterol; 27HC, 27-hydroxycholesterol; IFNβ, Interferon-β; TC, Total cholesterol; HDL-C, High-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; TG, Triglyceride; ATP, Adenosine triphosphate; SREBP-2, Sterol regulatory element-binding protein 2; AM580, a selective RARα agonist; HMGCR, 3-Hydroxy-3-Methylglutaryl Coenzyme A Reductase; NF-κB, Nuclear transcription factor-κB.





The Sterol Metabolic Network Participates in Host-Immune Responses

All coronaviruses have a similar infection mechanism, which successfully manipulates host cell functions. One strategy to suppress the host innate immune response to evade antiviral responses, is shielding RNA intermediates in replication organelles (193, 194). In fact, coronaviruses with +RNA genomes, which duplicate solely in the cytoplasmic matrix, and modify the inner membranes of cells to form virus duplication bases, also known as “replication factories” or “replication organelles”. While varying in morphology and membrane composition, these structures appear to centralize viral replication machinery, intermediates, and products in membrane-bound vesicles or invaginations, and are beyond the reach of innate immune sensors in the cytosol. Thus, viral infection outcomes are determined by metabolic interactions between hosts and viruses (195). Cholesterol is a crucial component of cell membranes and lipid rafts. Cholesterol metabolism contributes to the formation of immune synapses and downstream signal transmission (196).The host’s defenses against virus infection requires IFN-mediated cholesterol biosynthesis and the formation of immune synapses, and also host innate immune metabolic regulators as potential antiviral strategies (197).

Two molecules, sterol regulatory element-binding protein-2 (SREBP-2) and 3-hydroxy-3-methyglutaryl CoA reductase (HMGCR), have significant roles in the cholesterol biosynthetic pathway; SREBP-2 is the master transcriptional regulator of cholesterol biosynthesis (Figures 2B-e, g) and HMGCR is a rate-limiting enzyme for cholesterol synthesis (198). SREBP-2 cleavage and HMGCR degradation are two major feedback regulatory mechanisms governing cholesterol biosynthesis (Figures 2A-a) (58). Recently, the sterol metabolic network was shown to participate in interferon (IFN) antiviral responses (76, 199). Studies have reported that the IFN regulatory loop mechanism downregulates sterol biosynthesis, linking innate immune responses to viral infection, via sterol metabolism regulation (171). After viral infection, the infected cells produce high IFN levels, thereby reducing enzyme expression in the cholesterol pathway (171). On the one hand, the sterol metabolic network is involved in IFN antiviral responses (76) with reduced flux through the mevalonate pathway leading to upregulation of type I IFN responses (172) (Figures 2A-b, d). IFN-γ induces proteasomal degradation of HMG-CoA reductase and the rapid proteasomal elimination of HMG-CoA reductase by IFN-γ in primary macrophages which requires endogenous 25HC synthesis (200). On the other hand, cholesterol metabolism and mevalonate pathways are crucial for regulator T-cells which efficiently drive regulatory T cell proliferation and enhance and stabilize their suppressive capacity (201, 202). In particular, LKB1 triggered activation of the mevalonate pathway by upregulating IFN-γ and IL-17A levels, which were essential for the stabilization of T regulatory cells (201). Cholesterol is required for SARS-CoV-2 to form pathological syncytia which is believed to help replicate and evade host immune responses (67). For example, cholesterol biosynthesis pathways are affected by SARS-CoV which regulate levels of SREBP2, S1 protein, peroxisome proliferators-activated receptors γ (PPARγ), diacylglycerol acyltransferase-1or cholesterol efflux regulatory protein (203–205). COVID-19-activated SREBP2 disturbs cholesterol biosynthesis (Figures 2B-e), leading to a cytokine storm (50) (Figures 2 B-j). Importantly, SREBP-2 activity is regulated by crosstalk between cholesterol consumption and nuclear factor κ-B (NF-κB) expression from various inflammatory response processes induced by SARS-CoV-2 infection (Figures 2B-h) (50). In addition, a metabolic configuration is induced by SREBPs where glucose is metabolized via the citrate malate shuttle, thus enabling natural killer cell growth, proliferation, and function (206). Therefore, SREBP-dependent lipidomic reprogramming may be viewed as a broad-spectrum antiviral target (203). 25HC exerts inflammatory properties and significantly attenuates proteolytic processing of SREBP2 (Figures 2A-c), thereby inhibiting the isoprenoid branch of the mevalonate pathway (207). 25HC also amplifies inflammatory signals (207), with growing evidence suggesting it has a broad impact on innate and adaptive immunity (195, 208–213), including antiviral immunity, inflammasome activation, and antibody class switching (214), In addition, lung-selective 25HC nano-therapeutics may function as inhibitors of COVID-19-mediated cytokine storms (215). IFN-β production may be regulated by targeting the 7-dehydrocholesterol reductase (DHCR7) and adding 7-dehydrocholesterol (7-DHC), an intermediate natural product in the cholesterol metabolism pathway (77) (Figures 2A-b). Moreover, it is possible to enhance anti-viral immunity by promoting serine/threonine kinase 3 (AKT3) activation (77); a positive feedback loop is formed via type I IFN signaling and 7DHC accumulation to amplify innate immune responses and control viral infection by activating AKT3. Also, the emergence of highly pathogenic viruses may be inhibited by DHCR7 inhibitors and 7-DHC (216). York et al. suggested that a reduction in cholesterol biosynthesis was a key event in inducing antiviral responses in virus-infected cells (172) and that decreased cholesterol biosynthesis facilitated anti-viral signaling by the stimulator of interferon gene (STING) in the ER (Figures 2A-d) (216). Although cholesterol is a crucial component of immune cell membranes, cholesterol accumulation in lymphoid organs promoted T cell priming and stimulated the production of the B cell growth factors, Baff and April (217). Ito et al. (2016) reported that defects in cholesterol metabolism in CD11c+ immune cells resulted in impaired antigen presentation and ultimately autoimmune disease (218). Excessive cholesterol may exert immune dysfunction and promote excessive pulmonary and systemic inflammatory responses (219).



Cholesterol-Modifying Drugs Inhibit Coronavirus Replication

Recently, several commonly prescribed medications were shown to interfere with sterol biosynthesis, including haloperidol, aripiprazole, cariprazine, fluoxetine, trazodone, and amiodarone (220). Cholesterol-modifying drugs exert anti-viral roles by reducing the absorption or synthesis of systemic cholesterol or directly changing cholesterol levels in target cell membranes (219) (Figure 1A). It is possible to alter the SARS-CoV-2 cycle in vitro and in vivo using various cholesterol-modifying drugs (e.g., AM580 is a selective retinoic acid receptor alpha (RAR-α) agonist, fibrates, and statins) which hinder fatty acid and cholesterol synthesis (Figure 1E) (221). In fact, cholesterol-binding agents, including statins or MβCD, affect cholesterol and destroy lipid rafts, thereby damaging coronavirus adhesion and binding properties (119, 222). Moreover, these compounds also block key downstream virus infectivity molecules, reduce proinflammatory tumor necrosis factor-α (TNF-α) and IL-6 levels, and/or affect autophagic processes in viral replication and clearance (222). It is worth noting that cholesterol, fatty acids, cytosolic phospholipase A2α (cPLA2α), and fatty acid synthase contribute to SARS-CoV-2 DMV formation (204, 223). For example, fenofibrate (reduces triglyceride and low-density lipoprotein cholesterol levels inhibit SARS-CoV-2 replication and pathogenesis by affecting lipid metabolism pathways in the lung cells of patients with COVID-19 (224). AM580 is a retinoid derivative which interacts with N-terminal SREBP to block lipogenic transactivation (203). Statins reduce intra- and extra-cellular cholesterol by targeting HMGCR (Figures 2A-a) (225, 226), thereby affecting viral infection, immunity, and inflammation (219). Statins may also limit inflammation by altering HMGCR mediators in the cholesterol biosynthesis pathway (227, 228). These anti-inflammatory properties are considered statin’s core protective effects in cardiovascular disease, in addition to lowering cholesterol levels (225). Wang et al. suggested that high cholesterol levels increased entry of pseudotyped SARS-CoV-2 and the infection of virus particles, and more of the receptor ACE2 can be recruited to the internalization site (229). Statins ability to decrease lipids, enhance protective immune responses, and exert anti-inflammatory properties are beneficial during SARS-CoV-2 infections (219). Statin therapy was previously reported to increase blood clearance rates in chronic HCV infections and reduce mortality and intubation requirements during influenza infection (118). Statins, especially pitavastatin, may significantly inhibit activity of SARS-CoV-2’s main protease, Mpro, which has a greater binding energy than proteases or polymerase inhibitors (230). Decreasing cellular cholesterol may also trigger the intake of more cholesterol from the blood, reducing serum HDL-cholesterol (HDL-C) and LDL-C levels. As cholesterol-lowering drugs, statins are widely used in cardiovascular and metabolic diseases (231, 232). They inhibit inflammation by reducing cholesterol and phospholipid deposition in blood vessels. Thus, anti-inflammatory molecules provide protective effects in cardiovascular diseases, and do not just lower cholesterol (225).



Cholesterol as a Potential Marker for Monitoring COVID-19

SARS-CoV-2 infection reshapes cholesterol metabolism via gene activation and increased host metabolism activity (23) (Figure 2B). Briefly, SARS-CoV-2 infection disturbs cholesterol biosynthesis by activating SREBP-2 and affecting glucose or glutamine metabolism (50, 233) (Figures 2B-e, c, d). Clinical data has also indicated that lipid disorders may facilitate increased COVID-19 mediated pathogenicity, therefore lowering cholesterol levels may inhibit SARS-CoV-2 replication and viral loads in patients (51, 65). When compared with healthy individuals, patients with dyslipidemia-related diseases are more likely to be infected by SARS-CoV-2 (234, 235). Also, SARS-CoV-2 infection caused some COVID-19 patients to have lower serum cholesterol levels (e.g., 27HC, total cholesterol, high density lipoprotein cholesterol, and low-density lipoprotein cholesterol), while triglyceride and non-esterified polyunsaturated fatty acid levels were up-regulated (Figures 2B-b) (27, 236–238). In particular, decreased serum HDL-C levels are positively correlated with COVID-19 infection severity (239). As infection worsens, serum TC and HDL are lowered, but upon recovery, cholesterol levels return to normal (65, 239–243). This may be due to SARS-CoV-2 S proteins affecting HDL functions by removing lipids from HDL and remodeling its composition/structure (243), potentially affecting virus clearance in infected patients (244). Thus, serum cholesterol and lipoprotein marker monitoring may have an important clinical value for COVID-19 risk prediction (115). Increased triglyceride/HDL-C ratios may be useful for the early identification of patients with high risk and poor outcomes (245, 246). Moreover, in patients with severe disease, significantly elevated serum HDL levels are associated with favorable outcomes (112). HDL-C levels decrease significantly in critically ill COVID-19 patients and are negatively correlated with C-reactive protein and IL-6 levels, however lymphocyte levels are increased with increased HDL-C levels, which positively correlate with the COVID-19 severity (247). Therefore, LDL-C levels may be used as predictors of COVID-19 progression and risk assessment (248).

SREBP is a membrane junction protein attached to the ER and nuclear envelope (249); it regulates the effective synthesis of fat and cholesterol and plays important roles in maintaining energy homeostasis (Figures 2B-g) (250, 251). The SREBP protein family regulate lipid cholesterol and fatty acid gene expression via mitogen-activated protein kinase (MAPK) signaling (252). A recent study reported that SREBP-2 C-terminal fragment was detected for the first time in the blood of patients with COVID-19. Based on data from clinical samples, SREBP-2 C-term was suggested as a reference indicator to assess disease severity after SARS-CoV-2 infection (50). SREBP-2-dependent lipidomic reprogramming is a broad-spectrum antiviral target, with SREBP-2 activation correlating with COVID-19-induced cytokine storm activation (235). AM580 strongly inhibits coronavirus replication by interacting with SREBP-2 (203, 204).




Conclusions

Viruses are intracellular parasitic pathogens. They exploit host nutrients and metabolites to accommodate their survival and are highly adaptable molecules in escaping host antiviral responses. Therefore, interventions in host specific metabolic pathways could become potential antiviral targets (80, 203, 205, 253). Potential cholesterol-modifying drugs exert broad-spectrum antiviral effects by inhibiting activities of key rate-limiting enzymes in the mevalonate pathway, and also SREBP proteins which regulate host cholesterol homeostasis, thereby affecting coronavirus entry, membrane fusion, and pathological syncytia formation (204). Thus, cholesterol metabolism disorder is a double-edged sword; it affects the normal physiological functions of cells, however, weaponizing cholesterol dysregulation in local cell environments such as lipid rafts or endosomes could inhibit coronavirus replication. Therefore, the development of selective cholesterol-modifying drugs targeting key cellular components such as lipid rafts and endosomes in infected cells could be a promising antiviral strategy for the early stages of coronavirus infection.
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The immune system is severely compromised in patients with COVID-19. The representative group of 43 patients were selected from the cohort of 342 patients with COVID-19 and pneumonia. This group of 43 patients was examined for the levels of C-reactive protein, biomarker of systemic inflammation, and for the subsets of adaptive immune cells. The immunological parameters were correlated with the metabolic parameters and cardiovascular pathology history. We identified that a decrease in the absolute number of T-lymphocytes, T-cytotoxic, T-activated and B-lymphocytes correlated with the higher levels of CRP. The absolute number of T-helpers and the absolute number of double positive T-lymphocytes positively correlated with the levels of iron in serum (Z= 0,310 and Z=0,394). The absolute numbers of T-activated lymphocytes positively correlated with serum levels of LDH (Z = 0,422), ferritin (Z = 0,407) and iron (Z = 0,418). When studying subpopulations of lymphocytes, depending on the combined pathology, we found that the absolute numbers of B-lymphocytes and double positive T-lymphocytes in the peripheral blood were significantly reduced in patients with arterial hypertension (p=0,0074 and p=0,0227, correspondingly). The increased levels of NK cell were found in patients with a history of coronary heart disease (p=0,0108). In addition, we found that deficiencies in the adaptive immune system correlated with the deficiencies in iron metabolism. The cardiovascular pathology upsets the balance in the adaptive and innate immune system in the circulation of patient with severe COVID-19.
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Introduction

Coronaviruses are a large group of RNA-containing viruses that cause both colds with mild clinical course and severe forms, accompanied by damage to the lower respiratory tract with respiratory failure. A new variant of the virus, named SARS-Cov-2, was first identified in China in 2019 and caused a pandemic that has not yet been localized. To date, more than 176 million confirmed cases have been registered worldwide, including 5,15 million in Russia, and it`s amount continues to grow (1). The main clinical manifestations of coronavirus infection include fever, shortness of breath, dry cough, muscle aches, sweating, diarrhea, and pulmonary disease such as interstitial pneumonia. In the severe cases, the process affects not only the lungs, but also other internal organs, and it leads to the development of multiple organ failure and death (2).

To date, there are no absolutely effective pharmacotherapy regimens, which makes it necessary to further study the nature of the disease, its pathogenesis and developmental mechanisms in order to search for potential targets of therapeutic action. Studies demonstrate that there is a decrease in the absolute number of lymphocytes in patients with COVID-19, including CD4 + and CD8 + T-lymphocytes (3), while the antiviral activity of the immune system depends on the activation of CD8 T-cells, the increase of its number is necessary for the lysis of infected cells and the fastest recovery (4). The factors affecting the development of lymphopenia are not completely understood, most observations indicate a correlation between the severity of the infection and the severity of lymphopenia. One of the quantitative characteristics of the inflammatory process and a predictor of the disease severity is C-reactive protein (CRP) (5). Studies on the effect of CRP levels on the development of lymphopenia in general and on the effect on lymphocyte subpopulations are fragmentary. In the study by Acar et.al, the ratio of the number of lymphocytes in peripheral blood to the level of C-reactive protein was higher in patients who died from COVID-19 compared with survivors (0,03 and 0,36, p <0,05) (6). In another study, correlations were found between the levels of C-reactive protein and lymphocyte subpopulations, for CD3 and CD8 they reached statistical significance (p = 0,01 and p = 0,004, respectively) (7).

Therefore, the purpose of this study was to determine the characteristics of peripheral blood lymphocyte subpopulations and to search for associations with clinical and laboratory parameters of the COVID-19 disease.



Material and Methods


Patients

The study included 342 patients with COVID-19, complicated by pneumonia, hospitalized at the clinic of the Bashkir State Medical University. All patients received treatment according to the Temporary National Recommendations and local protocols. Monitoring of somatic status, laboratory parameters and CT scan of lungs were carried out. Out of the total patients’ cohort, 43 patients were selected by blind randomization to ensure representative study group. Blood samples for the isolation of peripheral blood lymphocytes were obtained at the moment of hospitalization before any treatment onset started. The peripheral blood lymphocytes of the 43 patients study group were analyzed by immunophenotyping (IPT). The main characteristics of the total and study groups are presented in Table 1.


Table 1 | Basic characterisation of total COVID-19 patients’ cohort and cohort selected for the lymphocyte analysis.





Analysis of Clinical Parameters

The hematological parameters were analyzed using an automatic analyzer CELL-DYN Sapphire (Abbot, USA), the biochemical parameters were studied using an automatic analyzer CA-800 (Furuno Electric Co. Ltd., Japan). Computed tomography was performed using an Optima CT660 device (General Electric, USA). COVID-19 diagnosis was done by real-time polymerase chain reaction (RT-PCR) (Vector-Best COVID-19 RT-qPCR kit, Russia) of viral nucleic acids form throat swab samples.



C-Reactive Protein Analysis

Samples were obtained from peripheral blood in EDTA containing tubes and processed accordingly (1,500 g, 15 min). Plasma high sensitive CRP levels were determined using Wide Range C-Reactive Protein (wr-CRP) Turbidimetric Immunoassay Kit (Toronto BioScience, USA) following manufacturer instructions.



Metabolic Syndrome Analysis

Diagnostics of the metabolic syndrome included the assessment of body mass index and the detection of arterial hypertension, hypercholesterolemia, diabetes mellitus, and pathology of the coronary and cerebrovascular arteries according to the medical records of patients in the Unified State Information System in Healthcare (Russia). Diagnosis was available before COVID-19 disease. Body mass index was calculated using the formula kg/m2 where kg is a person’s weight in kilograms and m2 is their height in meters squared.



Lymphocyte Subpopulations Analysis

10 ml from peripheral venous blood were used. Sample preparation for cytometric counting was performed according to the recommendations given in the standardized technology (8). Phenotype of blood lymphocytes was analyzed by flow cytometry (Beckman Coulter, USA). Combinations of fluorescently labeled of antibodies were designed according to the principles of forming panels for multicolor cytometric studies described in the literature (9, 10). Following antibodies were used: tetraCHROME CD45-FITC/CD56-PE/CD19-ECD/CD3-PC5 Antibody Cocktail (Beckman Coulter, cat.N 6607073); CD3-FITC/HLA-DR-PE Antibody Cocktail (Beckman Coulter, cat.N A07737), CD45-Pacific Blue (Beckman Coulter cat.N А74763); Flow-Count (Beckman Coulter cat.N 7547053).

Erythrocytes were removed from the samples using a no-wash technology with VersaLyse Lysing Solution (Beckman Coulter, USA). Absolute values were obtained in a single platform system using FlowCount ™ reagent (Beckman Coulter, USA). Samples were analyzed on a Navios ™ flow cytometer (Beckman Coulter, USA) equipped with three diode lasers 405, 488, 638 nm and 10 fluorescence detection channels. In each sample, at least 70,000 lymphocytes were analyzed. Cytofluorometric data were processed using Navios Software v.1.2 (Beckman Coulter, USA). Study contained 9 subpopulations - lymphocytes (CD45 bright), B-cells (CD3-CD19+), T-cells (CD3+CD19-), T-helpers (CD3+CD4+CD8-), T-cytotoxic (CD3+CD8+CD4-), T-NK cells (CD3+CD56+), double positive T-lymphocytes (CD4+CD8+), True natural killer cells (CD3-CD56+), activated T cells (CD3+HLA-DR+).



Statistical Methods

We used Statistica 13.0 software (TIBCO Software, Palo Alto, CA, USA) to all comparison, the Shapiro-Wilk test to test the normal distribution of continuous variables, the Student’s t-test and the Mann-Whitney test with Wilcoxon’s posterior signed rank test to compare the groups and Spearman teas to estimate correlations. Results were expressed as mean with SD for normal distribution, otherwise the median with interquartile range (Q1 - Q3). Differences were considered statistically significant at p <0,05.




Results


Clinical Characterization of COVID-19 Patients

The basic clinical and biochemical parameters analysed in blood of patients in the total COVID-19 cohort and COVID-19 patients examined of the analysis of lymphocyte subpopulation and levels of C-reactive protein did not differ, indicating that selected group of 43 patients is representative for the total COVID-19 cohort (Table 1). All patients had bilateral polysegmental pneumonia on the chest CT scans. In the total cohort, CT-1 (up to 25% of the lesion) was detected in 42 patients, CT-2 (25% -50% of the lesion) in 148, CT-3 (51% -75% of the lesion) in 128 and CT-4 (more 76% lesion) in 15 patients. In the study group, CT-1 was found in 8 patients, CT-2 in 26, CT-3 in 9 patients. Patients included in our study had moderate disease level according to the WHO Clinical Progression Scale [www.who.int]. Patients, included in our study, did not require and were not subjected to non-invasive ventilation or high-flow oxygen. 28 patients had no oxygen supply (score 4), 15 patients received oxygen by face mask (score 5). No statistically significant differences have been identified in the circulating CRP levels in the total cohort and in the study group. In 17 patients CRP levels were within the reference (0-9 mg/l) values (Group 1). The remaining patients we divided into 2 subgroups: with CRP levels of 10-50 mg/l (Group 2) and with CRP levels over 51 mg/l (Group 3). For all three groups, the main clinical and laboratory characteristics are summarized in the Table 2.


Table 2 | Clinical and laboratory characteristics of COVID-19 patients divided into 3 groups according to the CRP levels.



The average age of patients in the groups 1 and 2 was similar (58 vs. 58,5 years). In group 3 the average age was 63 years, however, the difference between group 1 and 2 were not statistically significant (Table 2). The duration of hospitalization was statistically significantly higher in patients with a higher CRP level (8 vs. 13 days, p=0,0032 for group 1 and 3 and 9,5 vs. 13, p=0,0048 for group 2 and 3) arguing towards the negative effect of systemic inflammation for the COVID-19 disease severity. The increase in CRP levels correlated with the decrease in the lymphocytes amounts (Z= -0,467). CRP levels correlated also with the percentage of neutrophils (Z= 0,459) and with the decrease in platelets (Z= -0,440). No correlations have been identified for CRP levels with the total number of leukocytes and erythrocytes.

The analysis of biochemical parameters revealed a statistically significant increase in the level of lactate dehydrogenase (LDH) in the third group with CRP levels over 51 mg/l compared to the first group (295 vs. 495, p=0,002). CRP groups 2 and 3 had increased levels of ferritin with statistical significance for group 3 (295,0 vs. 435,0, p=0,0054), and a decrease in the level of serum iron, most pronounced in group 3 (12,0 vs. 6,0, p=0,014). There was an increase in the levels of creatine phosphokinase in third group, which, however, did not reach statistical significance. The levels of aspartate aminotransferase and alanine aminotransferase did not change in the study groups compared to reference values, which indicates the absence of a direct cytolytic process in the liver at this stage of the disease.

Remarkable is the ratio of the number of lymphocytes to the level of CRP, which statistically significantly differs between CRP groups 2 and 3 (6,5 vs. 1,23 and 6,5 vs. 0,309, with p=0,0032 and p=0,0012, correspondingly). Such ratio was previously used to assess the prognostic parameter in patients with lung or colon cancer (11, 12). Our data suggest that the lymphocyte/CRP ratio can be used in clinical practice as a sensitive parameter for assessing the inflammatory status in patients also in the disorders of infectious etiology.



Metabolic Syndrome and C-Reactive Proteins Levels in COVID-19 Patients

COVID-19 patients were analyzed for the clinical manifestations of metabolic syndrome: high body mass index (BMI), and for the presence associated clinical conditions - diabetes mellitus, hypercholesterolemia, hypertension, ischemic heart disease, cerebrovascular pathology (Table 2). Notable that in all studied groups, BMI exceeded normal values and ranged from overweight in the groups 1 (28,45) and 2 (28,43) to the obesity I in the group 3 (30,07). We did not find statistically significant correlations between CRP levels with the incidence of following clinical conditions: diabetes, hypercholesterolemia, coronary artery disease, cerebrovascular disease. The incidence of arterial hypertension was 47% in the group 1; 43,7% in the group 2, and 70% in the group 3, but the differences did not reach the statistical significance due to high variability in the patients. When assessing the CRP level depending on the presence of AH, in the group with high blood pressure, the average CRP levels were higher (Me = 18,8 [2,0-23,8] and Me = 18,8 [1,8 -60,9], respectively), the differences did not reach the level of statistical significance, most likely due to big individual variations.



Analysis of Lymphocyte Subpopulations in 3 Groups Defined by C-Reactive Protein

We investigated the absolute and relative number of the main subpopulations of lymphocytes in groups with different concentrations of CRP (Figure 1 and Supplementary Tables 1, 2). We found decreased total absolute number of lymphocytes (1,043 vs. 1,541; p=0,032), B-cells (0,112 vs. 0,202; p=0,027), T-cells (0,742 vs. 1,345; p=0,012), T-cytotoxic (0,206 vs. 0,440; p=0,018) and T-activated cells (0,041 vs. 0,076; p=0,021) in group 3 compared to group 1. Also, the absolute level of T-cells was lower in group 2 compared to group 1 (1,002 vs. 1,345; p=0,011). When comparing the relative number of lymphocyte subpopulations, a statistically significant decrease in the content of lymphocytes (15,6 vs. 22,88; p=0,033) and T-cytotoxic cells (20,1 vs. 27,0; p=0,025) in group 3 compared to group 1 was identified. In contrast, an increase in the number of T-helpers, NK-cells and true natural killer cells was observed in group 3, however the differences did not reach the level of statistical significance.




Figure 1 | Content of lymphocyte subpopulations depending on CRP levels in patients with COVID-19. Venous blood out of 43 patients was analyzed using flow cytometry to identify SUBP1 – total lymphocytes (CD45 bright), SUBP2 - B-cells (CD3-CD19+), SUBP3 - T-cells (CD3+CD19-), SUBP4 - T-helpers (CD3+CD4+CD8-), SUBP5 - T-cytotoxic (CD3+CD8+CD4-), SUBP6 - T-NK cells (CD3+CD56+), SUBP7 - double positive T-lymphocytes (CD4+CD8+), SUBP8 - True natural killer cells (CD3-CD56+), SUBP9 - activated T cells (CD3+HLA-DR+). COVID-19 patients were divided in 3 groups according to the CRP levels: group 1 <10 mg/l; group 2 10-50 mg/l; group 3 >50 mg/l. Statistical analysis was carried out using Mann-Whitney test.





Identification of Correlations of Lymphocyte Subpopulations With Biochemical Parameters in Blood

After a quantitative study of the main subpopulations of lymphocytes, we carried out a correlation analysis between the main clinical and laboratory parameters and the results of the immunophenotyping. A number of correlations were found between the studied subpopulations, both in absolute and relative terms with the levels of LDH, ferritin and serum iron (Figure 2).




Figure 2 | Analysis of correlations of serum concentrations of lactate dehydrogenase, iron and ferritin with lymphocyte subpopulations. 16 ml of whole venous blood out of 43 patients was analyzed to measure lactate dehydrogenase, iron and ferritin levels and lymphocyte subpopulation count. Biochemical analysis was carried out by the colorimetric method, lymphocyte subpopulations studied by flow cytometry. Statistical analysis to find the relationship between these parameters was carried out according to Spearman test. (A) intersection of correlations between biochemical parameters and lymphocyte subpopulations. (B) revealed positive (upward axis) and negative (downward axis) correlations between lymphocyte subpopulations and biochemical parameters.



The absolute number of T-cytotoxic lymphocytes negatively correlated with the levels of LDH (Z = 0,470) and ferritin (Z = 0,420). We found a positive correlation between the absolute number of T-helpers and serum iron levels (Z = 0,334) and the relative number of T-helpers with LDH levels (Z = 0,442). The absolute number of double positive T-lymphocytes positively correlated with the level of serum iron (Z = 0,413). The greatest number of correlations was found for the absolute number of T-activated lymphocytes - negative with the levels of LDH (Z = 0,422) and ferritin (Z = 0,407) and positive with the levels of serum iron (Z = 0,418).

When analyzing the distribution of lymphocyte subpopulations, depending on the presence of associated clinical conditions, we found that the absolute numbers of B-lymphocytes and double positive T-lymphocytes in the peripheral blood were statistically significantly reduced in patients with arterial hypertension (p=0,0074 and p=0,0227, correspondingly). This may be due to higher levels of inflammation and suppression of nonspecific immunity. Patients with a history of coronary heart disease have a statistically significantly higher NK cell level (p=0,0108) (Figure 3).




Figure 3 | Comparative analysis of lymphocyte subpopulations in patients with associated clinical conditions. Clinical conditions associated with metabolic syndrome - arterial hypertension, overweight, hypercholesterolemia, diabetes mellitus, coronary and cerebral artery disease - were assessed in the study group. For all examined subjects, lymphocyte subpopulations were assessed by flow cytometry. A comparative analysis of lymphocyte subpopulations in patients in the studied groups was carried out; statistical analysis was carried out using the Mann-Whitney test.






Discussion

Clinical and laboratory markers of the COVID-19 severity are intensively studied by scientists around the world. The basic research, available both in clinics and at the ambulance, is a general blood test, that`s why it can be used as a frequent and usable biomarker. One of the potential markers is lymphopenia, which is mentioned most often (13, 14). Ghahramani et al. (15) in wide a meta-analysis, which included 17 publications, showed a significant decrease in the number of lymphocytes, as well as monocytes and eosinophils, hemoglobin, platelets, an increase in the neutrophils number in patients with severe disease. No significant differences were found in the level of erythrocytes, which is consistent with our results. The underlying cause of lymphopenia in severe cases of COVID-19 is still unknown, and several mechanisms have been proposed to explain it. Some of these hypotheses are apoptosis of T-lymphocytes, IL-induced pyroptosis-1β (16), direct cytopathic effect of the virus on T-lymphocytes (17), bone marrow suppression due to cytokine storm, similar to that in sepsis (18).

The results of biochemical diagnostics in patients with a new coronavirus infection are also under intensive investigation. Jurado et al. found that during hospitalization the levels of interleukin 6, CRP, ferritin, D-dimer, LDH, leukocytes and neutrophils in all patients were higher than the reference values (19). A meta-analysis of data from 1,745 COVID-19 patients from six studies showed that 16% of COVID-19 patients have increased levels of alanine transaminase and aspartate aminotransferase levels in the circulation. 34% of patients had albumin levels below normal, and 6% of patients had elevated total bilirubin levels. Creatinine levels were elevated in 8% of patients, creatine kinase levels were above the normal range in 13% of patients, and 52% of patients had elevated lactate dehydrogenase (LDH) levels, which was recognized as a marker of the severity of the COVID-19 (20). Our study demonstrated, the level of LDH are statistically significantly increased depending on the severity of inflammation, and negatively correlate with the levels of T-helpers and T-cytotoxic lymphocytes. The most diagnostically significant marker of the severity of COVID-19 is C-reactive protein. Tan et al. (21) showed that CRP has good diagnostic accuracy for early prognosis of severe COVID-19 at a cut-off value of 20.42 mg/L. The pooled results for the new combination markers showed a significant increase in the neutrophil-lymphocyte ratio and a decrease in the lymphocyte-C-reactive protein index in hospitalized patients with severe and mild severe cases (22). Overall, the published data suggesting that in the early stages of COVID-19, CRP levels may reflect disease severity, are in line with our findings.

There are several studies that examined the lymphocyte subtypes in patient with COVID-19 where different criteria were chosen to assess the severity of disease. When studying subpopulations of lymphocytes in patients with COVID-19, Odak, I. et al. showed the absolute number of lymphocyte subpopulations was significantly reduced in patients with COVID-19, depending on the severity of clinical symptoms. This is generally consistent with our results, except that oxygen dependence was chosen as a criterion of severity (23). In another study, it was found that the number of CD8+, CD4+, CD19+ and NK cells were reduced in severe cases of the disease. Differences in the CD8 were significant only in patients of 45-60 age group, and natural killer cells in the 60-75 years patients. The decrease in the number of lymphocytes, which was published to date, was found only in the age groups of 30–45 and 45–60 years. In our study, the average age of the participants was 60,0 (50,0-69,0), and significant correlations were identified for the absolute number of lymphocytes, B-cells, T-cells, T-cytotoxic and T-activated cells (24). Rutkowska et al. found a lower proportion of all lymphocytes, T-lymphocytes, B-lymphocytes and increasing of neutrophil counts in patients with severe and extremely severe COVID-19 diagnosed by CT scan results. Decrease of CD8+cells number did not reach the significance, which may be due to the small sample sizes (23 and 12 people, respectively) (25). Moratto, D. et al. presented data with significant differences in the number of CD3+, CD4+ and CD8+lymphocytes among patients with moderate, severe and critical phenotype, the severity condition was assessed with the Sixth Revised Trial Version of the Novel Coronavirus Pneumonia Diagnosis and Treatment Guidance, Italy (26). Liu, Z. et al. found that low CD4+ and CD8+ T lymphocyte counts are more common in patients with severe disease. The lymphocyte subpopulations were also evaluated depending on the presence of comorbidity, the duration of treatment before hospitalization, and the time to RT-PCR turning negative. The significant decrease of the CD8 subpopulation in the group with comorbidity was achieved, while in our report – for double positive T-lymphocytes (CD4+CD8+). There was also a trend to decrease in the number of B-lymphocytes and NK cells in all compared groups, but statistical significance was not achieved due to small samples (39 patients in total) (27). Sun H.B. et al. (28) showed that lymphopenia in patients with COVID-19 is mainly manifested by a decrease in the number of CD4+ T-lymphocytes and correlates with the severity of the disease. The counts and percentages of NK cells, CD4+ T cells, CD8+ T cells and NK-T cells were significantly reduced in patients with severe symptoms, which is consistent with our results. The cytotoxic CD3-CD56dimCD16+ cell population significantly decreased, while the CD3-CD56dimCD16- part significantly increased in severe COVID-19 patients. We found an increase in the relative number of true natural killers (CD3-CD56+) and T-helpers (CD3+CD4+CD8-) in patients with high CRP levels, but the differences did not reach significance (29). In another study, 112 patients who died from COVID-19 were older and had a higher incidence of comorbidities than those who survived. A significant reduction in total lymphocytes, CD3+, CD4+, CD8+ and CD19+ counts and CD3+ percentage was found in the group of patients (P <0 001), while the percentage of CD56+/CD16+ NK cells was significantly higher (P <0,001). Multivariate logistic regression analysis showed a significantly increased risk of in-hospital death associated to CD4+ T counts ≤ 500 cells/μl, (OR = 2,79, 95% CI = 1,1-6,7; P = 0 021); CD8+ T counts ≤ 100 cells/μl, (OR = 1,98, 95% CI = 1,2-3,3; P = 0,009) and CD56+/CD16+ NK ≥ 30%, (OR = 1,97, 95% CI = 1,1 – 3,1; P = 0,002) at admission, independent of total lymphocyte numbers and co-morbidities. According to our results, the described level of reduction was found for CD4 (0,474 ± 0,198 cell × 109/l) with the highest CRP levels, however, hospitalization for all patients in this group ended with discharge, while study of Cantenys‐Molina et al. describes patients with the lethal outcome (30). It was also reported that changes in lymphocyte subpopulations content remained in patients after the discharge. This study has analyzed 60 patients, and identified that the decrease in the amount of CD8 T cells and B cells, and an increase of CD4/CD8 ratio one-week post-treatment were associated with poor treatment efficacy (31). Decreased absolute counts of CD3+ T cells, CD4+ T cells, CD8+ T cells, and CD45+ T cells were found in both survival group and death group patients during first 3 days of hospitalisation (32). During days 4 to 35 of hospitalisation, that levels of T-cell subsets were gradually normalising in the group of patients who survived, but not in patients with mortal outcome (32). We also plan to harvest a follow-up data for our patients’ cohort. It is of particular importance since the information about the correlations between the lymphocyte subsets and levels of CRP in COVID-19 patients is extremely limited at the moment. Thus, the study by Mangano et al. that enrolled 33 COVID-19 patients revealed negative correlations between the levels of CRP and CD3+, CD3+CD4 +, CD3+ CD8+ subpopulations of lymphocytes, which is consistent with our results (33).

The concentration of LDH, aspartate aminotransferase and sodium ions significantly correlated (P <0.05) with the total lymphocyte count and the count of all lymphocyte subpopulations in patients with COVID-19. Among subpopulations of lymphocytes, the number of CD4+ T cells showed a significant correlation with most biochemical parameters. In contrast, no significant correlation was found between biochemical parameters and the number of monocytes and neutrophils (34). According to our results, the main subpopulations of lymphocytes (CD4+, CD8+, CD4+CD8+) had a negative correlation with the levels of iron, ferritin and LDH in various combinations.



Conclusion

Thus, this study shows deficiencies in the adaptive immune cells subsets and increased levels of CRP, indicator of systemic inflammation, correlated in patients with COVID.19. The pre-existing cardio-metabolic conditions predisposed the patients to the more severe imbalance on the adaptive and innate immune cell subsets, that can be explained by the systemic disturbances in the immune system preceding onset of COVID-19 disease.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.



Ethics Statement

The studies involving human participants were reviewed and approved by Bashkir State Medical University (protocol №11, 2020). The patients/participants provided their written i nformed consent to participate in this study.



Author Contributions

AT, VP, and JK designed the project. AT, MS, IM, RK, and AS performed experiments. AT, MS, VP, and JK have analyzed data. AT and JK wrote the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by by a grant from the Republic of Bashkortostan for young scientists SEC-GMU-2021, the Tomsk State University Development Programme (Priority-2030) and Bashkir State Medical University Development Programme (Priority-2030).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.856883/full#supplementary-material





References

1.(2019). Available at: https://www.who.int/ru/emergencies/diseases/novel-coronavirus.

2. Ortiz-Prado, E, Simbaña-Rivera, K, Gómez- Barreno, L, Rubio-Neira, M, Guaman, L, Kyriakidis, N, et al. Clinical, Molecular, and Epidemiological Characterization of the SARS-CoV-2 Virus and the Coronavirus Disease 2019 (COVID-19), a Comprehensive Literature Review. Diagn Microbiol Infect Dis (2020) 98(1):115094. doi: 10.1016/j.diagmicrobio.2020.115094

3. Zheng, M, Gao, Y, Wang, G, Song, G, Liu, S, Sun, D, et al. Functional Exhaustion of Antiviral Lymphocytes in COVID-19 Patients. Cell Mol Immunol (2020) 17(5):533–5. doi: 10.1038/s41423-020-0402-2

4. Kulinski, J, Tarakanova, V, and Verbsky, J. Regulation of Antiviral CD8 T-Cell Responses. Crit Rev Immunol (2013) 33(6):477–88. doi: 10.1615/CritRevImmunol.2013007909

5. Peisajovich, A, Marnell, L, Mold, C, and Du Clos, T. C-Reactive Protein at the Interface Between Innate Immunity and Inflammation. Expert Rev Clin Immunol (2008) 4(3):379–90. doi: 10.1586/1744666X.4.3.379

6. Acar, E, Demir, A, Yıldırım, B, Kaya, M, and Gökçek, K. The Role of Hemogram Parameters and C-Reactive Protein in Predicting Mortality in COVID-19 Infection. Int J Clin Practice (2021) 75(7):e14256. doi: 10.1111/ijcp.14256

7. Urra, J, Cabrera, C, Porras, L, and Ródenas, I. Selective CD8 Cell Reduction by SARS-CoV-2 is Associated With a Worse Prognosis and Systemic Inflammation in COVID-19 Patients. Clin Immunol (2020) 217:108486. doi: 10.1016/j.clim.2020.108486

8. Khaydukov, SV, Baydun, LV, Zurochka, AV, and Totolyan, AA. The Standardised Technique: "Study Subpopulations of Peripheral Blood Lymphocytes by Using Flow Cytometry. Russian J Immunol (2014) 8(17):974–92.

9. Kudryavtsev, I, and Subbotovskaya, A. Application of Six-Color Flow Cytometric Analysis for Immune Profile Monitoring. Med Immunol (Russia) (2015) 17(1):19. doi: 10.15789/1563-0625-2015-1-19-26

10. Mahnke, Y, and Roederer, M. Optimizing a Multicolor Immunophenotyping Assay. Clinics Lab Med (2007) 27(3):469–85. doi: 10.1016/j.cll.2007.05.002

11. Ou, W, Zhou, C, Zhu, X, Lin, L, and Xu, Q. Prognostic Significance of Preoperative Lymphocyte-To-C-Reactive Protein Ratio in Patients With Non-Metastatic Colorectal Cancer. OncoTargets Ther (2021) 14:337–46. doi: 10.2147/OTT.S290234

12. He, Y, Gong, R, Peng, K, Liu, L, Sun, L, and Wang, H. Lymphocyte-To-C-Reactive Protein Ratio is a Potential New Prognostic Biomarker for Patients With Lung Cancer. Biomarkers Med (2020) 14(9):717–26. doi: 10.2217/bmm-2019-0452

13. Lee, J, Park, S, Kim, T, Lee, D, and Kim, D. Lymphopenia as a Biological Predictor of Outcomes in COVID-19 Patients: A Nationwide Cohort Study. Cancers (2021) 13(3):471. doi: 10.3390/cancers13030471

14. Yan, S, and Wu, G. Is Lymphopenia Different Between SARS and COVID-19 Patients? FASEB J (2021) 35(2):e21245. doi: 10.1096/fj.202002512

15. Ghahramani, S, Tabrizi, R, Lankarani, K, Kashani, S, Rezaei, S, Zeidi, N, et al. Laboratory Features of Severe vs. non-Severe COVID-19 Patients in Asian Populations: A Systematic Review and Meta-Analysis. Eur J Med Res (2020) 25(1):30. doi: 10.1186/s40001-020-00432-3

16. Qu, R, Ling, Y, Zhang, Y, Wei, L, Chen, X, Li, X, et al. Platelet-To-Lymphocyte Ratio is Associated With Prognosis in Patients With Coronavirus Disease-19. J Med Virol (2020) 92(9):1533–41. doi: 10.1002/jmv.25767

17. Tay, M, Poh, C, Rénia, L, MacAry, P, and Ng, L. The Trinity of COVID-19: Immunity, Inflammation and Intervention. Nat Rev Immunol (2020) 20(6):363–74. doi: 10.1038/s41577-020-0311-8

18. Azkur, A, Akdis, M, Azkur, D, Sokolowska, M, Veen, W, Brüggen, M, et al. Immune Response to SARS-CoV-2 and Mechanisms of Immunopathological Changes in COVID-19. Allergy (2020) 75(7):1564–81. doi: 10.1111/all.14364

19. Jurado, A, Martín, M, Abad-Molina, C, Orduña, A, Martínez, A, Ocaña, E, et al. COVID-19: Age, Interleukin-6, C-Reactive Protein, and Lymphocytes as Key Clues From a Multicentre Retrospective Study. Immun Ageing (2020) 17(1):22. doi: 10.1186/s12979-020-00194-w

20. Deng, X, Liu, B, Li, J, Zhang, J, Zhao, Y, and Xu, K. Blood Biochemical Characteristics of Patients With Coronavirus Disease 2019 (COVID-19): A Systemic Review and Meta-Analysis. Clin Chem Lab Med (CCLM) (2020) 58(8):1172–81. doi: 10.1515/cclm-2020-0338

21. Tan, C, Huang, Y, Shi, F, Tan, K, Ma, Q, Chen, Y, et al. C-Reactive Protein Correlates With Computed Tomographic Findings and Predicts Severe COVID-19 Early. J Med Virol (2020) 92(7):856–62. doi: 10.1002/jmv.25871

22. Ullah, W, Basyal, B, Tariq, S, Almas, T, Saeed, R, Roomi, S, et al. Lymphocyte-To-C-Reactive Protein Ratio: A Novel Predictor of Adverse Outcomes in COVID-19. J Clin Med Res (2020) 12(7):415–22. doi: 10.14740/jocmr4227

23. Odak, I, Barros-Martins, J, Bošnjak, B, Stahl, K, David, S, Wiesner, O, et al. Reappearance of Effector T Cells is Associated With Recovery From COVID-19. EBioMedicine (2020) 57:102885. doi: 10.1016/j.ebiom.2020.102885

24. Wan, S, Yi, Q, Fan, S, Lv, J, Zhang, X, Guo, L, et al. Relationships Among Lymphocyte Subsets, Cytokines, and the Pulmonary Inflammation Index in Coronavirus (COVID-19) Infected Patients. Br J Haematol (2020) 189(3):428–37. doi: 10.1111/bjh.16659

25. Rutkowska, E, Kwiecień, I, Żabicka, M, Maliborski, A, Raniszewska, A, Kłos, K, et al. Cytokines and Leukocytes Subpopulations Profile in SARS-CoV-2 Patients Depending on the CT Score Severity. Viruses (2021) 13(5):880. doi: 10.3390/v13050880

26. Moratto, D, Chiarini, M, Giustini, V, Serana, F, Magro, P, Roccaro, A, et al. Flow Cytometry Identifies Risk Factors and Dynamic Changes in Patients With COVID-19. J Clin Immunol (2020) 40(7):970–3. doi: 10.1007/s10875-020-00806-6

27. Liu, Z, Long, W, Tu, M, Chen, S, Huang, Y, Wang, S, et al. Lymphocyte Subset (CD4+, CD8+) Counts Reflect the Severity of Infection and Predict the Clinical Outcomes in Patients With COVID-19. J Infect (2020) 81(2):318–56. doi: 10.1016/j.jinf.2020.03.054

28. Sun, H, Zhang, Y, Huang, L, Lai, Q, Mo, Q, Ye, X, et al. The Changes of the Peripheral CD4+ Lymphocytes and Inflammatory Cytokines in Patients With COVID-19. PloS One (2020) 15(9):e0239532. doi: 10.1371/journal.pone.0239532

29. Li, M, Guo, W, Dong, Y, Wang, X, Dai, D, Liu, X, et al. Elevated Exhaustion Levels of NK and CD8+ T Cells as Indicators for Progression and Prognosis of COVID-19 Disease. Front Immunol (2020) 11. doi: 10.3389/fimmu.2020.580237

30. Cantenys-Molina, S, Fernández-Cruz, E, Francos, P, Lopez Bernaldo de Quirós, J, Muñoz, P, and Gil-Herrera, J. Lymphocyte Subsets Early Predict Mortality in a Large Series of Hospitalized COVID-19 Patients in Spain. Clin Exp Immunol (2020) 203(3):424–32. doi: 10.1111/cei.13547

31. Wang, F, Nie, J, Wang, H, Zhao, Q, Xiong, Y, Deng, L, et al. Characteristics of Peripheral Lymphocyte Subset Alteration in COVID-19 Pneumonia. J Infect Dis (2020) 221(11):1762–9. doi: 10.1093/infdis/jiaa150

32. Li, Q, Xu, W, Li, W-X, Huang, C-L, and C, L. Dynamics of Cytokines and Lymphocyte Subsets Associated With the Poor Prognosis of Severe COVID-19. Eur Rev Med Pharmacol Sci (2020) 24:12536–44. doi: 10.26355/eurrev_202012_24051

33. Mangano, C, and Oliva, B. Relationship Between Lymphocyte Subsets Values and C-Reactive Protein in COVID -19 Patients. Cytometry Part A (2021) 99(5):462–5. doi: 10.1002/cyto.a.24327

34. Zheng, Y, Huang, Z, Yin, G, Zhang, X, Ye, W, Hu, Z, et al. Comparative Study of the Lymphocyte Change Between COVID-19 and Non-COVID-19 Pneumonia Cases Suggesting Uncontrolled Inflammation Might Not be the Main Reason of Tissue Injury. medRxiv (2020) 2020.02.19.20024885. doi: 10.1101/2020.02.19.20024885




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Tyurin, Salimgareeva, Miniakhmetov, Khusainova, Samorodov, Pavlov and Kzhyshkowska. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 16 June 2022

doi: 10.3389/fimmu.2022.830061

[image: image2]


Resistin Associated With Cytokines and Endothelial Cell Adhesion Molecules Is Related to Worse Outcome in COVID-19


Takeshi Ebihara 1, Hisatake Matsumoto 1*, Tsunehiro Matsubara 1, Yuki Togami 1, Shunichiro Nakao 1, Hiroshi Matsuura 1,2, Shinya Onishi 1, Takashi Kojima 3, Fuminori Sugihara 4, Daisuke Okuzaki 5, Haruhiko Hirata 6, Hitoshi Yamamura 2 and Hiroshi Ogura 1


1 Department of Traumatology and Acute Critical Medicine, Osaka University Graduate School of Medicine, Suita, Japan, 2 Osaka Prefectural Nakakawachi Emergency and Critical Care Center, Higashiosaka, Japan, 3 Laboratory for Clinical Investigation, Osaka University Hospital, Suita, Japan, 4 Core Instrumentation Facility, Immunology Frontier Research Center and Research Institute for Microbial Diseases, Osaka University, Osaka, Japan, 5 Genome Information Research Center, Research Institute for Microbial Diseases, Osaka University, Osaka, Japan, 6 Department of Respiratory Medicine and Clinical Immunology, Osaka University Graduate School of Medicine, Suita, Japan




Edited by: 

Vishwanath Venketaraman, Western University of Health Sciences, United States

Reviewed by: 

Peter A. Ward, University of Michigan, United States

Igor Victorovich Lakhno, V. N. Karazin Kharkiv National University, Ukraine

*Correspondence: 

Hisatake Matsumoto
 h-matsumoto@hp-emerg.med.osaka-u.ac.jp

Specialty section: 
 This article was submitted to Cytokines and Soluble Mediators in Immunity, a section of the journal Frontiers in Immunology


Received: 06 December 2021

Accepted: 17 May 2022

Published: 16 June 2022

Citation:
Ebihara T, Matsumoto H, Matsubara T, Togami Y, Nakao S, Matsuura H, Onishi S, Kojima T, Sugihara F, Okuzaki D, Hirata H, Yamamura H and Ogura H (2022) Resistin Associated With Cytokines and Endothelial Cell Adhesion Molecules Is Related to Worse Outcome in COVID-19. Front. Immunol. 13:830061. doi: 10.3389/fimmu.2022.830061




Introduction

Resistin is reported to form a cytokine network and cause endothelial damage. The pathogenesis of coronavirus disease 2019 (COVID-19) remains unknown, but the association between cytokine storm and endothelial damage is crucial. This study aimed to evaluate resistin in COVID-19 pathogenesis compared with sepsis.



Materials and Methods

First, we evaluated the association of plasma resistin levels and disease severity and clinical outcome in two large cohorts: a publicly available cohort including 306 COVID-19 patients in the United States (MGH cohort) and our original cohort including only intubated 113 patients in Japan (Osaka cohort 1). Second, to understand pathogenesis, we evaluate resistin, cytokines and endothelial cell adhesion molecules in COVID-19 compared with sepsis. Blood samples were collected from 62 ICU-treated COVID-19 patients and 38 sepsis patients on day 1 (day of ICU admission), days 2-3, days 6-8, and from 18 healthy controls (Osaka cohort 2). The plasma resistin, inflammatory cytokines (IL-6, IL-8, MCP-1 and IL-10) and endothelial cell adhesion molecules (ICAM-1 and VCAM-1) were compared between patients and control. Correlations among resistin, inflammatory cytokines and endothelial cell adhesion molecules were evaluated in COVID-19 and sepsis.



Results

In the MGH cohort, the day 1 resistin levels were associated with disease severity score. The non-survivors showed significantly greater resistin levels than survivors on days 1, 4 and 8. In the Osaka cohort 1, 28-day non-survivors showed significantly higher resistin levels than 28-day survivors on days 6-8. Patients with late recovery (defined as the day of weaning off mechanical ventilation >12 or death) had significantly higher resistin levels than those with early recovery on day 1 and days 6-8. In the Osaka cohort 2, plasma resistin levels were elevated in COVID-19 and sepsis patients compared to controls at all measurement points and were associated with inflammatory cytokines and endothelial cell adhesion molecules.



Conclusion

Resistin was elevated in COVID-19 patients and was associated with cytokines and endothelial cell adhesion molecules. Higher resistin levels were related to worse outcome.
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Introduction

In 2001, resistin was first discovered in mice as a mediator released from adipocytes and was reported to be associated with obesity and insulin resistance (1). In humans, however, resistin seems to be mainly secreted by macrophages rather than adipocytes (2). Resistin levels are reported to be increased in septic subjects and to be associated with severity and prognosis (3). Hierarchical clustering analysis showed that resistin and inflammatory cytokines formed a network that includes interleukin (IL)-6, IL-8, IL-10 and monocyte chemotactic protein 1 (MCP-1) in the acute phase of sepsis and burns and that this network is associated with severity and prognosis (4, 5). Resistin was also reported to be associated with endothelial cell adhesion molecules, including intercellular adhesion molecule 1 (ICAM-1) and vascular cell adhesion molecule-1 (VCAM-1), in sepsis (6).

Coronavirus disease 2019 (COVID-19) is a new viral disease caused by severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2). COVID-19 was first reported in China (7) in December 2019 and has rapidly spread globally. Although the development of vaccines has reduced the number of patients who become critically ill or die from COVID-19, the number of patients suffering from COVID-19 continues to remain high. As of April 30, 2022, COVID-19 had infected over 510,000,000 people and caused over 6,200,000 deaths (8) worldwide. Although it has been over 2 years since the pandemic began, the pathogenesis of COVID-19 is still not fully understood. Inappropriate host immune response caused by SARS-CoV-2 can lead to excessive inflammation (9–12) called “cytokine storm” (13). Vascular endothelial damage and thrombotic complications leading to acute respiratory distress syndrome (ARDS) and multiple organ dysfunction syndrome have also been reported (14–17). Endothelial cell adhesion molecules such as ICAM-1 and VCAM-1, which were also used as endothelial damage markers, were elevated in COVID-19 and associated with disease severity in previous reports (15, 18).

The role of resistin in COVID-19 has remained unclear. Therefore, this study aimed to evaluate whether resistin is involved in the pathogenesis of COVID-19.



Materials and Methods


Cohort Data and Sample Collection

In this study, we used data from three different observational cohorts (Figure 1). The “MGH cohort” was comprised of publicly available data provided by the Massachusetts General Hospital Emergency Department COVID-19 Cohort (Filbin, Goldberg, Hacohen) (19) with Olink Proteomics (https://www.olink.com/mgh-covid-study/), which was conducted from March 2020 to April 2020 and included 306 COVID-19 patients. Patient blood samples were collected on days 1, 4 and 8 (maximum of 3 time points/patient). Blood samples on day 1 were considered to be those obtained when the initial clinical blood draw was performed in the Emergency Department. Samples were obtained on days 4 and 8 if the patient remained in hospital. The observational period was from day 1 through day 29. Plasma resistin levels were measured by Olink® Explore 1536. The levels of protein were expressed as the normalized protein expression value (NPX) in log2 scale.




Figure 1 | Summary of this study. The association of plasma resistin with outcome was evaluated in the MGH cohort and Osaka cohort 1. The association between resistin, cytokines and endothelial cell adhesion molecules was evaluated in Osaka cohort 2. MGH, Massachusetts General Hospital; MV, mechanical ventilation.



The “Osaka cohort 1” was our original cohort comprising 113 COVID-19 patients admitted to the Department of Traumatology and Acute Critical Care Medicine, Osaka University Graduate School of Medicine and the Osaka Prefectural Nakakawachi Emergency and Critical Care Center from December 2020 to January 2021 and April 2021, who were treated with invasive mechanical ventilation (MV) and whose day 1 plasma samples were obtained. Patient blood samples were collected on days 1 (day of intensive care unit [ICU] admission) and 6-8 (maximum of 2 time points/patient). The observational period was from day 1 through day 28. Plasma resistin levels were measured by ELISA.

The “Osaka cohort 2” was also our original cohort and comprised 62 COVID-19 patients admitted to the same two institutions from August 2020 to December 2020, 36 sepsis patients and 18 healthy controls. Patients with sepsis who were admitted to the Department of Traumatology and Acute Critical Care Medicine, Osaka University Graduate School of Medicine between February 2014 and July 2015 were included as an ICU control group. The patients with sepsis were all over 18 years of age, and all patients met the Sepsis-3 criteria. Patients with COVID-19 and sepsis, blood samples were collected on days 1 (day of ICU admission), 2-3 and 6-8 (maximum of 3 time points/patient) and once from the healthy controls. Plasma resistin, IL-6, IL-8, IL-10, MCP-1, ICAM-1 and VCAM-1 were measured by ELISA.

This study was conducted according to the principles of the Declaration of Helsinki and was approved by the institutional review board of Osaka University Hospital (Numbers: 12007, 16109 and 885 [Osaka University Critical Care Consortium Novel Omix Project; Occonomix Project]). Informed consent was obtained from the patients or their relatives and the healthy volunteers for the collection of all blood samples.



Definition of Severity and Clinical Outcome

Acuity scores were based on the World Health Organization ordinal outcomes scale (20): A1, dead; A2, intubated, survived; A3, hospitalized with oxygen; A4, hospitalized without oxygen; A5, discharged. Disease severity was classified according to the maximum acuity score during observational period.

COVID-19 patients frequently require prolonged MV due to refractory pneumonia and ARDS. Nearly 30% of COVID-19 patients with MV required tracheostomy due to prolonged MV (21). An observational study evaluating 1890 COVID-19 patients with tracheostomy in Spain revealed that the median day of tracheostomy was 12 days after intubation and that 24% of these patients remained on MV support after one month (22). Prolonged MV management can lead to long-term hospital stays and vast use of ICU resources, thus taking beds away from patients with other diseases that usually require ICU management. In fact, increased mortality from other diseases has been reported during the COVID-19 pandemic (23, 24). In this study, we defined the clinical outcome of patients who were treated with MV for ≤12 days as early recovery and >12 days and death as late recovery as in our previous study (25).



ELISA Assay

Plasma samples were stored at -30°C until use. ELISAs (R&D Systems, Minneapolis, MN, USA) were performed to measure the plasma levels of resistin, IL-6, IL-8, IL-10, MCP-1, ICAM-1 and VCAM-1. After thawing of frozen plasma samples, measurement was conducted according to the manufacturer’s protocol. A microplate reader (SH-9000Lab; Corona Electric Co., Ltd., Ibaraki, Japan) was used to measure absorbance. The minimum detectable levels were as follows: resistin, IL-8, IL-10 and ICAM-1: 31.2 pg/mL; MCP-1 and VCAM-1: 15.6 pg/mL; and IL-6: 9.4 pg/mL.2.4.



mRNA Expression of Resistin

Ten patients with COVID-19 and 5 healthy controls in the Osaka cohort 2 were selected randomly, and total RNA isolation of leukocytes from patients on day 1 and healthy controls was performed using a PAXgene™ Blood RNA System (BD Bioscience, San Jose, CA, USA). The collection tubes were stored after blood collection until further analysis at -30°C. Library preparation was performed using a TruSeq stranded mRNA sample prep kit (Illumina, San Diego, CA, USA) in accordance with the manufacturer’s instructions. Sequencing was performed on an Illumina NovaSeq 6000 platform in 101-base paired-end mode. The sequenced reads were mapped to the human reference genome sequences (hg19) using TopHat, version 2.0.13, in combination with Bowtie2, version 2.2.3, and SAMtools, version 0.1.19. The fragments per kilobase of exon per million mapped fragments were calculated using Cufflinks, version 2.2.1. The gene-level expression raw read counts were calculated using featureCounts. The raw data from this study were submitted under Gene Expression Omnibus accession number GSE192707 for future access.



Statistical Analysis

Values are reported as n (%) and the median value (quartile 1–3) if the data distribution was skewed, or as the mean ± SD unless stated otherwise.

In the MGH COVID-19 cohort, the patients were divided into four groups based on the quartiles of the day 1 resistin NPX. The proportion of disease severity was calculated for each group. The difference in the proportion was compared using the chi-squared test. The Wilcoxon rank-sum test was used to evaluate the differences between survivors (A2-A5) and non-survivors (A1) on days 1, 4 and 8.

In Osaka cohort 1, the patients were divided into two groups, the early recovery group and late recovery group or 28-day survivors and 28-day non-survivors. The plasma resistin levels were compared between two groups by Wilcoxon rank sum test.

In Osaka cohort 2, resistin, inflammatory cytokines and endothelial cell adhesion molecules were transformed to logarithmic values to normalize the data distribution before the analyses. Dunnett’s test was used to evaluate the difference of each value between patients and healthy controls. Correlations between resistin, inflammatory cytokines and endothelial damage markers were evaluated by Spearman correlation coefficients. Correlations were visualized by Cytoscape® software (www.cytoscape.org) version 3.8.0. Log2 fold changes were calculated by dividing the average mediator levels in COVID-19 and sepsis by the average levels in healthy controls. The patients were divided into two groups: 28-day survivors and 28-day non-survivors or early recovery and late recovery in COVID-19. Wilcoxon rank-sum tests were used to evaluate differences between two groups on each day. The resistin levels were compared between day 1 and day 2-3, day 1 and day 6-8 or day 1 and day 6-8 by Wilcoxon signed-rank test for each group (early or late recovery).

The mRNA expression of resistin was compared between COVID-19 patients and healthy controls by a Wilcoxon rank-sum test.

The association between day 1 severity of disseminated intravascular coagulation and the levels of resistin was assessed by the International Society of Thrombosis and Haemostasis (ISTH) overt DIC score (26). The associations between day 1 resistin levels and platelet counts, D-dimer, fibrinogen and PT (INR) were evaluated by Spearman correlation coefficients.

Statistical analyses were performed using the R software program (version 4.0.2; R Foundation for Statistical Computing, Vienna, Austria). Data are presented using the GraphPad Prism software program (version 8.4.3, GraphPad Software, La Jolla, CA). Statistical significance was defined as P<0.05.




Results


Association of Resistin and Disease Severity in MGH Cohort

One of the 306 patient samples in the MGH COVID-19 cohort was identified as an outlier and removed from the final dataset. Accordingly, a total of 305 day 1 samples, 215 day 4 samples and 139 day 8 samples were available in the MGH COVID-19 cohort. In this cohort, 42 patients died (A1) and 263 survived (A2-A5). Sixty-seven of the survivors received MV (Table 1).


Table 1 | Clinical and Demographic Characteristics of COVID-19 Patients in the MGH Cohort and Osaka Cohort 1.



The day 1 resistin levels were associated with disease severity (Figure 2A). In the COVID-19 patients (days 1, 4 and 8), the resistin levels of the non-survivors (A1) were significantly increased in comparison to those of the survivors (A2-A5), as shown in Figure 2B.




Figure 2 | The association between plasma resistin and disease severity or clinical outcome. (A) The disease severity by quartiles of day 1 resistin levels in the MGH cohort. Asterisk indicates a statistically significant difference between disease severity and the day 1 resistin levels. (B) Change in the normalized protein expression value of resistin in survivors (A2-A5) and non-survivors (A1) on days 1, 4 and 8 in the MGH cohort. Asterisk indicates a statistically significant difference between survivors (A2-A5) and non-survivors (A1) (P < 0.05) on each day. The resistin levels for early recovery and late recovery (C) and 28-day survivors and non-survivors (D) on each day in Osaka cohort 1. The error bars show the median and upper and lower quartiles. Asterisks indicate a statistically significant difference (P < 0.05) between two groups on each day by Wilcoxon rank sum test. ED, emergency department; MGH, Massachusetts General Hospital.





Association of Resistin and Clinical Outcome and 28-day Mortality in Osaka Cohort 1

The Osaka cohort 1 included 113 intubated COVID-19 patients (male, n=80; female, n=33). The numbers of blood samples collected on day 1 and days 6-8 were 113 and 110, respectively. Twelve patients (10.7%) were 28-day non-survivors (Table 1). The plasma resistin levels in patients with late recovery were significantly higher in comparison to those with early recovery on day 1 and days 6–8 (Figure 2C). The plasma resistin levels were statistically higher in 28-day non-survivors than in 28-day survivors on days 6-8 (Figure 2D).



Associations Between Resistin, Cytokines and Endothelial Cell Adhesion Molecules in Osaka Cohort 2

The Osaka cohort 2 included 62 COVID-19 patients (male, n=42; female, n=20), 38 patients with sepsis (male, n=29; female, n=9) and 18 healthy controls (male, n=12; female, n=6). All COVID-19 patients were treated in the ICU, 60 patients (96.8%) received MV, and 5 patients (8.1%) died within 28 days from admission. Sepsis patients were also treated in the ICU: 81.6% were treated with the MV and 26.3% had pneumonia. The median Acute Physiology and Chronic Health Evaluation II score and Sequential Organ Failure Assessment (SOFA) score in the COVID-19 and sepsis patients were 14 and 21, and 5 and 9, respectively. Hospital mortality rates in the COVID-19 and sepsis patients were 8.1% and 23.7%, respectively. The comorbidities and laboratory data are shown in Table 2.


Table 2 | Clinical and Demographic Characteristics of COVID-19 and Sepsis Patients in the Osaka Cohort 2.



In comparison to those of the healthy controls, the plasma resistin levels of the COVID-19 patients in the Osaka cohort 2 were significantly higher on day 1, days 2-3 and days 6-8. The plasma levels of VCAM-1, ICAM-1 and IL-8 were also higher in the COVID-19 patients than in the healthy control at every measurement point. The plasma levels of resistin, ICAM-1, VCAM-1, IL-6, IL-8 and MCP-1 were all higher than those of the controls. The plasma levels of resistin, ICMA-1, IL-6, IL-10 and MCP-1 of the patients with sepsis were statistically higher than those of the patients with COVID-19 at all measurement points (Figure 3).




Figure 3 | Change in the resistin, ICAM-1, VCAM-1, IL-6, IL-8, IL-10 and MCP-1 levels of Osaka cohort 2. These protein levels were transformed to common logarithmic values to normalize the data distribution. All values are expressed as the mean ± SD. (A) * indicates a significant difference in these proteins between the control and sepsis patients. # indicates a statistically significant difference between the control and COVID-19 patients on each day (P < 0.05). $ indicates a statistically significant difference between the sepsis patients and COVID-19 patients. COVID-19, coronavirus disease 2019; ICAM-1, intercellular adhesionmolecule 1; IL, interleukin; MCP-1, monocyte chemotactic protein 1; SD, standard deviation; VCAM-1, vascular cell adhesion molecule-1.



The relationships between resistin, IL-6, IL-8, IL-10, VCAM-1 and ICAM-1 on day 1, days 2-3 and days 6-8 are depicted in Figure 4. Resistin was significantly associated with IL-6, IL-8, IL-10, VCAM-1 and ICAM-1 in the COVID-19 patients (Figure 4).




Figure 4 | Correlation visualization of resistin, 4 cytokines and 2 endothelial cell adhesion molecules. Resistin, cytokines and endothelial cell adhesion molecules were transformed to common logarithmic values to normalize the data distribution. The width of each edge indicates the Spearman’s correlation coefficients among resistin, cytokines and endothelial cell adhesion molecules. The red edge indicates a statistically significant correlation. The size of each node was determined based on the log2 fold change (i.e., average resistin, cytokine or endothelial damage marker levels in COVID-19 or sepsis patients/average resistin, cytokines or endothelial damage marker levels in controls). Node colors depict resistin (purple), cytokines (light blue) and endothelial damage markers (orange). COVID-19, coronavirus disease 2019; ICAM-1, intercellular adhesion molecule 1; IL, interleukin; MCP, monocyte chemotactic protein; VCAM-1, vascular cell adhesion molecule-1.



The plasma resistin levels in patients with late recovery were significantly higher than those with early recovery on days 6–8 (Supplemental Figure 1A). There were no differences in the plasma resistin levels of the 28-day survivors and the 28-day non-survivors in the COVID-19 group (Supplemental Figure 1B). Decreased plasma resistin levels were observed in the patients in the early recovery group but not in the patients in the late recovery group (Supplemental Figure 1C).



Association Between Coagulopathy and Resistin

The ISTH DIC score was ≥5 in only one patient with COVID-19 and in six patients with sepsis (Supplemental Figure 2A). There were statistically significant associations between day 1 resistin and day 1 platelet count, D-dimer, fibrinogen and PT (INR) (Supplemental Figure 2B).



mRNA Expression the Osaka Cohort

The mRNA expression of resistin in whole blood in the COVID-19 patients of the Osaka cohort was significantly higher than that in the controls (Supplemental Figure 2).




Discussion

This is the first study, to our knowledge, to identify an association between resistin, cytokines and endothelial damage markers, and also to identify the relationship between resistin and disease severity and clinical outcome, in COVID-19 patients.

Resistin is reported to play a role as a pro-inflammatory cytokine (27) and to be related to the pathogeneses of cardiovascular disease (28), cancer (29) and sepsis (3, 5, 30). We evaluated 8 cytokines and 8 adipocytokines in both sepsis and burns and concluded that resistin forms a network with IL-6, IL-8, IL-10 and MCP-1 by hierarchical clustering analysis based on Spearman correlation. Resistin was also associated with the SOFA score (31) and the ISTH DIC score in patients with sepsis and burn. Resistin and these four cytokines were measured in the present study, and COVID-19 patients showed increased plasma resistin levels and an association with these cytokines. The cytokine levels in sepsis were reported to be noticeably higher than those in COVID-19 (32). In the present study, the resistin level in sepsis, as well as those of the cytokines, was higher than that in COVID-19. This data shows that the systemic immune reaction in COVID-19 was not specific but common and that the immune reaction and coagulopathy were mild in COVID-19 compared to those in sepsis. Several mechanisms of resistin secretion in sepsis have been reported (33, 34), but the mechanism in COVID-19 has remained unclear. In humans, resistin is delivered from peripheral blood mononuclear cells, macrophages and bone marrow rather than from adipocytes (2, 35, 36). In the present study, resistin gene expression in whole blood cells was elevated, suggesting that these cells were responsible for the production of resistin in COVID-19 patients. In vitro, resistin has been shown to induce the nuclear translocation of NF-kB transcription factors in macrophages and to lead to the increased expression of several pro-inflammatory cytokines, including IL-1, IL-6, IL-12 and TNF-α, in both mice and humans (37). In contrast, a few reports showed that inflammatory cytokines such as IL-6 promoted resistin expression in vitro (38). Resistin and inflammatory cytokines could be stimulated by each other, thus leading to a cytokine storm in COVID-19.

Endothelial cells respond to cytokines but can also release cytokines themselves and cause inflammation represented as crosstalk between coagulation and inflammation. Furthermore, endothelial cells can express adhesion molecules and growth factors that may promote the inflammatory response in sepsis (39). Cytokine-driven endothelial damage was reported to be an important factor in the pathogenesis COVID-19 (40). In the present study, we showed that ICAM-1 and VCAM-1 were elevated more in COVID-19 patients than in controls and were associated with resistin levels. Resistin was reported to induce mRNA expression of adhesion molecules through NF-kB in vascular endothelial cells (41). Resistin was also reported to stimulate adhesion of monocytes to vascular endothelial cells and induces aggravation of an inflammatory condition in the vessel walls (42, 43). Resistin might thus be involved in the endothelial damage observed in COVID-19.

The relationship between cytokines and endothelial damage is well known, and in this study, we showed that resistin was also strongly associated with cytokines and endothelial cell adhesion molecules as well as being associated with disease severity and clinical outcome in two cohorts. These findings suggest that the systemic inflammation and endothelial damage reported in COVID-19 (13-15) might be caused by resistin and contribute to the pathogenesis of COVID-19.

The present study has several limitations. First, the Osaka cohort only included COVID-19 patients treated in the ICU. Consequently, this cohort did not represent the entire COVID-19 population. Second, the measuring points are based on the time from admission, and thus, the time from onset was not considered. Third, unmeasured confounders such as treatment details are lacking that might have biased the results. Finally, the number of patients in Osaka cohort 2 was relatively small to detect differences in mortality.



Conclusion

Resistin was elevated in COVID-19 and was associated with both cytokines and endothelial cell adhesion molecules. Higher resistin levels were related to a worse clinical course in patients with COVID-19.
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Healthy controls

(n=18)

Age 73 (63-77)
Age group, n (%)

Under 60 years 3(16.7)

60-69 years 5(22.2)

70-79 years 7 (38.9)

80 years or over 3(16.7)
Sex, male n (%) 12 (66.6)
BMI 22.5(20.7-24.8)
Comorbidities, n (%)

Hypertension 6(33.3)

Diabetes 1(5.6)

Hyperlipidemia 5(27.8)

COVID-19 patients
(n=62)

71(61-76)

15 (21.1)
13 (18.9)
25 (35.1)
9(145)
42 (67.7)
24.1 (22.6-26.9)

33 (53.2)
27 (43.5)
19 (30.6)

Sepsis patients
(n=38)

74 (65-81)

5(13.2)
9(237)
13 (34.1)
1 (29.0)
29 (76.3)
21.6(19.0-23.5)

11 (289)
15 (39.5)
7(184)

P-value

0.18
0.58

0.61
<0.01

0.04
0.01
0.40

Data are given as the median (25th-75th percentile) or as number (%). BMI, body mass index.
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Platelet count (10*/L)
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Creatinine (mg/dL)
Bilirubin (mg/dL)
CRP (mg/dL)
Origin, n (%)
Chest
Abdomen
Soft tissue
Urinary
Others
APACHE Il score
SOFA score
MV, n (%)
Days to weaning off MV
Mortality, n (%)
28-days
Hospital

COVID-19 patients
(n=62)

7,700 (4,700-14,000)
19.8 (15.9-24.0)
25(1.3-42)

07 (0.5-09)

05 (0.4-0.7)

95 (5.3-133)

62 (100)
00
00
00
000

14 (9-17)

5(3-6)

60 (96.8)

12 (7-55)

3

5(8.1)
8(12.9)

Sepsis patients
(n=38)

10,700 (6,800-15,400)
12.0 (4.8-26.6)
8.7 (3.8-14.9)

1.6 (0.9-2.3)
07 (0.5-13)
16.0 (7.9-21.6)

10 (26.3)
11(29.0)
12 (31.6)

3(7.8)
253

21 (14-30)
9 (5-13)
31(81.6)
9 (3-15)

9(237)
10 (26.3)

P-value

0.02
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01

<0.01
<0.01
0.01

<0.01

0.03
0.09

Data are given as the median (25th-75th percentile) or as number (%). APACHE, Acute Physiology and Chronic Health Evaluation; CRP, C-reactive protein; IQR, interquartile range; MV,
mechanical ventilation; SOFA, Sequential Organ Failure Assessment.
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Critical (A1, A2) Non-Critical (A3, A4, A5) P-value

(n=109) (n=196)
Age group, n (%) <0.01
Under 65 years 45 (41.3) 141 (71.9)
65-79 years 37 (33.9) 28 (14.3)
80 years or over 27 (24.8) 27 (13.8)
BMI group, n (%) 0.19
Under 25.0 19 (17.4) 27 (13.8)
25.0-39.9 73(67.0) 131 (66.8)
Over 40.0 13(11.9) 22 (11.2)
Unknown 4(3.7) 16 (8.2)
Comorbidities, n (%)
Hypertension 65 (59.6) 81 (41.3) <0.01
Diabetes 50 (45.9) 60 (30.6) <0.01
28-day death, n (%) 42(38.5) 0(0.0)

Data are given as number (%). WHO ordinal outcomes scale: A1, died; A2, intubated, survived; A3, hospitalized on oxygen; A4, hospitalized without oxygen; A5, discharged. BMI, body
mass index; MGH, Massachusetts General Hospital.
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Patient group P-value

Uninfected (n = 9) Low (n = 39) Mild (n=7) Moderate (n = 11) Severe (n = 18)

Age 48.22 (18.41) 42.74 (10.88) 58.22 (12.33) 67.65 (9.94) 68.21 (13.04) 217E-11*
Race Asian 1 4 1 il 6 1.85E-01
Black 0 2 0 3 1
Other 0 1 0 0 1
White 8 31 6 6 10
Sex Female 5 18 3 5 7 9.50E-01
Male 4 21 4 6 1
Obesity Nonobese 8 19 4 i 9 2.51E-02*
Overweight 0 8 0 5 5
Obese 1 5 3 5 4
Body mass index 30.77 (8.89) 27.19 (4.17) 27.48 (4.55) 30.33 (5.99) 27.42 (4.89) 2.40E-01
Days of symptoms before admission 717 (9.6) 10.0 (10.57) 8.29 (5.8) 7.77 (4.26) 7.02E-01
Underlying pulmonary disease 3 1 1 5 5.84E-01
Hospitalization 3 6 11 18 1.71E-10*
Intubation 0 0 0 10 2.00E-08*
Tocilizumab treatment 0 0 1 9 1.65E-03"
Death 0 0 0 7 1.26E-05"
Total bilirubin 0.5 (0.17) 0.8 (0.63) 0.68 (0.25) 0.62 (0.2) 0.63 (0.31) 8.44E-01
ALT 18.33 (12.86) 28.0 (21.71) 40.25 (40.72) 41.0 (13.89) 47.65 (54.18) 2.23E-01
AST 16.0 (6.24) 50.0 (59.35) 43.25 (31.71) 32.5 (15.41) 48.16 (49.09) 1.30E-01
Creatinine 1.18 (0.07) 0.76 (0.19) 0.84 (0.16) 0.84 (0.3) 2,07 (2.13) 3.22E-01
CRP 10.8 (NAN) NAN 242 (2.13) 7.58 (8.91) 12.47 (9.58) 1.39E-01
Hemoglobin 8.9 (2.38) 12.22 (3.21) 10.41 (2.11) 11.58 (1.47) 9.91 (2.38) 8.58E-02
Hematocrit 26.87 (6.5) 37.58 (8.82) 31.0 (5.82) 35.02 (4.33) 31.57 (11.03) 1.08E-01
LDH 272.0 (46.67) NAN 286.67 (93.39) 301.0 (112.56) 506.71 (214.17) 1.57E-02*
RDWCV 17.33 (2.47) 16.4 (3.92) 15.42 (2.32) 24.5(22.12) 16.72 (3.23) 6.94E-01
MCV 89.57 (2.97) 87.18 (6.59) 95.46 (8.33) 76.41 (24.12) 92.89 (4.94) 8.04E-05*

For simplicity we aggregate patients based on an assessment of overall disease severity along the course of disease. Float-point values with parenthesis in front indicate the mean and
standard deviation within the patient group. Integers indicate the total count of individuals. Values between hyphens indicate the minimum and maximum values within the group. NAN
indicates the measurements were not available. The independence between these patient groups and categorical variables was assessed with a Chi-squared independence test, and for
numerical variables with a Kruskal-Wallis one-way analysis of variance. ALT, alanine aminotransferase; AST, Aspartate transaminase; CRP, C-reactive protein; LDH, lactate
dehydrogenase; RDWCV., Red Cell Distribution Width; MCV, mean corpuscular volume. Asterisk indicates significance at alpha < 0.05.
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SI. No. Gene name Remark Ref.

Protein coding gene (our bioinformatics study)

19. RPL18A Activation role of T cell proliferation (53)
20. EDN1 Involve in TLR4 responses (54)
2ils, ARHGEF1 Antigen-specific antibody production/humoral immune response (55)
Protein coding gene [study from (26)]
1. CXcL1 Regulation of IL-1p level within tissue (56)
i CXcL2 Self-regulated neutrophil recruitment and function (57)
3. CXCL6 Act as potent pro-inflammatory neutrophil chemoattractant and activator component (58)
4. CXCL8 Synthesis of IL-8 and important role in systemic inflammatory response syndrome (59)
5. L33 Synthesis of intracellular IL.-33 may play role in pro-inflammatory signaling (60)
6. CXCL10 Regulator of the interferon response, specially attracts activated T lymphocytes (61)
7. MCP-1 Activation and migration of leukocytes 62)
8. IP-10 Secretion of cytokines (63)
9. CCL3 Induction of antigen-specific T cell responses (64)
10. CCL4 Activation of antigen-presenting cells and B cells (65)
11. TNFSF10 Role in adaptive immune system (66)
12 TIMP1 Stimulates the immune response in lung cells (67)
13. C5 Protease function as membrane attack complex (MAC) (68)
14. IL18 Regulating the T helper responses and stimulating interferon gamma production (69)
15. NRG1 Regulatory role in neuroinflammation (70)
16. IL10 Enhance the B cell survival, proliferation, and antibody production (71)
17. ADA2 Regulation of immune cells (neutrophils, monocytes, NK cells and B cells) activation and survival (72)
18. GAT1 Decreases T cell proliferation (73)
19. LAIR1 Regulates the inhibition of NK cell-mediated cytotoxicity (74)
Protein coding gene [study from (27)]
1s IFNGR2 Regulation of NK cell activity and B cell function (75)
2. TRIM27 Lowering the function of IFN and pathogen-recognition receptors (76)
3. TMPRSS2 Neutralizing antibodies by protease activity (77)
4. TRIM28 Regulation of IFN-B, IFN-y and cytokine expression in infected lung cells (78)
5. APOA1 Involved in inflammatory and immune response regulation (79)
6. STAT1 Maturation, stability of cytotoxic and helper T cells (80)
7. IFI6 It delays type | interferon-induced apoptosis in cells 81)
8. IFITM1 Regulate the CD4+ T helper cell differentiation (82)
9. GBP2 Innate immune functions against intracellular pathogens (83)
10. XAF1 Helps in IFN-B-induced apoptosis (83)
Protein coding gene [study from (28)]
25. CXCL5 Encodes receptor protein to recruit neutrophils (84)
26. CXCL12 Coded protein paly role in immune surveillance, inflammation response. (85)
27. CccL2 Activation and migration of leukocytes (86)
28. CCL4 Activation of antigen-presenting cells and B cells (65)
29. IFIH1 Involved in immune response and antiviral activity (87)
30. IFIT1 Encoded protein may inhibit viral replication and translational initiation (88)
31. IL6 Encoded cytokines functions in inflammation and the maturation of B cells (89)
32. IL10 It lowering the expression of Th1 cytokines, MHC class Il Ags, and costimulatory effects on macrophages (90)
33. CSF2 It controls the production, differentiation, and function of granulocytes and macrophages 91)
34. TNFSF11 Regulation of T cell dependent immune response (92)
35. BMP2 It regulate thymic T cell development, maintain TR cell (93)
36. C4BPA It controls the activation of the complement cascade (94)
37. CCR6 Regulate the migration and recruitment of dendritic and T cells (95)
38. IL11 Stimulate the T-cell-dependent development of immunoglobulin producing B cells (96)
(97)

©
9

39. IL19 Encoded cytokine induces the expression of IL6 and TNF-alpha and helps in inflammatory responses
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Protein-coding genes: RPL18A, EDN1, ARHGEF1, CXCL1, CXCL2, CXCLS, CXCLS, IL33, CXCL10, MCP-1

TNFSF10, TIMP1, C5, IL18, NRG1, IL10, ADA2, GAT1, LAIRY, IFNGR2, TRIM27, TMPRSS2,
, CXCLS, CXCL12, CCL2, CCLS, IFIH,
IFIT1, IL6, IL10, CSF2, TNFSF11, BMP2, C4BPA, CCRS, IL11, IL19

LncRNA genes: TALAMY, DLEU2, UICLMS4, CASC18, SNHG20, GNAS

TRIM28, APOA1, STATH, IFI6, IFITM1, GBP2, XAF1,

1P-10, CCL3, CCL4,
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Group Accession Source name Cell type Disease Gender Age

Control GSM5019817 PBMC, HC peripheral blood mononuclear cells (PBMCs) healthy male 62
Control GSM5019818 PBMC, HC peripheral blood mononuclear cells (PBMCs) healthy male 56
Control GSM5019819 PBMC, HC peripheral blood mononuclear cells (PBMCs) healthy male 54
Control GSM5019820 PBMC, HC peripheral blood mononuclear cells (PBMCs) healthy male 7
Control GSM5019821 PBMC, HC peripheral blood mononuclear cells (PBMCs) healthy female 56
Mild COVID-19 patient GSM5019822 PBMC, mild patient peripheral blood mononuclear cells (PBMCs) COvID-19 male 55
Mild COVID-19 patient GSM5019823 PBMC, mild patient peripheral blood mononuclear cells (PBMCs) COVID-19 male 44
Mild COVID-19 patient GSM5019824 PBMC, mild patient peripheral blood mononuclear cells (PBMCs) COVID-19 male 51
Mild COVID-19 patient GSM5019825 PBMC, mild patient peripheral blood mononuclear cells (PBMCs) COVID-19 male 54
Mild COVID-19 patient GSM5019826 PBMC, mild patient peripheral blood mononuclear cells (PBMCs) COVID-19 female 53
Severe COVID-19 patient GSM5019827 PBMC, severe patient peripheral blood mononuclear cells (PBMCs) COVID-19 male 54
Severe COVID-19 patient GSM5019828 PBMC, severe patient peripheral blood mononuclear cells (PBMCs) COVID-19 male 52,
Severe COVID-19 patient GSM5019829 PBMC, severe patient peripheral blood mononuclear cells (PBMCs) COVID-19 male 73
Severe COVID-19 patient GSM5019830 PBMC, severe patient peripheral blood mononuclear cells (PBMCs) COVID-19 male 51

Severe COVID-19 patient GSM5019831 PBMC, severe patient peripheral blood mononuclear cells (PBMCs) COVID-19 male 60
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No

Group
name

Xiong
etal,
2020

Xiong
etal,
2020

Ziegler
etal,
2020

Jain
etal,
2020

Sample type

Bronchoalveolar lavage
fluid

Peripheral blood
mononuclear cells

Lung lobe, Nasal
polyps, ethmoid sinus
surgical tissue, lleum
Nasopharyngeal swabs

Assay

RNA library
construction, high-
throughput RNA
sequencing

RNA library
construction, high-
throughput RNA
sequencing
Single-cell RNA-
sequencing

Shotgun transcriptome
sequencing of RNA

Gene expression

CXCL1, CXCL2, CXCL6, CXCL8, IL 33, CXCL10/IP-10, CCL2/MCP-1,CCL3/MIP-1A,
CCL4/MIP1B

CXCL10, TNFSF10, TIMP1, C5, IL18, AREG, NRG1, IL10, ADA2, HK1, GAT1, PGD,
PLA2G15, CTSD, GAA, LAIR1

IFNGR2, TRIM27, NT5DC1, ARL6IP1, IFNAR1, TMPRSS2, ACE2, TRIM28, APOA1,
FABPG, ENPEP, STAT1, IFI6, IFITM1, GBP2, FI35, XAF1

CXCL5, CXCL12, CCL2, CCL4, CXCL10, IFIH1, IFI44, IFIT1, IL6, IL10, CSF2, TNFSF11,
TNFRSF11B, IL18R1, BMP2, BMP7, PDGFA, IFIT1B, C4BPA, CCR6, CCR22, CCR25,
IL3RA. IL11. IL19, IL21RA, SERPINE1, SERPINF2

Reference

(26)

(26)
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Sl. No. Gene name P-value F-value

1. CERKL 1.95e-10 135
2 EIF4G1/EIF3G/EIF3E 1.94e-09 97.9
3. RPL18A 2.14e-10 1333
4. EXOSC2/EXOCS5 2.86e-09 92.7
5. STRN4 5.94e-10 116.7
6. RPL3L/RPL35/RPL1BA/RPL19 1.37e-10 141.8
7. RPS3/RPS16 2.14e-10 133.3
8. SMTN 2.03e-09 97.3
9. FGF1 3.78e-10 123.4
10. PPP1R12A 2.63e-09 93.8
il CNNM2 9.07e-10 109
12, AP2M1 1.68e-09 100
13. EDN1 4.12e-10 121.7
14. ARHGEF1 221e-12 248.8
15. DUS1L 1.49e-09 101.7
16. RBM5 3.73e-10 123.4
17. MPHOSPH6 2.99e-09 92.2
18. SKIv2L2 2.86e-09 92.7
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Further investigations on COVID-19-dependent coagulopathy

Technical reccommendations

Investigations on the stability of the coagulation factors showed that storage at different temperatures, freezing/thawing, affects the activity of the factors.
For instance, a change of over 10% for factor V (FV) was reported when the plasma samples were kept at room temperature only for 2 h. Additionally,
factors including FlI, FVII, FX, and FXII could be affected if they are kept at room temperature over 48 h. Freezing is an effective approach to store these
factors; however, long-term storage affects their activity. In this regard, assessment of the impact of sample storage at ~20°C showed that the prothrombin
time (PT)/international normalized ratio (INR) and FIX results were unaffected only for a month, while the results of aPTT and FVIIl remain unaffected for

15 days. To eliminate this pre-analytic problem, we managed to perform the experiment right at the peak when a large number of patients (both critical or
severe) were hospitalized. Using this strategy, we performed our study without the need for freezing the samples.

A bias may occur when the results of the PT test are represented only in seconds and not using INR. This occurs because each PT kit manufactured has a
unique international sensitivity index (ISI) parameter, which is used in the calculation of INR: INR = (patient PT/mean normal PT)''. We recommend including
the INR results along with the PT expressed in seconds or at least mentioning the ISI of the used PT kits. This may be beneficial when comparing merely
the PT results of different studies without considering the INR or ISI of the kits.

Considering the low stability of D-dimer and fibrin degradation products (FDPs) over time, we strongly recommend performing these two tests immediately
after plasma separation.

If the study is aimed to be performed on a high number of individuals or it is not possible to collect samples from all individuals in a short time, in which the
plasma samples should be stored until running the tests, we recommend monitoring the effect of storage on samples. For this purpose, several samples
with low, normal, and high results for the PT and partial thromboplastin time (PTT) tests can be frozen with other samples in separately labeled microtubes
to evaluate the test results every 12 or 24 h by comparing the results with those from plasma samples before freezing.

Considering that pregnant women with physiological pregnancy have higher levels of D-dimer and fibrinogen, we recommend not including them as
controls. Additionally, including them in the patient group may result in exaggerated results.

Fibrinogen levels may vary widely in several bio/pathologic situations, i.e., rise after menopause, rise in diabetes and hypertension, or decrease in
alcoholics. We recommend considering such situations in the questionnaire to simply exclude unfit individuals.

Considering that PO, pressure is a critical factor in placing patients in the critical (CTL) and severe (SVR) groups and that it may vary during a single day in
COVID-19 patients, we suggest placing patients with the lowest values into the CTL group and those with the highest into the SVR group and avoiding
placing patients with PO, values near the cutoff.

Unmet questions

C4b-BP has been reported to regulate proteins C and S. Since our results magnified the role of these two regulatory proteins in COVID-19-dependent
coagulopathy, investigation of the association between the activity of proteins C and S and the concentration of C4b-BP can be helpful.

The links between gene mutation and polymorphisms in coagulation regulatory proteins and coagulation disorders have been reported. Studying the
association between the SNPs of proteins C and S and ATIIl with the prognosis of COVID-19 in patients with coagulopathy could be beneficial.

Heparin therapy is widely recommended in patients with COVID-19. Considering that it acts as the cofactor for ATl to inhibit thrombin and factor Xa, an
investigation on the impact of heparin therapy on thrombin time (TT) and factor Xa activity may be an interesting theme for further research.

Proteins C and S regulate the conversion of V to Va and VIIl to Vllla. We suggest investigating these 6 factors for their possible association with the fate of
critically ill patients.

Reference

41, 42)

43)

(44)

(45)

(46)
@7

(48)
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Test sample/titers

Undiluted 1:2 1:4

D-dimer

)

(+) )

(+) +) )
(+) +) )
(+) ) )
(+) +) +)
FOP

1:8

)
)

)
1:2
)
)
)

o

Levels

D-dimer (ug/ml FEU)

>0.5
>1.0
>2.0
>4.0

<0.5

8.0
FDP (ug/mi)

<1.0
<2.0
<4.0
<8.0

<20

(+): presence of agglutination; (-): no agglutination.

FEU, fibrinogen equivalent unit.
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Variables

PT

INR

Lupus anticoagulant

Fibrinogen

ATIII

Protein C

Protein S

Groups

CTL
SVR
CRL
CTL
SVR
CRL
CTL
SVR
CRL
CTL
SVR
CRL
CTL
SVR
CRL
CTL
SVR
CRL
CTL
SVR
CRL
CTL
SVR
CRL

N

35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35

Mean

13.38
13.85
15.01%,°
1.03
1.07
178"
36.50
37.80
42,922 °
40.76
47.05°
49.412
28357
480.29°
537.66%
98.74
99.63
95.71
94.31
99.34
85.57%
75.03
65.06%
62.912

SD

0.73
112
1.68
0.06
0.09
0.14
2.64
3.73
6.62
3.48
8.25
9.24
70.51
129.60
142.68
10.40
11.56
11.96
17.07
31.60
16.79
9.39
12.76
12.32

p-value

<0.001
a (CTL/CRT) < 0.001
b (CRL/SVR) < 0.001
<0.001
a<0.001
b <0.001
<0.001
a<0.001
b <0.001
<0.001
a (SVR/CRL) = 0.002
a (CTL/CRL) < 0.001
<.001
a (SVR/CRL) < 0.001
a (CTL/CRL) < 0.001
0.321

0.04
a(CTUCRL) = 0.032

<0.001
a (SVR/CRL) = 0.001
a (SVR/CRL) < 0.001

One-way ANOVA, Fisher's exact test, and chi-square test were used for statistical analysis. A p < 0.05 was considered to be statistically significant.

PT, prothrombin time; INR, interational normalized ratio; PTT, partial thromboplastin time; ATIll, antithrombin lll; CTL, control group; SVR, severe group; CRL, critical group.

“Significance of the difference with the CTL group, (indicates a P-value of 0.05 or less between the mentioned group and the control group).
bSignificance of the difference with the SVR group. (Indicates a P-value of 0.05 or less between the mentioned group and the severe group).
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CRL SVR CTL Total
D-dimer <0.5 Count 31 24 1" 66
% within group 88.6 68.6 31.4 62.9
20.5to <1 Count 4 " 14 29
% within group 1.4 31.4 40.0 27.6
>1to <2 Count 0 0 6 6
% within group 0.0 0.0 171 5.7
>2to <4 Count 0 0 2 2
% within group 0.0 0.0 57 1.9
>4t0 <8 Count 0 0 0 0
% within group 0.0 0.0 0.0 0.0
>8 Count 0 0 2 2
% within group 0.0 0.0 57 1.9
Total Count 35 35 35 105
% within group 100.0 100.0 100.0 100.0
24(8) = 34.81%, p = 0.0001
FDP <56 Count 34 31 23 88
% within group 97.1 88.6 65.7 83.8
>5to0 <20 Count 1 4 9 14
% within group 29 11.4 25.7 13.3
220 Count 0 0 3 3
% within group 0.0 0.0 8.6 29
Total Count 35 35 35 105
% within group 100.0 100.0 100.0 100.0

Z£(4) =15.208°, p = 0.004

The measurement unit for both tests was micrograms per millliter.

CTL, control group; SVR, severe group; CRL, critical group.

“Nine cells (60.0%) have expected count less than 5. The minimum expected count is 0.67.
bSix cells (66.7%) have expected count less than 5. The minimum expected count is 1.00.
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Test CTL (expired) CTL (all)
PT 15.53 (median = 15.4, SD = 1.38) 15.01
INR 1.21 (median = 1.2, SD = 0.11) 147
PTT 46.85 (median = 48.40, SD = 7.34) 42.92
LAC 53.21 (median = 50.80, SD = 10.30) 49.41
Fibrinogen 533.27 (median = 587, SD = 162.71) 537.66
ATII 92.63 (median = 94, SD = 10.55) 95.71
Protein C 82.36 (median = 80, SD = 13.32) 85.57
Protein S 66.45 (median = 62, SD = 12.36) 62.91
D-dimer <0.5(n=5),05<t0>1(n=3)

<2t024(n=2),28n=1)
FDP <5 (n=8),26t0<20 (n=1),220 (1 =2)

PT, prothrombin time; INR, international normalized ratio; PTT, partial thromboplastin time; LAC, lupus anticoagulant; ATIll, antithrombin Ill: FDP, fibrin degradation product.
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Test Target population or Consistency Included patients/main findings Reference
(unit) center/country (with our
results)
PT (s) Tianyou Hospital, Wuhan, v 115 patients were included. (13)
China The mean + SD results for the PT test in critical and severe groups were 13.70 + 3.38
and 12.14 + 1.16 s, respectively.
Jinyintan Hospital and Wuhan v/ 191 patients [survivors (n = 137), non-survivors (n = 54)] were studied. (14)
Pulmonary Hospital, China PTsunivors = 11.4 S, PTnon-sunvivors = 12.1 s (o = 0-0004)
7 (13%) of expired patients had PT > 16, while only 4 (3%) of patients who survived had
PT > 16.
Chongging, China v 135 patients were recruited. (15)
The mean PT values for the critical and severe groups were 11.3 and 10.8 s, respectively
(p=0011)
aPTT (s) Tongiji Hospital, Wuhan, China v/ 147 patients were enrolled. (16)
The mean aPTT results were 42.4 in expired patients(N = 35) and 40.6 in survivors
(N=112, p = 0.256)
Tianyou Hospital, Wuhan, v 115 patients were included. (13)
China Critical group had higher aPTT results when compared with the severe and mild groups
(36.98 + 8.60, 36.47 + 9.29, and 34.9 + 9.17 s, respectively).
Chonggjing, China v 135 patients were recruited. (15)
The mean aPTT values for the critical and severe groups were 29.7 and 26.6 s,
respectively (o = 0.011).
Fibrinogen - Renmin Hospital of Wuhan 4 94 patients were studied. (17)
University 502 + 1563 mg/ml in COVID-19 patients compared to 290 + 53 mg/ml in the control
group (p < 0.001)
Suzhou Hospital v 75 patients were enrolled. (18)
While the average fibrinogen levels in controls were 200-400 mg/ml, patients were
reported to have significantly higher levels (430 + 119 mg/ml, p < 0.05).
Fuyang Second People’s v 43 patients were studied. (15)
Hospital The average fibrinogen levels in the severe group was 384 + 100 mg/ml and in the mild
group was 311 + 083 mg/ml (o = 0.14).
Anti-lupus  Hospitals in Liechtenstein and ~ N/A 64 patients were studied. (19
coagulant  Switzerland Higher total IgA and IgA anti-phospholipid antibodies were found in severe patients
(s) (p < 0.001).
Lariboisiere Hospital, Paris v 74 consecutive mechanically ventilated patients were enrolled. (20)
LAC was positive in 63 patients (85%).
23 out of 28 patients with thrombotic complications were positive.
Tan Tock Seng Hospital, v 12 ICU patients with severe COVID-19 pneumonia were included. (21)
Singapore Lupus anticoagulants were present in 50% of patients.
Protein C R Adams Cowley Shock 10 critically ill patients were included, who were using mechanical lung ventilation. (22)
(%) Trauma Center, Maryland, The mean protein C activity was 104 + 40 (normal = 83%-168%).
USA
Tenon University Hospital, 430 patients were included. (23)
Paris, France Protein C activity was higher in conventional (mild) patients (97%, 79-113) than the
worsening disease group (88%, 71-100).
Tan Tock Seng Hospital, 12 ICU patients with severe COVID-19 pneumonia were included. 21)
Singapore The average activity of protein C was 77.5%.
Protein S Colentina University Hospital ~ v 91 patients were enrolled, of whom 21 (23.3%) died. (24)
(%) Bucharest, Romania 65% of the patients were reported to have decreased protein S activity.
Death cases had lower protein S activity (median = 42% vs. 58%, p < 0.001).
Tan Tock Seng Hospital, v 12 ICU patients with severe COVID-19 pneumonia were included. 21)
Singapore The average activity of protein S was 65.2%.
Gregorio Marafion Hospital, N/A 206 patients were enrolled. (25)
Madrid, Spain The average protein S activity in COVID-19 patients with thrombosis was 60.9 (46.3—
69.4), while the mean activity in patients without thrombosis was 53.2 (42.1-66.9,
p = 0.429).
ATII (%) Milan, Italy v 24 intubated patients were included. (26)
The mean antithrombin activity was slightly decreased [74 U/dl, reference range
mean = 102 (82-122)].
Tan Tock Seng Hospital, v 12 ICU patients with severe COVID-19 pneumonia were included. 1)
Singapore The average activity of ATIIl was 84.4%.
R Adams Cowley Shock v 10 critically ill patients were included, who were using mechanical lung ventilation. (22)
Trauma Center, Maryland, The mean ATIIl activity was 84 (normal = 75%-135%).
USA
D-dimer  Tianyou Hospital of Wuhan, N/A Classified 115 patients into four groups according to the disease severity. 18 out of 22 (13)
(ug/mi) China deceased patients had increased levels of D-dimer in the first lab test (3.47 + 7.41 mg/l
in expired patients compared to 0.87 + 1.73 mg/l in discharged patients).
The change in CT imaging was in correlation with the increase of the D-dimer levels.
Jin Yin-tan Hospital, Wuhan, v 41 patients were included (ICU patients: n = 13; no ICU care: n = 28). 27)
China D-dimer levels on admission were higher in ICU patients (2.4 mg/L) than those in non-
ICU patients (0.5 mg/L).
Texas, USA N/A 15,313 hospitalized patients >18 years old (28)
285 were reported to have acute ischemic stroke, who had higher D-dimer levels at
admission (1.42 vs. 0.94 ug/ml FEU, p < 0.001).
Elevated D-dimer levels >5.15 ug/ml was shown to increase mortality nearly 3 times.
Tianyou, Puren, and China v 1,114 patients with COVID-19 were included. (29)
Resources & WISCO General The value 2.025 mg/L was determined as the optimal probability cutoff to predict death.
Hospitals, Wuhan, China The D-dimer levels of the expired patients were notably higher than those of surviving
individuals.
D-dimer levels of COVID-19 patients with DIC were higher when compared to those
without DIC.
FDP Tongji Hospital, Wuhan v 147 patients were enrolled. (16)
The mean FDP levels were 70.8 in expired patients (N = 35) and 4.8 g/L in survivors
(N =112, p < 0.001).
Renmin Hospital of Wuhan 4 94 patients were studied. (17)
University 33.83 + 82.28 mg/L in COVID-19 patients compared to 1.55 + 1.09 mg/L in healthy
controls (p < 0.001)
Tongji Hospital of Huazhong v/ 183 patients were included, among them 21 patients expired. (30)

PT, prothrombin time; aPTT, activated partial thromboplastin time; ATIll, antithrombin Ill; FDP, fibrin degradation product; LAC, lupus anticoagulant; N/A, not applicable; FEU, fibrinogen

University, Wuhan

equivalent unit; DIC, disseminated intravascular coagulation.

Significant increase in FDP levels between survivors and non-survivors [4.0 (4.0-4.3) vs.
7.6 ng/ml (4.0-23.4)]
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Group Criteria

Control?® »  Having a negative result for severe acute respiratory coronavirus 2 (SARS-CoV-2) by RT-PCR during the last 48 h (to exclude the chance of infection
even at the earlier stage among enrolled healthy controls)
»  No history of abnormal liver function tests (both direct and total bilirubin, SGOT, SGPT, ALKP) (considering that the majority of coagulation factors are
produced in the liver, applying this criterion ensures no healthy control has a liver disease)
*  No history of COVID-19 positivity reported from any immediate family member (to minimize the chance of getting infected from immediate family
members during the time between PCR test and the time of blood collection. Additionally, it helps minimize the chance of being an asymptomatic
carrier)
+  Having no signs of fever, coughing, or other physical features of COVID-19
+  Having no history of hemorrhagic diseases in the past and present (any individuals with a history of recent hemorrhagic events such as a recent
operation or menstruation in females were excluded to avoid impacts on the coagulation hemostasis)
+  No history of heparin, low-molecular-weight heparins (LMWHSs), and warfarin therapy
Severe®, @« Having respiratory distress (respiratory rate >30 times/min)

+  Oxygen saturation <93%

+  Progression of lesion >50% within 24-48 h in lung CT imaging
Critical®, © +  Having respiratory failure and requiring mechanical ventilation

+  Shock

«  Organ failure

+  Requiring ICU treatment

SGOT, aspartate aminotransferase; SGPT, alanine aminotransferase; ALKP, alkaline phosphatase; COVID-19, coronavirus disease 2019.

*Thirty-five healthy controls were recruited [15 females (42.9%) and 20 males (57.1%)]. The average age was 50.34 + 20.84 years.

bThirty-five severely ill hospitalized individuals were recruited [15 females (42.9%) and 20 males (57.1%)]. The average age was 50.91 + 16.42 years. Blood samples were collected
immediately after admission before any other therapeutic and medical interventions. In this group, 3 patients had cardiovascular disease, 9 had hypertension, 7 were found with diabetes,
and 1 with pulmonary disease. Patients in this group were hospitalized in either Urmia General Hospital or Urmia Taleghani Hospital.

“Thirty-five critically ill individuals in ICU were recruited [15 females (42.9%) and 20 males (57.1%)]. The average age was 52.03 + 15.06 years. Blood samples were collected immediately
after admission before any other therapeutic and medical interventions. In this group, 9 patients had cardiovascular disease, 15 had hypertension, 5 were found with diabetes, 1 with kidney
disease, and 2 with pulmonary disease. Patients in this group were hospitalized in either Urmia General Hospital or Urmia Taleghani Hospital.

Ipatients with underlying diseases who were using metformin, glibenclamide, captopri, or losartan to control their chronic diseases. These drugs are not reported to have effects on
coaqulation factors.
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Parameter

Age (years)

Weight

Height

BMI (kg/m?)

Group

CRL
SVR
CTL
CRL
SVR
CTL
CRL
SVR
CTL
CRL
SVR
1L

No.

35
35
35

35
35

35
35

35
35

Mean

50.34
50.91

52.03
79.14
72.51

171.80
163.26
26.83
27 86

sD

20.84
16.42
15.06

9.95
14.75

7.50
13.88

3.09
9135

p-value

0.92

0.0381

0.002

0.539
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Outcome, n (%) Overall n=120 (%) Sex P-value
Female n=52 (%) Male n=68 (%)

Type of treatment

Any oxygen therapy
NO 24 (20.0) 14 (26.9) 10 (14.7) 0.0973
YES 96 (80.0) 38(73.1) 58 (85.3)

Invasive ventilation
NO 112(93.3) 52 (100.0) 60 (88.2) 0.0097
YES 8(6.7) 0(0.0) 8(11.8)

ICU admission
NO 108 (90) 52 (100.0) 56 (82.4) 0.0023
YES 12 (10) 0(0.0) 2(17.7)

ARDS (119/120)
NO 66 (55.5) 34 (65.4) 32 (47.8 0.0550
YES 53 (44.5) 18 (34.6) 35 (52.2)

ARDS severity (117/120)
No ARDS 66 (56.4) 34 (68.0) 32 (47.8) 0.0107
Mid ARDS 20 (17.1) 10 (20.0) 10 (14.9)
Moderate ARDS 9(7.7) 3(6.0) 6(9.0
Severe ARDS 22 (18.8) 3(6.0) 19 (28.4)

Severe COVID-19
NO 23(19.2) 11@1.1) 12 (17.6) 0.6287
YES 97 (80.8) 41(78.9) 56 (82.4)

In-hospital mortality
NO 92 (76.7) 39 (75.0) 53 (77.9 0.7058
YES 28 (23.3) 13 (25.0) 15 (22.1)

*median ICU staying duration is equal to 8.5 days [IQR 5.75, 13.5].
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Patients characteristic at baseline, n (%) Overall n = 120 Sex p-value
Female n = 52 Male n = 68

Age groups, years
50-70 46 (38.3) 12 (23.1) 34 (50.0) 0.0026
>70 74 (61.7) 40 (76.9) 34 (50.0)

Number of comorbidities
0 18 (15.0) 8(15.4) 10 (14.7) 0.5628
1 24 (20.0) 13 (25.0) 1(16.2)
23 57 (47.5) 24 (46.1) 33 (48.5)
>3 21 (17.5) 7(135) 14 (20.6)

Number of symptoms
0 17 (14.1) 9(17.3) 8(11.8) 0.8214
1 23(19.2) 11(21.1) 12 (17.6)
2-3 54 (45.0) 21 (40.4) 33 (48.5)
3-5 20 (16.7) 9(17.3) 11(16.2)
>5 6 (5.0 2(3.9) 4(6.9

Pneumonia
Yes 95 (79.2 36 (69.2) 59 (86.8) 0.0005
No 25 (20.8 16 (30.8) 9(13.2)
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Female N=61

Male N=77

21-49 years old
n=9)

Sex hormone levels, median (IQR)

Testosterone, nmol/L 0.7 (0.6-0.8)
Estradiol, pg/mL. 68 (39-87)
Progesterone, ng/mL. 0.2 (0.1-0.4)

DHEA, microg/dL.

107 (66.6-121.3)

21-649
<0.1-15.9
56.2-511.7

Normal range > 50 years old Normal range

(n=52)
0.48-1.85 0.9(0.7-1.4) 0.43-1.24
20 (14-35) <10-28
0.1(0.1-0.3) <0.1-0.2
66 (40.8-102.5)  29.7-282.9

21-49 years old
n=9)

4.9 (4.8-10.2)
29 (22-35)

0.1(0.1-03)
184.8 (78.8-196.7)"

Normal range

8.33-30.19

11-44
<0.1-0.2
136.2-591.9

> 50 years old
(n=68)

4.4(157.2)

28 (21-38.5)
0.1(0.1-02)
69.2 (43.8-108.8)"

Normal
range

7.66-
24.82
11-44
<0.1-0.2
48.6-
447.6
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Reagent Source Identifier
MitoTracker™ Green FM Thermo Fisher Cat. No: M7514

MitoTracker ™ Red CMXRos Thermo Fisher Cat. No: M7512

TMRM assay kit Abcam Cat. No: ab228569

MitoSOX ™ Red Mitochondrial Superoxide Indicator Thermo Fisher Cat. No: M36008

Fluo-4FF, AM, cell permeant Thermo Fisher Cat. No: F23981

Zombie Aqua™ Kit BioLegend Cat. No: 423102

PE/Cyanine7 Annexin V BioLegend Cat. No: 640950

Brilliant Violet 711 ™ anti-human CD3 Antibody BioLegend Cat. No: 317328; RRID : AB_2562907
Brilliant Violet 785 ™ anti-human CD3 Antibody BioLegend Cat. No: 344842; RRID : AB_2616891
PerCP/Cyanine5.5 anti-human CD4 Antibody BioLegend Cat. No: 317428; RRID : AB_1186122
PE/Dazzle™ 594 anti-human CD8a Antibody BioLegend Cat. No: 301058; RRID : AB_2563570
APC anti-human CD38 Antibody BioLegend Cat. No: 356606; RRID : AB_2561902
Brilliant Violet 421™ anti-human CD45RA Antibody BioL.egend Gat. No: 304130; RRID : AB_10965547
APC/Cyanine7 anti-human CD197 (CCR7) Antibody BioLegend Cat. No: 353212; RRID : AB_10916390
PE/Cyanine7 anti-human CD8 Antibody BioLegend Cat. No: 344712; RRID : AB_2044008
APC/Fire™ 750 anti-human CD8 Antibody BioLegend Cat. No: 344746; RRID: AB_2572095
Brilliant Violet 605 ™ anti-human CD279 (PD-1) Antibody BioLegend Cat. No: 329924; RRID : AB_2563212
PE/Cyanine7 anti-human IL-2 Antibody BioLegend Cat. No: 500326; RRID : AB_2125593
FITC anti-human TNF-o Antibody BioLegend Cat. No: 502906; RRID : AB_315258
PE anti-human IFN-y Antibody BioLegend Cat. No: 506507; RRID : AB_315440
Brilliant Violet 785 ™ anti-human HLA-DR Antibody BioLegend Cat. No: 307642; RRID : AB_2563461
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Characteristics

Demographic

Age, median years (interquartile range)
Female

Chronic comorbidities

Hypertension

Chronic heart disease

Chronic lung disease

Chronic kidney disease

Diabetes mellitus

Other endocrine or metabolic diseases
Neurological disease

Any chronic comorbidities

Blood tests on admission (median, interquartile range)

Hemoglobin (g/dl)

Total white blood cell count (x10%/L)
Neutrophil count (x10%/L)
Lymphocyte count (x10%/L)
Platelet count (x10%L)
Initial viral load

Ct value

Severity

Oxygen supplementation
ICU admission

Death

Severe (n = 26)

62 (62-70)
7(26.9)

7(269)
3(11.5)
2(7.7)
138
6 (23.1)
3(11.5)
4(15.4)
16 (61.5)

14.2 (13.6-15.1)
59(5.0-72)
4.182-52)

1.06 (0.75-1.27)

189 (133-235)

21.4 (16.4-25.6)
26 (100)

10 (38.5)
138

Non-severe (n = 62)

60 (42-67)
35 (56.5)

15 (24.2)
5(8.1)
232
232
9(14.5)
3(4.8
4(65)

32 (51.6)
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Sex hormones

Female* (n=52)

Male# (n=68)

median (IQR)
Testosterone Estradiol Progesterone DHEA Testosterone Estradiol Progesterone  DHEA microg/L
nmol/L pg/mL ng/mL microg/L nmol/L pg/mL ng/mL
Normality range 0.43-1.24 <10-28 <0.1-0.2 29.7-282.9 7.7-248 11-44 <0.1-0.2 48.6-447.6
ARDS (119/120)
NO 0.9 (0.7-1.6) 26 (15-41) 0.1(0.1-0.2) 66.0 (44.8- 5.3 (1.8-11.1) 24 (19.5- 0.1 (0.1-0.2) 69.3 (32.5-96.2)
106.9) 33.0)
YES 09(0.6-11)  185(10-21)  02(0.1-0.3) 61.2(303- 36(1.3-62  31(23.0- 0.1(01-0.2)  69.4(50.7-118.3)
79.1) 40.0)
p-value 0.2182 0.0459 0.2038 0.2740 0.0378 0.1270 0.9008 1
Severe COVID-19
NO 0.7 (0.6-4.7) 18 (10-31) 0.1 (0.1-0.2) 86.5 (52.9- 85(5.9-12.4) 23.5(16.5- 0.2 (0.1-0.3) 67.1(23.1-171.5)
105.4) 27.5)
YES 0.9 (0.7-1.3) 20 (14-35) 0.2 (0.1-0.3) 637 (382- 37(1.363  380.0 (22.0- 0.1(0.1-0.2)  69.4(50.7-100.1)
103.25) 41.5)
p-value 0.9911 0.4187 0.1092 0.4707 0.0011 0.3146 0.0176 0.8905
In-hospital mortality
NO 0.8(0.6-1.3) 20 (15-30) 0.1(0.1-0.2) 60.0 (40.8-  48(1.57.9)  24.0(20.0- 0.1(0.1-0.2)  76.6(42.3-117.2)
105.4) 33.0)
YES 1.2(1.0-1.7) 36 (11-64) 0.2 (0.1-0.4) 61.4(488- 2.4(1.3-46)  40.0 (30.0- 02(0.1-02  62.6(32.591.9)
96.4) 52.0)
p-value 0.1418 0.4520 0.4231 0.7376 0.0536 0.0006 0.1618 0.6029

*Female: 18/52 ARDS; 41/52 severe COVID-19, 13/52 in hospital mortality.
*Male: 35/68 ARDS; 56/68 severe COVID-19, 15/68 in hospital mortality.
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Study design Demographics Comorbidities of studied Sample size (n) Patients Plasma GDF-15 Other Authors
and country patients with correlation with markers
severe patient status correlated
Sx/MR withn GDF-15
Observational  Hospitalized patients DM, HTN, CVD, CKD, non- 66 8/12.1% Severity of the Calprotectin de
study asthma respiratory disease, disease Gaudiana
Spain > 60 years immunosuppression Mortality etal. (68)
Mostly males
Prospective ICU-hospitalized patients DM, HTN, CVD, CKD, 123 35/28% Severity of the Ferritin Myhre et
observational COPD, obesity disease at al. (70)
study baseline, day 3,
day 9
Norway >18 years ICU admission
Mortality
Single-center  Presence of ARDS None 39 15/38.8%  ICU admission IL-6, IL-10and  Notz et al.
retrospective CRP (71)
study
Germany Median age 58 years
77% males
Case-control  Hospitalized patients None 80 (patients with varying 20/10% Hospitalization C3a, galectin-9  Giron et
study (moderate-severe disease severity and rate al. (69)
symptoms) Median age 52 Control)
-58 years
USA 50% females Mortality
Cohort study ~ Median age 71 years CVD, DM, HTN, stroke, 3999 and 1088 (2 different ~ ND Mortality risk NT-proBNP Wallentin
Sweden, USA  73% males prior M, current smoker, international cohorts- etal. (72)
obese ARISTOTLE and RE-LY
studies)
Cohort study ~ Median age 72.2 years in Subcohort A - - 55 COVID-  41/46, Disease severity ~ IL18BP, CTSD  Gisby et
and ESKD and COVID-19 + 19 positive ESKD patients 89% and KRT19 al. (73)
subcohort group
study
London, UK Median age 70.1 years in - 51 COVID-19 negative Mortality risk
ESKD and COVID-19 - ESKD patients
group Subcohort B
- 52 COVID-19 positive
ESKD patients
- 11 COVID-19 negative
ESKD patients
Retrospective Median age 38-62 years HTN, DM, anemia, liver 440 Males= 10  Severity and IL-6, IL-8and  Teng et
study cysts, respiratory diseases, (66%) progression of CRP al. (6)
Foshan, stroke, CVD, hyperlipidemia  (biomarkers analyzed in 111 Females=  disease
China patients) 1 (64%)

GDF-15, growth differentiation factor 15; HIV, human immunodeficiency virus; HBV, hepatitis B virus; HRV, human rhinovirus; IL, interleukin; CRP, C-reactive protein; GM-CSF,
granulocyte-macrophage colony-stimulating factor; TN, tumor necrosis factor; IFN, interferon; DM, diabetes mellitus; CKD, chronic kidney disease; HTN, hypertension; M, myocardial
infarction; COPD, chronic obstructive pulmonary disease; CVD, cardiovascular disease; O2, oxygen; CLD, chronic liver disease; C3a, complement 3a; HCC, hepatocellular carcinoma;
HBV, hepatitis B virus; CLD, chronic liver disease; CHB, chronic hepatitis B; ESKD, end-stage kidney disease; ARDS, adult respiratory distress syndrome; MR, mortality rate; (+), high
plasma levels; hs-cTnT, high sensitive cardiac troponin T; NT-proBNP, N-terminal proB-type natriuretic peptide; n, sample size; UK, United Kingdom,; CTSD, cathepsin D; KRT19, keratin
19; ICU, intensive care unit; 02, oxygen; Sx, symptoms; MR, mortality rate; ND, not described.
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Dataset

GSE158055 GSE168453 GSE175450
Group healthy 82 1 12
mild 24 N/A 12
moderate 23 N/A
severe 36 23 17
critical 23 N/A
died 13 N/A N/A
mild recover 79 N/A 12
severe recover 50 N/A 10
Cell count 1333525 729812 178325
Country China USA Germany
Sample PBMC & T/B cells PBMC PBMC & T cells
Cohort Discovery Validation Validation

N/A, not available.
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Overall Model

Sex: Male vs Female
Testosterone
Estradiol
Progesterone

Age
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Progesterone

Age

N. of comorbidities
Pneumonia at entry
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Age
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0.0002
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0.0125

SEVERE COVID
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N=118/120
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4.313 (0.775 - 24.004)

P-value
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0.0039
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0.1424
0.1599
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IN-HOSPITAL MORTALITY
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Characteristic Moderate Patients Severe Patients  Total

(n =49) (n =30) (n=79)
Sex
Female 30 15 45
Male 19 15 34
Age, y
35-39 2 2 4
40-49 3 0 3
50-59 10 6 16
60-69 20 16 36
70-79 1 4 15
80-89 3 2 5
Median (IQR) 63.6 63 63.4
(58-69)
Weeks after PCR positivity
1 6 3 9
2 iRl 4 15
3 2 7 9
4 14 5 19
5 12 8 20
6 3 1 4
7 1 2 3
Comorbidities
Hypertension 13 8 21
Diabetes iRl 6 A7

Heart-related disease 7 2 9
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Summary of hyperglycemic factors that contribute to
SARS-CoV-2 pathophysiology

Mechanism

CD8+ T Cells
TNF- o

Furin

Inflammatory Cytokine: IL-6

Role in enhancing the cytokine cascade (49)
Induces production of inflammatory cytokine
Causes insulin resistance by inhibition of insulin receptor, hence leading to hyperglycemia and

worsening inflammation (34, 49)

Noted to be elevated in diabetic patients, plays a role in host cell susceptibility to SARS-CoV-

2 (26, 27)

Elevated in diabetic individuals, role in augmentation of COVID-19 inflammatory state (54, 55).
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Immune Cell Type

Monocytes
Neutrophils
Lymphocytes (B cells)
Macrophages
Lymphocytes (T cells)
Natural Killer Cells

Effects of Glucose on the Cell Type

1I-6 and TNF- o levels are increased in human-isolated monocytes (57). Superoxide anion production is increased (58)

Inhibits migration (58, 59), phagocytosis, superoxide production and microbial kiling, and induces apoptosis (58)

Glycosylation of proteins prevents complement fixation and subsequent opsonization with immunoglobulins (58)

Superoxide anion production is increased (59)

Attenuated CD28 and CD3 signaling leads to diminished response in activated T cells. Activity and counts of regulatory T cells are reduced (59)
Attenuated function and cell count (59)
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tested in compound target mode of action clinical trial identifier

clinical trials evaluating rhDNase 1 DNA DNA degradation NCT04409925, NCT04402970, NCT04541979,
NETs NCT05139901, NCT04359654
Anakinra IL-1B IL-1 receptor antagonist NCT04817332
Disulfiram Gasdermin A Gasdermin A inhibition NCT04594343
Brensocatib NE inhibition of NE activity NCT04817332
clinical trials not Azithromycine Cytokines inhibition of neutrophil -
evaluating NETs migration
Hydroxychloroquine TLR9 increase of lysosomal pH -
Colchicine Tubulin disruption of microtubule -
assembly
Aspirin Cyclooxygenase  inhibition of platelet aggregation —
1and 2
Metformin mTORC1 and AMPK activator =
AMPK
N-acetyl cysteine ROS antioxidant attenuating ROS -
mediated signaling
Cyclosporine A Cytophilin calcineurine pathway inhibitor -
not a subject of COVID-19 Chloramidine PAD4 inhibition of PAD4 activity N/A
clinical trials Sivelestat, Lonodelestat, NE inhibition of NE activity N/A

Alvelestat, CHF6333, Elafin

NA, not applicable.
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stimulus receptor signaling independent of reference

pathogenic bacteria FPR1, FPR2, TLR4, TLR9 = (26, 30-37)
fungi Dectin 1, 2 not known (38-42)
viruses TLR7, TLR8, ACE2 not known (45-52, 83, 84)
parasites TLR2, TLR4 NOX2 (43, 44)
ionophores none ERK, NOX2 (36, 37)

sterile platelets RAGE, PSGL1, TLR2, TLR4 NOX2 (70-72)
mitochondria TLR4, TLRY, FPR1, FPR2 = (68, 59, 63-67)
immune complexes FeyRllb NOX2 (33, 73-76)
crystals and nanoparticles none PAD4 (77-81)
PMA none PAD4 (30)
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Parameter Normal

value
Age, years
Diabetes
Hypercholesterolemia

Arterial hypertension
Coronary artery disease
Cerebrovascular disease

Hospitalization, days

Before hospitalization, days

BMI, kg/m?, M+SD 18,5-24,99
Leukocytes, 1 *10°%/1 4,0-9,0
Platelets, 1* 10% /1 150-400
Erythrocytes, 1 * 35-5,5
102/1

Neutrophils, % 40-70
Lymphocytes, % 19-45
N/ L ratio 2,47+0,65
Lymph. / CRP ratio -
CRP, mg /| 0-9
Creatinine, pmol /| 44-124
AST, Unit 2-35
ALT, Unit 4-41
KFK, Ed 2-171
LDH, Unit 5-480
Iron, pmol /1 6,6 - 26
Ferritin, mcg / | 20 - 250

C-RP <10mg/ IGr. 1 N=17Me (Q1 -Q3) C-RP 10-50mg/I Gr. 2 N=16Me (Q1 -Q3)

58,0 (44,0-69,0)
1(5,8%)
3(17,6%)
8 (47,0 %)
3(17,6%)
7 (41,1%)
8,0(8,0-9,0)

8, (6,0-10,0)
28,45+5,65
4,84 (4,5:6,11)
215,0 (180,0-257,0)"
4,3 (4,07-4,87)

57,8 (51,5-62,0)
32,5 (29,4-35,8)"
1,81 (1,43-2,34)
65 (5,8-7,16)"
52 (2,9-7,31)"
87,0 (76,56-101,1)
26,8 (20,4-34,8)
27,0 (17,2-28,1)
106,0 (67,0-137,0)
295,0 (251,0-340,0)
12,0 (11,2-186)
152,0 (65,3-238,0)"

58,50 (49,5-62,5)
3(18,7%)
0
7 (43,7%)
2 (12,5%)
2 (12,5%)
9,50 (8,0-11,0**
5,50 (4,0-8,5)
28,43+3,16
4,99 (4,1-5,95)
171,00 (142,5-209,5)
4,66 (4,21-4,69)

64,80 (53,9-74,65)
21,80 (18,95-33,15)
2,86 (1,75-3,96)
1,23 (0,84-2,12)**
18,25 (12,0-26,31)""
96,20 (81,2-104,75)
24,20 (19,45-33,75)
29,50 (19,75-44,45)
107,50 (74,0-170,5)
311,50 (260,5-416,0)
10,95 (7,25-17,8)*
407,55 (293,8-671,9)

C-RP >51mg/I Gr. 3 N=10Me (Q1 -Q3)

63,0 (60,0-70,0)
0
0
7 (70,0%)
2 (20,0%)
4 (40,0%)

13,0 (10,0-14,0*
5,5 (4,0-12,0)
30,075,71
5,14 (3,66-7,85)
152,5 (98,0-188,0)"
4,4 (4,19-4,62)

73,0 (63,1-74,6)"
20,25 (19,1-23,3)"
3,543 (2,68-3,9)"
0,309 (0,22-0,40)"*
67,54 (57,7-78,0)"
104,7 (95,6-123,8)
27,4 (24,1-45,1)
24,3 (19,5-282)
142,0 (122,0-163,0)
435,0 (354,0-561,0)"
6,0 (5,866
541,2 (403,7-564,3)"

* level p <0.05 Gr. 1 vs Gr. 2; ** level p <0.05 Gr. 1 vs Gr. 3; *** level p <0.05 Gr. 2 vs Gr. 3.
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Parameter Normal value

Age, years
Hospitalization, days
Before hospitalization, days

Leukocytes, 1 *10°/1 4,090
Platelets, 1*10° /1| 150-400
Erythrocytes, 1 * 102/ 3,555
Neutrophils, % 40-70
Lymphocytes, % 19-45
Neutrophils / Lymphocytes ratio 2,47+0,65
CRP,mg/| 0-9
Creatinine, pmol /| 44-124
AST, Unit 2-35
ALT, Unit 4-41
KFK, Ed 2-171
LDH, Unit 5-480
Iron, umol /| 6,6 - 26
Ferritin, mcg /| 20 - 250

AST, aspartate aminotransferase; ALT, alanine aminotransferase; KFK, creatine phosphokinase; LDH, lactate dehydrogenase.

Total sample N= 342; Me (Q1-Q3)

59,00 (48,0- 67,0)
12,00 (10,0-14,0)
7,00 (5,0-9,0)
5,10 (3,7-7,0)
195,0 (157,0-252,0)
4,6 (4,26-4,88)
71,4 (61,2-78,4)
23,2 (15,7-31,7)
3,08 (1,89-4,84)
44,9 (24,4-73,7)
91,7 (83,0-104,0)
29,4 (22,3-42,2)
26,5 (18,6-43,3)
122,5 (70,0-234,0)
360,0 (301,0-449,0)
8,0(5,2-12,2)
380,2 (188,1-631,4)

Immunophenotyped sample N= 43; Me (Q1-Q3)

60 0 (560,0-69,0)
0 (8,0-12,0)
0 (5,0-10,0)
4, 34 (4,02-6,75)
180,0 (143,0-229,0)
4,48 (4,18-4,72)
62,5 (54,8-73,5)
24,0 (19,5-34,3)
2,58 (1,64-3,68)
29,6 (18,0-60,0)
95,6 (80,2-105,5)
25,6 (20,4-34,8)
26,5 (18,1-33,8)
111,0 (73,0-1683,0)
323,0 (264,0-430,0)
11,0 (6,1-17,0)
287,0 (166,05-540,5)
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All patients (n = 151)  Non-severe patients (n=95)  Asymptomatic patients (n=36) ~Severe patients (n = 20) Severe vs non-severe Symptomatic vs
asymptomatic
OR(95%Cl)  P-value  OR(95%Cl)  P-value
Sex
Women 73 (48.3%) 51(53.7%) 16 (44.4%) 6(30.0%) 037(0.11-1.14) 008 1.23(054-2.81) 070
Men 78(51.7%) 44 (46.3%) 20 (55.6%) 14 (70.0%) 268(0.88-927) 008 082(0.36 - 1.84) 070
PTSD (Post-discharge) 16 (10.6%) 10 (10.5% 38.3%) 3(15.0%) 149(024-668) 070 140(035-8.12) 076
PHQ-9 (Post-discharge) 6(4.0%) 5(6.3%) 128%) 0(0.0%) 0.7 0.07 - 3.55) 100 254(0.54-2401) 036
GAD-7 (Post-discharge) 5(3.3%) 4(4.2%) 128%) 0(0.0%) 051(001-406  1.00 161(0.32- 15.88) 073
Sequela (psychiatric symptoms)
Discrimination 65 (43.0%) 46 (48.4%) 10 (27.8%) 9(45.0%) 087(029-256 081 237 (1.00 - 6.09) 0.04"
Flashback memories 57 37.7%) 37 (38.9%) 13 (36.1%) 7(35.0%) 085(026-254) 081 1.10 047 - 2.61) 085
Avoidance 56 (37.1%) 39 (41.1%) 11(30.6%) 6(30.0%) 062(018-1.9) 045 146 (0.62 - 3.62) 043
Overly defensive 34 (225%) 22 (23.2%) 9(25.0%) 3(15.0%) 059(0.10-232) 056 083 (0.33 - 2.28) 066
Initabiity 30 (19.9%) 21 @2.1%) 6(16.7%) 3(15.0%) 062(0.11-247) 056 1,32 (046 - 4.32) 064
Be worried about everything 30 (19.9%) 21 @21%) 7(19.4%) 2(10.0%) 039(0.04-187) 036 1.04(038-3.16) 1.00
Apathy 29(19.2%) 20 21.1%) 2(5.6%) 7(35.0%) 201(060-632) 024 517 (1.19-47.3) 0.02¢
The scene recalls past memories 25 (166%) 16 (16.8% 7(19.4%) 2(10.0%) 0.65(0.06 -2.7) 074 077 (0.27 - 2.40) 061
Anviety 23(15.2%) 15 (15.8%) 5(13.9%) 3(15.0%) 094(0.16-389  1.00 1.15 (037 - 4.29) 1.00
Fear of uncertainty 23(15.2%) 17 (17.9% 4(11.1%) 2 (10.0table%) 051(005-249) 052 1.58 (047 - 6.86) 060
Self-neglect 23(15.2%) 15 (15.8%) 6(16.7%) 2(10.0%) 059(006-294) 073 087 (0.29 - 2.94) 079
Attention deficit disorder 23(15.2%) 16 (16.8%) 38.3%) 4(200%) 123(026-456) 075  230(0.62-1289) 029
Hopelessness 22 (14.6%) 17 (17.9% 4(11.1%) 1(5.0%) 024(001-176) 019 1.48 (044 - 6.46) 060
Easiy frightened 18 (11.9%) 12(12.6% 38.3%) 3(15.0%) 122(020-523) 072 165 (0.43 - 9.41) 057
Down-hearted and blue 17 (11.3%) 14 (14.7%) 3(83%) 0(0.0%) 000(000-136)  0.12 152(039-8.76) 076
Nervous 14/(2.3%) 12 (12.6%) 2(56%) 0(0.0%) 000(000-165)  0.12 1.97 0.41 - 19.03) 052
Fright and panic 1403%) 10(10.5% 1 (2.8%) 3(15.0%) 149(024-668) 070  443(062-19475) 019
Mania 10(66%) 6(6.3%) 38.3%) 1(60%) 078(002-7.05)  1.00 0.71(0.15 - 4.52) 070
Change of interests. 9(6.0%) 7(7.4%) 2(6:6%) 0(0.0%) 000(0.00-333) 060 1.1(020-11.36) 1.00
Suicidalty or self-mutiation 7 (4.6%) 5(5.3%) 2(5.6%) 0(0.0%) 0.00 0,00 - 5.3) 059 077 (0.12 - 8.48) 067
Sequela (physical symptoms)
Insomnia 47 (31.1%) 31(32.6%) 8(22.2%) 8(40.0%) 137(044-4.10) 061 1.79(071-4.98) 022
Fatigue for no reason 34 (225%) 19 (20.0% 7(19.4%) 8(40.0%) 264(0.82-825) 008 127 (047 -3.82) 082
Memory deterioration 24 (15.9%) 17(17.9%) 00.0%) 7(35.0%) 245(072-787) 013  Undef(221-Unde) 00011**
Hyposmia or hypogeusia 17 (11.3%) 14.(14.7% 2(6.6%) 16.0%) 031(001-227) 046  254(0.54-24.01) 036
Bradykinesia 13(86%) 10 (10.5% 2(56%) 1(50%) 045(001-352) 069 1.79/(0.36 - 17.44) 073
Limb numbness and weakness 12(7.9%) 9(9.5%) 2(56%) 1(5.0%) 051(001-405)  1.00 1.61(0.32 - 15.88) 073
Dysorexia 1073% 6(6.3%) 2(5.6%) 3(15.0%) 259(0.38-1362  0.19 1.4 (0.28 - 14.34) 1.00
Diminution of vision and hearing 3(2.0%) 3(3.2%) 00.0%) 0(0.0%) 000(0.00-11.76)  1.00 0(0.13 - Undef) 1.00
Athrodynia 3(2.0%) 2@2.1%) 00.0%) 1(60%) 242(0.04-4877) 044 0(0.13 - Undef) 1.00

Data are n (%), unless otherwise specified. OR, odds ratio; 95% Cl, confidence interval; Undef, undefined or incalculable value.

P < 0.05, P < 0.01.

Statistically significant results were highlighted in bold.
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Healthy controls (n = 102) All patients (n = 248) Non-severe patients (n = 161) Asymptomatic patients (n = 60) Severe patients (n = 27)

Age group, 41.0 (20.0-82.0) 45.0 (2.0-86.0) 46.0 (2.0-86.0) 39.0 (5.0-68.0) 51.0 (34.0-77.0)
years

Sex

Male 62 (60.8%) 127 (51.2%) 79 (49.1%) 32 (53.3%) 16 (69.3%)
Female 40 (39.2%) 121 (48.8%) 82 (50.9%) 28 (46.7%) 11 (40.7%)
Ethnicity

Han 247 (99.6%) 161 (100.0%) 59 (98.3%) 27 (100%)
Non-Han 1(0.4%) 0 (0.0%) 1(1.7%) 0(0.0%)
Marital status

Married 194 (78.2%) 129 (80.1%) 40 (66.7%) 25 (92.6%)
Divorced 7 (2.8%) 4 (2.5%) 3 (6.0%) 0 (0.0%)
Widowed 4 (1.6%) 1(0.6%) 2 (3.3%) 1(3.7%)
Unmarried 43 (17.3%) 27 (16.8%) 15 (25.0%) 1(3.7%)
Cigarette smoking

Current smoker 36 (14.5%) 23 (14.3%) 10 (16.7%) 3(11.1%)
Never-smoker 200 (84.3%) 137 (85.1%) 48 (80.0%) 24 (88.9%)
Former smoker 3(1.2%) 1(0.6%) 2 (3.3%) 0(0.0%)
Contact history in the epidemic area

Yes 59 (23.8%) 35 (21.7%) 13 (21.7%) 11 (40.7%)
No 189 (76.2%) 126 (78.3%) 47 (78.3%) 16 (69.3%)
Known contact with an individual with COVID-19 in the past 5 months

Yes 127 (51.2%) 103 (64.0%) 13 (21.7%) 11 (40.7%)
No 121 (48.8%) 58 (36.0%) 47 (78.3%) 16 (59.3%)
Underlying disease

Diabetes

Yes 16 (6.5%) 11 (6.8%) 1 (1.7%) 4(14.8%)
No 232 (93.5%) 150 (93.2%) 59 (98.3%) 23 (85.2%)
Hypertension

Yes 25 (10.1%) 18 (11.2%) 4 (6.7%) 3(11.1%)
No 223 (89.9%) 143 (88.8%) 56 (93.3%) 24 (88.9%)
Hyperlipidemia

Yes 3 (1.2%) 1 (0.6%) 2 (3.3%) 0(0.0%)
No 245 (98.8%) 160 (99.4%) 58 (96.7%) 27 (100.0%)
Bacterial pneumonia

Yes 4.(1.6%) 1(0.6%) 0(0.0%) 3(11.1%)
No 244 (98.4%) 160 (99.4%) 60 (100.0%) 24 (88.9%)
Symptoms

Fever

Yes 103 (41.5%) 80 (49.7%) 2 (3.3%) 21 (77.8%)
No 145 (58.5%) 81 (50.3%) 58 (96.7%) 6 (22.2%)
Asthenia

Yes 40 (16.1%) 24 (14.9%) 2 (3.3%) 14 (51.9%)
No 208 (83.9%) 137 (85.1%) 58 (96.7%) 13 (48.1%)
Cough

Yes 106 (42.7%) 79 (49.1%) 5 (8.3%) 22 (81.5%)
No 142 (57.3%) 82 (50.9%) 55 (91.7%) 5(18.5%)
Dyspnea

Yes 5 (2.0%) 3 (1.9%) 0 (0.0%) 2 (7.4%)
No 240 (96.8%) 158 (98.1%) 57 (95.0%) 25 (92.6%)
No record 3 (1.2%) 0(0.0%) 3(5.0%) 0(0.0%)
Headache

Yes 19 (7.7%) 14 (8.7%) 0(0.0%) 5 (18.5%)
No 224 (90.3%) 147 (91.3%) 55 (91.7%) 22 (81.5%)
No record 5 (2.0%) 0 (0.0%) 5 (8.3%) 0 (0.0%)
Nausea

Yes 7 (2.8%) 4 (2.5%) 2 (3.3%) 1(3.7%)
No 240 (96.8%) 157 (97.5%) 57 (95.0%) 26 (96.3%)
No record 1 (0.4%) 0(0.0%) 1(1.7%) 0(0.0%)
Vomiting

Yes 2 (0.8%) 0 (0.0%) 1(1.7%) 1(3.7%)
No 243 (98.0%) 161 (100.0%) 56 (93.3%) 26 (96.3%)
No record 3(1.2%) 0 (0.0%) 3 (5.0%) 0 (0.0%)
Palpitations

Yes 1(0.4%) 0 (0.0%) 0(0.0%) 1(3.7%)
No 244 (98.4%) 161 (100.0%) 57 (95.0%) 26 (96.3%)
No record 3(1.2%) 0 (0.0%) 3 (5.0%) 0 (0.0%)
Chest tightness

Yes 10 (4.0%) 6 (3.7%) 2(3.3%) 2 (7.4%)
No 233 (94.0%) 155 (96.3%) 53 (88.3%) 25 (92.6%)
No record 5 (2.0%) 0 (0.0%) 5 (8.3%) 0 (0.0%)
Diarrhea

Yes 17 (6.9%) 15 (9.3%) 0(0.0%) 2 (7.4%)
No 231 (93.1%) 146 (90.7%) 60 (100.0%) 25 (92.6%)

Data are n (%), or median (IQR). The symptoms of fever, asthenia, cough, and chest tightness in the asymptomatic patients were extremely slight.
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Trial Title

Identification Treatment
Number

Measurements Clinical
Phase

The Effect of Vitamin D Therapy on Morbidity
and Mortality in Patients With SARS-CoV 2
Infection

Clinical Outcomes of High Dose Vitamin D
Versus Standard Dose in COVID-19 Egyptian
Patients

NCT04733625 Cholecalciferol

NCTO04738760 High dose (dose
not provided)
Vitamin D

Death and need for intubation

LOS in hospital, mortality, Clinical status improvements, the rate and Not
magnitude of change in gas exchange as measured by PaO2/FiO2  Applicable
ratio
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Trial Title

Glutathione, Oxidative Stress and Mitochondrial Function in
COVID-19

A Study to Evaluate the Efficacy and Safety of Prothione™
Capsules for Mild to Moderate Coronavirus Disease 2019
(COVID-19)

Effect of N-acetylcysteine on Oxidative Stress in COVID-19
Patients

NAC for Attenuation of COVID-19 Symptomatology
(NACInCOVID2)

Efficacy of N-Acetylcysteine (NAC) in Preventing COVID-19
From Progressing to Severe Disease

Identification
Number

NCT04703036

NCT04742725

NCT04792021

NCT05074121

NCT04419025

Treatment

N-Acetylcysteine
Prothione™ (a pro-
glutathione
compound)
N-Acetylcysteine

N-Acetylcysteine

N-Acetylcysteine

Measurements

Various cytokines including IL-6, oxidative stress, patient
functional status, and markers of damage

time from RT-PCR SARS-CoV-2 positivity to double-RT-
PCR negativity

IL-6, TNF-a, Length of stay (LOS) in hospital, and
mechanical ventilation requirement
COVID disease symptom severity and duration

LOS in hospital, respiratory rate, mechanical ventilation
requirement, required duration of intubation, COVID-19
hospitalization

Clinical
Phase

Phase 2

Phase 3

Phase 2

Phase 2
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Tregs (Ref.)

CD8* T cells (Ref)

Simvastatin
Lovastatin
Atorvastatin
Fluvastatin
Rosuvastatin
Pravastatin

1(18, 30, 31)
1 (18, 30, 31)
1(32)

o (13)
1(32)
(13

1(33, 34)
 (35)
1 (36)
1@37)

138,39
- (36)

+ = Anincrease, | = A decrease, < = No effect.
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Bacterium Treg reaction in Reference
the absence of
SARS-CoV2 infection

Mycoplasma pneumoniae Low (46)
Pseudomonas aeruginosa Low (1)
Haemophilus influenza Low 47)
Klebsiella pneumoniae Low (48)
Enterobacter spp. Not available -
Chlamydia spp. Low (1)
Acinetobacter baumannii Low (49)
Serratia marcescens Not available =
Methicillin-resistant Staphylococcus Low (50)
aureus

Enterococcus faecium High (51)
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Virus

Respiratory Syncytial Virus
Influenza A virus
Rhinovirus

Enterovirus

Influenza B virus
Parainfluenzae
MERS-CoV

Adenovirus

Human metapneumovirus
Epstein-Barr virus
Coxsackievirus
Cytomegalovirus

Treg reaction in
the absence of
SAS-CoV2 infection

Low
Low
Not available
Low
Low
Low
Low
Low
Low

Low/high (depending on the disease)

Low
Low

Reference

(54)
(65)

(66)
67)
67)
(68)
(59)
(©60)

62)
61)






OPS/images/fimmu.2022.830061/table2.jpg
Healthy CovVID-19 Sepsis
controls patients patients
(n=18) (n=62) (n=38)
Age, yrs (IQR) 59 (55-71) 71 (61-76) 76 (65-81)
Sex, male n (%) 12 (66.6) 42 (67.7) 29 (76.3)
BMI, kg/m? 216 24.1(22.6-26.3)  21.6(19.0-23.5)
(20.7-25.6)
Comorbidities, n (%)
Hypertension 4 (28.5) 33 (53.2) 11 (28.9)
Diabetes 1(7.1) 27 (43.5) 15 (39.5)
Hyperlipidemia 10 (55.6) 19 (30.6) 7 (18.4)
Laboratory data
White blood cell (/uL) 7,700 10,700
(4,700-14,000) (6,800-15,400)
Platelet count (10*/uL) 19.8 (15.9-24.0)  12.0(4.8-26.6)
D-dimer (ug/mL) 2.5(1.3-4.2) 8.7 (3.8-14.9)
Creatinine (mg/dL) 0.7 (0.5-0.9) 1.6 (0.9-2.3)
Bilirubin (mg/dL) 0.5 (0.4-0.7) 0.7 (05-1.3)
CRP (mg/dL) 9.5 (5.3-13.3) 16.0 (7.9-21.6)
Origin, n (%)
Chest 62 (100) 10 (26.3)
Abdomen 0(0) 11 (29.0)
Soft tissue 0(0) 12 (31.6)
Urinary 0(0) 3(7.8)
Others 0(0) 2(5.3)
APACHE Il score 14 (9-17) 21 (14-30)
SOFA score 5 (3-6) 9(5-13)
MV, n (%) 60 (96.8) 31(81.6)
Days to weaning off MV 12 (7-55) 9(3-15)
28- Day mortality, n (%) 5(8.1) 9(23.7)

Data are given as the median (25th-75th percentile) or as number (%). APACHE, Acute
Physiology and Chronic Health Evaluation; BMI, body mass index; CRP,
C-reactiveprotein; IQR, interquartile range; MV, mechanical ventilation; SOFA,
Sequential OrganFailure Assessment.
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MGH cohort, Osaka cohort 1,

Boston, USA Osaka, Japan
(n=306) (n=113)
Male sex, n (%) 162 (52.9) 80 (70.8)
Age, median years (IQR) 58 (45-75) 65 (65-74)
20-34 years 32(10.5) 1(0.8)
35-49 years 66 (21.6) 119.7)
50-64 years 89 (29.1) 44 (38.9)
65-79 years 65 (21.1) 47 (41.6)
Over 80 years 54 (17.6) 10 (8.9)
Comorbidities, n (%)
Heart disease 48 (16.5) 12 (10.6)
Lung disease 66 (21.1) 12 (10.6)
Kidney disease 41 (14.3) 12 (10.6)
Immunocompromised condition 25(7.7) 4 (3.5)
Hypertension 146 (48.1) 47 (41.6)
Diabetes 111 (35.4) 41 (36.3)
BMI, median years (IQR) 29 (26-34) 25 (22-28)
0-24.9 46 (15.1) 49 (43.4)
25.0-39.9 205 (66.9) 58 (51.3)
Over 40 35 (11.4) 1(0.8)
Unknown 20 (6.5) 5 (4.4)
SOFA score, median (IQR) 2(1-7) 5 (3-6)
Disease severity (Acuity SCOr€max)
Al1=Died 42 (18.7) 12 (10.7)
A2=Intubated/ventilated, survival 67 (21.9) 101 (85.8)
A3=Hospitalized, O, required, 133 (43.5) 0(0)
survived
Ad=Hospitalized, no O, required, 41 (13.4) 0(0)
survived
A5=Discharged 23 (7.5) 0(0)
Clinical outcome
Early recovery - 64 (56.6)
Late recovery - 49 (43.4)

Data are reported as number (percentage) or median (IQR, interquartile range) as
appropriate. BMI, body mass index; Heart disease, coronary artery disease,congestive
heart failure, valvular disease; Lung disease, asthma, COPD, requiringhome O and any
chronic lung condition; Kidney disease, chronic kidney disease,baseline creatinine
>1.5; Immunocompromised condition, active cancer,chemotherapy, transplant and
immunosuppressant agents, asplenic; SOFA, Sequential Organ Failure Assessment.
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* Disease severity
A1 A2 A3
[} ©) @)
Died Intubated Oxygen No Oxygen Discharged
Therapy Therapy from ED

+ Clinical outcome
Early recovery: Without MV or MV <12 days
Late recovery: MV >12 days or death

*MV, mechanical ventilation
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Rank Journal Article counts  Total counts of citation ~ Impact factor ~ Quartile in Category
1 Journal of Medical Virology 14 32 2.327 Q3
2 Journal of Clinical Medicine 12 1 4.241 Qi
3 Journal of Thrombosis and Haemostasis 10 85 5.824 Qi
< Journal of Stroke and Cerebrovascular Diseases 10 5 2.136 Q2
5 Frontiers in Neurology 10 1 4.003 Q3
6 Diabetes Research and Clinical Practice 10 1 5.602 Qi
7 Critical Care 9 5 9.097 Ql
8 Frontiers in Immunology 8 ) 7.561 Q2
9 Clinical Medicine 7 4 2.659 Ql
10 European Review for Medical and Pharmacological Sciences 7 0 3.507 Q2
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