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Editorial on the Research Topic 


 Definition of the immune parameters related to COVID-19 severity


In December 2019, a novel betacoronavirus was detected in China, identified as severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2), and causally linked to a cluster of cases of severe interstitial pneumonia (1). In March 2020, the coronavirus diseases-2019 (COVID-19) struck the world and has caused, to date, over 760 million cases and almost 9 million deaths (2). The outbreak highlighted the lack of pandemic preparedness globally, yet researchers and physicians all over the world strived to gather knowledge on the pathogenesis of the new disease. A highlight in the control of the pandemic was the rapid development of multiple vaccines based on different platforms, of which over 13.3 billion doses have been administered globally as of April 7, 2023. The present Research Topic includes 44 articles on the immune correlates of COVID-19 severity and associated complications.

A solid bulk of evidence in literature highlighted a strong association between hypercytokinemia (also known as “cytokine storm”) and respiratory insufficiency in severe COVID-19 (3). Stemming from these observations, given the dramatic outcome of COVID-19 pneumonia, various research groups investigated whether certain immune parameters could be used as prognostic factors to identify subjects at greatest risk of severe disease. Birindelli et al. developed a laboratory score derived from lymphocyte- and granulocyte-associated parameters by retrospective analysis of 1,619 blood cell counts from 226 hospitalized COVID-19 patients. The score was validated on a new cohort of 140 consecutive COVID-19 patients: a best cut-off score was derived, associated to an overall 82.0% sensitivity and 82.5% specificity for detecting outcome. The scoring trend effectively separated survivor and non-survivor groups. Similarly, Sarif et al. showed that in individuals with acute respiratory distress syndrome (ARDS), the plasma soluble urokinase-type plasminogen activator receptor (suPAR) level was linked to a characteristic plasma proteome, associated with coagulation disorders and complement activation. Importantly, a cut-off value of suPAR was able to predict mortality.

Sánchez-Montalvá et al. conducted a study on 2,600 COVID-19 patients of the first pandemic wave and reported that laboratory tests (e.g. neutrophil-to-lymphocyte ratio, C-reactive protein, aspartate, and alanine aminotransferase) were limited predictors due to redundancy; however, the additional use of immunological tests with independent predictive power (CXCL10, IL-6, IL-1RA, and CCL2) could overcome this limitation. Along these lines, Gibellini et al. quantified 62 cytokines and chemokines, as well as other factors involved in inflammation/immunity, in plasma samples collected at hospital admission from 80 hospitalized patients with severe COVID-19, who were stratified on the basis of clinical outcome. The authors found that neutrophilia, lymphocytopenia, procalcitonin, D-dimer and lactate dehydrogenase were strongly associated with the risk of fatal COVID-19. Also Th2 cytokines, markers of cell metabolism and interferons were predictive of life-threatening COVID-19. Villar et al., through a quantitative proteomics approach and multiple data analysis algorithms in 5 patient cohorts, corroborated the predictive value of selected immune-related biomarkers for disease severity, symptomatology and recovery. Accordingly, Kleymenov et al. comprehensively analysed 46 cytokines in the peripheral blood of a large cohort of COVID-19 patients (n=444) and identified TNF-α, IL-10, MIG, IL-6, IP-10, M-CSF, G-CSF, GM-CSF, IFN-α2 as predictors of ICU admission at 4-6 days from symptom onset. In a literature review by Karimi et al., the authors reported that most of the studied markers are able to predict COVID-19 prognosis with neutrophil to lymphocyte ratio (NLR) retaining the greatest prognosticating ability.

Peripheral markers of inflammation were also investigated as predictive factors in clinical settings other than COVID-19 respiratory distress. In particular, Guasp et al. showed that patients with COVID-19-associated encephalopathy and encephalitis presented elevated levels of IL-18, IL-6, and IL-8 in serum and CSF. Guo et al. studied the effects of SARS-CoV-2 infection in placental cells demonstrating that the virus induces pro-inflammatory cytokine and chemokine release, which may contribute to the cytokine storm observed in severely infected pregnant women and related placental dysfunction. Along these lines, SenGupta et al. demonstrated that individuals with type 2 diabetes mellitus displayed higher inflammatory markers and a dysregulated anti-viral and anti-inflammatory response when compared to controls. Finally, Lund Berven et al. studied associations between inflammatory markers, clinical symptoms, pulmonary function and background variables in COVID-19 non-hospitalized patients aged 12 – 25 years and showed alterations of the plasma inflammatory signature in the subacute stage of the infection, despite normal pulmonary functions.

Overall, these studies confirm a pivotal role of the cytokine storm in the pathogenesis of severe COVID-19 and suggest that some markers may be used to identify individuals at greatest risk of disease progression. However, as reviewed by Fouladseresht et al., the prognostic ability of such biomarkers may be impaired by the simultaneous presence of other inflammatory diseases. However, with the ultimate goal of defining tailored therapeutic interventions according to disease severity, the underlying mechanisms causing the cytokine storm should not be overlooked. In this respect, Bigdelou et al. reviewed the molecular implications of concurring diseases in COVID-19 clinical outcome and Premeaux et al. the role of caspases in dictating disease severity. Suhre et al. combined the ‘Olink’ proteomics profiles of newly-recruited and previously published COVID-19 studies and showed protein overexpression in COVID-19 patients with pathways related to cytokine-cytokine interaction, IL-18 signalling, fluid shear stress and rheumatoid arthritis. Qiu et al. performed RNAseq of 126 samples from the GEO database and demonstrated remarkably higher m6A modification levels of blood leukocytes in patients with COVID-19 compared to controls. Similarly, Tang et al., through transcriptome data of blood leukocytes, divided COVID-19 patients into two clusters according to the expression of 35 pyroptosis-related genes and showed that PYRcluster1 patients were in a hyperinflammatory state and had a worse prognosis than PYRcluster2 patients. The hyperinflammation of PYRcluster1 was validated by the results of gene set enrichment analysis (GSEA) of proteomic data.

Overall, these studies push the boundaries of existing knowledge on the pathways underlying the cytokine storm in severe COVID-19 and allow for the identification of possible therapeutic targets. In this view, Marocco et al. demonstrated that tocilizumab can down-regulate sCD163 plasma levels, which were found elevated in COVID-19 pneumonia, while in an Hypothesis and Theory article Aloul et al. hypothesized that upregulation of LL-37 could act therapeutically, facilitating efficient NET clearance by macrophages and speeding endothelial repair after inflammatory tissue damage. Novel therapeutic interventions are needed in clinical settings at greatest risk of progression, i.e. adults infected with SARS-CoV-2 whilst already hospitalised are at greater risk of mortality compared to those admitted following community-acquired infection, as systematically reviewed by Ponsford et al.

A considerable number of articles in the Research Topic assessed the possible interplay of cellular immunity in the pathogenesis of severe COVID-19. Through an integrative stochastic non-linear predictive model of COVID-19 outcome, Elemam et al. demonstrated consistent elevation of IL-15 and IL-10 in severe cases, which are, respectively, stimulators of NK cells and enhancers of NK cell cytotoxicity, denoting a potential critical role of this axis in the COVID-related cytokine storm and following immune-mediated pathologies. The role of NK cells in COVID-19 pathogenesis and their therapeutic implications was comprehensively reviewed by Di Vito et al., while Bobcakova et al. contributed with original findings of lower proportions of NKG2A+ NK cells on admission in non-survivors. In the same paper, the authors assessed the role of T cells in COVID-19 pathogenesis, demonstrating the association of higher CD8+CD38+ cells with fatal outcome. Similar findings were also reported by Du et al. who showed that HLA-DR+CD38+highCD8+ T cells were correlated with COVID-19 disease severity. Furthermore, Clavarino et al. conducted a deep flow cytometry analysis of lymphocyte populations in hospitalized COVID-19 patients and reported that profound CD8+ T cell lymphopenia, high levels of CD4+ and CD8+ T cell activation as well as CD8+ T cell senescence were linked to mortality. The data by Al-Attiyah et al. resulted in the definition of a specific immune profile in patients with severe and moderate COVID-19, which was compared to both unvaccinated and vaccinated people in Kuwait. Lower T and B cell levels were shown in these patient cohorts, with significantly higher CD16+CD56+ NK cells and CD14+HLA-DR+ monocytes, at the disadvantage of inflammatory CD14+CD16+HLA-DR+ and non-classical CD16+HLA-DR+ monocytes. These results are in line with those by Legebeke et al., who demonstrated that a transcript signature featuring immunoglobulins, nucleosome assembly, cytokine production and T cell activation, was able to stratify the likelihood of COVID-19 survival.

In a study conducted on post-mortem tissues from uninfected and fatal COVID-19 cases, Valdebenito et al. shed light on the possible correlates of peripheral immune dysfunction and lung damage. The authors reported loss of alveolar wall integrity, detachment of large lung tissue pieces, fibroblast proliferation, and extensive fibrosis which were linked to limited CD3+CD8+ T cell presence, suggesting an exhausted or compromised immune cellular response. Accordingly, Viurcos-Sanabria et al. and Al-Mterin et al. reported, respectively, high PD-1 expression in T cells and upregulation of several immune checkpoint receptors and ligands in COVID-19 patients with severe disease, while Ruiz et al. showed, in a similar setting, low lung IL-1β levels as well as persistence of non-SARS-CoV-2 neutralizing mucosal IgA despite viral clearance.

While all these data point to specific perturbations in both innate and adaptive immune cell subsets in the peripheral blood of COVID-19 patients, some discrepancies exist in the studies, resulting from several differences with regards to the variability of the patient populations. An interesting approach is the one by Jiménez-Cortegana et al., who were interested in evaluating myeloid-derived suppressive cells (MDSCs), given their immunosuppressive role in other disease models. The novelty of this research lies in the search for possible correlations between these cell subtypes and hard outcomes, i.e. mortality or survival after ICU admittance. Amongst all the cell populations investigated, a rising trend in granulocytic MDSCs (G-MDSCs) was associated with death, pointing to the possible exploitation of this cell subsets as clinical prognostic factor. Through single cell RNAseq, Li et al. demonstrated that patients recovering from severe COVID-19 showed a circulating immune phenotype different from those recovering from milder disease, therefore demonstrating the persistence of unique immune signatures even after the resolution of acute disease. A comprehensive review on the immune correlates after SARS-CoV-2 infection was conducted by Soleimanian et al.

When considering the possible role of human leukocyte antigen (HLA) genes and COVID-19 susceptibility and severity, two interesting papers were published. In the first one, Ghasemi Basir et al. demonstrated the more essential role of HLA-A versus HLA-B and -C in dictating the immune response to SARS-CoV-2. Interestingly, Mocci et al. presented data from Sardinia, an Italian region struck by the lowest incidence of severe COVID-19, while featuring a high frequency of the Neanderthal risk locus variant on chromosome 3 (rs35044562) that had been considered causative of severe COVID-19. By showing a significant 5-time increased risk of severe disease in Sardinian patients carrying the rs35044562 variant [OR 5.32 (95% CI 2.53 - 12.01), p = 0.000], vis-a-vis a 15-time protective effect of the HLA-A*02:01, B*18:01, DRB*03:01 three-loci extended haplotype in the same population [OR 15.47 (95% CI 5.8 – 41.0), p < 0.0001], the authors elegantly demonstrated the existence of a balance between risk and protective immunogenetic factors in this geographic region.

Finally, humoral immunity was studied to understand the role of SARS-CoV-2-specific antibodies in the development of COVID-19. Miyara et al. demonstrated that pre-existing immunity to common cold human coronaviruses can be responsible for recall-type IgG responses to SARS-CoV-2, yet does not lead to cross-protection against SARS-CoV-2 infection. Indeed, neutralizing antibody levels were shown by Macioła et al. to be significantly higher in severe COVID-19 patients, and correlated with both Spike and Receptor Binding Domain (RBD) recognition. In contrast, Hendriks et al. showed that, while a positive association was seen between disease severity and IgG antibody levels, the binding strength decreased with increasing disease severity. Importantly, Cantoni et al. demonstrated a significant reduction in the ability of convalescent sera from the first wave to cross-neutralise following antigenically distinct variants. These findings are in accordance with those by Kurahashi et al., reporting rapid decreases of neutralizing antibodies with a specific epitope for a variant, yet persistence of neutralizing antibodies recognizing the common epitope for several variants.

SARS-CoV-2-specific antibodies were also investigated as possible predictive markers of disease severity. In this respect, Kurano et al. demonstrated that antibody testing may indeed contribute to prediction of the disease maximum severity in COVID-19 patients through analysis models constructed using a machine learning technique. Martynova et al. also shed light on the use of SARS-CoV-2-specific antibodies for diagnostic use, through the inclusion of IgM antibody reactivity with Spike and Nucleocapsid peptides and selected cytokines in a panel specific to patients with a higher risk of fatal COVID-19. Interestingly, Yu et al. showed that IgA detected in saliva could serve as a useful tool for early detection of COVID-19.

The present research topic includes a large number of papers on the correlates of COVID-19 severity that contribute to the current knowledge of pathogenesis. These findings will aid scientific and clinical communities in the development of novel therapeutic and prevention approaches for COVID-19. Moreover, the identified immunologic biomarkers and immune profile changes could serve as an inspiration for the research in the fields of other emerging infectious pathogens.
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The COVID-19 pandemic caused by SARS-CoV-2 challenges the understanding of factors affecting disease progression and severity. The identification of prognostic biomarkers and physiological processes associated with disease symptoms is relevant for the development of new diagnostic and therapeutic interventions to contribute to the control of this pandemic. To address this challenge, in this study, we used a quantitative proteomics together with multiple data analysis algorithms to characterize serum protein profiles in five cohorts from healthy to SARS-CoV-2-infected recovered (hospital discharge), nonsevere (hospitalized), and severe [at the intensive care unit (ICU)] cases with increasing systemic inflammation in comparison with healthy individuals sampled prior to the COVID-19 pandemic. The results showed significantly dysregulated proteins and associated biological processes and disorders associated to COVID-19. These results corroborated previous findings in COVID-19 studies and highlighted how the representation of dysregulated serum proteins and associated BPs increases with COVID-19 disease symptomatology from asymptomatic to severe cases. The analysis was then focused on novel disease processes and biomarkers that were correlated with disease symptomatology. To contribute to translational medicine, results corroborated the predictive value of selected immune-related biomarkers for disease recovery [Selenoprotein P (SELENOP) and Serum paraoxonase/arylesterase 1 (PON1)], severity [Carboxypeptidase B2 (CBP2)], and symptomatology [Pregnancy zone protein (PZP)] using protein-specific ELISA tests. Our results contributed to the characterization of SARS-CoV-2–host molecular interactions with potential contributions to the monitoring and control of this pandemic by using immune-related biomarkers associated with disease symptomatology.
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Introduction

Coronavirus disease 19 (COVID-19) is a pandemic caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2, also referred as hCoV-19) with immunological dysregulation associated with disease severity (1, 2). The incidence of this pandemic is still increasing worldwide and posts a challenge for the understanding of host and virus-derived factors affecting disease severity and the identification of prognostic biomarkers and physiological processes related to COVID-19 symptomatology and relevant for the development of new diagnostic and therapeutic interventions to contribute to the control of this pandemic (3–6).

To address this challenge, proteomics constitutes a high-resolution method for the study of host response to infectious diseases, including those caused by RNA viruses (7). Quantitative proteomics has been used for the study of SARS-CoV-2 infection in various samples (e.g., serum, plasma or urine), tissues (e.g., lung), and cells (e.g., peripheral blood mononuclear or Caco-2 cells). This experimental approach has been used for the study of host anti-viral responses and the identification of biomarkers for COVID-19 disease severity, diagnostics, and treatment. Examples of these biomarkers are serum amyloid A-1 (SAA1), serum amyloid A-2 (SAA2), C-reactive protein (CRP), gelsolin (GSN), interleukins (IL-1, IL-6), serine protease inhibitors (SERPINs), progranulin (GRN), apolipoproteins (APOs), complement and pro-inflammatory factors, coagulation system, and vascular cell adhesion protein 1 (VCAM-1) (4–23). Results of proteomics analyses have shown a correlation of disease severity with inflammatory, immunological, and cancer biomarkers, metabolic suppression, neutrophil activation, hepatic and lung injury and the dysregulation of lipid transport, macrophages, platelet degranulation, and complement system pathways (4–6, 8–13, 18, 20–22, 24).

However, due to the complexity of COVID-19 symptomatology, it is important to characterize host response to SARS-CoV-2 infection in different cohorts from asymptomatic individuals to severe patients to better understand disease mechanisms and symptoms with possible medical complications at different levels, and the identification of potential diagnostic markers and drug targets (22–25). Quantitative proteomics approaches alone or in combination with other omics technologies are key to achieve this goal (24–27). To contribute in addressing this objective, herein we used a sequential window acquisition of all theoretical mass spectra (SWATH-MS) quantitative proteomics to characterize serum protein profiles in five cohorts of healthy (pre-pandemic sampling) and SARS-CoV-2-infected asymptomatic, recovered (hospital discharge), nonsevere (hospitalized), and severe [intensive care unit (ICU)] individuals. The results advanced our understanding of the molecular mechanism-driven host–SARS-CoV-2 interactions and identified immune-related prognostic biomarkers and physiological processes related to COVID-19 symptomatology.



Materials and Methods


Samples From Healthy Individuals and COVID-19 Patients

A retrospective case–control study was conducted in patients suffering from COVID-19 and healthy controls sampled at the University General Hospital of Ciudad Real (HGUCR), Spain (28, 29). Blood samples from control individuals were collected prior to the COVID-19 pandemic in April 2019. COVID-19 patients were confirmed as SARS-CoV-2-infected by IgG antibody titers or reverse transcriptase-polymerase chain reaction (RT-PCR) and sampled between March and May 2020 (28) (Figure 1). Clinical symptoms and laboratory determinations associated with COVID-19 were obtained from patient’s medical records to create cohorts of asymptomatic, nonsevere (hospitalized), recovered (hospital discharge), and severe (ICU) individuals (28). Patients were hospitalized for developing a moderate-severe clinical condition with radiologically demonstrated pneumonia and failure in blood oxygen saturation. Patients with acute respiratory failure who needed mechanical ventilation support were admitted to a hospital ICU. The patients were discharged from the hospital due to the clinical and radiological improvement of pneumonia caused by the SARS-CoV-2, along with the normalization of analytical parameters indicative of inflammation. Data can be found at Urra et al. (28) and Supplementary Table 1. Blood samples were drawn in a vacutainer tube without anticoagulant. The tube remained at rest for 15–30 min at room temperature (RT) for clotting. Subsequently, the tube was centrifuged at 1500 × g for 10 min at RT to remove the clot and obtain serum. Serum samples were heat-inactivated for 30 min at 56°C and conserved at −20°C until used for analysis. The use of samples and individual data was approved by the Ethical and Scientific Committees (University Hospital of Ciudad Real C-352 and SESCAM C-73).




Figure 1 | Individual cohorts and study design. COVID-19 patients included cohorts of asymptomatic (n = 16), recovered (hospital discharge; n = 26), nonsevere (hospitalized; n = 28), and severe (ICU; n = 25) cases with increasing systemic inflammation. Healthy individuals sampled before the COVID-19 pandemic were included in the analysis (n = 25). Female-to-male (F/M) ratio and average ± S.D. age (y/o) are shown. Additional information can be found in Urra et al. (28). A SWATH-MS proteomics approach was used for data acquisition and analysis. A retrospective case–control study was conducted in patients suffering from COVID-19 and healthy controls sampled at indicated dates using standard procedures. Serum from three pools of 5–10 individuals each with three technical replicates were used for proteomics using SWATH-MS protein identification and quantitation and data analysis using Metascape and networks of interactions between proteins and BPs using Graph Theory algorithms to identify dysregulated proteins in response to COVID-19.





Serum Proteomics

Serum samples from healthy controls (n = 25) and asymptomatic (n = 16), nonsevere (n = 28), recovered (n = 26), and severe (n = 25) COVID-19 individuals were randomly clustered in three biological pools per group (n = 5–10 samples per pool). Protein concentration in samples was determined using the BCA Protein Assay with BSA (Sigma-Aldrich) as standard. Protein serum samples (100 µg per sample) were trypsin digested using the FASP Protein Digestion Kit (Expedeon Ltd., UK) and sequencing grade trypsin (Promega, Madison, WI, USA) following the manufacturer’s recommendations. The resulting tryptic peptides were desalted onto OMIX Pipette tips C18 (Agilent Technologies, Santa Clara, CA, USA), dried down, and stored at −20°C until mass spectrometry analysis. The desalted protein digests were resuspended in 2% acetonitrile and 5% acetic acid in water and analyzed by reverse-phase liquid chromatography coupled to mass spectrometry (RP-LC-MS/MS) using an Ekspert™ nanoLC 415 system coupled online with a 6600 TripleTOF mass spectrometer (AB SCIEX; Framingham, US) through Information-Dependent Acquisition (IDA) followed by Sequential Windowed data independent Acquisition of the Total High-resolution Mass Spectra (SWATH-MS). The peptides were concentrated in a 0.1 × 20 mm C18 RP precolumn (Thermo Scientific) with a flow rate of 5 µl/min during 10 min in solvent A. Then, peptides were separated in a 0.075 × 250 mm C18 RP column (New Objective, Woburn, MA, USA) with a flow rate of 300 nl/min. Elution was done in a 120-min gradient from 5% B to 30% B followed by a 15-min gradient from 30% B to 60% B (Solvent A: 0.1% formic acid in water, solvent B: 0.1% formic acid in acetonitrile) and directly injected into the mass spectrometer for analysis.

For IDA experiments, the mass spectrometer was set to scan full spectra from 350 m/z to 1400 m/z (250 ms accumulation time) followed by up to 50 MS/MS scans (100–1500 m/z). Candidate ions with a charge state between +2 and +5 and counts per second above a minimum threshold of 100 were isolated for fragmentation. One MS/MS spectrum was collected for 100 ms, before adding those precursor ions to the exclusion list for 15 s (mass spectrometer operated by Analyst TF 1.6, ABSciex). Dynamic background subtraction was turned off. Data were acquired in high sensitivity mode with rolling collision energy on and a collision energy spread of 5. A total amount of 4 µg of total proteins was injected.

For SWATH quantitative analysis, 45 independent samples (three technical replicates from each of the three biological replicates for each of the five experimental groups) (8 μg each) were subjected to the cyclic data independent acquisition (DIA) of mass spectra using the SWATH variable windows calculator (V 1.0, AB SCIEX) and the SWATH acquisition method editor (AB SCIEX), similar to established methods (30). A set of 50 overlapping windows was constructed (containing 1 m/z for the window overlap), covering the precursor mass range of 400–1250 m/z. For these experiments, a 50-ms survey scan (350–1400 m/z) was acquired at the beginning of each cycle, and SWATH-MS/MS spectra were collected from 100 to 1500 m/z for 70 ms at high sensitivity mode, resulting in a cycle time of 3.6 s. Collision energy for each window was determined according to the calculation for a charge +2 ion-centered upon the window with a collision energy spread of 15.

To create a spectral library of all the detectable peptides in the samples, the IDA MS raw files were combined and subjected to database searches in unison using ProteinPilot software v. 5.0.1 (AB SCIEX) with the Paragon algorithm. Spectra identification was performed by searching against the UniProt human proteome database (75,074 entries in October 2020) with the following parameters: iodoacetamide cysteine alkylation, trypsin digestion, identification focus on biological modification, and thorough ID as search effort. The detected protein threshold was set at 0.05. To assess the quality of identifications, an independent False Discovery Rate (FDR) analysis with the target-decoy approach provided by Protein Pilot was performed. Positive identifications were considered when identified proteins reached a 1% global FDR.

The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium via the PRIDE (31) partner repository with the dataset identifier PXD024549 and 10.6019/PXD024549.



Quality Control of Proteomics Data

Quality of proteomics data was controlled at multiple levels. First, a rat ileum digest was used for the evaluation of instrument performance. Buffer A samples were run as blanks every three injections to prevent carryover. Three technical replicates were injected for each sample. For validation of serum proteomics data, protein representation for previously identified biomarkers for COVID-19 and proteomics studies were used to show correlation with disease severity (Supplementary Figures 3, 4). An enrichment analysis was conducted using the Coronascape COVID database (https://metascape.org/COVID) (32) to identify proteins found in our study as differentially represented in response to COVID-19 and reported in previous COVID-19 omics datasets.



Data Analysis

For SWATH processing, up to 10 peptides with seven transitions per protein were automatically selected by the SWATH Acquisition MicroApp 2.0 in the PeakView 2.2 software with the following parameters: 15 ppm ion library tolerance, 5 min XIC extraction window, 0.01 Da XIC width, and considering only peptides with at least 99% confidence and excluding those that were shared or contained modifications. However, to ensure reliable quantitation, only proteins with three or more peptides available for quantitation were selected for XIC peak area extraction and exported for analysis in the MarkerView 1.3 software (AB SCIEX). Global normalization according to the Total Area Sums of all detected proteins in the samples was conducted (Supplementary Data 1).

The Student’s t-test (p < 0.05) was used to perform two-sample comparisons between the averaged area sums of all the transitions derived for each protein across the nine replicate runs for each group under comparison, in order to identify proteins that were significantly differentially represented between groups (Supplementary Data 1). Protein representation was also compared between groups by Welch’s unpaired t-test (p < 0.05; https://www.graphpad.com/quickcalcs/ttest1/?Format=C) and by one-way ANOVA test followed by post-hoc Bonferroni and Holm multiple comparisons (p < 0.05; https://astatsa.com/OneWay_Anova_with_TukeyHSD/) (4). Proteins with significant differences between healthy individuals and one of the COVID-19 cohorts only were selected for heatmap analysis of z-score using complete linkage and Spearman rank correlation (http://www.heatmapper.ca/expression/). Data were separately analyzed for overrepresented and underrepresented proteins using the Metascape gene annotation and analysis resource (https://metascape.org/gp/index.html#/main/step1) (Supplementary Figure 1).

To evaluate the network of interactions between proteins and BPs, a network was built using data for each protein and the BPs in which it is involved (Supplementary Data 2). This network reflects the importance of each protein on each BP according to its representation. The purpose was to obtain a general framework based on previous network developments using Graph Theory algorithms, which were revealed to be adequate for the purpose of representing these relationships (33). Networks exhibit nodes and the relationships between these components (links). Each node represents a protein or a BP. The network is directed, as each edge links each protein “to” one or multiple BPs. Several indices measure network properties from which the relationships among proteins and BPs are derived. The weighted degree (WG) is one of the most basic measures of a network, representing the number of links leaving (or arriving at) a given node after weighting by the total number of records containing this interaction. In this context, a protein always links to a BP with a “strength” derived from its representation. The WG provides an estimation of the strength of the association but does not evaluate the importance of each node in the context of the network. We used the Page Rank (PR) index to calculate the importance of each node in the complete network (34). This index calculates the number of links of each protein to one or several BPs, together with its weighted degree. The PR of each protein is calculated according to the authority (i.e., the relative importance) of each BP. The PR is an index that assigns a universal rank to nodes based on the importance of the other nodes to which it is linked and the WG. We calculated PR for each cohort (healthy, asymptomatic, recovered, nonsevere, and severe COVID-19 cases) and built separate networks for each condition. Then, we calculated how PR of both proteins and BPs changed in each group. We were looking for prominent changes in the nodes of the network, using an approach based on the distribution of values and the semantic rules of Fuzzy Logic (35). For each node of the network, we selected all the nodes that were in the first quintile (i.e., lowest values) of the PR’s distribution of groups “healthy” and “asymptomatic” and that were in the last quintile (i.e., high values) of distribution of groups “nonsevere” and “severe”. The opposite selection (highest versus lowest) was also carried out. After relating these queries by the operator “AND” according to Fuzzy Logic rules, each node was ranked between 0 (no change) and 1 (maximum change). We arbitrarily removed the nodes with values lower than 0.5. We also evaluated the weighted nestedness of each network as a measure of structuring. A network is more coherent and robust (i.e., resilient to node removal) if structuring is high. Nestedness is a measure in ecological system networks that emanates from the way elements are linked. It should be noted that the absence of nestedness does not mean the absence of a pattern. Nestedness is not a feature of the network, but a consequence of the WD sequences (36). Since most of the available algorithms evaluate the nestedness using only the pattern presence/absence (i.e., interaction/not interaction), we adhered to the approach provided by the software WINE (37) since it also accounts for the weights of the interactions in quantitative data matrices (proteins and BPs in our application) that include the number of events of each interaction and the strength of such interaction, or the representation of the proteins involved in each BP.



Determination of IL-1 and IL-4 Serum Levels

Serum levels of IL-1 and IL-4 were determined by ELISA (Invitrogen, Carlsbad, CA, USA) following the manufacturer’s instructions. Briefly, 96-microwell plates coated in duplicate with anti-human IL-1β or IL-4 were washed twice with 400 µl/well of wash buffer and 100 µl of human IL-1β or IL-4 standard (20.00 pg/ml) at serial dilutions (1:2, 1:4, 1:8, 1:16, and 1:32), 100 µl/well of sera at 1:2 dilution, and 100 µl/well of sample diluent as negative control. Then, 50 µl/well of biotin conjugate were added to all wells. After incubation for 2 h at RT and three washes with 400 µl/well of wash buffer, 100 µl/well of streptaviding-HRP were added to all wells. After incubation for 1 h at RT and three washes with 400 µl/well of wash buffer, 100 µl/well of 3,3′,5,5′-Tetramethylbenzidine or TMB substrate solution were added to all wells. As soon as the Standard 1 well reached an O.D. of 0.9 at 620 nm, the colorimetric reaction was stopped with 100 µl/well of stop solution and the absorbance was measured in a spectrophotometer (Thermo Fisher Scientific, Waltham, MA, USA) at an O.D. of 450 nm; 0.05 Human IL-1β or IL-4 concentration (pg/ml) in each sample was calculated from the obtained standard curve. The results were compared between different groups by one-way ANOVA test with post-hoc Tukey Honestly Significant Difference (HSD) (https://astatsa.com/OneWay_Anova_with_TukeyHSD/; p = 0.05).



Validation of Selected Serum Protein Biomarkers

Serum samples from cohorts included in the proteomics analysis plus additional samples of healthy controls (n = 37) and asymptomatic (n = 18), nonsevere (n = 29), recovered (n = 27), and severe (n = 25) COVID-19 individuals were used for validation analysis. Serum levels of PZP, SELENOP, CBP2, and PON1 were determined by ELISA (MyBioSource, Inc., San Diego, CA, USA, provided by bioNova Científica S.L., Madrid, Spain) following the manufacturer’s protocol available online (PZP, MBS2706073, https://www.mybiosource.com/human-elisa-kits/pregnancy-zone-protein-pzp/2706073; SELENOP, MBS163893, https://www.mybiosource.com/human-elisa-kits/selenoprotein-p-se-p/163893; CPB2, MBS703133, https://www.mybiosource.com/cpb2-human-elisa-kits/carboxypeptidase-b2-plasma/703133; PON1, MBS2883206, https://www.mybiosource.com/pon1-human-elisa-kits/serum-paraoxonase-arylesterase-1/2883206). The results were compared between different groups by one-way ANOVA test with post-hoc Tukey HSD (https://astatsa.com/OneWay_Anova_with_TukeyHSD/; p = 0.05). Proteomics and ELISA data were compared by Spearman’s Rho (rs) correlation analysis (https://www.socscistatistics.com/tests/spearman/default2.aspx; p = 0.05).




Results


Variations in Differential Serum Protein Profiles and Affected Biological Processes According to COVID-19 Disease Symptomatology

The study was conducted using a SWATH-MS quantitative proteomics to characterize serum protein profiles in COVID-19 patient cohorts from asymptomatic to recovered (hospital discharge), nonsevere (hospitalized), and severe (ICU) cases with increasing systemic inflammation in comparison with healthy individuals sampled prior to the COVID-19 pandemic (Figure 1). A total of 189 proteins were identified in serum samples from all cohorts included in the study (Supplementary Data 1). Of them, 49, 113, 124, and 129 proteins were significantly dysregulated in asymptomatic, recovered, nonsevere, and severe cases when compared to healthy controls, respectively (Figure 1; Supplementary Figure 1 and Data 1). As expected, immunoglobulins, high-density lipoproteins (HDL) and complement cascade represented 32% (60/189), 23% (44/189), and 12% (22/189) of identified serum proteins, respectively (Supplementary Data 1).

Of the significantly dysregulated proteins, Pregnancy zone protein (PZP) and Alpha-1-antitrypsin (SERPINA1) were identified as underrepresented in asymptomatic cases only (Figures 2A, B). These proteins are involved in biological processes (BPs) of female pregnancy and tissue protection. In recovered COVID-19 cases, 11 proteins were exclusively significantly dysregulated and grouped in two clades of overrepresented (n = 8) and underrepresented (n = 3) proteins (Figures 2C, D). Patient’s recovery was associated with dysregulation of immune response; increased complement activation, inflammatory response, and oxidant defense; and decrease in cholesterol transfer/esterification.




Figure 2 | Exclusive differential representation of proteins in sera from COVID-19 asymptomatic and recovered cases. (A) Heatmap of proteins significantly dysregulated (Z-scored original value) in asymptomatic cases only (p < 0.05; unpaired two-sided Welch’s t-test). Biological process (BP) is shown for each protein. (B) Change in levels of two selected proteins with significant differences between asymptomatic cases and healthy controls (*p < 0.05; unpaired two-sided Welch’s t-test). (C) Heatmap of proteins significantly dysregulated (Z-scored original value) in recovered cases only (p < 0.05; unpaired two-sided Welch’s t-test). Biological processes (BPs) are shown for each cluster of proteins differentially represented in response to COVID-19 (cluster 1, overrepresented; cluster 2, underrepresented). (D) Change in levels of two selected proteins with significant differences between recovered cases and healthy controls (*p < 0.05, **p < 0.01; unpaired two-sided Welch’s t-test).



The exclusively significantly dysregulated serum proteins in nonsevere (n = 9) and severe (n = 15) patients affected multiple BPs (Figures 3A–D). In nonsevere cases, overrepresented proteins (n = 7) are involved in complement activation, immune response, and blood coagulation while underrepresented proteins (n = 2) reduce protection against oxidative damage and disease. Severe cases showed dysregulation of BPs such as immune response, metabolic processes, complement activation, and response to carbohydrate associated with overrepresented proteins (n = 12). Exclusively underrepresented proteins in severe cases (n = 3) are involved in immune response and complement activation. Proteins with multiple differential representation in sera from COVID-19 cases when compared to healthy controls (n = 128) were grouped into two clades of proteins with a tendency towards increase (n = 93) and decrease (n = 35) in representation according to disease severity (Figure 4).




Figure 3 | Exclusive differential representation of proteins in sera from COVID-19 nonsevere and severe cases. (A) Heatmap of proteins significantly dysregulated (Z-scored original value) in nonsevere cases only (p < 0.05; unpaired two-sided Welch’s t-test). Biological processes (BPs) are shown for each cluster of proteins differentially represented in response to COVID-19 (cluster 1, overrepresented; cluster 2, underrepresented). (B) Change in levels of three selected proteins with significant differences between nonsevere cases and healthy controls (*p < 0.05, **p < 0.01; unpaired two-sided Welch’s t-test). (C) Heatmap of proteins significantly dysregulated (Z-scored original value) in severe cases only (p < 0.05; unpaired two-sided Welch’s t-test). Biological processes (BPs) are shown for each cluster of proteins differentially represented in response to COVID-19 (cluster 1, overrepresented; cluster 2, underrepresented). (D) Change in levels of two selected proteins with significant differences between severe cases and healthy controls (***p < 0.001, ****p < 0.0001; unpaired two-sided Welch’s t-test).






Figure 4 | Multiple differential representation of proteins in sera from COVID-19 cases. Heatmap of proteins significantly dysregulated (Z-scored original value) in multiple COVID-19 cohorts (p < 0.05; unpaired two-sided Welch’s t-test). Clusters of proteins differentially represented in response to COVID-19 (cluster 1, overrepresented; cluster 2, underrepresented) are shown. Protein levels of four selected proteins with significant differences on each cluster were compared between groups by one-way ANOVA test followed by post-hoc Bonferroni and Holm multiple comparisons (f-values and p-values are shown) and unpaired two-sided Welch’s t-test (*p < 0.05, **p < 0.01, (***p < 0.001, ****p < 0.0001).



Of the multiple BPs affected by significantly dysregulated serum proteins, some were only enriched in symptomatic cases while others were enriched in asymptomatic cases (Figures 5A–D and 6A–D). For overrepresented proteins, enrichment increased with disease severity for BPs such as negative regulation of epithelial cell proliferation, FOXA1 transcription factor network (HNF3A pathway M285) coordinating function of primary airway epithelial cells, IL-6-mediated signaling events (M183), response to inorganic substance, blood coagulation, acute-phase response, cytolysis, binding and uptake of ligands by scavenger receptors, and reactive oxygen species metabolic process (Figure 5A). Underrepresented proteins were enriched only in both asymptomatic (e.g., common pathway of fibrin clot formation, acute-phase response, complement and coagulation cascade, hyaluronan metabolic process, positive regulation of lipase activity, renal system process, positive regulation of immune effector process and M5884 ensemble of genes encoding core extracellular matrix including ECM glycoproteins, collagens, and proteoglycans) and symptomatic (e.g., regulation of plasma lipoprotein oxidation, response to nutrient levels, tissue homeostasis, positive regulation of cell death, and phagocytosis) cases (Figure 6A).




Figure 5 | Enrichment ontology clusters for differentially overrepresented proteins in sera from COVID-19 cases. (A) Statistically enriched terms (GO/KEGG biological processes; GO : BP). Accumulative hypergeometric p-values and enrichment factors were calculated and used for filtering. Remaining significant terms were then hierarchically clustered into a tree based on Kappa-statistical similarities among their protein memberships (as used in DAVID Bioinformatics Resources 6.8; https://david.ncifcrf.gov). A 0.3 Kappa score was applied as the threshold to cast the tree into term clusters. The term with the best p-value within each cluster was selected as its representative term and displayed in a dendrogram. The heatmap cells are colored by their p-values; white cells indicate the lack of enrichment for that term in the corresponding gene list. BPs in which enrichment increased with disease severity only in symptomatic cases are shown. (B) Network of enriched terms. We selected a subset of representative terms from the full cluster and convert them into a network layout. More specifically, each term is represented by a circle node, where its size is proportional to the number of input genes that fall into that term, and its color represents its cluster identity (i.e., nodes of the same color belong to the same cluster). Terms with a similarity score > 0.3 are linked by an edge (the thickness of the edge represents the similarity score). The network is visualized with Cytoscape (v3.1.2) with “force-directed” layout and with edge bundled for clarity. One term from each cluster is selected to have its term description shown as label. (C) Network of enriched terms colored by p-value. The same enrichment network has its nodes colored by p-value, as shown in the legend. The darker the color, the more statistically significant the node is (see legend for p-value ranges). (D) Quality control and association analysis. Protein lists were identified in the ontology categories Transcription_Factor_Targets. All genes in the genome were used as the enrichment background. Terms with a p-value < 0.01, a minimum count of 3, and an enrichment factor (ratio between the observed counts and the counts expected by chance) > 1.5 were collected and grouped into clusters. The algorithm used here is the same as that used in the other enrichment analyses.






Figure 6 | Enrichment ontology clusters for differentially underrepresented proteins in sera from COVID-19 cases. (A) Statistically enriched terms (GO/KEGG biological processes; GO : BP). Accumulative hypergeometric p-values and enrichment factors were calculated and used for filtering. Remaining significant terms were then hierarchically clustered into a tree based on Kappa-statistical similarities among their protein memberships (as used in DAVID Bioinformatics Resources 6.8; https://david.ncifcrf.gov). A 0.3 Kappa score was applied as the threshold to cast the tree into term clusters. The term with the best p-value within each cluster was selected as its representative term and displayed in a dendrogram. The heatmap cells are colored by their p-values; white cells indicate the lack of enrichment for that term in the corresponding gene list. BPs enriched only in symptomatic or asymptomatic cases are shown. (B) Network of enriched terms. We selected a subset of representative terms from the full cluster and convert them into a network layout. More specifically, each term is represented by a circle node, where its size is proportional to the number of input genes that fall into that term, and its color represents its cluster identity (i.e., nodes of the same color belong to the same cluster). Terms with a similarity score > 0.3 are linked by an edge (the thickness of the edge represents the similarity score). The network is visualized with Cytoscape (v3.1.2) with “force-directed” layout and with edge bundled for clarity. One term from each cluster is selected to have its term description shown as label. (C) Network of enriched terms colored by p-value. The same enrichment network has its nodes colored by p-value, as shown in the legend. The darker the color, the more statistically significant the node is (see legend for p-value ranges). (D) Quality control and association analysis. Protein lists were identified in the ontology categories Transcription_Factor_Targets. All genes in the genome were used as the enrichment background. Terms with a p-value < 0.01, a minimum count of 3, and an enrichment factor (ratio between the observed counts and the counts expected by chance) > 1.5 were collected and grouped into clusters. The algorithm used here is the same as that used in the other enrichment analyses.



The network of interactions between proteins and BPs was characterized using Graph Theory algorithms (Supplementary Figure 2 and Data 2). While visually similar, networks have deep differences in their structure. Other than obvious changes of the proteins involved (presence/absence and representation), therefore affecting the BPs, nestedness showed a decreasing magnitude according to the patient cohorts. Nestedness is maximum for healthy and asymptomatic individuals (nestedness of 12.2 and 12.1, respectively), which reflects a high structuring of the clusters (Figure 7 and Supplementary Data 2). However, networks built using proteins and BPs for nonsevere and severe patients show a clear de-structuring (nestedness of 5.1 and 3.8, respectively). The networking built with data of recovered patients shows an intermediate structure without clear differences with other cohorts in this analysis (nestedness of 10.1). These results point to a clear pattern in which some proteins (rate of change > 0.900; Supplementary Data 2) such as neutrophil defensin 3, serum amyloid A (SAA) SAA2-SAA4 readthrough, Apolipoprotein C-IV, and Fibrinogen gamma chain are associated with nonsevere and severe COVID-19 patients, therefore increasing the PR index value of the BPs. It seems that overrepresentation of selected proteins in patients with higher COVID-19 symptomatology is blocking the normal regulation of these BPs, which resulted in higher PR values in these cohorts. Networks resulting from these cohorts are de-structured, and the structure with clear clusters observed in healthy individuals is not evident. Therefore, the networks produced with proteins and the BPs in the five cohorts show critical changes. These changes include the overrepresentation of some BPs such as negative regulation by a host of viral processes, negative regulation of mononuclear cell proliferation, positive regulation of interleukins, positive regulation of chemokine production, and positive regulation of respiratory burst involved in inflammatory response that remained unaltered in healthy and recovered individuals. These results support the idea that a network construct, based on pure statistical rules, reflects the clinical status commonly observed in critical COVID-19 patients.




Figure 7 | Prognostic biomarker proteins related to COVID-19 symptomatology. Network analysis of interactions between proteins and BPs reflects nestedness or structuring of the cluster’s magnitude decreasing with COVID-19 symptomatology. SWATH-MS quantitative serum proteomics identified proteins involved in physiological disorders and processes associated with COVID-19 and novel biomarker proteins with potential implications for the development of new diagnostic and therapeutic interventions to contribute to the control of this pandemic. *Unsupportive protein profile for prognostic biomarker. Selected serum biomarkers (PZP, SELENOP, CBP2, and PON1) were validated by ELISA. Change in protein serum levels with significant differences in comparison to healthy controls (*p < 0.05, **p < 0.01; one-way ANOVA test with post-hoc Tukey HSD). Proteomics and ELISA data were compared by Spearman’s Rho (rs) correlation analysis (ŏp < 0.05, ŏŏp < 0.01).



In correspondence with these BPs, the network of enriched terms showed that the most represented processes in proteins overrepresented in COVID-19 cohorts are protein activation cascade, phagocytosis, receptor-mediated endocytosis, platelet degranulation, blood coagulation, acute-phase response, negative regulation of proteolysis, Staphylococcus aureus infection, cytolysis, regulation of insulin-like growth factor (IGF), binding and uptake of ligands by scavenger, opsonization, cell killing, antimicrobial humoral response, platelet activation, activation of complement C3 and C5, plasma lipoprotein assembly, regulation of endocytosis, and reactive oxygen species metabolic process (Figures 5B, C). For underrepresented proteins, the most enriched processes were protein activation cascade, enzymes and their regulators involved in the remodeling of the extracellular matrix (NABA ECM regulators), platelet degranulation, complement and coagulation cascades, regulation of IGF, protein–lipid complex remodeling, phagocytosis, scavenging of heme from plasma, regulation of plasma lipoprotein oxidation, acute-phase response, terminal pathway of complement, pathway of fibrin clot formation, FOXA2 and FOXA3 transcription factor networks (HNF3B pathway M106), positive regulation of cytokine production, tissue homeostasis, hyaluronan metabolic process, positive regulation of lipase activity, response to nutrient levels, renal system process, and positive regulation of cell death (Figures 6B, C). The quality control and association analysis showed that network representation of nuclear receptor subfamily 1, group H, member 4 (NR1H4) target genes increased with disease severity (Figures 5D, 6D). Protein–protein interaction enrichment analysis resulted in complement, coagulation, and clotting cascades for overrepresented proteins and lipoprotein particle remodeling, reverse cholesterol transport, and peptide ligand-binding receptors for underrepresented proteins (Supplementary Figure 1).



Identification of Prognostic Biomarkers in Proteins Associated With COVID-19 Disease Symptomatology

For validation of serum proteomics data, an enrichment analysis was conducted using the Coronascape COVID database (https://metascape.org/COVID) to identify proteins found in our study as differentially represented in response to COVID-19 and reported in previous COVID-19 omics datasets as a correlate of disease severity (Supplementary Figures 3, 4). This analysis also identified proteins dysregulated in COVID-19 patients and potentially not previously associated with disease symptomatology (Supplementary Figure 5). Of these proteins, several were previously identified as biomarkers of severe COVID-19 in non-omics studies and were not included in further analyses (Supplementary Figure 5).

However, other proteins not previously identified in COVID-19 patients or with differences in the representation profile compared to our study were proposed as novel in relation to disease symptomatology and were used for prognostic biomarkers identification (Table 1 and Supplementary Figure 5). Of them, coagulation factor XII (F12) and transmembrane protein 198 (TMEM198) showed an unsupportive profile for biomarker prediction (Table 1 and Figure 7). TMEM198 has been associated with diabetes as observed in comorbidities of COVID-19 symptomatic cohorts included in the study (Supplementary Table 1).


Table 1 | Candidate prognostic biomarker proteins related to COVID-19 disease symptomatology.



Selected identified candidate prognostic immune-related biomarker proteins, PZP, Selenoprotein P (SELENOP), Carboxypeptidase B2 (CPB2), and Serum paraoxonase/arylesterase 1 (PON1) (Table 1), were validated by ELISA using sera from individuals of all cohorts included in the study (Figure 7). The results corroborated the predictive value of these biomarkers for disease recovery (SELENOP and PON1), severity (CBP2), and symptomatology (PZP).



Characterization of Differentially Represented Proteins in Response to COVID-19 and Associated to Other Human Diseases and Conditions to Monitor Risk Factors for Disease Symptomatology

An enrichment analysis was conducted using the DisGeNET discovery platform (https://www.disgenet.org) provided by Metascape (https://metascape.org) to identify proteins differentially represented in response to COVID-19 and associated to other human diseases and conditions with major affected physiological processes resulting in macrophage activation and coagulopathy (Figure 7 and Supplementary Figure 6). The results showed two main types of pathologies enriched with disease severity, renal insufficiency (acute kidney injury, acute kidney insufficiency, proteinuria, and nephrotic syndrome) and blood coagulation alterations (factor V Leiden mutation, activated protein C resistance, and lupus anticoagulant disorder). Alterations in blood coagulation are a consequence of the SARS-CoV-2 infection and the associated pro-inflammatory processes (52, 53). Three of the identified pathologies (factor V Leiden mutation, activated protein C resistance, and lupus anticoagulant disorder) are related to pro-coagulant alterations and have been clinically associated with COVID-19 coagulopathy (54). Renal insufficiency has been associated with poor COVID-19 prognosis (55), and the results correlated with renal disease comorbidity in COVID-19 symptomatic cohorts included in the study (Supplementary Table 1). Drug toxicity and adverse reaction to drug are likely associated with the patient’s response to drugs, which were supplied to all symptomatic patients (Supplementary Table 1). Hyperlipidemia but not complement deficiency disease correlated with clinical conditions in COVID-19 cohorts (Supplementary Table 1). Inflammation is a common condition in COVID-19 patients with increasing symptomatology with disease severity (Figure 1). Several of these disorders and COVID-19 disease severity are associated with positive regulation of interleukins (e.g., IL-6) (56) (Supplementary Figure 5A, Supplementary Data 2). However, in this study, we did not identify interleukins in the serum proteomics dataset, likely due to low protein levels in healthy and asymptomatic cases and interventions to control the so-called “cytokine storm” in symptomatic COVID-19 patients (Supplementary Figure 7). Other identified diseases such as amyloidosis, complement deficiency disease, age-related macular degeneration, and glycogen storage disease type II have not been previously directly associated with COVID-19 at least as evidenced in this study. These diseases and conditions may be used to monitor risk factors for COVID-19 disease symptomatology.




Discussion

In this study, SWATH-MS quantitative serum proteomics together with multiple data analysis algorithms was used to characterize host response to SARS-CoV-2 infection in different cohorts from asymptomatic individuals to severe patients. Due to the complexity of COVID-19 symptomatology, this approach contributed to a better understanding of disease mechanisms and symptoms with possible medical complications at different levels and the identification of potential diagnostic/prognostic biomarkers and drug targets (22–25). The results corroborated previous findings in COVID-19 studies and highlighted how the representation of dysregulated serum proteins and associated BPs increases with COVID-19 disease symptomatology from asymptomatic to severe cases (4–6, 8–13, 18, 22–25). However, the analysis was focused on results that provided new insights into COVID-19 disease symptomatology and potential biomarker proteins for diagnostic and therapeutic interventions (Figure 7).

Of the significantly dysregulated proteins, selected immune-related proteins PZP, SELENOP, PON1, and CBP2 were validated as candidate prognostic biomarkers for COVID-19 symptomatology (Table 1 and Figure 7). Of them, PZP was underrepresented in asymptomatic cases only. This protein is a broad-spectrum immunosuppressive protein that suppresses T-cell function during pregnancy to prevent fetal rejection, and its overrepresentation correlates with airway infection and bronchiectasis disease severity (50). Consequently, serum PZP protein levels may be used as a biomarker for COVID-19 disease symptomatology and prognosis of asymptomatic carriers. Selenoprotein levels related to selenium (Se) status affect immune defense and tissue homeostasis through its effect on the trafficking of tissue macrophages (57, 58), and thus SELENOP may be used as a biomarker for disease recovery. PONs have the capacity to protect cells from oxidative stress and are implicated in the pathogenesis of inflammatory diseases (59, 60). Findings suggest a role for PON1 against atherosclerosis and obesity and protective capacity against bacterial, parasitic, and viral infectious diseases (59). Regarding COVID-19, PON1 has been shown to increase in protein levels from nonsevere to severe patients (22) and we found the protein underrepresented in nonsevere and recovered patients, thus suggesting a biomarker for disease recovery. CPB2 appears to have a role in innate immunity through inactivation of complement component C5a, which can induce inflammatory pathways via C5aR receptor (41, 61). In our study, CPB2 was overrepresented in all but asymptomatic COVID-19 patients, thus providing a candidate biomarker for disease severity. As expected, the serum levels of these biomarkers correlated with the anti-SARS-CoV-2 Spike IgG levels previously shown to significantly increase from asymptomatic to severe cohorts included in this study (28).

Enrichment analyses were used to identify prognostic biomarker proteins and association to other human diseases and conditions (Figure 7 and Supplementary Figure 6). The BP enrichment and association analyses showed that network representation of nuclear receptor subfamily 1, group H, member 4 (NR1H4) target genes increased with COVID-19 disease severity (Figure 7). The farnesoid X receptor (FXR, NR1H4) encodes a ligand-activated transcription factor, which shares structural features in common with nuclear hormone receptor family that functions as a receptor for bile acids (BA) and regulation of the expression of genes involved in bile acid synthesis and transport, lipid and glucose homeostasis, and innate immune and inflammatory responses (62). NR1H4 is essential for BA homeostasis while FXR and its hepatic and intestinal target genes transcriptionally regulate BA synthesis, detoxification, secretion, and absorption in the enterohepatic circulation. Furthermore, FXR agonists as well as a fibroblast growth factor 19 (FGF19) analogue are currently tested in clinical trials for different cholestatic liver diseases (57). The FOXA1 transcription factor network (HNF3A pathway M285) BP with overrepresented proteins in response to COVID-19 increased in enrichment with disease severity (Figure 7). This pathway (https://www.gsea-msigdb.org/gsea/msigdb/cards/PID_HNF3A_PATHWAY) coordinates function of primary airway epithelial cells (63) and has been associated with more aggressive breast (64) and prostate cancer (65). Accordingly, considering disorders and processes associated with COVID-19, these proteins may be proposed as candidate prognosis biomarkers for disease progression and severity (Figure 7).

The network of interactions between proteins and BPs characterized using Graph Theory algorithms reflected patterns in correlation with COVID-19 disease severity (Figure 7 and Supplementary Figure 2). A distinctive finding using this approach was the acute-phase response SAA2–SAA4 (SAA2–4) readthrough proteins, whose overrepresentation was associated with nonsevere and severe COVID-19 patients (Figure 7). The SAA2 has been used to monitor the severity of COVID-19 and as a biomarker for SARS-CoV-2 infection (4). However, the increase in the expression of SAA2–4 coding acute-phase reactant genes or serum protein levels has not been directly associated with COVID-19 patients but with clear cell renal carcinoma (66) and lung cells (67). Therefore, these proteins constitute biomarkers for SARS-CoV-2 infection and prognosis of disease severity (Figure 7).

Other novel prognostic biomarker proteins related to COVID-19 disease symptomatology were identified (Table 1 and Figure 7) (22, 68). These biomarkers included potential prognostic tools for SARS-CoV-2 infection, disease symptomatology, progression and recovery, and reduction in thyroiditis. To contribute to the application of these findings in the clinic, some of these prognostic biomarkers were validated using protein-specific ELISA tests (Figure 7) and could be incorporated into the daily routine for disease diagnosis/prognosis. Recently, the glycoprotein Galectin-9 (Gal-9) involved in innate immunity and associated with cytokine release syndrome was identified as a surrogate diagnostic biomarker in SARS-CoV-2 infection (69). In our proteomics study, Gal-9 was not identified, but in accordance with these results, the Galectin-3-binding protein (Gal-3BP) with a role in innate immune response to viruses (70) was significantly overrepresented in all symptomatic COVID-19 cohorts (Supplementary Data 1).

At the level of other human diseases and conditions, findings revealed potential disorders associated with COVID-19 (Figure 7 and Supplementary Figure 6). Hyperlipidemia and other forms of dyslipidemia have been associated with COVID-19 severity (71) and may be related to FXR and NR1H4 BP enrichment. Amyloidosis in its different forms is caused by deposition of immunoglobulin light chains and have not been previously associated with COVID-19 except for the management of patients with this condition (72). Accordingly, immunoglobulin lambda and kappa variable light chains were overrepresented in nonsevere and severe patients when compared to healthy individuals (Figures 3A, C). Another interesting finding was the complement deficiency disease (Figure 7). The complement cascade that is directly associated with blood coagulation alterations (73, 74) has been implicated in COVID-19 pathology (Supplementary Figure 4) (75). However, in our study, complement, coagulation, and clotting cascades were clearly directly associated with COVID-19 severity, which may explain the association with complement deficiency disease and thrombosis disorders. One of the pathologies identified in our analysis was the age-related macular degeneration (Figure 7). This pathology is directly associated with dysregulation of complement regulators such as factor H, which is treated with these factors as therapeutic interventions (76) and has not been associated with COVID-19 but with the primary systemic amyloidosis identified here as enriched with disease severity (Figure 7) (77). Another pathology identified as a correlate of disease severity was glycogen storage disease type II, a lysosomal disease not previously related to COVID-19. The immunity to glycan Galα1-3Galβ1-(3)4GlcNAc-R (α-Gal), which was recently related to tick bites and allergic reactions to mammalian meat consumption (alpha-gal syndrome) (78, 79), has been implicated in the protective response to COVID-19 (28, 80). Complement component C3 and hemoglobin subunit beta (HBB) were associated with the immune response to α-Gal in the zebrafish animal model (81) and were both significantly overrepresented in COVID-19 patients when compared to healthy individuals (Supplementary Data 1). In humans, the endogenous source of α-Gal is gut bacteria (78), and glycan metabolism has a key role in shaping microbiota composition (82). Therefore, the dysregulation in C3 and HBB serum protein levels observed in COVID-19 cohorts and previously reported in response to α-Gal51 may be due to gut microbiota dysbiosis associated to SARS-CoV-2 infection and COVID-19 severity (83, 84) (Supplementary Figure 8). Apolipoprotein A (APOA) isoforms A-I, A-II, and A-IV were significantly dysregulated in COVID-19 patients and serum protein levels decreased with disease symptomatology (Figure 4 and Supplementary Data 1). Lipoprotein(a)-containing APOAs are endogenous triggers of innate immunity and can induce trained immunity (TRIM) (85), thus suggesting that TRIM associated with bacillus Calmette-Guérin (BCG) vaccination may be affected in COVID-19 patients (86, 87) (Supplementary Figure 8). Altogether, these disorders and physiological processes should be considered to improve monitoring of COVID-19 symptomatology and as potential targets for therapeutic interventions to reduce the risk for severe symptoms and mortality (23, 24).

A better understanding of COVID-19 on human molecular pathophysiology is required for the identification of new biomarkers and diagnostic and therapeutic targets. By August 9, 2021, 56 publications appear in PubMed with search keywords “covid AND serum AND proteomic” (https://pubmed.ncbi.nlm.nih.gov/?term=covid+serum+proteomic&sort=date). These publications confirmed previous results in studies with different cohorts, populations, and settings and/or provided new serum biomarkers related to disease progression and symptomatology. For example, among the latest publications on this list, Pavel et al. (88) confirmed the association between Th2/Th1 cytokine imbalance and COVID-19 risk mortality; Singh et al. (89) confirmed the increase in serum inflammatory markers in COVID-19 patients; Mitamura et al. (90) confirmed cytokine storm in severe COVID-19 patients; Lazari et al. (91) confirmed and validated SAA1 and SAA2 proteins as biomarkers in low- and high-risk COVID-19 patients; Völlmy et al. (92) proposed various serum proteins as biomarkers to predict mortality in COVID-19 patients; Geyer et al. (93) showed a functional association between serum proteins, biological processes, and clinical parameters between COVID-19 patients and symptomatic but PCR-negative individuals; Laudanski et al. (94) identified serum proteins with potential role in COVID-19 pathology; and Gutmann et al. (95) found mannose binding lectin 2 and pentraxin-3 (PTX3) of the innate immune system as positively associated with COVID-19 mortality.

Our study is the first to provide serum proteomic profiles of cohorts of SARS-CoV-2-infected recovered (hospital discharge), nonsevere (hospitalized), and severe (ICU) cases with increasing systemic inflammation in comparison with healthy individuals sampled prior to the COVID-19 pandemic. The results not only confirmed previous results but provided new serum biomarkers, BPs, and physiological disorders related to disease progression and symptomatology (Figure 7). The confirmation of previous results in studies conducted with different cohorts and populations as shown here for the first time in Spain is important to validate diagnostic and therapeutic interventions at a global scale affecting this pandemic. The new prognostic biomarkers associated with COVID-19 reported here not only serve in conjunction with diagnostic RNA, antigen, and antibody detection tests to complement other previously identified biomarkers such as IL-6, but also provide the possibility of using highly abundant serum proteins for prognosis of disease severity (e.g., CBP2, up to 0.1 mg/ml), asymptomatic carriers (e.g., PZP, up to 350 ng/ml), or disease recovery (e.g., PON1, up to 160 ng/ml). The disorders and processes associated with the new biomarkers identified in this study provide clinical tools for the evaluation and treatment of SARS-CoV-2 infection and disease symptomatology and progression (Figure 7). For example, detection of high HNF3A levels in nonsevere or severe patients suggests their diagnosis and treatment to reduce airway dilatation with production of large cysts associated with function of airway epithelial cells (96).

The main limitations of this study include the following (a) possible effect on serum protein representation of immunosuppressive treatments to control the cytokine storm in symptomatic COVID-19 patients (Supplementary Table 1); (b) impact of comorbidities associated or not to COVID-19 (Supplementary Table 1); (c) serum samples were collected when the main circulating SARS-CoV-2 variant was WIV04/2019 and thus possible differences with other variants in the serum protein response to infection and caused pathologies should be considered; (d) although serum proteomics analysis was conducted with samples on each cohort including three pools of 5–10 individuals each (Figure 1), studies with a larger number of samples and/or on individual cases may provide case-by-case differences in serum protein representation; and (e) as samples were collected from a retrospective study (28), the effect of some factors such as age (oldest in nonsevere cases; Figure 1) but not sex ratio (similar in all groups; Figure 1) may affect protein representation. However, because age did not show significant differences between severe and asymptomatic or heathy cohorts, possible differences in age-related serum protein representation should not affect the main results of the study.

In conclusion and despite these limitations, the SWATH-MS quantitative serum proteomics used in our study together with multiple data analysis algorithms contributed to the characterization of SARS-CoV-2–host molecular interactions and advanced translational medicine by identifying prognostic biomarker proteins and physiological disorders with potential implications for disease diagnosis/prognosis contributing to the control of the COVID-19 pandemic. The identified biomarkers for disease recovery (SELENOP and PON1), severity (CBP2), and symptomatology (PZP) could be used for disease prognosis. For example, in some cases, hospitalized nonsevere patients could progress to disease recovery (hospital discharge) or severity (ICU). In our study, the results showed that some of these biomarkers may be used to evaluate the risk of hospitalized patients to develop severe symptoms.
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Supplementary Figure 1 | Analysis of differentially represented proteins in response to COVID-19.


Supplementary Figure 2 | High-resolution network analysis of interactions between proteins and BPs characterized using Graph Theory algorithms.


Supplementary Figure 3 | Serum proteomics data for previously identified biomarkers for COVID-19 disease severity.


Supplementary Figure 4 | Metascape analysis of differentially represented proteins and previously reported in COVID-19 omics datasets.


Supplementary Figure 5 | Differential representation of proteins not previously reported in COVID-19 omics datasets.


Supplementary Figure 6 | Association of differentially represented proteins in response to COVID-19 to other human diseases and conditions.


Supplementary Figure 7 | Cytokine (IL-1 and IL-4) response in COVID-19 symptomatic patients and healthy controls.


Supplementary Figure 8 | Mechanisms of potential disorders associated with COVID-19.

Supplementary Table 1 | Clinical parameters and comorbidities in COVID-19 asymptomatic and symptomatic cohorts.

Supplementary Data Sheet 1 | Serum proteomics analysis.


Supplementary Data Sheet 2 | Network analysis of interactions between proteins and BPs characterized using Graph Theory algorithms. Please see the Supplementary Material section of the Author guidelines for details on the different file types accepted.
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Background

The global outbreak of coronavirus disease 2019 (COVID-19) has turned into a worldwide public health crisis and caused more than 100,000,000 severe cases. Progressive lymphopenia, especially in T cells, was a prominent clinical feature of severe COVID-19. Activated HLA-DR+CD38+ CD8+ T cells were enriched over a prolonged period from the lymphopenia patients who died from Ebola and influenza infection and in severe patients infected with SARS-CoV-2. However, the CD38+HLA-DR+ CD8+ T population was reported to play contradictory roles in SARS-CoV-2 infection.



Methods

A total of 42 COVID-19 patients, including 32 mild or moderate and 10 severe or critical cases, who received care at Beijing Ditan Hospital were recruited into this retrospective study. Blood samples were first collected within 3 days of the hospital admission and once every 3–7 days during hospitalization. The longitudinal flow cytometric data were examined during hospitalization. Moreover, we evaluated serum levels of 45 cytokines/chemokines/growth factors and 14 soluble checkpoints using Luminex multiplex assay longitudinally.



Results

We revealed that the HLA-DR+CD38+ CD8+ T population was heterogeneous, and could be divided into two subsets with distinct characteristics: HLA-DR+CD38dim and HLA-DR+CD38hi. We observed a persistent accumulation of HLA-DR+CD38hi CD8+ T cells in severe COVID-19 patients. These HLA-DR+CD38hi CD8+ T cells were in a state of overactivation and consequent dysregulation manifested by expression of multiple inhibitory and stimulatory checkpoints, higher apoptotic sensitivity, impaired killing potential, and more exhausted transcriptional regulation compared to HLA-DR+CD38dim CD8+ T cells. Moreover, the clinical and laboratory data supported that only HLA-DR+CD38hi CD8+ T cells were associated with systemic inflammation, tissue injury, and immune disorders of severe COVID-19 patients.



Conclusions

Our findings indicated that HLA-DR+CD38hi CD8+ T cells were correlated with disease severity of COVID-19 rather than HLA-DR+CD38dim population.
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Introduction

Coronavirus disease 2019 (COVID-19) started as an epidemic in Wuhan in 2019 and has become a pandemic (1–3). It rapidly triggered a worldwide public health crisis. As of June, 28, 2021, a total of 180,654,652 cases were identified to be infected by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), with 3,920,463 fatal cases, according to the data from WHO. Although the earliest vaccines are already being rolled out in a host of countries, herd immunity to COVID-19 might be very difficult to achieve with current vaccines (4–7). In this case, the spread of SARS-CoV-2 infection would be kept out of control.

Consistent with other respiratory viral infections, adaptive immune responses, particularly cytotoxic T cells, play a vital role in SARS- CoV-2 infection (8–10). It remains a puzzle whether T cell responses in COVID-19 patients are moderate, excessive, or dysfunctional, with evidences provided for all ends of the spectrum. Numerous studies indicated that progressive lymphopenia, especially in T cells, might be highly involved in the pathological process of SARS-CoV-2 infection (11–14). Co-expression of Human Leukocyte Antigen DR (HLA-DR) and CD38 associated with activation of CD8+ T cells was reported to accumulate over a prolonged period from the lymphopenia patients who died from Ebola and influenza infection (15–19). These activated HLA-DR+CD38+ CD8+T cells were also noted in mild/moderate and severe cases of COVID-19 patients and displayed a tight correlation with severity of COVID-19 (20–22). However, several studies indicated that CD38+HLA-DR+CD8+ T cells could play a recovery role of activating immunity and eliminating the virus (23, 24). It seemed that the effects of CD38+HLA-DR+ CD8+ T cells in COVID-19 patients varied widely in different studies. Nevertheless, little is known about phenotype and function of CD38+HLA-DR+ CD8+ T cells and association with clinical outcome in COVID-19 patients.

Here, we revealed that the HLA-DR+CD38+ CD8+ T population is heterogeneous of two subpopulations, HLA-DR+CD38dim and HLA-DR+CD38hi with distinct characteristics.

Furthermore, we found that elevated fraction of HLA-DR+CD38hi rather than HLA-DR+CD38+ CD8+ T cells were persistently accumulated in COVID-19 patients, especially in severe and critical cases. These HLA-DR+CD38hi CD8+ T cells existed in an overactivated and consequently immune disordered state, with high expression of several coinhibitory and costimulatory molecules. This population displayed increased apoptotic sensitivity, impaired killing potential, and more exhausted phenotype and transcriptional regulation, compared to HLA-DR+CD38dim CD8+ T cells. Of note, the clinical and laboratory data support the notion that HLA-DR+CD38hi CD8+ T cells were correlated with disease severity of COVID-19 rather than HLA-DR+CD38dim population.



Materials and Methods


Patients

A total of 42 COVID-19 patients in this retrospective cohort study were enrolled from Beijing Ditan Hospital from March 13, 2020 to April 25, 2020. All enrolled patients were confirmed to be infected with SARS-CoV-2 by RT-PCR assays. This study was approved by the Committee of Ethics at Beijing Ditan Hospital, Capital Medical University. M/M patients were mild and moderate patients, and S/C patients were severe and critical patients, according to the guidelines on the diagnosis and treatment of new coronavirus pneumonia (version 7) by the National Health Commission of China issued on March 3, 2020. These 42 patients included 32 mild or moderate (M/M) patients and 10 severe or critical (S/C) patients. All baseline medical record information including demographic data and clinical characteristics were obtained within the first day after hospital admission (Table S1). Blood samples were first collected within 3 days of the hospital admission and once every 3–7 days during hospitalization. The median age of the patients was 37 years (range 20–75) with 50% men and 50% women. Among these 42 patients, the most common were hypertension (five cases), diabetes (three cases), chronic pulmonary disease (three cases), chronic kidney disease (one case), cardiovascular disease (one case). Other clinical details are shown in Table S1.



Ethics

This study was approved by Committee of Ethics at Beijing Ditan Hospital, Capital Medical University [NO. JDLKZ (2020) D (036)-01] with informed consents acquired from all enrolled patients. This study complied with all relevant ethical regulations for work with human participants, and informed consent was obtained. Samples were collected from patients who provided informed consent to participate in the study.



Peripheral Blood Mononuclear Cells and Serum Isolation

The PBMCs were collected in EDTA at the indicated time points. PBMCs were separated by density gradient centrifugation with lymphocyte separation solution. Serum samples were collected in serum separation tube. The blood was centrifuged at 2,000 rpm for 10 min at 20°C, and the serum was stored at −80°C and thawed at the time of assays. All samples were processed and analyzed within 24 h of collection.



Flow Cytometric Analysis

PBMCs were incubated with directly conjugated antibodies for 30 min at 4°C. The cells were then washed before flow cytometric analysis. Antibodies used were anti-human CD3-BUV737, CD4-BUV395, PD-1-BV711, CD38-FITC, GITR-BV605 (BD Biosciences, San Diego, CA, USA), CD8-BV510, CTLA-4-BV786, OX40-APC-Fire750, 4-1BB-BV421, HLA-DR-AF700 (BioLegend, San Diego, CA, USA), TIGIT- PE-Cy7, LAG-3-APC, ICOS-PE, (Ebioscience, San Diego, CA, USA), and the corresponding isotype controls. Data acquisition was performed on an LSR Fortessa flow cytometer (BD Biosciences), and data analysis was performed using FlowJo Software (Tree Star, Ashland, OR, USA).



Intracellular Staining

PBMCs, isolated as described above, were resuspended to 1×106 cells/ml in PBS. The cells were surface-stained with CD3-BV786, CD38-BUV737, HLA-DR-PE, CCR7-BV421, CD45RA-AF700, CD71-APC-H7 (BD), CD4-APC-Fire750, CD8-BV510 (BioLegend) for 30 min in the dark at 4°C, followed by fixation and permeabilization. After permeabilization, cells were stained with ki67-FITC, Granzyme B-AF700, T-bet-BV421, BAX-FITC, Bcl2-PE (BD Biosciences), Eomes-PE-Cy7 (Ebioscience), perforin-APC (BioLegend) antibodies for 30 min in the dark at room temperature. Following staining, cells were washed and acquired on an LSRFortessa.



45 Cytokines/Chemokines/Growth Factors and 14 Soluble Checkpoints Multiplex Assay

The serum of 27 COVID-19 patients were assayed for the two multiplexed bead immunoassays. First, we tested 45 ProcartaPlex Human Cytokine/Chemokine/Growth Factor Panel (Invitrogen, Calsbad, CA, USA), including BDNF, Eotaxin/CCL11, EGF, FGF-2, GM-CSF, GROα/CXCL1, HGF, NGFβ, LIF, IFNα, IFNγ, IL-1β, IL-1α, IL-1Rα, IL-2, IL-4, IL-5, IL-6, IL-7, IL-8/CXCL8, IL-9, IL-10, IL-12p70, IL-13, IL-15, IL-17α, IL-18, IL-21, IL-22, IL-23, IL-27, IL-31, IP-10/CXCL10, MCP-1/CCL2, MIP-1α/CCL3, MIP1β/CCL4, RANTES/CCL5, SDF-1α/CXCL12, TNFα, TNFβ/LTA, PDGF-BB, PLGF, SCF, VEGF-A, and VEGF-D. Second, we tested the 14 ProcartaPlex Human ImmunoOncology Checkpoint Panel (Invitrogen), including BTLA, GITR, HVEM, IDO, LAG-3, PD-1, PD-L1, PD-L2, TIM-3, CD28, CD80, 4-1BB, CD27, and CD152. All data were acquired according to the manufacturer’s protocol using Luminex MAGPIX® instrument (Luminex Co., Austin, TX, USA) and analyzed using ProcartaPlex Analyst 1.0 software (Invitrogen).



Statistical Analysis

GraphPad5 (GraphPad Software, La Jolla, CA, USA) or SPSS (IBM Corporation, New York, NY, USA) was used for statistical calculations. Data are expressed as the mean ± standard deviation (SD) and percentage (frequency), and the normality of each variable was evaluated using the Kolmogorov–Smirnov test. In cases of two normally distributed data, the comparison of variables was respectively performed using unpaired or paired two-tailed Student’s t tests. One-way ANOVA test followed by Tukey’s multiple comparisons test or Holm-Sidak’s multiple comparisons test was performed for comparing two more independent or matched samples. When the data were not normally distributed, the comparison of variables was performed with a Mann–Whitney U test or a Wilcoxon matched-pairs signed-rank test for unpaired and paired data, respectively. For comparing two more samples, a Kruskal–Wallis test or Friedman test followed by Dunn’s multiple comparisons test was applied for independent and matched samples. Comparisons of patient characteristics were analyzed using Fisher’s exact test (categorical variables) or Kruskal–Wallis test (continuous variables). P and correlation coefficient values were obtained using the Spearman’s correlation test. For all analyses, P values <0.05 were considered statistically significant.




Results


COVID−19 Cohort

We recruited 42 confirmed COVID-19 patients who received care at Beijing Ditan Hospital. The clinical courses of these cases included 32 mild or moderate (M/M) and 10 severe or critical (S/C) cases have been described in Table S1. Twenty age- and gender-matched healthy donors (HDs) were enrolled as controls. Blood samples were first collected within 3 days of the hospital admission and once every 3–7 days during hospitalization. The study was approved by the Committee of Ethics at Beijing Ditan Hospital, Capital Medical University, Beijing, China.



Persistent Elevated HLA-DR+CD38hi CD8+ T Cells in S/C Group COVID-19 Cases

To determine the activated status of CD8+ T cells, we first analyzed co-expression of HLA-DR and CD38, which are key markers of CD8+ T cell activation during viral infection. Based on expression of CD38, three subpopulations were defined among activated HLA-DR+CD8+ T cells: HLA-DR+CD38− (fraction I), HLA-DR+CD38dim (fraction II), HLA-DR+CD38hi (fraction III), as shown in Figure 1A. Patients of S/C group were found to have an obvious peak in HLA-DR+CD38hi CD8+ T cell (fraction III) within 2–3 weeks post onset (Figures S1A, B). We then observed a significantly higher percentage of HLA-DR+CD38hi CD8+ T cells in all patients including M/M and S/C groups at the peak point, compared to healthy controls. Moreover, the percentage of HLA-DR+CD38hi CD8+ T cells was dramatically higher in S/C patients than M/M patients (23.48 vs. 3.203%, Figure 1B). HLA-DR+CD38dim CD8+ T cells showed a similar trend but less increase. Consequently, the ratio of HLA-DR+CD38dim to HLA-DR+CD38hi CD8+ T cells was significantly higher in M/M than S/C COVID-19 patients in CD8 T cells (Figure S2). In contrast, no significant difference was found in HLA-DR+CD38− subset among three groups.




Figure 1 | Elevated HLA-DR+CD38hi CD8+ T cells during acute infection of COVID-19. Flow cytometry analysis of HLA-DR and CD38 expression was performed on PBMCs collected from healthy donors, M/M and S/C patients with COVID-19 infection. (A) Representative FACS contour plots showed three subpopulations of HLA-DR+ CD8+ T cells from healthy donor and COVID-19 patients: HLA-DR+CD38− (I), HLA-DR+CD38dim (II), HLA-DR+CD38hi (III). (B) Scatter dot plots of the three percentages of HLA-DR+ CD8+ T cells from healthy donors and COVID-19 patients within 2–3 weeks post onset (n = 9–20 each group). P Values were obtained by unpaired two-tailed Student’s t tests and Mann–Whitney U test and repeated measures by one-way ANOVA or Kruskal-Wallis test followed by Tukey’s or Dunn’s multiple comparisons test. *P < .05, **P < .01, ***P < .001, ****P < .0001. (C) Longitudinal data of three subpopulations were graphed for eight S/C and seven M/M patients with three time points at least. (D) Temporal changes of three subpopulations in M/M (n =32) and S/C (n = 10) groups during hospitalization were shown. The 95% confidence interval indicated by colored areas. The normal range of each population was gray shaded region.



We further examined the longitudinal flow cytometric data in eight S/C and eight M/M cases. S/C patients developed elevated HLA-DR+CD38hi CD8+ T cells early in the infection and displayed persistently high percentage of this population (peak 43%) during the whole course of hospitalization. In contrast, percentage of HLA-DR+CD38hi CD8+ T cell in M/M cases increased slightly and transiently in the course of illness. As expected, there were no differences in kinetics of HLA-DR+CD38− and HLA-DR+CD38dim CD8+ T cells between S/C and M/M patients (Figure 1C). Furthermore, we combined all flow data of each patient (32 M/M and 10 S/C cases) and plotted their fluctuation patterns against the time point post onset. Consistently, these aggregating data showed that percentage of HLA-DR+CD38hi CD8+ T cells rather than the other two subsets was persistently higher in S/C patients than in M/M cases during hospitalization (Figure 1D). Meanwhile, we observed no significant changes of HLA-DR+CD38hi CD4+ T cells in S/C and M/M patients with COVID-19 infection (Figure S3). Overall, our data showed that persistent accumulation of HLA-DR+CD38hi CD8+ T cells was associated with severity of COVID-19.



Elevation of HLA-DR+CD38hi CD8+ T Cells Correlated With Immune Disorders and Tissue Injury in COVID-19 Patients

Next, we applied the longitudinal data of all patients and analyzed the correlation between dynamic changes of circulating HLA-DR+CD38hi CD8+ T cells and laboratory parameters (Table 1). We found percentage of HLA-DR+CD38hi CD8+ T cells was negatively correlated with absolute counts of lymphocytes, total T cells, CD4, CD8 T cells, B cells, and NK cells, but not neutrophil and monocyte counts. We also observed significant negative correlations between percentage of HLA-DR+CD38hi CD8+ T cells and hemoglobin (R=−0.546, P<0.0001). Additionally, coagulation-related parameters including platelet count, D-dimer, prothrombin time (PT), and activated partial thromboplastin time (APTT) were detected. We showed that percentage of HLA-DR+CD38hi CD8+ T cells was significantly associated with D-dimer, which was indicated to correlate with COVID-19 severity (R=0.452, P=0.0003).


Table 1 | Correlations between CD38hiHLA-DR+ percentage and parameters in COVID-19 patients.



We further found positive correlations between HLA-DR+CD38hi CD8+ T cells and levels of C-response protein (CRP) and serum amyloid A (SAA), suggesting systemic inflammation (R= 0.475, P<0.0001; R=0.565, P<0.0001). Moreover, the percentage of HLA-DR+CD38hi CD8+ T cells was found to have positive correlations with aspartate transaminase (AST) and total bilirubin (TB) in COVID-19 patients (R=0.397, P<0.0001; R=0.398, P<0.0001), and a strong negative correlation with albumin (R=−0.481, P<0.0001). These data suggested that high percentage of HLA-DR+CD38hi CD8+ T cells was involved in liver injury induced by COVID-19. Consistently, levels of lactate dehydrogenase (LDH) and creatinine (CRE) were correlated with the percentage of HLA-DR+CD38hi CD8+ T cells, respectively (R=0.643, P<0.0001; R=0.354, P=0.0003), indicating myocardial and renal injury (Table 1). HLA-DR+CD38dim and HLA-DR+CD38− CD8 T cells showed no correlation with the clinical characteristics above. Collectively, these results suggested the involvement of HLA-DR+CD38hi CD8+ T cells in immune disorders and tissue injury in COVID-19 patients.



Phenotypic and Functional Characterization of HLA-DR+CD38hi CD8+ T Cells

To assess the phenotypic status of HLA-DR+CD38hi CD8+ T cells from COVID-19 patients, we performed additional stains on selected 20 samples from 18 patients. We determined the developmental stage of HLA-DR+CD38hi CD8+ T cells through dissecting T cells into naïve (TN: CD45RA+, CD27+, CCR7+), central memory (TCM: CD45RA−, CD27+, CCR7+), transitional memory (TTM: CD45RA−, CD27+, CCR7−), effector memory (TEM: CD45RA−, CD27−, CCR7−), and effector T cells (TE: CD45RA+, CD27−, CCR7−). HLA-DR+CD38hi CD8+ T cells consisted of enhanced percentage of TTM, constant proportion of TCM and TEM, and decreased TN and TE (Figure 2).




Figure 2 | HLA-DR+CD38hi CD8+ T cells consisted of enhanced percentage of TTM and decreased TN and TE. Flow cytometry analysis of TN, TCM, TTM, TEM, and TE frequency was performed on PBMCs collected from patients with infection of COVID-19 (n = 20). (A) Gating strategy for TN, TCM, TTM, TEM, and TE in three CD8+ T populations. (B) The percentage of TN, TCM, TTM, TEM, and TE on each CD8+ T population (I, II, III). P Values were obtained by paired two-tailed Student’s t tests and Wilcoxon matched-pairs signed-rank test and repeated measures by one-way ANOVA or Friedman test followed by Holm-Sidak’s multiple comparisons or Dunn’s multiple comparisons test. **P < .01, ***P < .001, ****P < .0001.



Consistent with activation, HLA-DR+CD38hi CD8+ T cells (fraction III) displayed significantly higher levels of CD69, an early activation marker, compared with fractions I and II. We also evaluated expression of costimulatory molecules, including inducible T-cell costimulator (ICOS), OX40, TNF receptor superfamily member 9 (4-1BB), and glucocorticoid-induced tumor necrosis factor receptor (GITR). HLA-DR+CD38hi CD8+ T cells showed elevated expression of ICOS, OX40, 4-1BB, and GITR compared to fraction I. The level of OX40 in fraction III was higher than in fraction II, while fraction II expressed the highest levels of 4-1BB and GITR (Figure 3). Interestingly, we also found HLA-DR+CD38hi CD8+ T cells expressed higher levels of numerous coinhibitory molecules, including Programmed Death-1 receptor (PD-1), T cell immunoglobulin and mucin-domain containing-3 receptor (TIM-3), LAG-3 (Lymphocyte Activating 3), compared to fractions I and II. No significant difference was found in TIGIT expression of these three fractions. To investigate the intrinsic regulation of HLA-DR+CD38hi CD8+ T cells, we examined the expression of T-bet and Eomesodermin (Eomes), two key transcription factors governing CD8+ T cell exhaustion. We found that HLA-DR+CD38hi CD8+ T cells contained higher percentage of T-betdimEomeshi cells, which represented a terminal exhausted status, than fraction I and II. Meanwhile, these three fractions had comparable T-bethiEomesdim cells (Figure 4).




Figure 3 | HLA-DR+CD38hi CD8+ T cells exhibited the phenotype of overactivation. Flow cytometry analysis of expression of CD69 (A), ICOS (B), OX40 (C), 4-1BB (D), and GITR (E) on three CD8+ T populations (I, II, III) from COVID-19 patients (n=20). Representative histograms (left) and plots (right) were shown. P Values were obtained by paired two-tailed Student’s t tests and repeated measures by one-way ANOVA test followed by Holm-Sidak’s multiple comparisons test. *P < .05, **P < .01, ****P < .0001.






Figure 4 | HLA-DR+CD38hi CD8+ T cells displayed phenotypic and transcriptional state of exhaustion. (A–D) Flow cytometry analysis of expression of PD-1 (A), TIM3 (B), LAG3 (C), and TIGIT (D) on the three CD8+ T population (I, II, III) from COVID-19 patients (n = 20). Representative histograms (left) and plots (right) were shown. (E) Representative flow data (left) and dot plots (right) of percentage of T-betdimEomeshi and T-bethiEomesdim cells among I, II, III from COVID-19 patients (n = 20). P Values were obtained by paired two-tailed Student’s t tests and repeated measures by one-way ANOVA test followed by Holm-Sidak’s multiple comparisons test. **p < .01, ***p < .001, ****p < .0001.



Consistent with higher frequency of terminally differentiated cells, HLA-DR+CD38hi CD8+ T cells showed elevated BAX expression and decreased Bcl-2 expression compared with fraction I and II, indicative of high susceptibility to apoptosis. We next investigated killing potential of HLA-DR+CD38hi CD8+ T cells using intracellular staining of granzyme B and perforin, which are responsible for cytotoxic T lymphocytes to exert their killing function. Distinct from classical exhausted T cells, HLA-DR+CD38hi CD8+ T cells showed no significant changes of granzyme B and perforin intracellular staining compared with fraction I. Meanwhile, HLA-DR+CD38dim CD8+ T cells exhibited the highest levels of granzyme B and perforin. Subsequently, we further confirmed that HLA-DR+CD38hi CD8+ T cells are highly proliferative by expressing higher levels ki67 and CD71 (Figure 5). In all, these data suggested an overactivated and consequently disordered immune status of HLA-DR+CD38hi CD8+ T cells during acute COVID-19 infection.




Figure 5 | HLA-DR+CD38hi CD8+ T cells exhibited enhanced susceptibility to apoptosis and highly proliferative potential. Flow cytometry analysis of the expression of Bcl-2 (A), BAX (B), Granzyme B (C), perforin (D), ki67 (E), and CD71 (F) on the three CD8+ T population (I, II, III) from patients with infection of COVID-19 (n = 20). Representative histograms (left) and plots (right) display the expression of the above receptors on I, II, III. P Values were obtained by paired two-tailed Student’s t tests and repeated measures by one-way ANOVA test followed by Holm-Sidak’s multiple comparisons test. *p < .05, **p < .01, ***p < .001, ****p < .0001.





HLA-DR+CD38hi CD8+ T Cells Correlated With Storm of Cytokines and Soluble Checkpoint Molecules

In our previous study, high levels of cytokines and soluble checkpoint molecules were reported to correlate with S/C illness of COVID-19 (25, 26). Due to the disordered immune status of HLA-DR+CD38hi CD8+ T cells, we wondered the effects of these cells in the storms of cytokines and soluble checkpoint molecules. We evaluated serum levels of 45 cytokines/chemokines/growth factors and 14 soluble checkpoints using Luminex multiplex assay from 27 COVID-19 patients at different time points during hospitalization and collected longitudinal data. Levels of 17 factors such as HGF, IL-18, IL-1RA, MCP-1, RANTES, IL-10, and SCF showed significantly positive correlations with percentage of HLA-DR+CD38hi CD8+ T cells. Moreover, 10 serum soluble checkpoint molecules, such as TIM3, CD27, IDO, and LAG3, were positively correlated with percentage of HLA-DR+CD38hi CD8+ T cells. Moreover, two other populations HLA-DR+CD38− and HLA-DR+CD38dim showed no correlations to storm of cytokines and soluble checkpoint molecules (Table 2 and Figure S4). Thus, we hypothesized that elevated HLA-DR+CD38hi CD8+ T group might potentially contribute to the storm of cytokine and soluble checkpoint molecules occurring in COVID-19 patients.


Table 2 | Correlations between CD38hiHLA-DR+ percentage and soluble immune checkpoints, cytokines, chemokines, and growth factors in patients infected with SARS-CoV2.






Discussion

Previous studies noted both T cell activation and exhaustion during SARS-CoV-2 infection (10, 14, 27, 28). Although COVID-19 patients did develop severe lymphopenia in response to T cell exhaustion, an elevated proportion of HLA-DR+CD38+ CD8+ T cells suggests a potent adaptive immune response in these patients (29). HLA-DR and CD38 molecules, which are transmembrane glycoproteins, are present on immature T and B lymphocytes and are re-expressed during immune response. Thus, expression of HLA-DR and CD38 respectively on CD8+ T cells reflects immune activation. In particular, co-expression of CD38 and HLA-DR on CD8+ T cells was regarded as a better marker of immune activation during influenza, Dengue, Ebola, and HIV-1 viral infections (30–35). However, in SARS-CoV-2 infection, HLA-DR+CD38+ CD8+ T cells were reported to play contradictory roles. Severe COVID-19 patients showed a significant increase of HLA-DR+CD38+ CD8+ T cells compared to mild cases (20, 36). In a cohort of critical COVID-19 patients with hypertension, the percentage of CD38+HLA-DR+ fraction among CD8+ T cells was higher in the patients with fatal outcomes compared with the surviving patients (37). These studies suggested the involvement of CD38+HLA-DR+ CD8+ T cells in severe progression of COVID-19. In contrast, about 20% of patients had no increase in CD38+HLA-DR+ CD8+ T cells above the level found in HD (22). A study with a cohort of 6 severe and 11 mild COVID-19 patients found no significant differences of CD38+HLA-DR+ CD8+ T cells between mild and severe patients (36). Furthermore, Wang et al. observed that the number of CD38+HLA-DR+ CD8+ T cells was markedly higher in recovering group than severe persistence group among severe COVID-19 patients (23). Activated CD8+ T cells with CD38 signature contributed to the elimination of SARS-CoV-2 in the lungs, indicating a recovery role of these cells for boosting immune response and eliminating virus (24). These contradictory results of CD38+HLA-DR+ CD8+ T cells in COVID-19 patients implied the heterogeneity of this population, which was supported by our findings.

In the present study, we found that HLA-DR+CD38+ CD8+ T cells contained two distinct subpopulations, HLA-DR+CD38hi and HLA-DR+CD38dim. HLA-DR+CD38hi CD8+ T cells were demonstrated to only accumulate in COVID-19 patients, especially S/C cases. The proportion of HLA-DR+CD38hi CD8+ T cells was significantly higher in S/C than M/M group. Notably, a high frequency of HLA-DR+CD38hi CD8+ T cells strongly correlated with severe lymphopenia, systemic inflammation, and tissue injury, suggesting a predictive value of this cell population for disease progression in COVID-19 patients. Conversely, HLA-DR+CD38dim CD8+ T cells existed in both M/M and S/C patients, even healthy individuals. Additionally, S/C cases had transient elevation of HLA-DR+CD38dim CD8+ T cells, but a prolonged high percentage of HLA-DR+CD38hi fraction. Phenotypic analysis of these two subsets further demonstrated that HLA-DR+CD38+ CD8+ T cells were heterogeneous. It was revealed that HLA-DR+CD38dim CD8+ T cells expressed low levels of inhibitory checkpoints, high levels of 4-1BB and GITR, stronger killing potential, and weaker sensitivity to apoptosis. Meanwhile, HLA-DR+CD38hi CD8+ T cells were in a state of overactivation, or exhaustion, manifested by expression of multiple inhibitory and stimulatory checkpoints, more exhausted transcriptional regulation, higher apoptotic sensitivity, and impaired killing potential. Consistently, M/M patients showed a high ratio of HLA-DR+CD38dim to HLA-DR+CD38hi, implying activated immune responses and effective virus clearance, whereas much lower ratio of HLA-DR+CD38dim to HLA-DR+CD38hi was found in S/C group, representing immune exhaustion, systemic tissue injury, and subsequently poor outcome. Thus, a distinct ratio of these two subsets might contribute to different immune response and clinical outcome of HLA-DR+CD38+ CD8+ T cells in COVID-19 progression.

To our knowledge, HLA-DR+CD38hi CD8+ T cells were first reported to associate with a series of soluble immune checkpoint molecules, including sTIM3, sCD27, sLAG3, and sIDO. Considering the theory that soluble forms of checkpoint molecules are produced by cleavage of membrane-bound protein or by mRNA expression (38, 39), we supposed that HLA-DR+CD38hi CD8+ T cell with high expression of membrane-bound molecules contributed to the storm of soluble checkpoint molecules. Our previous study also demonstrated the same soluble molecules as predictive biomarkers for disease severity of COVID-19, further supporting the important role of HLA-DR+CD38hi CD8+ T cells (25). In addition, elevated levels of soluble checkpoints as well as membrane-bound forms on HLA-DR+CD38hi CD8+ T cells included stimulatory and inhibitory molecules, which boost potent immune response and maintain self-tolerance. Thus, the total effects of these HLA-DR+CD38hi CD8+ T cells and heterogeneous checkpoint molecules on immune response are difficultly computable in S/C cases of COVID-19, which reflected a broad and complicated dysregulation of T cell immunity. The severity of COVID-19 might represent a consequence from the imbalance between stimulatory and inhibitory checkpoints.

Both progressive lymphopenia and cytokine release syndrome were prominent clinical features of S/C COVID-19 in addition to dyspnea, hypoxemia, and acute respiratory distress (40–42). As expected, these HLA-DR+CD38hi CD8+ T cells were positively correlated to numerous inflammatory cytokines, IL-18, IL-10, IL-21, IL-1α, IFN-γ, IL-4, IL-22, and IL-6, implying a dysregulated state of these cells. It was in agreement with the characteristics of these cells. Notably, a few chemokines, including MCP-1, RANTES, and IL-8, showed significantly positive correlations with HLA-DR+CD38hi CD8+ T cells. Consistently, CD8+ T cells were identified in lung and liver tissues from COVID-19 patients by postmortem biopsy in previous studies (24, 43–45). Thus, we speculated that these cells might accumulate in target organs towards chemokines and could be a potential culprit of tissue injury. The notion was supported by a close correlation between the proportion of these cells and clinical parameters of systemic inflammation and tissue injury.

COVID-19 patients including S/C and M/M cases showed elevated percentages of HLA-DR+CD38hiCD8+ T cells up to 60 d after symptom onset. This finding is distinct from the responses of activated CD8+ T cells that were found in other acute viral infections, in which the activated T cells returned to baseline much faster (46–48). This implies the persistence of viral antigen continually stimulating these responses. Previous studies demonstrated that the median duration of viral shedding was 20 days in survivors, but SARS-CoV-2 was detectable until death in non-survivors (3). This finding was consistent with the persistently high percentage of HLA-DR+CD38hi CD8+ T cells from a death in the present study. Surprisingly, despite a respiratory virus, SARS-CoV-2 RNA in rectal samples was found to remain for a long period, with a higher positive rate and higher viral load than the paired respiratory samples. It is worth noting that the longest duration observed was 43 days, much longer than the usual 3–5 weeks from symptom onset to discharge for most patients (49). However, M/M COVID-19 patients showed low but prolonged activated CD8+ T cells, which could be explained by the fact that gastrointestinal viral reservoir of SARS-CoV-2 exists persistently even in mild and asymptomatic patients.

Taken together, we found accumulation of a novel HLA-DR+CD38hi population instead of heterogeneous HLA-DR+CD38+ CD8+ T cells during SARS-CoV-2 infection, especially in severe and critical cases. These HLA-DR+CD38hi CD8+ T cells existed in an overactivated and consequently immune disordered state, with high expression of multiple coinhibitory and costimulatory molecules (22, 50). Of note, a high frequency of HLA-DR+CD38hi CD8+ T cells strongly correlated with severe lymphopenia, systemic inflammation, and storm of cytokines and soluble checkpoint molecules, indicating a predictive value of this cell population for disease progression in COVID-19 patients.

Our study has several limitations, including small sample size, unmatched ages between groups, and variable sampling interval for each patient. More importantly, due to lack of functional data, it is difficult to determine the precise functional characteristics of HLA-DR+CD38hi and HLA-DR+CD38dim CD8+ T cells. Therefore, more evidences are urgently needed to investigate whether these two subsets play distinct roles in the pathogenesis and severity of COVID-19.
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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a major public health issue. COVID-19 is considered an airway/multi-systemic disease, and demise has been associated with an uncontrolled immune response and a cytokine storm in response to the virus. However, the lung pathology, immune response, and tissue damage associated with COVID-19 demise are poorly described and understood due to safety concerns. Using post-mortem lung tissues from uninfected and COVID-19 deadly cases as well as an unbiased combined analysis of histology, multi-viral and host markers staining, correlative microscopy, confocal, and image analysis, we identified three distinct phenotypes of COVID-19-induced lung damage. First, a COVID-19-induced hemorrhage characterized by minimal immune infiltration and large thrombus; Second, a COVID-19-induced immune infiltration with excessive immune cell infiltration but no hemorrhagic events. The third  phenotype correspond to the combination of the two previous ones. We observed the loss of alveolar wall integrity, detachment of lung tissue pieces, fibroblast proliferation, and extensive fibrosis in all three phenotypes. Although lung tissues studied were from lethal COVID-19, a strong immune response was observed in all cases analyzed with significant B cell and poor T cell infiltrations, suggesting an exhausted or compromised immune cellular response in these patients. Overall, our data show that SARS-CoV-2-induced lung damage is highly heterogeneous. These individual differences need to be considered to understand the acute and long-term COVID-19 consequences.




Keywords: COVID-19, SARS – CoV – 2, immune, immune activation, lung



Introduction

Coronavirus disease 2019 (COVID-19) is a rapid and emerging pandemic disease caused by the severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2). Current medical management is largely supportive, with no well-tested therapy available despite several efforts to use (hydroxy)chloroquine, dexamethasone, and remdesivir as well as neutralizing monoclonal antibodies treatments (1–5). Further, several vaccines efficiently prevent the most severe COVID-19 symptoms, but the pathogenesis of the virus is still not fully understood.

Overall, it is accepted that SARS-CoV-2 primarily affects the respiratory system, although other organs are also involved (6–10). The most common symptoms are fever, dry cough, dyspnea, headache, dizziness, vomiting, diarrhea, and generalized weakness (11–13). However, clinically it is widely recognized that COVID-19 symptoms are extremely heterogeneous (12). Epidemiological studies have shown that mortality rates are higher in the elderly and people with existing comorbidities such as high blood pressure, diabetes, obesity, and impaired respiratory conditions (7, 11, 14, 15). Moreover, the variability of the disease and the effects of existing comorbidities are not fully understood. It remains urgent to comprehend COVID-19 pathogenesis to design efficient treatments for preventing or reducing acute and long-lasting damage.

Detailed studies using autopsy tissues have shown that COVID-19 pathogenesis was associated with thrombosis (micro and macro-vasculature), compromised blood vessel integrity, inflammation, fibrin structures, occlusion of alveolar spaces, multinucleation, and interferon related responses accompanied with the viral presence (Spike (S) protein and viral RNA) (16–20). However, the viral replication time course in lung tissues and other organs remains controversial (16–23). As most COVID-19 reports were limited to the evaluation of peripherical blood markers, in vitro models (19, 24–30), and gross lung anatomical analysis and basic histology assessments, large 3-dimensional (3D), multi-host and viral analyses are still lacking.

In the present study, using a multiparametric immuno-morphological analysis, we now report an overwhelming lung damage heterogeneity among different individuals and even within the same individual. However, the lung damage were consistent with deadly conditions revealing the fast and destructive nature of SARS-CoV-2. The identification of these heterogeneous mechanisms should provide a new understanding of COVID-19 pathogenesis.



Materials and Methods


Reagents

All reagents were purchased from Sigma (St. Louis, MO) unless indicated otherwise. Dyes and secondary antibodies were obtained from Thermo-Fisher (Waltham, MA). RNAscope 2.5 HD Detection of s-sense COVID-19 for RNA detection was used (Hayward, CA). Antibodies for macrophages (Iba-1, Ab5076), lymphocytes (CD3, ab11089), endothelial cells (Von Willebrand factor, ab194405), epithelial cells (EpCam, ab7504), myeloperoxidase (MPO, ab25989), CD8 (CD8, ab22378), CD20 (B cells, ab9475), and smooth muscle actin (SMA, ab21027) were obtained from Abcam, MA. Vimentin (sc-52721) from Santa Cruz (Santa Cruz, CA) and the antibody for SARS protein M (APO90991su-n) were obtained from Origene (Rockville, MD). All experiments were performed under the University of Texas Medical Branch (UTMB) and the NIH regulations.



Study Participants and Ethical Issues

Large lung samples were sampled from 11 rapid autopsies with confirmed SARS-CoV-2 infection at the Forensic Medicine and Pathology, Versailles Saint-Quentin University, AP-HP, Raymond Poincaré Hospital, Garches, France, and UTMB. This non-interventional study was approved by the institutional review board of the ethical committee for research (CER) of the University of Paris Saclay (CER-Paris-Saclay-2020- 050) and conformed to the principles outlined in the Declaration of Helsinki. All patients were confirmed positive for SARS-CoV-2 RNA by RT-PCR at the hospital using blood samples. Non-COVID-19 control lung biopsies were obtained from the pathological anatomy service at UTMB. No personal information from the corresponding donors was collected. Lung samples corresponded to discarded tissues from pathological analysis of COVID-19 infected (n=11), border healthy-carcinoma lung tumors (n=4), and resected lung areas with Tuberculosis (n=2). Sample collection, processing, and laboratory testing complied with World Health Organization guidance. Patient clinical data are summarized in Table 1.


Table 1 | Patient Sample Information.





qRT–PCR to Detect SARS-CoV-2

The throat swab, sputum from the upper respiratory tract, and blood were collected from patients after hospitalization or in-home death for SARS-CoV-2 RNA detection.



Histology

The resected lung (COVID-19 and lung carcinoma) was immediately transferred to a biological class 2 cabinet and dissected into large pieces. Samples were fixed in 10% neutral buffered formalin for at least 24 h, dehydrated, and paraffin-embedded for further analysis. A minimum of 15-20 sequential sections (20-50 µm each) were cut from each tissue to perform histology, confocal microscopy, 3D-reconstruction of large pieces of tissue, deconvolution, and image analysis, as we described (31–34). Sections from each block were prepared for hematoxylin and eosin (H&E) and trichrome staining, and the stained slides were imaged at 20× using a Hamamatsu slice scanner NanoZoomer 2.0RS. This equipment allows us to scan large tissue areas in the X, Y, and Z planes. An experienced pathologist reviewed the images and 3D-reconstructions.



Immunofluorescence and Confocal Microscopy

As we described recently, large lung tissue sections were cut and processed (up to 5 cm) (35). Briefly, in addition to deparaffination, we eliminated or reduced autofluorescence using a light source in the green and red channels (35). Tissues were then incubated in Sudan Black and sodium borohydride to reduce further autofluorescence (35). Lung tissue sections were treated with the RNAscope Multiplex Fluorescent Reagent Kit v2 Assay protocol (ACDbio), following manufacturer instructions. The procedure includes multiple steps of sample pretreatment, including RNAscope target retrieval reagent for 15 min, RNAscope protease plus for 15 min, hybridization (RNA probe V-nCOV2019-S-sense, specific for SARS-CoV-2), and signal development (TSA Plus cyanine 5 fluorophore, Opal 690). Each step was followed by two successive washes with 1X wash buffer. Samples were then incubated in blocking solution for 2 hours at room temperature, followed by overnight incubation at 4°C with diluted primary antibodies. Cells were then washed several times with PBS and incubated with the appropriate secondary antibody for at least 2 hours at room temperature, followed by an additional wash in PBS. Tissues were examined using an A1 Nikon confocal microscope with spectral detection (Nikon, Tokyo, Japan). Antibody specificity was confirmed by replacing the primary antibody with a non-specific myeloma protein of the same isotype or non-immune serum, as we described (35–37). Analyses of the 3D-reconstruction and deconvolution were performed using NIS Elements (Nikon, Japan).



Image Analysis of Correlative Histology and Confocal Microscopy

Three-D-reconstruction and deconvolution from 15 to 20 successive optical sections (20-50 µm) were performed, resulting in an extensive area analysis in the X, Y, and Z-axis. To analyze and quantify the abundance of the signal, the number of positive pixels and their intensity in different cell populations were measured in specific regions of interest. Controls with nonspecific IgGs and non-immune serums, as well as irrelevant probes, were included. The autofluorescence of the tissues also was decreased, as described above.



Statistical Analysis

Data were analyzed using Origin 8.1 (Northampton, MA, US). For single comparisons, Student’s t-test was used. For multiple comparisons, ANOVA was used; p values of < 0.05 were considered significant.




Results


Analysis of Large Lung Areas Obtained From Fatal COVID-19 Cases

The COVID-19 cohort had an average stay of 28 ± 21 days in the Hospital before demise (see Table 1). Comorbidities such as diabetes were not present, and the obesity range was mild (see Table 1). All individuals analyzed had mild hypertension, and no lung-associated comorbidities were present. To ensure an unbiased assessment, all samples were received and analyzed blindly. After all the data was acquired, the clinical and COVID-19 status was requested to assure proper scientific rigor. Gross histological analysis by Hematoxylin and Eosin and trichrome staining showed significant pathology heterogeneities among individuals. Overall (see details below), the combined histology and confocal imaging identified at least three different types of pathology associated with deadly COVID-19 infection. We will first describe the histology findings prior to providing a more complex evaluation from 3D-reconstructions, deconvolution, and image analysis of the same areas obtained using correlative microscopy.

Additionally, we observed another fourth type of pathology not described in the manuscript due to the total loss of alveolar structures with caseous necrosis. This later condition was not considered or quantified due to the extensive lung tissue destruction, and therefore data are not represented and not included in the present report. COVID-19 samples were compared to normal, carcinoma, and long-term tuberculosis lung tissue.



COVID-19-Induced Phenotype 1: Enhanced Coagulation/Hemorrhage

In this phenotype, large numbers of blood products such as leukocytes and red blood cells were accumulated within the alveolar space and blood vessels (Figure 1A, EC, low magnification, blue circle denotes a large lesion). Further, hemorrhagic events were associated with the destruction of alveolar walls and blood vessels with minimal immune cell infiltration within the lesions (See Figures 1B–D, the arrow indicates different cell types; see arrow colors in A). Most immune cells accumulate around the hemorrhagic lesions (Figures 1E–G, the dotted line represents the separation between the lesion and the immune cell rim), suggesting an immune “containment” or “barrier” to prevent further lung compromise. This phenotype is similar to the tissue damage reported for Mycobacterium tuberculosis-induced immune response around granulomas (38, 39). However, in COVID-19 cases, the size of the lesions was bigger (in the range of cm) and poorly organized. The main immune cell types observed in the hemorrhagic lesions corresponded to polymorphonuclear (PMN, back arrows), lymphocytes (Lympho, blue arrows), monocytes (Mono, green arrows), plasma cells (yellow arrows), and normal shaped and spiky red blood cells (RBC, spike, or acanthocytes, red arrows). The presence of these spiking RBC has been described in several severe non-infectious diseases, including liver, neural, lipid dysregulation, spleen loss, and kidney damage (40–47), suggesting a systemic effect of COVID-19. In these COVID-19 lung tissues, the separation between the hemorrhagic and immune rim was clear and remarkable (Figures 1C, E, F).




Figure 1 | Representative microphotograph of eight serial sections of lung obtained from a deadly case of COVID-19 with hemorrhagic events and immune infiltration. (A) Representative H&E-stained images of lung classified as enhanced coagulation or type I damage. Low magnification allows us to appreciate the degree of damage and the large hemorrhagic events. The blue circle indicates the area with significant hemorrhagic and hemolysis events. Bar: 5 mm. (B–D) Correspond to higher magnification to denote the interphase between blood and the immune rim around the lesions (see dotted line). Bar 100 µm and 25 µm. (E–G) Correspond to the immune infiltration around the lesions. Bar 100 µm and 25 µm. (H–J) Represent areas outside of the hemorrhagic areas but with intravascular retention of red blood cells. Observe the fibrosis and formation of intravascular fibrin webs. Due to these characteristics, we named this phenotype enhanced coagulation. As indicated in (A, B–J) arrows of different colors indicated different cell types, coagulation areas, cell loss (CL), Fibrin webs (FW), and red blood cells with spiked membrane. n = 4 different individuals with 15-20 serial sections.



In lung areas with minimal hemorrhagic events, intravascular coagulation, loss of the pneumocyte monolayer (type I and II) integrity, blood vessel continuity, and exacerbated fibrosis, as well as intravascular fibrin web formation, were commonly observed (Figures 1H–J, FW see arrows). Lung regions around these hemorrhagic lesions were surrounded by an immune rim and showed signs of fibrosis (Figures 1H–J). However, independent of the area analyzed, alveolar spaces were clotted with blood products or exacerbated fibrosis. In contrast, analysis of uncompromised lung tissue obtained from individuals during lung carcinoma screening [similar to lungs from uninfected individuals (48, 49)] showed similar histological features of normal lungs with some tumor cells in the alveolar space (Supplemental Figure 1. Note that all magnifications of the image shown are identical to that in Figure 1). Furthermore, COVID-19 and control lung tissues showed remarkable differences in the free or empty alveolar space required for efficient gas exchange, intravascular or extravascular coagulation, pneumocyte, and endothelial distribution, and immune infiltration  (Supplemental Figure 1).

To examine the fibrosis degree in COVID-19 cases, we performed trichrome staining (normally used to evaluate the accumulation of collagen and other extracellular matrix proteins for extended periods). The intense and widely distributed trichrome staining in COVID-19 cases compared to the fibrosis present in lung carcinoma (Supplemental Figure 2) exceeded our expectations for a disease developed in days to weeks, suggesting an exacerbated mechanism of ECM secretion and an accumulation in all COVID-19 cases analyzed (Supplemental Figure 3).



COVID-19-Induced Phenotype 2: Immune Infiltration With Minimal Hemorrhagic Events

The second phenotype of lung pathology observed in deadly cases of COVID-19 corresponded to a strong immune infiltration with mild preservation of alveolar walls but clotted blood vessels. This was accompanied by an increased number of intra-vascular/intra-alveolar fibrin webs compared to phenotype 1, but without major hemorrhagic events as indicated at the low magnification (compare to Figure 2A to Figure 1A). Higher magnification revealed alveolar wall hyperplasia, but more striking was the loss of pneumocytes (type I and II, Figures 2B–G) and extensive fibrosis (later confirmed by trichrome staining). Also, there was the intra-vascular/intra-alveolar formation of fibrin webs trapping leukocytes and lung cell types (Figures 2B–D).




Figure 2 | Representative microphotograph of eight serial sections of lung obtained from a deadly case of COVID-19, with immune infiltration without hemorrhagic events. (A) Representative H&E-stained lung classified images as immune infiltration. Low magnification allows us to appreciate the degree of damage, fibrosis, and intravascular coagulation webs trapping immune cells within the blood vessels. Bar: 5 mm. (B–D) Correspond to higher magnification to denote the intravascular clots and webs. Bar 100 µm and 25 µm. (E–G) Correspond to fibrotic alveolar areas. Bar 100 µm and 25 µm. (H–J) represent fibrotic alveolar areas with significant immune infiltration. Note the fibrosis and formation of intravascular fibrin webs. As indicated in A, arrows of different colors indicate representative cell types, areas with coagulation, cell loss (CL), Fibrin webs (FW), and red blood cells with spikes (RBCs). n = 4 different individuals with 15-20 serial sections.



A strong and widespread immune response was observed, leaving some free alveolar space for gas exchange, although likely resulting in acidification and poor gas exchange (Figures 2E–J). The main immune cell types observed were polymorphonuclear (PMN, back arrows), lymphocytes (Lympho, blue arrows), monocytes (Mono, green arrows), plasma cells (B cells, yellow arrows), and spiked RBCs (red arrows) without the clear organization as described for phenotype 1. However, critical histological features of this phenotype were the alveolar cell loss by multicellular detachment from the basal lamina (CL, cell loss,  brown arrow) together with increased numbers and extension of fibrin webs (lead-colored arrows), suggesting a strong immune response in these patients prior to death. A similar loss of multicellular areas of the lung has been described in tuberculosis resulting in lung cavities (50, 51). We also observed the accumulation of spiked RBC, suggestive of an acute systemic dysfunction as described for phenotype 1. In contrast, none of the conditions described above were observed in non-COVID-19 lung tissue obtained from lung carcinoma (LC) (compare to Supplemental Figure 1). As shown by Trichrome staining, a significant increase in fibrosis was observed in blood vessels and the alveolar walls in association with web fibrin (Supplemental Figure 4). A representative image denoting the loss of multicellular areas of the lung is shown in Supplemental Figure 4I. Overall, COVID-19-induced phenotype 2 is characterized by a strong immune disorganized immune response, the lack of hemorrhagic events, intravascular webs (probably due to fibrin), and alveoli loss.



COVID-19-Induced Phenotype 3: Mixed Conditions

The third phenotype of lung tissue pathology identified in COVID-19 autopsies corresponded to a mixed phenotype of the two previously described ones with some minor particularities. These cases showed areas with hemorrhagic events (phenotype 1), mild-strong immune infiltration, intravascular web fiber (phenotype 2), and tissue loss more pronounced than phenotypes 1 and 2 (see low magnification picture, Figure 3A). In addition, lung cavities with excessive loss of tissue (Figure 3A) and strong fibrosis (Supplemental Figure 5) had formed as reported for lung cavities in mycobacterium tuberculosis long-term infection and damage (50, 51).




Figure 3 | Representative microphotograph of eight serial sections of lung obtained from a deadly case of COVID-19, with mixed conditions, with hemorrhagic lesions, fibrosis, immune infiltration, fibrin webs, and significant lung damage. (A) Representative H&E-stained images of lung classified as mixed conditions due to the combination of phenotypes I and II. (A) Low magnification allows us to appreciate the degree of damage, hemorrhagic, fibrosis, intravascular coagulation webs trapping immune cells within the blood vessels. Bar: 5 mm. (B–D) Correspond to higher magnification to denote the intravascular and hemorrhagic parenchymal lesions. Bar 100 µm and 25 µm. (E–G) Correspond to intravascular areas. Bar 100 µm and 25 µm. (H–J) represent contained hemorrhagic lesions within the parenchyma. Due to these characteristics, we named this phenotype mixed conditions. As indicated in A, arrows of different colors indicate representative cell types, areas with coagulation, cell loss (CL), Fibrin webs (FW), and red blood cells with spikes (RBCs). n=4 different individuals with 15-20 serial sections.



Remarkably, this phenotype showed that hemorrhagic events were well contained but lacked a clear immune rim, as observed in the enhanced coagulation phenotype 1 (Figures 3B–D). Most RBCs were accumulated inside blood vessels, fibrotic parenchyma, and a fibrin web (Figures 3E–G). Some areas showed clear signs of hemolysis and compromised RBC (Figures 3H–J, RBC spiked membrane). However, several alveoli were intact in this mixed phenotype (Figure 3A). None of the characteristics described for this phenotype were observed in non-COVID-19 lung carcinoma tissues (compared to Supplemental Figure 1). Trichrome staining indicated a large accumulation of collagen in vascular areas and parenchymal alveolar areas (Supplemental Figures 5A–J), supporting strong fibrosis in the absence of immune infiltration and formation of lung cavities only in this phenotype.



Quantification of the Immune Cells and Lung Damage in COVID-19 Lungs

To quantify the degree of immune infiltration, we counted the total numbers of polymorphonuclear (PMN), lymphocytes (Lympho), monocytes (Mono), plasma cells (Plasma), and multinucleated giant cells (MNGC) in the different phenotypes described above per area units. Overall, the quantification of non-COVID-19 lung samples obtained from the tumor-healthy tissue border of lung carcinoma indicated a low number of immune cells (Figure 4A, Lung carcinoma, n=5 different individuals with 15-20 serial sections) similar to the healthy lung areas (48, 49). In contrast, a higher infiltration of PMN, lymphocytes, monocytes, and plasma cells in the enhanced coagulation phenotype 1 than lung carcinoma tissues were observed (Figure 4A, *p ≤ 0.005 compared to lung carcinoma n=5 different individuals with 15-20 serial sections). These immune cells were mainly distributed in the rim around the hemorrhagic lesions, and only a few cells were observed within the collapsed alveolar space (see Figure 1 and quantification in Figure 4A). In contrast to previous reports, no multinucleated giant cells (MNGC) were detected in all the tissues analyzed (52–54).




Figure 4 | Quantification of the immune infiltration and lung damage. (A) H&E tissue slices were used to quantify the numbers and types of immune cells within the different tissues analyzed. We quantified Polymorphonuclears (PMN), Lymphocytes (Lympho), Monocytes (Mono), Plasma cells (Plasma), and multinucleated giant cells (MNGC) in the different COVID-19 pathology phenotypes, enhanced coagulation, immune infiltration, and mixed conditions, as well as in lung carcinoma samples. In lung carcinoma samples, minimal infiltration of PMN, Lympho, Mono, and Plasma was observed. No MNGC was observed in any of the tissues analyzed. In the enhanced coagulation phenotype, PMN infiltration was the prominent cell type infiltrated. Monocytes, Plasma cells, and lymphocytes migration were minimal compared to lung carcinoma (*p ≤ 0.005 compared to lung carcinoma, n = 4 different individuals with 5 sections each). In the Immune infiltration phenotype, a significantly higher lung infiltration was detected compared to lung carcinoma (*p ≤ 0.0001 compared to lung carcinoma, n = 4 different individuals with 5 sections each) and enhanced coagulation (#p ≤ 0.007 compared to lung carcinoma, n = 4 different individuals with 5 section each). A similar proportion of cells infiltrate the lung, but also with a minimal lymphocyte infiltration. In the mixed conditions, a similar infiltration than in enhanced coagulation was observed (*p ≤ 0.005 compared to lung carcinoma, n = 3 different individuals with five sections each). No MNGC was observed under any of the conditions examined. (B) Quantification of lung damage by examining hemorrhagic/coagulation related lesions (Coa, data expressed in percentage), Alveolar Wall thickness (AW, data expressed as µm), the empty area of the lung (EA, expressed as a percentage), Cell Loss (CL, expressed in percentage and focus mainly in pneumocyte loss into the alveolar space), and hyperplastic Pneumocyte (HP, data expressed as µm). In lung carcinoma, all the aspects examined were similar to the data from multiple publications in healthy conditions. In the enhanced coagulation phenotype (type I), coagulation, alveolar wall, cell loss, and hyperplastic pneumocyte were significantly higher than all the conditions examined. However, a dramatic reduction in the lung’s empty area, a condition required for efficient gas exchange, was detected (*p ≤ 0.00126 compared to lung carcinoma, n = 3 different individuals with five sections each). In the immune infiltration phenotype, significant damage was observed (*p ≤ 0.005 compared to lung carcinoma and #p ≤ 0.007 compared to enhanced coagulation, n = 4 different individuals with 5 sections each). A similar profile than immune infiltration was observed in the mixed conditions with a significant compromise in the EA (#p ≤ 0.00125 compared to enhanced coagulation, n = 4 different individuals with five sections each). (C) Quantification of the lung damage by determining the area with fibrin webs (FW), Blood vessel collagen (BVC), tissue-associated collagen (TIC), and spiky red blood cells (RBCs) using the H&E and trichrome staining was performed. In lung carcinoma, most data were similar to healthy conditions. In all COVID-19 phenotypes, lung damage was elevated equally, except BVC in the immune infiltration higher than in the enhanced coagulation phenotype (*p ≤ 0.005 compared to lung carcinoma and #p ≤ 0.0002 compared to enhanced coagulation phenotype, n = 13 different individuals with 5 section each).



A higher immune infiltration was observed for the second phenotype compared to the enhanced coagulation phenotype 1. The overall numbers exceeded at least five times the infiltration observed in the enhanced coagulation phenotype 1, even in the absence of hemorrhagic events, as shown in Figure 2. The size of the tissues analyzed was in the range of inches to assure proper unbiased quantification. In the immune infiltration phenotype 2, most of the infiltrated cells corresponded to PMN and monocytes as well as plasma cells supporting a strong cellular and immune response (Figure 4A, *p ≤ 0.00021 compared to lung carcinoma tissues, #p ≤ 0.0002 compared to the enhanced coagulation phenotype 1, n=4 different individuals with 15-20 serial sections). Surprisingly, as in enhanced coagulation phenotype 1, a poor T cell influx into the inflamed lungs was observed in the immune infiltration phenotype 2 (Figure 4A, lympho). Most of the infiltrated cells were retained or “trapped” inside blood vessels or within the hyperplasic alveolar walls (Figure 2 and quantification in Figure 4A).

In the mixed phenotype 3, despite corresponding to a combination of phenotype 1 and 2, the immune infiltration into the lung was low, probably due to the formation of lung cavities (Figure 4A, mixed conditions). The immune infiltration was not well-organized as in the phenotype 1 with smaller hemorrhagic events, lung cavities, and web fibers (Figure 4A, Mixed conditions, *p ≤ 0.001 compared to lung carcinoma, n=3 different individuals with 15-20 serial sections and confirmed by confocal microscopy). Overall, each phenotype showed a specific immune infiltration profile.



Lung Damage Induced by SARS-CoV-2 Is Not Uniform and Denotes the Heterogeneity of the Disease

Despite the variability of the immune and hemorrhagic features described above, we clearly and consistently observed extensive lung damage in all the COVID-19 tissues analyzed. To quantify these structural lung changes, we determined the intravascular and alveolar hemorrhagic events (Coa, for coagulation), the hyperplasia of the alveolar wall (AW), and pneumocytes (HP) as well as the empty area of the lung (EA) and the cell loss of parenchymal cells into the alveolar space (CL) in response to COVID-19 infection using large-scale image analysis. Data is presented in Figure 4B. None of these characteristics were observed in the non-COVID-19 lung carcinoma samples or healthy lung (48, 49).

A minimal intravascular RBC accumulation in lung carcinoma tissues was observed (Figure 4B, Coa, 10.11 ± 7.02%, the maximal possible value is 100% with only red blood cells in the field). In contrast, the quantification of hemorrhagic events in the enhanced coagulation phenotype indicated a significant increase in hemorrhagic events (69.98 ± 19.84% of the total field) compared to the carcinoma lung tissues, underscoring the large blood accumulation (RBC products) within the lung and the poor surface area available for gas exchange in these individuals (Figure 4B, *p ≤ 0.00202 compared to non-COVID-19 lung carcinoma, n=4 different individuals with 15-20 serial sections and confirmed by confocal microscopy). For the second phenotype, immune infiltration, a low blood accumulation was detected compared to the enhanced coagulation condition; however, as indicated above, significant immune infiltration compromised the alveolar space (21 ± 12% of the total field, *p ≤ 0.00101 compared to lung carcinoma, #p ≤ 0.0014 compared to enhanced coagulation n=4 different individuals with 15-20 serial sections). Further, the analysis of mixed conditions indicates that at least half of the lungs had RBC or hemorrhagic events (51.02 ± 11% of the field, *p ≤ 0.00232 compared to lung carcinoma, n=3 different individuals with 15-20 serial sections). Again, these data underscored the different nature of the COVID-19 pathology among different individuals and areas of the lung. The second critical observation was the engrossment of the alveolar walls (AW), the loss of pneumocytes, type I and II, and the overall lung structural lesions (see Figures 1–3 at large magnification).

Normally, the thickness of the alveolar wall is 5.56 ± 3.87 µm. In COVID-19 autopsy lung tissues, alveolar wall thickness was 10.11 ± 7.02 µm (N.S. compared to reported values). Quantification of the alveolar wall thickness was 236 ± 81 µm for the enhanced coagulation phenotype 1, 17.3 ± 6.98 µm for the immune infiltration phenotype 2, and 85 ± 40.2 µm for the mixed phenotype 3 (Figure 4B, AW, *p ≤ 0.001 compared to lung carcinoma, #p ≤ 0.0011 compared to enhanced coagulation n=4, different individuals with 15-20 serial sections). However, in addition to the increase in the alveolar wall thickness, more concerning was the loss of key cell types required for gas exchange and the proliferation of accessory cells such as fibroblasts, as we will describe below. In agreement with these concerns, the quantification of the lung’s empty area, a key necessity for the efficient gas exchange, was highly compromised by blood, immune cell infiltration, and fibrosis. Normally, the empty area of the lung corresponds to 83.4 ± 12.34% of the healthy tissue. In agreement, our samples from lung carcinoma showed a 74.83 ± 7.59% of empty lung areas or alveolar space (Figure 4B, EA for the empty area). However, only 10.22 ± 2.69% of the total area was empty in the enhanced coagulation phenotype 1, underscoring these patients’ difficulties in achieving efficient gas exchange (Figure 4B, EA). In the Immune infiltration phenotype 2, the empty area corresponded to 58 ± 12.65%. The mixed condition phenotype 3, showed 28.98 ± 15.2% (Figure 4B, *p ≤ 0.005 compared to lung carcinoma, and #p ≤ 0.05 compared to enhanced coagulation phenotype), suggesting that at in the last two conditions, in theory (see below), some degree of gas exchange can remain.

A critical finding of our histology assessment was the loss of pneumocytes into the alveolar space despite the engrossment of the wall in all cases of COVID-19 analyzed. A similar mechanism of tissue compromise has been observed in Tuberculosis (13, 26, 44, 55–58). Cell loss (CL, for cell loss) in lung carcinoma was minimal to undetectable (0.66 ± 1.184% compared to the cells attached to the alveolar wall, Figure 4B, CL, lung carcinoma). In contrast, 80.36 ± 23.35% of the alveolar wall were lost in the enhanced coagulation phenotype (Figure 4B, Enhanced coagulation-COVID-19, CL). Also, in the few left un-occluded alveolar walls, a loss of 7.95 ± 4.65% and 5.69 ± 2.36% was observed in the immune infiltration and mixed phenotypes, respectively (Figure 4B, AW, *p ≤ 0.0027 compared to Lung carcinoma, #p ≤ 0.0013 compared to enhanced coagulation n=7 different individuals with 15-20 serial sections). These data also underscore the significant damage to the lung, in addition to the hemorrhagic and immune infiltration.

To quantify the hyperplastic nature of pneumocytes in the alveolar wall under COVID-19 conditions (Figure 4B, HP), we determined the size of the pneumocytes in uninfected and COVID-19 conditions (phenotypes I and II). In the lung carcinoma samples, the pneumocyte thickness was 4.83 ± 1.09 µm; in contrast, to the enhanced coagulation phenotype, the pneumocyte thickness was 189 ± 78 µm, in the immune infiltration was 25.65 ± 4.98 µm, and the mixed phenotype was 62.2 ± 20.36 µm. These data indicate that COVID-19 increased the size of the pneumocytes and/or enhances the accumulation of collagen or other ECM molecules around them (Figure 4B, HP, p ≤ 0.00214 compared to Lung carcinoma, #p ≤ 0.001 compared to enhanced coagulation n=12 different individuals with 15-20 serial sections).



Fibrosis and Collagen Accumulation, as Well as Compromised Red Blood Cells, Are Uniform Characteristics of the COVID-19 Pathogenesis

We next used trichrome staining to characterize tissue fibrosis and collagen accumulation in the tissues analyzed. As indicated above, each COVID-19 lung phenotype had a unique immune, hemorrhagic, and lung damage characteristic. Some of these characteristics were the formation of intravascular web fibers (fibrin webs, FW), fibrosis inside of the blood vessels (BVC, blood vessel collagen or fibrosis), tissue-associated collagen, or fibrosis (TIC), and the presence of spiked red blood cells (RBCs) (see Figure 4C). The only significant differences were observed in blood vessel collagen accumulation in the immune infiltration phenotype compared to the enhanced coagulation and mixed phenotype (Figure 4C, *p ≤ 0.00214 compared to lung carcinoma, #p ≤ 0.001 compared to enhanced coagulation n=12 different individuals with 15-20 serial sections).



COVID-19 Enhances the Infiltration of Macrophages Into the Lung

To characterize the immune response against SARS-CoV-2, we performed confocal microscopy and imaging analysis of the subsequent serial sections analyzed by histology to quantify the presence and distribution of viral components and immune cells. Staining for the nucleus (DAPI, blue staining), SARS-CoV-2 protein M (green staining), macrophages (Iba-1, red staining), and SARS-CoV-2-mRNA (S-sense for the newly produced virus) was performed. In uninfected lung carcinoma tissues, macrophages were bigger than in COVID-19 conditions. No SARS-CoV-2 protein or mRNA was detected as expected in the uninfected tissues (Figure 5, representative 3D reconstruction/deconvolution of the same tissues analyzed by histology, and Figure 11A for the quantification, white arrows indicate Iba-1 positive cells with SARS-CoV-2 mRNA, and yellow arrows indicate Iba-1 positive cells with SARS-CoV-2 protein M but negative for SARS-CoV-2 mRNA). To quantify these images, the staining for Iba-1 was set as 100% in the enhanced coagulation phenotype 1.




Figure 5 | COVID-19 disease induces a significant infiltration into the lung, and a small percentage of macrophages contained viral proteins and mRNA. Staining for nuclei (DAPI, blue staining), SARS-CoV-2 protein M (SARS-CoV-2-M, green staining), Iba-1 (macrophages, red staining), and SARS-CoV-2-mRNA (White staining) was performed. 3D reconstructions of lung samples collected from uninfected (control) and COVID-19 (Type 1 or 2, enhanced coagulation and immune infiltration). In control conditions, macrophages (Iba-1 positive cells) underline the alveolar wall, and no unspecific viral protein or mRNA staining was found as expected (Control). In contrast, the enhanced coagulation phenotype (COVID-19, type I, damage) showed a significant proliferation or migration of macrophages cells (COVID-19-type 1). Also, a small population of Iba-1 positive cells was positive for viral mRNA (see white arrows) and SARS-CoV-2 protein M (yellow arrows). Most viral protein M was concentrated inside blood vessels. In immune infiltrating conditions, also we observed a significant increase in monocyte/macrophage infiltration with a small population of macrophages positive for viral mRNA (white arrow) and protein M without viral mRNA (yellow arrow).



In the COVID-19 enhanced coagulation phenotype (Figure 5 COVID-19-type 1, EC), Iba-1 positive cells accumulate in the parenchymal tissue and surrounded large hemorrhagic events (Figure 5, enhanced coagulation phenotype, and 11A). Only a few cells were still positive for SARS-CoV-2 double stranded mRNA, including Iba-1 positive cells, 7.92 ± 3.87%; however, most protein M was located within the blood vessels, suggesting that this viral protein is generated in a different tissue compartment and remains in the circulation for extended periods.

A significant macrophage infiltration was detected in the immune infiltration phenotype 2 (type II, phenotype 2). However, the degree of infiltration was disorganized compared to the enhanced coagulation phenotype (Figure 5, COVID-19-type 2, and Figure 11 for the quantification, *p ≤ 0.0018 compared to lung carcinoma, #p ≤ 0.0011 compared to enhanced coagulation n=7 different individuals with 15-20 serial sections). Tissues from the third phenotype with mixed conditions behave similarly to the immune infiltration phenotype 2 (data not shown, and Figure 11A, MX). Overall, macrophage infiltration into the lung was exacerbated in COVID-19 individuals, and macrophage localization and organization depend on the phenotype analyzed. Additionally, we detected a small population of macrophages harboring SARS-CoV-2 mRNA suggestive of local SARS-CoV-2 infection.



Lymphocytes, CD3 or CD8, Were Poorly Recruited Into the Lung of Fatal COVID-19 Cases

Our histology analysis shows that a small lymphocyte infiltration compared to other inflammatory cells. We performed immune labeling analyzed by confocal microscopy as indicated above, with antibodies to CD3 and CD8 to confirm these data. In lung carcinoma cases, a low number of CD3+ and CD8+ cells were detected (Figures 6, 7 as well as Figures 11B, C, CD3 and CD8, respectively). In the case of the CD8 cells, the lung carcinoma cases have increased levels of CD8 infiltrated cells than in COVID-19 cases (*p ≤ 0.0032 compared to Lung carcinoma, #p ≤ 0.00106 compared to enhanced coagulation n=11, different individuals with 15-20 serial sections). Most CD8+ cells were also positive for CD3+, corresponding to cytotoxic/natural killer T cells (83.06 ± 8.97%) instead of other CD8+ cells such as thymocytes and dendritic cells. These data indicate that in at least all the deathly COVID-19 cases analyzed here, a poor CD3+ and cytotoxic CD8+ response was observed.




Figure 6 | COVID-19 disease induces a small but significant infiltration of CD3 lymphocytes into the lung. Staining for nuclei (DAPI, blue staining), SARS-CoV-2 protein M (SARS-CoV-2-M, green staining), CD3 lymphocytes (CD3, red staining), and SARS-CoV-2-mRNA (White staining) was performed. 3D reconstructions of lung samples collected from uninfected (control) and COVID-19 (Type 1 or 2, enhanced coagulation, and immune infiltration). In control conditions, lymphocytes were mostly randomly attached to the alveolar wall (Control). In contrast, in the enhanced coagulation phenotype (COVID-19, type I, damage), a significant infiltration of lymphocytes was observed (COVID-19-type 1), but most of this infiltration was localized, and most areas were negative for CD3+ cells. No CD3+ lymphocytes were positive for viral mRNA or the viral protein M. As indicated in the previous figure, most viral protein M staining was concentrated inside blood vessels (see yellow arrows). In the immune infiltrating  phenotype, we observed a significant increase in lymphocyte infiltration, but as indicated above, infiltration was region-specific, and most areas were negative for CD3 staining. (n = 13-15 different cases analyzed with a least five sections each).






Figure 7 | COVID-19 disease induces a small but significant infiltration of CD8+ lymphocytes into the lung. Staining for nuclei (DAPI, blue staining), SARS-CoV-2 protein M (SARS-CoV-2-M, green staining), CD8+ lymphocytes (CD8, red staining), and SARS-CoV-2-mRNA (White staining) was performed. 3D reconstructions of lung samples collected from uninfected (control) and COVID-19 (Type 1 or 2, enhanced coagulation, and immune infiltration). In control conditions, CD8+ lymphocytes were mostly randomly attached to the alveolar wall (Control). In contrast, in the enhanced coagulation phenotype (COVID-19, type I, damage), a significant infiltration of lymphocytes was observed (COVID-19-type 1), but most of this infiltration was localized, and most areas were negative for CD8+ cells. No CD8+ lymphocytes were positive for viral mRNA or the viral protein M. As indicated in the previous figure, most viral protein M staining was concentrated inside blood vessels. In the immune infiltrating  phenotype, we observed a significant increase in lymphocyte infiltration, but as indicated above, infiltration was region-specific, and most areas were negative for CD8 staining. (n = 13-15 different cases analyzed with a least five sections each).





Smooth Muscle Cells Disappeared Upon COVID-19 Infection

Smooth muscle cells (SMC) are a critical contractile component of the airway and an essential contributor to the local production of inflammatory and growth factor products to repair and renew the lung (59–61). To evaluate the SMC distribution and numbers, we performed staining for the nucleus (DAPI, blue staining), SARS-CoV-2 protein M (green staining), smooth muscle actin (SMA, a small muscle marker, red staining), and SARS-CoV-2-mRNA (S-sense for the replicating virus) (Figure 8).




Figure 8 | COVID-19 disease induces the total loss of smooth muscle actin cells and lung structure. Staining for nuclei (DAPI, blue staining), SARS-CoV-2 protein M (SARS-CoV-2-M, green staining), smooth muscle actin (SMA, red staining), and SARS-CoV-2-mRNA (White staining) was performed. 3D reconstructions of lung samples collected from uninfected (control) and COVID-19 (Type 1 or 2, enhanced coagulation and immune infiltration phenotype). SMA “decorates” the alveolar wall in control conditions, and no unspecific viral protein or mRNA staining was found as expected (Control). In contrast, in the enhanced coagulation phenotype (COVID-19, type I, damage), SMA’s significant total loss was observed (COVID-19-type 1). Again, most viral protein M was concentrated inside blood vessels. In the immune infiltrating phenotype, we also observed SMC loss in all samples and areas analyzed. (n = 13-15 different cases analyzed with a least five sections each).



In lung carcinoma, smooth muscle cells were observed along blood vessels (Figure 8, control, *p ≤ 0.00152 compared to Lung carcinoma, n=13 different individuals with 15-20 serial sections). In contrast, in all the COVID-19 cases analyzed (phenotype 1, 2, and 3), little to no SMA staining was detected in the three types of pathogenic phenotypes, indicating that SMC is lost despite their abundance and importance in lung physiology (Figures 8, 11D). A similar damage pattern was observed in endothelial cells (Von Willebrand positive cells, data not represented). Overall endothelial cells underlying the alveolar wall and the small to medium blood vessels were missing in all COVID-19 cases analyzed (data not shown). These findings add an extra layer to the complexity of the disease because in case these SMCs were lost, the possibilities of recovery and repopulation would be slim to none.



COVID-19 Increased Fibroblast Proliferation

Fibroblasts are the main source of extracellular matrix and fibrosis in pathological conditions. Fibroblasts are not terminally differentiated, and their proliferation is one of their major characteristics upon inflammation. Fibroblasts are positive for vimentin (62–65); thus, we examined its expression, distribution, and positive cell numbers as a readout of fibroblast accumulation within the lung. As indicated in Figures 9, Figure 11E (quantification), we identified a well-localized vimentin expression on the blood vessels and underling the alveolar wall in uninfected samples (Figure 9, Control). However, in all the COVID-19 cases analyzed (n=13), vimentin expression and positive cells significantly increased (Figures 9, 11E, quantification). Most vimentin expression was localized in the parenchyma and surrounding hemorrhagic lesions (Figure 11E, *p ≤ 0.00205 compared to lung carcinoma, #p ≤ 0.00185 compared to lung carcinoma to enhanced coagulation n=13 different individuals with 15-20 serial sections). The increase in vimentin expression colocalized perfectly with the increased alveolar thickness observed above, indicating that fibroblasts proliferate and repopulate the alveolar wall despite the pneumocyte loss.




Figure 9 | COVID-19 disease induces an exacerbated proliferation of fibroblast. Staining for nuclei (DAPI, blue staining), SARS-CoV-2 protein M (SARS-CoV-2-M, green staining), vimentin (Vimentin, red staining), and SARS-CoV-2-mRNA (White staining) was performed. 3D reconstructions of lung samples collected from uninfected (control) and COVID-19 (Type 1 or 2, enhanced coagulation and immune infiltration phenotype). In control conditions, vimentin-positive cells are located at the alveolar wall base, and around large blood vessels with no unspecific viral protein or mRNA staining were found as expected (Control). In contrast, in the enhanced coagulation phenotype (COVID-19, type I, damage), a large amount of staining widely distributed in the lung was observed (COVID-19-type 1). Again, most viral protein M was concentrated inside blood vessels. Also, a small population of vimentin-positive cells is positive for viral mRNA (see white arrows). Further, a small population of vimentin cells was positive for SARS-CoV-2 protein M without viral mRNA (yellow arrows). We observed a significant proliferation of vimentin-positive cells in all samples and areas analyzed in the immune infiltration phenotype (n = 13-15 different cases analyzed with a least five sections each).





Epithelial Cells Are Lost in Lung Samples Obtained From COVID-19 Individuals

Our histology analysis indicates that large groups of cells are lost into the alveolar space (see Figures 1–3). To quantify the numbers of epithelial cells, we used an additional antibody to detect epithelial cells, EpCam. In uninfected tissues (control), the distribution of epithelial cells underlines the alveolar wall (Figure 10, control). However, in the three COVID-19 phenotypes, the staining for EpCam was lost (Figures 10, 11F), and the few remained epithelial cells were in the alveolar space instead of the alveolar wall (see Figures 10, 11F, *p ≤ 0.00174 compared to lung carcinoma, #p ≤ 0.00106 compared to enhanced coagulation n=13 different individuals with 15-20 serial sections). Epithelial cells in the alveolar space also lost polarized expression and distribution of EpCam. Also, some epithelial cells were still positive for SARS-CoV-2 mRNA as described in other studies (66, 67) (Figure 10, see arrows).




Figure 10 | COVID-19 disease induces widespread loss of epithelial cells and compromised polarity, all essential lung function components. Staining for nuclei (DAPI, blue staining), SARS-CoV-2 protein M (SARS-CoV-2-M, green staining), EpCAM (epithelial marker, red staining), and SARS-CoV-2-mRNA (White staining) were performed. 3D reconstructions of lung samples collected from uninfected (control) and COVID-19 (Type 1 or 2, enhanced coagulation and immune infiltration phenotype). In control conditions, EpCAM positive cells underline the alveolar wall as expected (Control). In contrast, in the enhanced coagulation phenotype (COVID-19, type I, damage), a large amount of staining was widely distributed in the lung, but localization was random (COVID-19-type 1). Again, most viral protein M was concentrated inside blood vessels. Also, a population of EpCAM positive cells is positive for viral mRNA (see white arrows). In the immune infiltrating conditions, also we observed significant staining for EpCAM. However, the EpCAM staining was mostly dissociated from the alveolar wall, and groups of epithelial cells can be observed in the alveolar space, even losing their EpCAM polarity, suggesting that cells are probably lost. Thus, the epithelial layer in COVID-19 cases is not functional (n = 13-15 different cases analyzed with a least five sections each).






Figure 11 | Quantification of cell structure and lung damage in lethal cases of COVID-19. (A–F) Correspond to the quantification of different cell types in different compartments of the lung, including blood vessels (black bars), parenchyma (white bars), blood lesions (dark lead-colored bars), and cells surrounding hemorrhagic lesions (lead-colored bars). (A) In control conditions (LC for lung carcinoma), minimal numbers of macrophages were detected (mostly resident macrophages). In contrast, in the COVID-19 enhanced coagulation phenotype (EC), a strong infiltration of monocyte/macrophages into the lung parenchyma and around hemorrhagic lesions. Moreover, in the COVID-19 immune infiltration phenotype that lacks hemorrhagic lesions, most macrophages were in the lung parenchyma. (*p ≤ 0.005 compared to lung carcinoma conditions and #p ≤ 0.0001 compared to enhanced coagulation condition, n = 4 different individuals with five sections each). (B) Quantification of CD3 cells in different lung compartments as described above. A small and localized CD3 response was found (*p ≤ 0.001 compared to lung carcinoma conditions, n = 13 different individuals with five sections each). (C) Quantification of CD8 cells as compared to uninfected samples obtained from individuals with suspected lung carcinoma. Overall, COVID-19 induced a poor CD8 response in the lung in these lethal cases (*p ≤ 0.005 as compared to lung carcinoma conditions, n = 13 different individuals with five sections each). (D) Quantification of smooth muscle cells indicates a strong negative effect of COVID-19 in these cells. Overall, SMA or SMC were eliminated by the infection independent of the area analyzed and the damage type induced by COVID-19 infection (*p ≤ 0.001 compared to lung carcinoma conditions, n = 13 different individuals with five sections each). (E) Quantification of vimentin-positive cells in COVID-19 lethal cases. Overall, there was a significant and strong increase in Vimentin positive cells, especially in the lung parenchyma (*p ≤ 0.0001 compared to lung carcinoma conditions, n = 13 different individuals with five sections each). (F) Quantification of epithelial cells in COVID-19 cases, overall, there is a significant decrease in EpCam staining and numbers of positive cells; however, a critical point is the de-attachment of the remaining epithelial cells from the alveolar wall (*p ≤ 0.0005 compared to lung carcinoma conditions, n = 13 different individuals with 5 section each). (G) representative image of the distribution of the viral protein M and the viral mRNA (sense). It is possible to observe the accumulation of these viral components in the circulation and not in the parenchyma (H, I, for viral protein M and viral mRNA, respectively. (*p ≤ 1x10-7 compared to lung carcinoma conditions, n = 13 different individuals with 5 sections each).





SARS-CoV-2 Protein M Accumulate in Blood Vessels but Poorly in the Lung Parenchyma

We performed confocal and subsequent image analysis to quantify the amount and distribution of protein M. Analysis of blood vessels, and the lung parenchyma indicates that most viral protein M and viral mRNA was associated with the blood vessels or the parenchyma (Figure 11G, BV, blood vessels, versus P, parenchyma, prot M or mRNA), indicating that most of the viral protein in the three conditions were inside of blood vessels (Figure 11H). In contrast, analysis of the viral mRNA in the blood vessels and the lung parenchyma indicates an equal distribution between the two different compartments, independent of the type of inflammation or COVID-19 pathogenesis (Figure 11I, *p ≤ 0.00195 compared to lung carcinoma, #p ≤ 0.00143 compared to enhanced coagulation, n=13 different individuals with 15-20 serial sections and confirmed by confocal microscopy). Overall, these data indicated that this viral protein synthesis occurs in another tissue compartment or remains stable in the blood circulation. Still, most of the synthesis in the later stages of COVID-19 did not occur in the lung.



Overall Assessment of the Clinical Pathology of Deadly COVID-19 Cases

From our data, COVID-19 appeared as a fast and aggressive multi-visceral disease, with the main lung component having distinct hemorrhagic, immune, and fibrotic phenotypes depending on the patient analyzed. More important was the consistency and widespread parenchymal lung damage in all COVID-19 cases, including loss of endothelial, smooth muscle, and pneumocytes, as well as the exacerbated fibroblast proliferation. Lung parenchymal damage was conserved despite clearly identifying three different kinds of pathology (Figure 12). Thus, we propose that cellular products in the lung lavage or saliva could provide essential biomarkers to detect the degree of lung damage and potential treatments.




Figure 12 | Summary of our findings. Our data indicate that COVID-19 is a highly heterogeneous disease with multiple etiologies (A) Correspond to a representation of the alveolar sacs. (B) Amplification of the alveolar area to denote the organization of the lung in healthy conditions. (C) Correspond to the lung organization in COVID-19 conditions, including enhanced coagulation (intravascular and parenchymal), fibroblast proliferation, loss of epithelial, ciliated, and SMC, as well as endothelial cells from the alveoli. Several questions remain about the immune response, including the lack of immune organization around lesions (as indicated in phenotype 1), the strong B cell response in the lung that could not control the infection, and associated damage. The lack of viral mRNA in the lung and the abundance of protein M inside the blood vessels suggest replication in other tissues. The presence or absence of hemorrhagic events and the formation of fibrin webs inside the blood vessels. All these different phenotypes provide several opportunities to reduce or prevent the devastating consequences of COVID-19.






Discussion

In 2019, an epidemic outbreak was reported in Wuhan (China) and later was identified as a novel coronavirus named severe acute respiratory syndrome coronavirus 2, SARS-CoV-2, that mainly produces respiratory clinical manifestations (68–71). This highly infectious virus became a worldwide spread pandemic with a 2 to 4% mortality depending on the country and health care conditions (7, 72, 73). Currently, several treatments with limited efficacy and prophylactic vaccines that have reduced efficacy against newly emerging virus variants have been proposed. But a clear mechanistic understanding of this disease still lacks despite the assumption that most COVID-19 induced damage are acute and unique to the SARS-CoV-2. Thus, an urgent understanding of the COVID-19 pathogenesis is required to create new effective treatments based on strong patient-driven data.

Here, we performed an exhaustive characterization of lethal cases of COVID-19 by histology and immune-staining observed by confocal microscopy, accompanied by image analysis. Our data identified three types of lung damage and associated inflammation that underscore the variable nature of COVID-19. The pathology differences among individuals indicate multiple mechanisms of lung damage induced by the virus. Interestingly, our autopsy cases came from individuals with mild high blood pressure, mild BMI, and without diabetes. Our data clearly indicates the lack of a strong T cell response (CD3 and CD8), suggesting an exhausted or compromised immune response. Further, our data underscore the high degree of alveolar wall damage and loss of lung function like no other known disease; the disappearance of smooth muscle cells, endothelial cells, and the pneumocytes, as well as exacerbated fibroblast proliferation, indicate the destructive nature of this virus and the potential long-term consequences in surviving individuals as now observed 20-30% experiencing a long COVID-19. Thus, the pathogenesis of COVID-19 is acute and aggressive and urgently requires new treatments.

However, importantly, as all the cases analyzed corresponded to fatal COVID-19 cases, the damage observed here is likely more limited in patients recovering from COVID-19. Damage resolution would have an additional mechanism of repair and resolution no observed here. Also, the contribution of other tissues or associated general fatal mechanisms cannot be ruled out. Lung compromise is an important part of COVID-19, but other tissues could be important for the fatal consequences and other organ.

A critical point is whether the three different phenotypes of lung damage and immune response to COVID-19 infection are part of the same pathogenic process but represent different disease phases. It is unlikely for the following reasons. First, all the lung damages described involve alveolar damage, enhanced coagulation (intravascular and hemorrhagic events), and fibrosis, corresponded to terminal conditions. Thus, lung damage is variable in different individuals. Second, the enhanced coagulation type 1 of damage shows large hemorrhagic areas that have been “contained” by a strong immune response (immune rim). This phenotype is similar to tuberculosis lesions (39, 74–76). The time required to clear these large hemorrhagic lesions could rank in months to decades. Thus, it is unlikely that this phenotype becomes immune infiltration type 2 or a mixed phenotype 3, or vice-versa in 2-3 weeks, especially with a dysfunctional alveolar wall. Third, the massive damage to the alveolar wall, vasculature, and lung elasticity due to the magnitude of the damage will prevent further immune infiltration and spatial organization formation, as observed in the enhanced coagulation phenotype of COVID-19 disease. Overall, we can conclude that COVID-19 has multiple mechanisms of pathogenesis.

A critical point of all the cases analyzed is the lack of a strong T cell response (CD3 and CD8), suggesting a systemic immune dysfunction. In agreement, a T cell lymphopenia in the blood has been observed in some severe cases of COVID-19 as compared to uninfected individuals (77, 78). Also, the loss of key cell types into the alveolar fluids such as epithelial, smooth muscle, and probably immune cells further compromise the lung and certainly will compromise the exchange of gas and control of pH, both essential components of healthy breathing.

Our studies involving histology, confocal, 3D reconstruction, and deconvolution as well as extensive image analysis indicates multiple differences with early reports analyzing autopsy tissues (16–20), including a spatial resolution to identify cell types and lesions with significant similarities. More important, significant differences in immune infiltration and types of lesions as well as lack of significant viral components (S protein and viral RNA) and multinucleated cells. In addition, we identified critical characteristics of RBC that point to a systemic COVID-19 that might be important for COVID-19 pathogenesis (16–23). Furthermore, the quantification of infiltrated leukocytes indicates a unique inflammatory response that requires further investigation. The exacerbated B cell infiltration without a T cell component and immature leukocyte components suggests an essential role of the bone marrow in COVID-19 pathogenesis. All these points denote the heterogeneous nature of the disease and the multiple types of damage that can be elicited.

A recent publication underscored the strong IFN-α response in circulating proportions of activated T, pro-T, and plasma B cells in the circulation of COVID-19 individuals showing higher cytotoxicity resulting in exhaustion and poor clonal expansion (78). Similarly, we observed a significant RBC sequestration into the lung in the enhanced coagulation phenotype 1 lung type of damage. Despite these differences in the circulation, we did not detect a significant lung infiltration suggesting dysfunction in cellular migration. Thus, tissue-specific recruitment of cell death needs to be examined.

Further, in one published clinical case, inflammatory FCN+ macrophages were found to replace FABP4+ macrophages in the bronchoalveolar lavage fluid from severe SARS-CoV-2 infected patients in correlation with a strong CD8+ response (79, 80). Total and spike protein-specific T cell responses correlated with spike-specific antibody responses. The group identified 41 peptides containing CD4+ and/or CD8+ epitopes, including six immunodominant regions. Six optimized CD8+ epitopes were defined, with peptide-MHC pentamer-positive cells displaying the central and effector memory phenotype. In mild cases, higher proportions of SARS-CoV-2-specific CD8+ T cells were observed. However, a lack of CD8+ response was observed in our cases due to lung structural compromise or lack of proper immune response. Identifying T cell responses in tissue and circulation in severe and milder disease supports the establishment of protective immunity in COVID-19 patients and highlights the potential of including non-spike proteins within future COVID-19 vaccine or treatment design.

An unexpected result was the strong infiltration of B or plasma cells into the lung of COVID-19 infected individuals showing a good local production of antibodies. In COVID-19 patients, unique and specific V(D)J rearrangements in severe patients have been observed, which may be due to an increase of B cell clonality and a skewed use of the IGHV and IGKJ genes (77, 78). However, despite the lung infiltration of plasma cells and probably strong antibody production, none of these patients survived the infection. A potential explanation is a lack of viral components within the lung of these deceased individuals, including mRNA and protein, local TCR activation characterized by a lack of lymphocytes, but the accumulation of viral proteins, especially protein M, into the circulation. Our data demonstrated viral protein M is concentrated inside of the blood vessels as well as viral mRNA; these data suggest that viral replication occurs in different(s) tissue(s) or that viral components are more stable in circulation than in the lung.

We propose that the constant loss of lung cells into the alveolar space can provide multiple biomarkers for lung lavage and saliva detection to design treatments and evaluate lung damage. In our cases, the loss of epithelial cells, smooth muscle cells, and the exacerbated proliferation of fibroblasts represent the irreversible nature and stage of the disease. The examination of recovered cases will be essential to understand the degree and long-term damage. The analysis of mild COVID-19 cases could provide essential information for future healthcare. We believe that endothelial/alveolar compromise is a key element that prevents immune cells from migrating into the lung’s compromised areas to achieve resolution. Thus, in surviving individuals, probably long-term care and recovery may be considered in the near future.

In conclusion, our data offers a novel and more complex  view of the COVID-19 pathogenesis and contributes to new insights into treatments and the identification of biomarkers that prevent or predict the onset of this devastating disease.
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Background

Little is known about the mortality of hospital-acquired (nosocomial) COVID-19 infection globally. We investigated the risk of mortality and critical care admission in hospitalised adults with nosocomial COVID-19, relative to adults requiring hospitalisation due to community-acquired infection.



Methods

We systematically reviewed the peer-reviewed and pre-print literature from 1/1/2020 to 9/2/2021 without language restriction for studies reporting outcomes of nosocomial and community-acquired COVID-19. We performed a random effects meta-analysis (MA) to estimate the 1) relative risk of death and 2) critical care admission, stratifying studies by patient cohort characteristics and nosocomial case definition.



Results

21 studies were included in the primary MA, describing 8,251 admissions across 8 countries during the first wave, comprising 1513 probable or definite nosocomial COVID-19, and 6738 community-acquired cases. Across all studies, the risk of mortality was 1.3 times greater in patients with nosocomial infection, compared to community-acquired (95% CI: 1.005 to 1.683). Rates of critical care admission were similar between groups (Relative Risk, RR=0.74, 95% CI: 0.50 to 1.08). Immunosuppressed patients diagnosed with nosocomial COVID-19 were twice as likely to die in hospital as those admitted with community-acquired infection (RR=2.14, 95% CI: 1.76 to 2.61).



Conclusions

Adults who acquire SARS-CoV-2 whilst already hospitalised are at greater risk of mortality compared to patients admitted following community-acquired infection; this finding is largely driven by a substantially increased risk of death in individuals with malignancy or who had undergone transplantation. These findings inform public health and infection control policy and argue for individualised clinical interventions to combat the threat of nosocomial COVID-19, particularly for immunosuppressed groups.
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1 Introduction

Health-care-associated infections represent an enduring and serious threat to patient safety (1, 2), and are estimated to cost the National Health Service (NHS) £1 billion each year (3). The transmission of respiratory viruses such as influenza in the healthcare environment are a well-recognized cause of significant morbidity and mortality at the individual patient level (4), however less is known regarding the significance of in-hospital (nosocomial) transmission of the novel pandemic coronavirus SARS-CoV-2 causing COVID-19 (5). Since its emergence in 2019, COVID-19 has placed enormous pressure on health-care systems worldwide. Limited availability of testing, asymptomatic infections, and an evolving understanding of routes of transmission have led to the exposure of potentially vulnerable uninfected patients in the health-care setting (6).

The first and only rapid literature review and meta-analysis conducted to date on nosocomial COVID-19 in hospitalised individuals was published in April 2020, early in the course of the pandemic, and included only 3 studies reporting prevalence (7). The UK COVID-19 Clinical Information Network (CO-CIN) estimated 31,070 nosocomial COVID-19 infections occurred in England between February and July 2020, but made no assessment of the risk of mortality (8). We recently reported our initial experience from the first wave of the COVID-19 pandemic across the nation of Wales, using data collected from 2508 hospitalised adults (9). In this observational study, inpatient mortality rates for nosocomial COVID-19 ranged from 38% to 42% and were consistently higher than participants with community-acquired infection (31% to 35%) across a range of possible case definitions. Whilst supported by other studies (10, 11), this finding contrasts with several earlier reports suggesting that nosocomial COVID-19 infection is associated with a similar risk of inpatient mortality to community acquired infection (12–14).

It is well known that individuals with pre-existing health conditions particularly ischemic heart disease, diabetes, hypertension and immunosuppression (15–17), as well as older and frailer individuals (18), are at increased risk of death from SARS-CoV-2. Such individuals are also likely to be over-represented in inpatient cohorts (19). Together, this suggests a robust assessment of the burden of mortality is urgently needed to examine the risk to patients, identify vulnerable cohorts, and direct policies to ensure improvement. We therefore performed a systematic review and meta-analysis of published and pre-print studies reporting mortality associated with probable and definite nosocomial SARS-CoV-2 outbreaks during the first wave of the COVID-19 pandemic. Our primary aim was to describe and compare case fatality rates associated with nosocomial- and community-acquired COVID-19 cases within hospitalised adults. Our secondary aims were to assess the variation in risk of mortality between patient sub-groups, the relative risk of critical care admissions, and to probe the risk of bias associated with these reports. Together, this provides a timely insight to the global burden of hospital-acquired COVID-19 and highlight key patient groups at elevated risk of mortality. Thus, although we do not provide a direct assessment of the causal contribution of nosocomial exposure to the risk of death, these findings inform public health policy and argue for enhanced infection control alongside access to post-exposure interventions for those at high risk of severe COVID-19 during their healthcare interactions.



2 Methods

We followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 (20). The study protocol was prospectively registered with Prospero (CRD42021249023), having first confirmed no similar reviews were underway.


2.1 Eligibility Criteria


2.1.1 Participants

Studies of hospitalised adults (≥16 years) within acute or long-term healthcare settings, excluding care or residential homes. We specifically focused on outcomes for hospitalised adults and excluded outcomes from health care workers with nosocomial infection, as the latter has been recently evaluated (21).



2.1.2 Exposures

We included any implicit or explicit case definition of probable or definite nosocomial acquisition as defined by the study authors, considering these further in sensitivity analyses. Patients where COVID-19 origin was unclassified were excluded. Implementation of universal screening of patients and healthcare workers, and changes to personal protective equipment have recently been reported in detail elsewhere (22) and were not further considered.



2.1.3 Comparators

The number and outcome of adults hospitalised with community-acquired SARS-CoV-2 within the same study setting.



2.1.4 Outcomes

The primary outcome was mortality of nosocomial SARS-CoV-2 infections in hospitalised adult patients and community-acquired SARS-CoV-2 infection. Secondary outcomes included rates of critical care admission, and qualitative analysis of case definitions, study timing, and variation in reporting by country of origin.



2.1.5 Study Design

Observational case series and cohort studies were included, provided they reported an outbreak of nosocomial SARS-CoV-2 (defined as ≥2 patients with likely nosocomial infection) within the hospital setting. Case reports with a single participant (high risk of bias, unable to assess proportion/risk), exclusively outpatient populations (e.g., dental practice), and non-patient populations (e.g., healthcare workers only) were therefore excluded.




2.2 Search Strategy to Identify Studies


2.2.1 Database Search Strings

Ovid Medline, Embase, and the Social Policy & Practice databases and MedRvix.org were searched from 1/1/2020 to 9/2/2021. A search string was designed that included the following concepts: [SARS-CoV-2 OR sars-cov 2 OR COVID-19 OR covid 19 OR 2019-nCoV or “COVID-19”] AND [nosocomial OR hospital-acquire* or nosocomial-acquire* OR cross infection].



2.2.2 Restriction on Publication Type

No restrictions by language were imposed, and Google Translate was used to review full text documents where required. In addition to considering full-text articles, publications available as abstract only were included if they contained sufficient information to inform the primary outcome.



2.2.3 Study Selection and Screening

Five clinicians (MJP, TJCW, SS, DS, KO, CD) independently screened titles and abstracts against inclusion criteria using Rayyan (23). MJP retrieved the full-texts, and with TJCW and SS screened these for inclusion. Conflicts were resolved by consensus. The selection process is outlined in the PRISMA flow diagram (Figure 1).




Figure 1 | PRISMA Study Flow Diagram.






2.3 Data Extraction

Data was extracted using a pre-defined spreadsheet with fields as presented in Table 1 and cross-checked for accuracy and completeness by a second reviewer. COVID-19 case diagnosis rates by country were retrieved from https://ourworldindata.org/coronavirus-source-data on 6th April 2021. Pre-print articles subsequently accepted by peer-reviewed journals were used for analysis.


Table 1 | Evidence summary table.





2.4 Assessment of Risk of Bias

Formal risk of bias on a study and outcome level were conducted using the Newcastle Ottawa Score (NOS) for cohort studies and Joanna Briggs Institute (JBI) tools for case series and prevalence studies (41), as recommended by the National Institute for Clinical Excellence (NICE) (42). Assessment was performed by 2 independent reviewers, with arbitration with a third as required. We defined adequate follow-up as ≥28 days, or complete follow-up until death or discharge, to account for the potential unequal time points in disease course at study entry between community and nosocomial patients. We considered principal areas likely to introduce bias, indicated by * in Tables 2–4, equating to a minimum score of 5 across tools. Briefly, these assessed quality of selection: a) representativeness of the average nosocomial or community-acquired covid-19 case within the patient group, b) ascertainment bias, c) sufficient description of study subjects and case definition – requiring an explicit nosocomial case definition given and applied; and quality of outcome assessment: a) sufficient follow-up, and b) adequacy of follow-up – requiring sufficient participants to have reached the pre-specified outcome at time of reporting.


Table 2 |  Risk of bias assessment - cohort studies (n = 8).




Table 3 | Risk of bias assessment - prevalence studies (n = 8).




Table 4 | Risk of bias assessment - case series (n = 5).





2.5 Data Analysis

Analysis was performed using R version 4.0.2 in RStudio (Version 1.3.959, R Foundation, Vienna, Austria) using the metafor package. Full details can be found within the online Supplementary Methods. Briefly, a random effects model was used to compare relative risk of mortality and ICU admission between patients with community-acquired and nosocomial COVID-19. Full details of the statistical methods used are available at https://cran.r-project.org/web/packages/metafor/metafor.pdf. Residual maximum likelihood (REML) was used to estimate the heterogeneity variance (τ2) (43). We conducted subgroup analyses based on classifications agreed by the reviewers reflecting the cohort best represented by the studies, i.e. in cohorts that were clinically and methodologically similar (44). Cochrane’s Q-test and I2 were used to assess the degree of inconsistency across studies (45, 46). Two-sided statistical significance was set at p<0.05. We conducted the following pre-specified sensitivity analyses:

	1: Studies providing an explicit definition of nosocomial acquisition

	2: Studies providing outcomes associated with a standardised >14-day definition for ‘definite’ nosocomial covid-19

	3A: Excluding studies with a higher risk of bias (indicated by total quality score <5)

	3B: Fulfilling all 5 core study quality domains (indicated by * within Tables 2–4).

	4: Excluding studies with imputed data (i.e., 0.5 used in place of zero-count cells)

	5: Studies utilising RT-PCR as the primary diagnostic method for SARS-CoV-2.



Additional data visualization was performed in R using the ggplot2 package.



2.6 Reporting Bias Assessment

Funnel plot and Egger’s test were used to assess for potential publication bias, supported by qualitative evaluation.



2.7 Certainty Assessment

The certainty of evidence was rated using the Grading of Recommendations, Assessment, Development and Evaluations (GRADE) approach (47) using the GRADEPro online tool, https://gradepro.org/.




3 Results


3.1 Study Selection and Characteristics

We screened a total of 1478 unique abstracts and reviewed 195 full texts to identify 67 studies describing hospital nosocomial COVID-19 outbreaks. Principal reasons for study exclusion are shown in Figure 1. A further 48 studies were excluded as they did not report mortality within both community and nosocomial-acquired COVID-19 patient groups. This left 21 studies for primary meta-analysis (9–13, 24–35, 37–40), summarised in Table 1, with both retrospective (n=14) and prospective (n=7) study designs including a range of medical and surgical patient populations. Together, these described 8251 hospitalised adults admitted between 1st March 2020 and 13th July 2020 across 7 countries, comprising 1513 (18.3%) probable or definite nosocomial COVID-19 and 6738 (81.7%) community-acquired cases. Overall mortality was 30.5% (2516/8251), with 572 deaths attributed to nosocomial COVID-19 (37.8% mortality rate) and 1944 (28.9% mortality rate) to community-acquired COVID-19. An additional study reporting the critical care admissions but without mortality by probable-nosocomial origin was identified, and is included Table 1 (36).



3.2 Study Timing in Pandemic Course and Availability of Universal RT-PCR Testing

We explored the timing of patient identification within these reports relative to national COVID-19 diagnosis rates based on publicly available data within the UK (Figure 2), and wider countries (Supplementary S2). All included studies dealt with the initial wave of the pandemic. Consistent with the early timing of these reports, no studies reported the use of universal RT-PCR screening of patients in prior to or during admission from the outset of the study, outside of the setting nosocomial outbreaks.




Figure 2 | Timing of UK studies relative to national COVID-19 rates. Plot showing the timing of individual studies included within the primary meta-analysis reporting patients within the United Kingdom (UK), relative to national daily COVID-19 case diagnosis rates January 2020 and April 2021. * The study by Carter et al. is included here as 10/11 hospital sites were within the UK.





3.3 Case Definitions

A positive reverse transcription polymerase chain reaction (RT-PCR) SARS-CoV-2 result was explicitly used as primary method of diagnosis in 17/21 studies included in the mortality meta-analysis (76%), supported by clinical-radiological features (12, 28, 40), or based upon laboratory-based diagnosis (potentially including serology) (27, 37). As shown in Table 1, a range of case definitions were employed to distinguish community-acquired and nosocomial COVID-19. A fixed interval between admission and diagnosis was employed in 14/21 (62%) ranging from >2 days (37) to >14 days (12), supplemented by additional patient-level clinical data (40) and viral whole genome sequencing (38). Seven studies primarily employed epidemiological nosocomial definitions, for instance a history of close contact with positive cases [n=3 (27, 31, 39)], or the absence of symptoms on admission with subsequent positive test [n=2 (10, 30)]. Two studies gave no explicit nosocomial case definition (24, 28). Four studies (19%) explicitly considered patients who had been recently discharged.



3.4 Risk of Bias in Studies

We screened study quality through self-identified use of reporting standards. Three (14%) reports referenced the STrengthening the Reporting of OBservational studies in Epidemiology (STROBE) statement (9, 12, 24). Tables 2–4 show the formal risk of bias assessments. Overall, 17/21 (81.0%) achieved a total score of 5 or more. Using our more stringent assessment of study quality across all core domains (indicated by *) only 9/21 (43.0%) were identified, with 80% case series, 62.5% cohort, and 37.5% of prevalence rated at high risk of bias.



3.5 Meta-Analysis of Mortality in Patients With Nosocomial Relative to Community-Acquired COVID-19

Meta-analysis using a random effects model is shown in Figure 3. Across 21 studies, the risk of mortality was 1.301 (95% CI: 1.005 to 1.683) times greater in patients with probable or definite nosocomial infection, compared to those admitted with community-acquired COVID-19 (p=0.046). Substantial heterogeneity was evident between the included studies (Q= 73.8, p < 0.0001; I2 = 81.7%, 95% CI: 60.8 to 94.5%). We performed sub-grouping by patient cohort characteristics, including an immunosuppressed sub-group comprising 3 studies reporting outcomes from adult recipients of solid-organ or bone marrow transplants, or with a diagnosis of haematological or solid-organ cancers. These 1069 patients (152 nosocomial, 917 community-acquired) showed an elevated risk of death associated with nosocomial COVID-19, relative to those with community-acquired infection: RR= 2.14, 95% CI: 1.76 to 2.61 (p<0.0001). This effect appeared consistent across the 3 studies, but with considerable uncertainty associated with estimates of heterogeneity (Q= 1.24, p= 0.54; I2 = 0.00%, 95% CI: 0.00 to 96.6%). General medical (RR = 1.14, 95% CI: 0.87 to 1.46) and geriatric admissions (RR = 1.35, 95% CI: 0.40 to 4.64) were also suggestive of an increased risk of mortality with nosocomial COVID-19 but did not reach statistical significance (p=0.360 and 0.629, respectively).




Figure 3 | Relative risk of mortality in hospitalized adults with nosocomial and community-acquired COVID-19. Forest plot assessing the relative risk (RR) and 95% confidence interval (95% CI) of mortality in adults hospitalized with community-acquired and probable nosocomial COVID-19, according to the study definitions. The size of each box is proportional to the size of the individual hospital site (A-N), with the error bars representing the 95% CIs. The diamond represents the pooled average across studies, based on a random effects (RE) model. I2: heterogeneity variance, calculated using restricted effects maximum likelihood (REML).





3.6 Meta-Analysis of Critical Care Admission

Critical care admission rates were reported in 8 studies reporting nosocomial outbreaks (11, 13, 29, 31, 32, 34, 36, 37); with a crude rate of 27/252 (10.7%) in patients with nosocomial COVID-19 compared to 359/1396 (25.7%) in those hospitalised with community-acquired COVID-19. Meta-analysis is shown in Figure 4, with the pooled relative risk indicating this trend did not reach statistical significance (RR= 0.70, 95% CI: 0.48 to 1.03).




Figure 4 | Relative risk of critical care admission in hospitalized adults with nosocomial and community-acquired COVID-19. Forest plot assessing the relative risk (RR) and 95% confidence interval (95% CI) of critical care admission in adults hospitalized with community-acquired and probable nosocomial COVID-19. The size of each box is proportional to the size of the individual hospital site (A-N), with the error bars representing the 95% CIs. The diamond represents the pooled average across studies, based on a random effects (RE) model. I2: heterogeneity variance, calculated using restricted effects maximum likelihood (REML).





3.7 Sensitivity Analysis

To challenge the robustness of our findings, we examined the effect of varying the level of certainty of nosocomial case diagnosis, study quality, and use of imputed mortality data across 6 sensitivity analyses and assessed if individual studies conferred undue influence. These suggested that no individual study had undue influence on the results (Supplementary S3). Exclusion of studies across all sub-groups led to similar point estimates for the relative risk of mortality but did not reach statistical significance in 4 of 6 pre-specified analyses (p ≥ 0.05, see Supplementary S3A). Considering the immunosuppressed subgroup, the directionality and significance of our findings remained unchanged across 5 of 6 pre-specified sensitivity analyses (Supplementary S3B). Summary statistics for age were reported in 1287/1513 (85.1%) nosocomial cases (mean 77.3 years), and 4551/6738 (67.5%) community-acquired COVID-19 admissions (mean 70.1 years). Gender was available in 1309/1513 (86.5%) nosocomial cases (49.8% male) and 4846/6738 (71.9%) community-acquired COVID-19 admissions (56.5% male). Intra-study differences in age and gender, and lack of standardised summary data for factors such as co-morbidities, frailty, ethnicity, or deprivation precluded meta-regression analysis.



3.8 Reporting Biases

We assessed for publication bias by examining the cumulative evidence distribution for our primary outcome using a funnel plot (Figure 5). Egger’s test did not suggest funnel plot asymmetry (p=0.51). Given the potentially sensitive implications of nosocomial infection (48), we hypothesised selective reporting of mortality might exist between nations. We therefore compared the frequency and origin of reports identified at the full text eligibility review stage meeting our study definition of a nosocomial outbreak (n= 67), with those including mortality as an outcome within this patient group independent of community outcomes. Overall, 38 studies included mortality as an outcome (including 5 studies without observed nosocomial deaths), equating to a mortality reporting rate of 57%. Table 5 shows variation in the rate of mortality reporting by country. Reports from the UK accounted for 21/67 (31%) of nosocomial reports and included mortality an outcome in 15/21 (71%). By contrast, reports from the United States contributed 7/67 (10%) of international reports describing nosocomial outbreaks, however none reported mortality as an outcome measure. This deviated significantly from the predicted international reporting rate (Fisher’s exact test, p = 0.0018). Together, this suggests publication bias may be present.




Figure 5 | Funnel plot. Funnel plot with pseudo 95% confidence limits showing the distribution of relative risk of mortality across individual studies. Egger’s test, p = 0.51.




Table 5 | Rates of mortality reporting in nosocomial COVID-19 outbreaks, by country of origin.





3.9 Certainty of Evidence

We assessed the quality of evidence supporting the statement: “In the general adult population, nosocomial COVID-19 is associated with a greater risk of inpatient mortality compared to individuals hospitalised with community-acquired COVID-19” as very low; and low/moderate in relation to “In an immunosuppressed adult population, nosocomial COVID-19 is associated with a greater risk of inpatient mortality compared to individuals hospitalised with community-acquired COVID-19”. Full GRADE assessment is shown in Table 6.


Table 6 | Grading of Recommendations, Assessment, Development and Evaluations (GRADE) assessment.






4 Discussion

In this systematic review and meta-analysis addressing the burden of nosocomial COVID-19, we show the case fatality rate for nosocomial COVID-19 appears greater than community-acquired COVID-19, with a relative risk of 1.301 (95% CI: 1.005 to 1.683). Strikingly, we found that patients with malignancy (11, 25) or transplant recipients (28) had approximately double the risk of dying after acquiring COVID-19 in hospital, compared to those hospitalised with community-acquired infection. This equates to a crude absolute inpatient mortality rate of 50.7% vs. 23.8% respectively, with a consistent effect across studies which proved robust to sensitivity analyses assessing multiple assumptions around the certainty of nosocomial COVID-19 diagnosis and study quality.

The convergence of widely recognized risk factors for adverse outcomes in community-acquired COVID-19 in hospitalised patient groups, such as advanced age and frailty, are likely to contribute to the exaggerated mortality burden observed with nosocomial COVID-19. A range of potential mechanisms are likely to link individuals with cancer or recipients of transplants with mortality risk from nosocomial COVID-19, including both immunosuppression linked to the underlying condition and/or treatments and exposure due to health care requirements necessitating admission to the acute hospital environment. This is convergent with the heightened risk of mortality from COVID-19 reported for individuals with inherited and acquired forms of immunodeficiency (16), and the wider susceptibility of patients with haematological malignancy across a spectrum of healthcare-associated infections (49). Individual studies suggested a relationship between mortality rates and degree of immunosuppression, with the greatest mortality rate observed in patients with haematological malignancies who had recently received chemotherapy (25). This is consistent with results from patients enrolled within the UK Coronavirus Cancer Monitoring Project, which included 227 patients with haematological malignancies diagnosed with COVID-19 (50). In this setting, recent chemotherapy approximately doubled the odds of dying during COVID-19-associated hospital admission (odds ratio: 2.09; 95% CI 1.09 to 4.08) after adjusting for age and gender; however, this study did not account for nosocomial infection (50). Conflicting outcomes in the haematopoietic stem cell transplantation (HSCT) population following COVID-19 are reported (51, 52). The largest multicentre study to date followed 318 patients, suggesting 15% of allogeneic and 13% of autologous HSCT recipients developed severe COVID-19; overall survival in both HSCT-groups was approximately 70% at 30-days following COVID-19 diagnosis (52).

Our study has several strengths. We systematically screened both the peer-reviewed and pre-print literature, leveraging the enhanced availability of full-texts by many publishers, to summarise the outcomes of 8251 adults hospitalised with COVID-19 during the first wave of the pandemic across 8 countries. This work establishes a relevant baseline for subsequent and future waves of the COVID-19 pandemic, and to our knowledge, represents the first meta-analysis of nosocomial COVID-19 mortality rates published to date. Zhou et al. reported a rapid review and meta-analysis of nosocomial infections due to a range of viral pandemic threats, but included only 3 studies with SARS-CoV-2 and did not consider mortality as an outcome (7). To support the generalisability of our findings, we included studies with implicit and explicit definitions of nosocomial COVID-19. Accordingly, we catalogued a wide spectrum of case definitions, including combined epidemiological and genomic viral sequencing (38). We controlled for this variation in case definitions within our sensitivity analyses, for instance using outcomes meeting consensus international criteria for definite nosocomial infection wherever available. Although our funnel plot did not indicate publication bias amongst studies reporting mortality, our sequential literature review process suggests variation in the frequency of mortality reporting associated with studies describing nosocomial COVID-19 outbreaks. In particular, we identified no studies reporting mortality associated with nosocomial COVID-19 infection outbreaks originating from the United States, despite the high rate of COVID-19 cases and mortality in this country to date (53). Of the 7 studies we identified reporting nosocomial COVID-19 at the full text review stage, four dealt only with incidence (54–57), whilst three reported mortality but without reference to probable origin (58–60). Whilst we cannot exclude the risk of reporting bias, given the sensitive nature of this topic (48), this observation highlights successful infection control practices. Reporting on experience from a large US academic medical centre, Rhee et al. found that despite a high burden of COVID-19, only two patients likely acquired COVID-19 during their admission (54). Generalising these practices may constitute a challenge across global health care settings acutely, for instance shortages of negative pressure isolation rooms were reported during the first wave in UK hospitals (34), but remain relevant as part of a longer-term “rebuild better” strategy.

Our study also has limitations, including its focus on hospitalised patients during the first wave of the pandemic. This is likely to introduce both selection and reporting bias, as during this period limited capacity meant RT-PCR testing was initially restricted to symptomatic individuals in the community (33, 40). Estimates of age-stratified infection fatality rates in the adult UK general population during the first wave ranged from 0.03% (20-29 years) to 7.8% (over 80 years) (61), far lower than the inpatient comparator mortality rate used in our analysis. By contrast, individuals admitted during nosocomial outbreaks were more likely to be subject to screening, resulting in sampling of individuals across the true spectrum of disease severities (29, 34), including earlier in their disease course. Our risk of bias assessment therefore focused on study inclusion and adequate follow-up as essential domains, to account for unequal disease progression at study entry between groups. It is also important to appreciate that as studies typically reported all-cause mortality - and information on age, frailty, and co-morbidities were not available at the individual patient level - the causal contribution of nosocomial COVID-19 exposure remains to be determined. Examination of linked primary care and mortality data within the United Kingdom (62, 63) suggests that COVID-19 amplifies the risk of death by a factor associated with the levels of circulating virus and an individuals’ underlying diagnoses (62). Shah et al. describe how active SARS-CoV-2 infection often led to decisions to forgo anticancer treatment in hospitalised patients with haematological malignancies (51). Together this illustrates the intricate relationship by which nosocomial circulation of SARS-CoV-2 and comorbidities together contribute to increase the risk of mortality. Surveillance schemes based on standardised case definitions, assessment of co-morbidities, and estimation of excess mortality are required to better explore this relationship.

In conclusion, we systematically gathered data from the international literature to describe the risk of inpatient mortality associated with nosocomial and community COVID-19. In particular, we strengthen observational evidence indicating individuals with malignancy or transplant recipients are at markedly elevated risk of death when infected by SARS-CoV-2 in hospital, compared to the community. This maybe underestimated due to consideration of only hospitalised individuals. With the continued occurrence of new viral variants with enhanced transmissibility and severity, SARS-CoV-2 appears likely to become an endemic virus. Our findings are likely of ongoing significance despite vaccination, given confirmation of an impaired SARS-CoV-2 vaccine response in multiple patient groups (64–67). Meanwhile, vaccination does not provide sterilising immunity in the immunocompetent, with vaccinated healthcare workers demonstrated to shed SARS-CoV-2 virus (68), creating conditions for continued nosocomial transmission. Together, these findings inform policy makers by strongly advocating continued public health surveillance, stringent infection control measures (54), and access to individualised clinical interventions such as pre- or post-exposure immuno-prophylaxis with monoclonal antibodies targeting the anti-SARS-CoV-2 spike protein (69, 70) to combat the threat of nosocomial COVID-19.
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Coronavirus disease 2019 (COVID-19) has resulted in a global pandemic, challenging both the medical and scientific community for the development of novel vaccines and a greater understanding of the effects of the SARS-CoV-2 virus. COVID-19 has been associated with a pronounced and out-of-control inflammatory response. Studies have sought to understand the effects of inflammatory response markers to prognosticate the disease. Herein, we aimed to review the evidence of 11 groups of systemic inflammatory markers for risk-stratifying patients and prognosticating outcomes related to COVID-19. Numerous studies have demonstrated the effectiveness of neutrophil to lymphocyte ratio (NLR) in prognosticating patient outcomes, including but not limited to severe disease, hospitalization, intensive care unit (ICU) admission, intubation, and death. A few markers outperformed NLR in predicting outcomes, including 1) systemic immune-inflammation index (SII), 2) prognostic nutritional index (PNI), 3) C-reactive protein (CRP) to albumin ratio (CAR) and high-sensitivity CAR (hsCAR), and 4) CRP to prealbumin ratio (CPAR) and high-sensitivity CPAR (hsCPAR). However, there are a limited number of studies comparing NLR with these markers, and such conclusions require larger validation studies. Overall, the evidence suggests that most of the studied markers are able to predict COVID-19 prognosis, however NLR seems to be the most robust marker.




Keywords: biomarkers, COVID-19, inflammation, inflammatory markers, prognosis, SARS-CoV-2



1 Introduction

Coronavirus disease 2019 (COVID-19) has emerged as a global challenge of the modern healthcare systems, resulting in more than 177 million confirmed cases and nearly 4 million deaths (1–3). Severe acute respiratory syndrome-coronavirus 2 (SARS-CoV-2) infection can involve various organs and produce a wide range of symptoms (4–9). Multiple organ involvement is thought to occur due to the almost universal distribution of angiotensin-converting enzyme 2 (ACE-2) that attaches to SARS-CoV-2 spike (S) protein receptor binding domain (RBD) and type 2 transmembrane serine proteases (TMPRSS2) that cleaves the S protein. It is thought that both these molecules may initiate immune evasion through various mechanisms (10–13).

It is well-documented that inflammatory mechanisms play a principal role in COVID-19-related organ dysfunction and mortality (14, 15). Patients with COVID-19 typically have higher inflammatory cytokines such as IL-6 and TNF-α compared with healthy individuals (16). Furthermore, patients with COVID-19 experience elevated levels of serologic indicators of inflammation, such as C-reactive protein (CRP), erythrocyte sedimentation rate (ESR), lactate dehydrogenase (LDH), and procalcitonin (17, 18). These inflammatory cytokines may also alter the levels of various blood cell lineages and notably cause lymphocytopenia (18, 19). This hyperinflammation plays an important role in viral pathogenesis. However, it is also possible to use this proinflammatory response to risk-stratify COVID-19 patients at high risk of developing severe disease and respiratory complications (20).

Historically, markers of inflammation were used to successfully prognosticate patients with inflammatory diseases and, in particular, various types of cancers (21–25). Previous studies examined the role of inflammatory markers in other infectious diseases and demonstrated their ability to risk-stratify patients (26). Herein, we aimed to review the evidence for the effectiveness of systemic inflammatory markers in risk-stratifying patients and prognosticating outcomes related to COVID-19. The markers include neutrophil to lymphocyte ratio (NLR) and derived NLR (d-NLR), platelet to lymphocyte ratio (PLR), lymphocyte to monocyte ratio (LMR), lymphocyte to CRP ratio (LCR), fibrinogen to prealbumin ratio (FPR) and albumin to fibrinogen ratio (AFR), CRP to albumin ratio (CAR) and CRP to prealbumin ratio (CPAR), Glasgow prognostic score (GPS), modified GPS (mGPS), high-sensitivity mGPS (HS-mGPS), prognostic index (PI), prognostic nutritional index (PNI), systemic immune-inflammation index (SII), and interferon-alpha-inducible protein 27 (IFI27).



2 Inflammatory Markers


2.1 Neutrophil to Lymphocyte Ratio and Derived NLR

NLR is defined as the absolute neutrophil count (ANC)/absolute lymphocyte count (ALC) (27–29). d-NLR has a similar definition to NLR, calculated as ANC/(White blood cells (WBC) total count − ANC) (30). If we consider monocyte, basophil, and eosinophil levels as negligible (which are mostly not), the definition of these two markers would be equal. Earlier studies found links to higher NLR or d-NLR in chronic conditions with low-grade inflammatory nature, such as obesity, hypertension, diabetes mellitus, metabolic syndrome, atherosclerotic events of the heart and brain, and various cancers, although previous literature studied NLR more than d-NLR (27–29, 31–33). These underlying diseases are considered as risk factors for severe COVID-19 (2, 34, 35).

Since the beginning of the pandemic, studies have investigated the role of NLR in COVID-19 prognostication and its utility as a biomarker. NLR has been reported to prognosticate mortality, progression to severe disease, risk of intubation, risk of severe disease in intubated patients, days intubated, ICU admission, and longer intensive care unit (ICU) admission (30, 36–57). Two meta-analyses of n = 19 and n = 13 studies found significant associations between higher NLR and COVID-19 severity and mortality (58, 59). Furthermore, patients with higher NLR appear to have more comorbidities and, therefore, are more prone to severe COVID-19 (36). Even in patients with comorbidities, NLR might maintain its predictive ability for COVID-19 severity. For instance, NLR significantly predicted COVID-19 severity and survival in hospitalized patients with different types of cancers (60, 61). It has been suggested that each increased NLR unit resulted in an 8% higher mortality in COVID-19 patients (45).

A temporal analysis showed that on-admission NLR correlates well with the need for ICU and poor outcomes, and can be a potential risk-stratification tool. However, the clinical utility of NLR was lost in week 3 post-admission (62). The best predictive value of NLR can be achieved at its peak compared with its on-admission values (63). Concurrently, another study on the temporality of NLR found that day 7 measurement of NLR could significantly predict those requiring invasive mechanical ventilation and mortality, while measurement of day 1 NLR could not (64). In summary, on-admission NLR could predict COVID-19 prognosis. This predictive ability increases for a few days after admission, when NLR reaches its peak. However, NLR gradually loses its predictive ability as the patient recovers from COVID-19 and an associated reduction in inflammation. Finally, at week 3 post-admission, NLR loses its clinical utility to prognosticate severe COVID-19 outcomes.

Five studies proposed the ability of NLR to assist COVID-19 diagnosis (49, 65–68). They defined assisting COVID-19 diagnosis as significantly higher levels of NLR in individuals with COVID-19 compared with healthy controls. However, none of the studies mentioned how and due to what situations NLR can be integrated into COVID-19 diagnosis. Two other markers have been reported to be predictive for COVID-19 disease severity and mortality: granulocyte to lymphocyte ratio (69) and d-NLR (30, 70, 71).


2.1.1 NLR in Comparison With Other Markers

In Tables 1, 2, we compared NLR to other reported markers for COVID-19. We seperated the variables into those that have been reported for COVID-19 diagnosis and disease severity. Table 1 summarizes the studies comparing NLR to only LMR, PLR, and d-NLR. NLR had the highest predictive value compared with LMR, PLR, and d-NLR in most of the studies for severe COVID-19 parameters—disease severity, ICU admission, progression to acute respiratory distress syndrome (ARDS), need for mechanical ventilation, duration and expense of hospital stay, time to negative PCR, and mortality.


Table 1 | Studies comparing NLR to only PLR, LMR, and d-NLR among different measured variables.




Table 2 | Studies comparing NLR with other biomarkers (studies involving discussed markers other than PLR, LMR, and d-NLR) among different measured variables.



We first compared disease severity reported by seven studies (Table 1) (30, 53, 59, 71–74). One of these was a meta-analysis of 20 studies, 19 on NLR and 5 on PLR, that found a correlation between higher NLR and PLR with disease severity. However, the mean standardized difference (SMD) for NLR was higher than PLR (2.80 versus 1.82) (59). Five of the six remaining studies found NLR superior to d-NLR, PLR, and LMR (30, 53, 71–74). The other study found d-NLR to be the only predictive marker in the univariate but not multivariate analysis among these four. NLR, PLR, and LMR did not correlate with disease severity (71).

NLR, PLR, and LMR could predict ICU admission in hospitalized patients; however, NLR (AUC: 0.861) could predict ICU admission better than PLR (AUC: 0.715) and LMR (AUC: 0.705) (75). Sun et al. concluded similarly and stated that only NLR correlated with the risk of ICU admission, while LMR and PLR did not (53). NLR, monocyte to lymphocyte ratio (MLR), and PLR could all predict progression to ARDS (65). Higher NLR could predict the need for mechanical ventilation (p = 0.003), but PLR was similar between patients requiring ventilation and those not (p = 0.41) (76).

NLR outperformed in prognosticating mortality compared with PLR (61, 66, 77, 78) and LMR (77). Three studies comparing NLR and d-NLR found that both could predict mortality (70, 77, 81).

While NLR had a greater predictive power for severe COVID-19 parameters, it did not seem to correlate with COVID-19 diagnosis compared with PLR and LMR. The studies defined correlating with COVID-19 diagnosis as having significantly different levels in COVID-19 positive and negative patients. Five studies compared NLR, PLR, and LMR based on their diagnostic ability (Table 1) (49, 65–68). Lissoni et al. specifically compared intubated COVID-19 patients and healthy individuals. They concluded that lower LMR, higher NLR, and higher PLR were observed in intubated patients with COVID-19 compared with healthy controls (49). Among the remaining four studies, NLR correlated better than PLR in two studies (66, 68) and worse in two others (65, 67). Only one of these studies contained the MLR, the inverted LMR variable (65). In this study, MLR had the highest AUC to differentiate healthy individuals from COVID-19 patients (0.892), followed by PLR (0.748) and NLR (0.722) (65). Overall, NLR was not superior to LMR and PLR in assisting diagnosis, but data are insufficient on this part to determine the best marker.

Only nine studies compared NLR to markers other than PLR, LMR, and d-NLR (61, 64, 68, 70, 71, 79–82) (Table 2). These studies provide valuable evidence but are not sufficient for an extensive assessment. Five of these studies measured NLR and SII (61, 68, 70, 71, 81), two of them without the possibility to compare the predictive ability of NLR and SII (61, 70). These two studies—one of them in cancer patients—found that NLR, d-NLR, SII, PNI, and mGPS could predict COVID-19 mortality, but it was not possible to determine the best predictive marker in these studies (61, 70). SII was superior to NLR in all the other three remaining studies comparing NLR and SII (68, 71, 81); one study related COVID-19 diagnosis (68), one for disease severity (71), and one for mortality (81). SII was also superior to d-NLR, MLR, and PLR in predicting mortality, with a small hazard ratio (HR = 1.0001, p = 0.029) (81).

Xue et al. concluded that hsCAR, hsCPAR, and PNI predicted COVID-19 severity in the multivariate analysis, while d-NLR and SII only correlated in the univariate analysis. NLR, LMR, PLR, and AFR could not predict severe COVID-19 (71). This study concluded the superiority of hsCAR, hsCPAR, and PNI. PNI was superior to NLR in predicting mortality and CAR in predicting disease severity, each in one study (79, 82).

In the study of Lagunas-Rangel, NLR was superior to LCR in predicting disease severity (SMD: NLR = 2.404, LCR = −0.912), although both were significant predictors (P: NLR = 0.001, LCR < 0.001) (80).

Altogether, these data suggest that some markers might produce more promising results than NLR, such as SII, PNI, CAR and hsCAR, and CPAR and hsCPAR. However, these markers are less studied compared with NLR. Although this section contained some of the comparison of other variables, a detailed discussion on each marker follows.




2.2 Platelet to Lymphocyte Ratio

PLR could help in diagnosing COVID-19. Four studies found a significant difference in the PLR of patients with positive SARS-CoV-2 compared to healthy individuals (49, 65–67), while only one concluded against this (68).

Two meta-analyses confirmed the effectiveness of higher PLR on predicting COVID-19 severity (59, 83). Higher PLR also correlated with an increased risk of severe disease in intubated COVID-19 patients (49). This ability to predict disease severity seemed to be optimal at its peak. PLR at peak could predict disease severity in the multivariate regression analysis; however, PLR at admission did not correlate with disease severity in the univariate analysis (84). Two studies studied the ability of PLR to predict ICU admission, and they produced conflicting results on this matter (53, 75).

Although PLR could predict disease severity in most of the studies, it was not able to predict mortality (61, 66, 77, 78), one specifically in cancer patients (61). Similarly, another study concluded that PLR is only slightly prognostic in predicting mortality in the univariate analysis among hospitalized patients (p < 0.001), but not in the multivariate analysis (p = 0.154) (82).

Owing to all the strengths of PLR in predicting various COVID-19-related parameters, it is a potentially suitable marker to triage COVID-19 patients. However, it seems to lack potentials to predict mortality and have a lower ability than NLR to predict several parameters.



2.3 Lymphocyte to Monocyte Ratio

Unlike neutrophil and monocyte count, a decrease in lymphocyte count correlated to multiorgan injury in COVID-19 patients (85). This was shown by Kazancioglu et al recently. However, in their study, monocyte count only correlated to SARS-CoV-2 infection but not severity (69). These studies provide the hypothetical bases for the prognostic value of LMR in COVID-19, as well as NLR and PLR.

Two studies compared the effectiveness of LMR in COVID-19 diagnosis, both finding a significant relationship between LMR and testing positive for SARS-CoV-2. In one of them, MLR (AUC: 0.892) was the best predictor compared with NLR and PLR, and 0.23 was declared the best MLR cutoff point (65). In another, significantly lower LMR was observed in intubated COVID-19 patients compared with healthy controls (49).

LMR did not correlate with disease severity in most studies (30, 71, 73, 74) except two (53, 72). Liu et al. showed that higher LMR could only significantly predict disease severity in the univariate analysis and also did not correlate with a longer hospital stay, higher hospital costs, and longer time to negative PCR (72). LMR could prognosticate progression to ARDS (65).

In two studies examining the ability to predict ICU admission, LMR did not correlate in one (53), and correlated but was inferior to NLR and PLR in the other (75). Data are limited regarding the ability of LMR to predict COVID-19 mortality; however, a study concluded the ineffectiveness of LMR in prognosticating this parameter (77).

LMR might have limited benefits in prognosticating COVID-19 (86), but its abilities seem to be lower than NLR and PLR, especially in predicting disease severity, ICU admission, and mortality. However, we encourage future studies to pursue the ability of LMR to recognize SARS-CoV-2 positive patients, as it demonstrated promises.



2.4 Lymphocyte to C-Reactive Protein Ratio

A limited number of studies examined this marker. The most important article on this is perhaps a meta-analysis on the role of LCR in predicting disease severity. They found a significantly lower LCR in patients with severe disease (SMD = −0.912, p < 0.001); however, it was less predictive compared with NLR (SMD = 2.404, p = 0.001). They based their results on five studies for each marker (80).

Higher LCR on day 1 predicted the need for ICU admission (adjusted OR: 3.1, p = 0.003) and invasive mechanical ventilation (adjusted OR: 2.5, p = 0.009), but could not predict in-hospital mortality (p = 0.60) and requiring dialysis (p = 0.44). Nevertheless, lower LCR on day 7 only correlated with an increased in-hospital mortality risk (adjusted OR: 0.1, 95% CI = 0.01–0.30, p < 0.0001) but not with the other factors (64).



2.5 Fibrinogen to Prealbumin Ratio and Albumin to Fibrinogen Ratio

Similar to most of the discussed markers, studies demonstrate a prognostic role for FPR and AFR in some cancers and other diseases with inflammatory pathophysiology (87–89). Nevertheless, only a few articles studied them to determine COVID-19 disease severity.

Lower AFR correlated with severe COVID-19 in univariate analysis (p < 0.0001), but not multivariate analysis (p = 0.079) (71). However, fibrinogen to albumin ratio (FAR), remained significant in predicting disease severity in the multivariate analysis in another study (HR = 4.058, 95% CI = 1.246–13.222, p = 0.020) (90).



2.6 C-Reactive Protein to Albumin Ratio and C-Reactive Protein to Prealbumin Ratio

CAR could predict disease severity in two studies (79, 91): one comparing it with NLR and finding a higher OR for CAR (OR = 17.652, p = 0.001) than NLR (OR = 1.512, p = 0.007) (79). However, the other study did not find as large an OR for CAR (1.264, p = 0.037) (91).

hsCAR and hsCPAR differ from their counterparts as they utilize high-sensitivity CRP (92). Xue et al. found that on-admission hsCAR, hsCPAR, and PNI significantly correlated with severe COVID-19 in the multivariate analysis among several other markers (NLR, LMR, FPR, PLR, SII, AFR). Furthermore, among these markers, only hsCPAR and hsCAR correlated with hospital stay length (71). In the Oh et al. study, hsCAR could also predict in-hospital mortality in adults older than 65 years of age after adjusting for confounders (92).

Taken together, CAR and CPAR seemed promising in predicting disease severity, mortality, and length of hospital stay in all the studies, although we only identified four studies. Furthermore, a small study hailed prealbumin and CRP as potential markers to effectively triage patients in the early stages, and prealbumin seemed to be more effective (93).



2.7 Glasgow Prognostic Score, Modified GPS, and High-Sensitivity mGPS

GPS constitutes two main serum components, CRP and albumin levels, both having a potential of 0 or 1 score. CRP >10 mg/L and albumin <3.5 mg/dl receive one point each, and the score classifies the patients into three total scores of 0, 1, or 2. mGPS does not allocate a score to hypoalbuminemia without a rise in CRP to above 10 mg/L. hs-mGPS provides a similar classification to mGPS with a lower CRP threshold (>3 mg/L) (94, 95). These markers also have proven roles in predicting various cancers (94, 95).

In a study of 397 patients with COVID-19, no deaths occurred among 40 patients with hs-mGPS score of 0, while 10/263 (3.80%) and 24/94 (25.53%) of patients scoring 1 and 2 died, respectively (70). Concurrently, Dettorre et al. found that mGPS was able to foretell the overall survival of hospitalized cancer patients infected with COVID-19 (11.4%, 30.4%, and 50.6% for mGPS = 0 to mGPS = 2, respectively; p < 0.0001) (61). These two studies found promising results for mGPS and hs-mGPS and set the grounds for future research to better identify its effectiveness.



2.8 Prognostic Index

PI is similar to the GPS, only differing in the WBC component. WBC >11,000/µl and CRP >10 mg/L contribute to this scoring system of 0 to 2 (22).

We could only find one study discussing this marker in COVID-19. In that study, PI was able to predict the survival of cancer patients infected with COVID-19 (9.1%, 40%, and 50%, for scores of 0 to 2), similar to NLR, PNI, and mGPs. PI seemed superior to PLR in the study. Patients categorized in the poor-risk group (PI = 2) had 23 days median overall survival, while patients with favorable scores did not reach the required follow-up duration (all p-values less than 0.0001) (61).



2.9 Prognostic Nutritional Index

Onodera et al. proposed PNI as an immune-nutritional risk score for malnourished cancer patients undergoing for gastrointestinal surgery, formulizing it as serum albumin concentration (g/L) + 0.005 × total lymphocyte count (per mm3 of peripheral blood) (96, 97). This marker later demonstrated its effectiveness in prognosticating several types of cancer (98).

Three studies investigated the relationship between COVID-19 mortality and PNI, all showing significant correlations (61, 70, 82). Two studies were on hospitalized COVID-19 patients (70, 82) and another on patients with cancer (61). PNI also predicted disease severity better than other markers in the study of Xue et al., alongside hsCAR, and hsCPAR. Together, they were put into a nomogram that could predict disease severity well (C-index = 0.873) (71).

PNI successfully predicted disease severity and mortality in all the four studies examining it; therefore, it can be a suitable candidate for follow-up studies.



2.10 Systemic Immune-Inflammation Index

SII is defined as platelet count × NLR (99). SII remained a reliable predictor in most of the conducted studies on COVID-19 so far. Usul et al. found its superior predictive ability than NLR and PLR in COVID-19 diagnosis, as its values were significantly different in SARS-CoV-2-positive and -negative individuals. The proposed SII for helping in the COVID-19 diagnosis was 479.1 (68).

Xue et al. studied the relationship between several markers and disease severity. They found that SII could significantly predict disease severity in the univariate but not the multivariate analysis, inferior to hsCAR, hsCPAR, and PNI, but still better than several markers, such as NLR (71).

Two studies studied SII in predicting mortality, both finding significant correlations (70, 81). One of them found that SII was the only significant marker in the multivariate analysis, superior to NLR and d-NLR, but with a slight hazard ratio (HR = 1.0001, p = 0.029) (81).



2.11 Interferon-Alpha Inducible Protein 27

IFI27 is a part of the innate immune system highly induced by interferon (IFN)-α (100). High expression of IFI27 may also induce cell proliferation and invasion and reduce apoptosis, making it a possible oncogene (100, 102).

Type I IFN deficiency can be a marker of severe COVID-19 (103). Some of the IFN-stimulated genes (ISGs) like IFI27 were upregulated in patients with COVID-19 (104–107) and later downregulated in the recovery process (108, 109). IFI27 was overexpressed in various cell lineages of SARS-CoV-2-infected patients compared with healthy controls (110). In another study, IFI27 demonstrated a higher than two-fold upregulation in A549 and normal human bronchial epithelial (NHBE) cells infected with SARS-CoV-2 (111). Shaath et al. analyzed the bronchoalveolar lavage of 10 individuals. IFI27 was among the genes upregulated in the peripheral blood mononuclear cells (PBMC) of severe and mild COVID-19 patients, compared with two healthy controls (112).

IFI27 might also help distinguish COVID-19 from other acute respiratory illnesses and some viral diseases such as Ebola, SARS, MERS, and H1N1, as SARS-CoV-2, even at low loads, induced IFI27 more than other viruses (113, 114).

There is a lack of robust clinical evidence concerning IFI27-related prognostic value for COVID-19; however, ISGs and, particularly, IFI27 seem to be interesting for conducting further studies.




3 Conclusion

NLR seems to have the highest prognosticating potential among the biomarkers discussed in this study, because of its predictive value and availability for data across multiple studies, including meta-analyses. Therefore, this amplitude of evidence might increase its reliability to risk-stratify patients and help medical decision-making. Nevertheless, some other markers might also be promising, such as SII, PNI, CAR and hsCAR, and CPAR and hsCPAR, but other aspects of their prognostication need to be further studied (Figure 1). Careful comparisons require future meta-analyses.




Figure 1 | Systemic inflammation markers discussed in this study. NLR is illustrated in the middle as it was the most studied marker with strong prognosticating capabilities. However, some of the less studied markers reviewed in the study might have the potential to overtake the predictive value of NLR. NLR, neutrophil to lymphocyte ratio; d-NLR, derived NLR; PLR, platelet to lymphocyte ratio; LMR, lymphocyte to monocyte ratio; LCR, lymphocyte to C-reactive protein ratio; FPR, fibrinogen to prealbumin ratio; AFR, albumin to fibrinogen ratio; CAR, C-reactive protein to albumin ratio; CPAR, C-reactive protein to prealbumin ratio; GPS, Glasgow prognostic score; mGPS, modified GPS; hs-mGPS, high-sensitivity mGPS; PI, prognostic index; PNI, prognostic nutritional index; SII, systemic immune-inflammation index; IFI27, interferon-alpha inducible protein 27.



Several studies discussed the markers for specific subgroups, such as patients with underlying diabetes or cancer. Many of these conditions might be inflammatory in nature, and they might hypothetically alter the effectiveness of some markers.

The need for risk-stratifying COVID-19 patients also encouraged some researchers to design new markers for this purpose that should be examined in studies, such as COVID-19 severity-Iraqi index (CSI) measured by MLR × lactate dehydrogenase (LDH)/upper normal LDH value (115). Another study hypothesized combining functional and nutritional indices with the well-known CURB-65 pneumonia severity index (116).

Some of the presented markers may only require a complete blood count with differentials, a cheap and straightforward test. The other markers also require routine and widely available laboratory tests. Therefore, stratifying the risks of patients using these methods has the potential of being widely available.

Some important pitfalls and limitations exist that future research need to address. First, studies need to estimate the cost-effectiveness of triaging the patients with these biomarkers, as almost all of them seemed to be useful to various degrees. Second, there is a lack of sufficient evidence for many of these biomarkers. Some of these markers have the potential to be better prognosticators than NLR, but need further studies to confirm their abilities and provide sufficient evidence. Third, we encourage researchers to hypothesize novel biomarkers best-fitted to COVID-19 pathophysiology and test their hypotheses to understand their effectiveness. We also encourage future research on specific subgroups with certain underlying conditions, as the most suitable biomakers for those groups might differ from the overall population. At last, various COVID-19 variants are showing different specific outcomes of morbidity and mortality (117). Therefore, we suggest future researchers to update the findings related to systemic inflammatory markers specifically for emerging variants.
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Disease caused by SARS-CoV-2 coronavirus (COVID-19) led to significant morbidity and mortality worldwide. A systemic hyper-inflammation characterizes severe COVID-19 disease, often associated with acute respiratory distress syndrome (ARDS). Blood biomarkers capable of risk stratification are of great importance in effective triage and critical care of severe COVID-19 patients. Flow cytometry and next-generation sequencing were done on peripheral blood cells and urokinase-type plasminogen activator receptor (suPAR), and cytokines were measured from and mass spectrometry-based proteomics was done on plasma samples from an Indian cohort of COVID-19 patients. Publicly available single-cell RNA sequencing data were analyzed for validation of primary data. Statistical analyses were performed to validate risk stratification. We report here higher plasma abundance of suPAR, expressed by an abnormally expanded myeloid cell population, in severe COVID-19 patients with ARDS. The plasma suPAR level was found to be linked to a characteristic plasma proteome, associated with coagulation disorders and complement activation. Receiver operator characteristic curve analysis to predict mortality identified a cutoff value of suPAR at 1,996.809 pg/ml (odds ratio: 2.9286, 95% confidence interval 1.0427–8.2257). Lower-than-cutoff suPAR levels were associated with a differential expression of the immune transcriptome as well as favorable clinical outcomes, in terms of both survival benefit (hazard ratio: 0.3615, 95% confidence interval 0.1433–0.912) and faster disease remission in our patient cohort. Thus, we identified suPAR as a key pathogenic circulating molecule linking systemic hyperinflammation to the hypercoagulable state and stratifying clinical outcomes in severe COVID-19 patients with ARDS.
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Introduction

The ongoing pandemic caused by the severe acute respiratory syndrome causing coronavirus 2 (SARS-COV-2) has resulted in close to 215 million documented infections and close to 4.5 million deaths. The respiratory disease caused by SARS-COV-2, or COVID-19, progresses to acute respiratory distress syndrome (ARDS), often with fatal outcomes, in some patients (1). Severe COVID-19 is characterized by systemic hyper-inflammation, the key manifestations being a systemic cytokine deluge and an abnormal myeloid expansion among circulating immune cells (2–5). In addition to the hyper-inflammation, patients with severe COVID-19 also present with intravascular coagulation as well as abnormal complement activation (6–9). Thus, the systemic cytokine surge, a hypercoagulable state, and tissue damage mediated by complement activation are the three established pathogenic triads in these patients. Risk-stratifying biomarkers, which can be probed early enough in severe COVID-19 patients, can be useful as pre-assessors for effective triage or intensive care in low-resource settings.

Single-cell RNA sequencing (scRNAseq) studies in severe COVID-19 revealed an abnormally expanded circulating myeloid cell compartment as well as an enriched expression of urokinase-type plasminogen activator receptor (PLAUR gene, expressing uPAR protein) (3, 4). UPAR (or CD87) is a glycosylphosphatidylinositol (GPI)-anchored receptor present on the surface of various cells, including immune cells, viz., monocytes, macrophages, and neutrophils. Cell-surface uPAR binds uPA and transforms plasminogen into plasmin, which in turn affects fibrinolysis and clot resolution as well as initiates a proteolytic cascade to degrade the components of the ECM (10–12). UPAR also lies within the complex regulatory network of the complement activation and complement-mediated pathogen or host cell clearance (11–13).

Increased plasma abundance of soluble uPAR has been documented widely in chronic inflammatory contexts (6); thus, it is also proposed to be a potential pathogenic molecule involved in the acute systemic hyper-inflammation in COVID-19 (10, 14). In a cohort of COVID-19 patients from India, originally recruited for a randomized control trial on convalescent plasma therapy, we found significantly high plasma levels of soluble uPAR in severe COVID-19 patients early in the course of severity, which correlated with an expanded myeloid cell compartment in circulation. A characteristic proteomics signature of activation of coagulation cascade as well as complement activation was found to be associated with higher plasma concentrations of suPAR, as were specific immune-related pathways enriched in peripheral blood transcriptome analysis. Finally, we found that patients suffering from ARDS in severe COVID-19 but with plasma levels of suPAR below a computed cutoff value registered significantly more favorable disease outcomes.



Materials and Methods


Patient Characteristics

COVID-19 patients with mild symptoms (N = 16) or ARDS (N = 77) were recruited at the ID & BG Hospital, Kolkata, India (detailed group-wise characteristics are depicted in Supplemental Table 1). Peripheral blood sampling in EDTA was done on the day of enrolment with due ethical approval from the institutional review boards of ID & BG Hospital, Kolkata, India (IDBGH/Ethics/2429), and CSIR-Indian Institute of Chemical Biology, Kolkata, India (IICB/IRB/2020/3P), in accordance with the Helsinki Declaration. The ARDS patients were recruited as part of a randomized control trial (CTRI/2020/05/025209) which has been completed and published as a preprint (15).



Flow Cytometry

Plasma was isolated from the EDTA blood samples by centrifugation and cryostored. The whole-blood cell pellets were treated with 1 ml red blood cell (RBC) lysis buffer, and the RBC-depleted leukocytes were fixed with 1% paraformaldehyde before staining with the indicated fluorophore-tagged antibodies (BD Biosciences). The stained cells were acquired in a FACS ARIA III flow cytometer, and data were analyzed on FlowJo™ software.



RNA Isolation From Nasopharyngeal Swab Samples and RT-PCR

RNA from nasopharyngeal swab samples in TRIzol was extracted using the chloroform-isopropanol method. RT-PCR for SARS-CoV-2 detection was performed using the STANDARD M nCoV Real-Time Detection kit (Cat No. 11NCO10, SD Biosensor), as per the manufacturer’s protocol. The kit suggested using the cutoff of Ct value 36 for the SARS-CoV-2 genes (RdRp and E gene) and the performance of the human positive control gene to declare a sample as SARS-CoV-2 positive. CY5-labeled Internal Control is used as a positive control. CT values are presented as average of the same for the two viral genes.



SARS-CoV-2 Surrogate Virus Neutralization Assay

Neutralizing antibodies against SARS-CoV-2 in plasma samples from COVID-19 patients were detected using GenScript SARS-CoV-2 Surrogate Virus Neutralization kit (Cat no. L00847). Assay was performed according to the manufacturer’s protocol.



Single-Cell RNA Sequencing Data Analysis

scRNA sequencing data were obtained from the publicly available GEO Datasets (accession numbers—GSE163668, GSE145926, and GSE168710 (5, 16, 17). For GSE163668, the study involved scRNA sequencing of a whole-blood sample of three patients with severe COVID-19 (GSM4995425) and two patients with mild/moderate COVID-19 (GSM4995426). For GSE145926, the study involved sequencing of all cells derived from the bronchoalveolar lavage fluid of three mild and six severe COVID-19 patients. For GSE168710, the study protocol depicted that isolated monocytes from the peripheral blood of four healthy donors were differentiated into macrophages with M-CSF treatment. Following this, the macrophages were cultured with IFN-β, IL-4, TNF-α, and IFN-γ, in combination or alone, in the presence or absence of synovial fibroblasts as indicated in the TSNE plots, before being subjected to scRNA sequencing. We analyzed the sequencing data from all three GEO datasets using the Seurat R package version 4.0 (18). The “LogNormalize” method was used for data normalization followed by identification of the top 4,000 variable features using the “vst” method and “FindVariableFeatures” function. Next, the “ScaleData” function was used for scaling the data. Principal component analysis was performed on the scaled data for dimensionality reduction using the “RunPCA” function, followed by clustering using the “FindNeighbours” and “FindClusters” functions. A TSNE plot of the data was generated using the “RunTSNE” function, and the “FeaturePlot” function was used to depict the expression of the indicated features on the TSNE plot. Finally, the target subset of interest characterized as HLA-DRAlowITGAXhigh cells was selected and the expression of the “PLAUR” gene in these cells was visualized on the TSNE plot. The codes are available in the Supplemental File.



Multiplex Cytokine Analysis

Plasma was isolated from peripheral blood of patients collected in EDTA vials. Cytokine levels (pg/ml) were measured in cryostored plasma using the Bio-Plex Pro Human Cytokine Screening Panel 48-Plex Assay (Bio-Rad, Cat No. 12007283), using the manufacturer’s protocol. Data for cytokines with detectable levels in at least 70% of the ARDS patients were analyzed and have been previously analyzed in the context of the convalescent plasma RCT, as noted before.



ELISA for Soluble uPAR in Plasma

Soluble uPAR levels were measured in cryostored plasma using an ELISA kit for measuring the human protein (Human uPAR ELISA kit, Invitrogen, Cat no. EHPLAUR), following the manufacturer’s protocol. Quantitation of the plasma concentrations was derived from the OD values at 450 nm, measured on an ELISA plate reader (Bio-Rad), using a standard supplied by the manufacturer.



Sample Preparation for Proteomics Analysis

Ten microliters of plasma was diluted to 100 μl with phosphate buffer, and protein precipitation was done by addition of 400 μl of acetone and incubation at 25°C for 2 min, followed by centrifugation at 10,000 g for 5 min. The pellets were air dried and suspended in 100 mM Tris–HCl buffer (pH 8.5). Protein estimation was performed using Bradford assay (Sigma-Aldrich, USA). For proteomics analysis, 20 μg of protein was reduced by addition of 25 mM of dithiothreitol (Sigma-Aldrich, USA) and incubated at 60°C for 30 min. Cysteine alkylation was performed by addition of 55 mM iodoacetamide (Sigma-Aldrich, USA) and incubated in the dark for 30 min at room temperature. Samples were digested with trypsin (V511A, Promega) with an enzyme-to-substrate ratio of 1:10 for 16 h at 37°C. The reaction was terminated with 0.1% formic acid and dried under vacuum. Peptide cleanup was done using an Oasis HLB 1-cc Vac cartridge (Waters).



Mass Spectrometric Proteomics Analysis

DIA-SWATH analysis for the samples was done on a quadrupole-TOF hybrid mass spectrometer (TripleTOF 6600, Sciex, USA) coupled to a nano-LC system (Eksigent NanoLC 425). Four micrograms of these peptides was loaded on a trap column (ChromXP C18CL 5 μm 120 Å, Eksigent) where desalting was performed using 0.1% formic acid in water with a flow rate of 10 μl/min for 10 min. Peptides were separated on a reverse-phase C18 analytical column (ChromXP C18, 3 μm 120 Å, Eksigent) in a 57-min gradient of buffer A (0.1% formic acid in water) and buffer B (0.1% formic in acetonitrile) at a flow rate of 5 μl/min. Buffer B was slowly increased from 3% for 0 min to 25% in 38 min, further increased to 32% in the next 5 min, and ramped to 80% buffer B in the next 2 min. At 0.5 min, buffer B was increased to 90% and the column was washed for 2.5 min, buffer B was brought to initial 3% in the next 1 min, and the column was reconditioned for the next 8 min. The method with 100 precursor isolation windows was defined based on precursor m/z frequencies using the SWATH Variable Window Calculator (Sciex), with a minimum window of 5 m/z.



Proteomics Data Analysis

Data were acquired using Analyst TF 1.7.1 Software (Sciex). Optimized source parameters were used. Ion spray voltage was set to 5.5 kV, 25 psi for the curtain gas, 35 psi for the nebulizer gas, and 250°C as source temperature. Accumulation time was set to 250 ms for the MS scan (400–1,250 m/z) and 25 ms for the MS/MS scans (100–1,500 m/z). Rolling collision energies were applied for each window based on the m/z range of each SWATH and a charge 2+ ion, with a collision energy spread of 5. The total cycle time was 2.8 s. The in-house spectral-ion library file (.group) was previously generated for human blood plasma proteins by searching.wiff format files generated in DDA mode against the UniProtKB human FASTA database (SWISS-PROT and TrEMBL; 74,255 entries) using ProteinPilot™ Software 5.0.1 (Sciex). A 1% global FDR at the protein level excluding shared peptides was considered for import in SWATH 2.0 MicroApp of PeakView 2.2 software (Sciex). SWATH run files were added, and retention time alignment was performed using peptides from abundant proteins. The processing settings for peak extraction were as follows: maximum of 10 peptides per protein, 5 transitions per peptide, >99% peptide confidence threshold, and 1% peptide FDR. The XIC extraction window was set to 10 min with 75 ppm XIC width. All information was exported in the form of MarkerView (.mrkw) files. In MarkerView 1.2.1 (Sciex), data normalization was performed using total area sum normalization and exported to excel. Data were deposited to the PRIDE database (19).



Receiver Operator Characteristic Curve

The “cutpointr” package in R was used to generate the receiver operating characteristic (ROC) curve and calculate the corresponding AUC value for determining the suitability and dependability of suPAR content in the plasma of ARDS COVID patients as an indicator of their survival. The optimum threshold suPAR value which can be used to classify survival outcome in these patients with maximum sensitivity plus specificity was also determined.



RNA-Seq Library Preparation and Sequencing

The RNA-Seq library was prepared using Illumina TruSeq Stranded Total RNA Library Prep Kit with Ribo-Zero Gold as per TruSeq Stranded Total RNA Reference Guide. We started with 250 ng of the total RNA. Briefly, the cytoplasmic and mitochondrial rRNA was depleted from the total RNA; the remaining RNA was purified, fragmented, and primed for cDNA synthesis. Subsequently, double-stranded cDNA (ds cDNA) was synthesized and the 3′ end of the ds cDNA was adenylated to provide an overhang for adapter ligation. The IDT for Illumina-TruSeq RNA UD Indexes was used for indexing the samples to allow multiplexing and then finally amplified and purified to enrich the adapter-ligated library. The final library was quantified using Qubit™ dsDNA High Sensitivity Assay Kit (Catalog number: Q32851), and the library size was determined using Agilent High Sensitivity DNA Kit (Catalog number: 5067–4626) on an Agilent Bioanalyzer 2100 platform. For sequencing, the individual library was diluted to 4 nM and libraries were pooled. The pooled library was denatured using 0.2 N NaOH, and neutralized with 200 mM Tris–HCl, pH 7.0. The libraries were sequenced on an Illumina NextSeq 550 platform, using high output Kit v2.5 (300 cycles), at a final library concentration of 1.6 pM (NextSeq 500 and NextSeq 550 Sequencing Systems: Denature and Dilute Libraries Guide; Document # 15048776 v16).



RNA-Seq Data Processing

Filtered fastq files were processed using Salmon v1.4.0 which provides fast and bias-aware quantification of transcript expression (20). The mapping-based mode of Salmon was used for quantification (21). The reference transcriptome (Ensembl GRCh38, release 103) was used for indexing and quantification of the individual genes. The quantification was performed on the full transcriptome, and gene-level TPM values (transcripts per million) were computed based on the effective length of the transcripts. The TPM values are normalized for the gene length and sequencing depth and used for further analysis of differentially expressed genes.



RNA-Seq Data Analysis

TPM values were analyzed using the online MeV software. The Limma tool (22) was used to find out the differentially expressed genes (DEGs) between the three different groups having three patients each, categorized according to the concentration of sUPAR in their plasma as described in the figure legend. The list of DEGs (transcripts) (p ≤ 0.05) provided by Limma was divided into two groups: (1) upregulated genes (having all differentially expressed transcripts upregulated) and (2) downregulated genes (having all differentially expressed transcripts downregulated) before being entered into the online NetworkAnalyst software (23) to obtain the list of enriched pathways (p ≤ 0.05) from the Reactome database, separately for upregulated and downregulated genes. Moreover, the genes specifically implicated in each of the pathways were also obtained.



Correlation Matrix Generation and Visualization

A matrix of Spearman correlation coefficients indicating the degree and directionality of association between the concentrations of the indicated parameters in plasma of COVID-19 patients was generated using the “Hmisc” package in R. For visualization of the matrix, the “corrplot” package in R was used.



Statistics

All statistical analyses, as depicted in the results as well in appropriate figures and their legends, were performed using GraphPad Prism 8 or in some cases using R. In all cases, Spearman correlation analysis and the Mann–Whitney test were performed unless otherwise stated. Primary outcomes of survival and disease remission (in terms of time till discharge from hospital) were compared between the two arms using Kaplan–Meier curve analysis—the Mantel–Haenszel hazard ratio was calculated, and statistical significance was tested by the Mantel–Cox log-rank test.




Results


Expansion of Circulating CD11c+HLA-DR— Myeloid Cells Expressing suPAR in Severe COVID-19 Patients

COVID-19 patients with mild symptoms (N = 16, age = 41.5 ± 18.95 years) or ARDS (N = 77, age = 61 ± 11.86 years) were recruited at the ID & BG Hospital, Kolkata, India (Supplemental Table 1). Peripheral blood sampling was done on the day of enrolment with due ethical approval from the institutional review board. The frequency of circulating CD11c+HLA-DR– myeloid cells was assessed by flow cytometry. On comparing the relative abundance of circulating CD11c+HLA-DR- proinflammatory macrophages between the COVID-19 patients with mild diseases and patients who progressed to ARDS, we found a prominent expansion of these cells in ARDS (Figures 1A, B), as reported by a number of previous studies as well (4–6). We found no correlation between abundance of these cells in circulation in ARDS patients and the plasma levels of most of the cytokines (among the 36 selected based on detectable levels in at least 70% of the ARDS patients in the cohort, data not shown), except for eotaxin (Pearson R = 0.3725, p = 0.0029), HGF (Pearson R = 0.2503, p = 0.0497), and IL-1α (Pearson R = 0.2588, p = 0.0423) (Figures 1C–E).




Figure 1 | Expansion of circulating CD11c+HLA-DR- myeloid cell subset in severe COVID-19. (A) Representative flow cytometry plots for gating of circulating CD11c+HLA-DR- myeloid cells from COVID-19 patients with either mild disease or ARDS. (B) Violin plots showing the frequency of circulating CD11c+HLA-DR- myeloid cells compared between COVID-19 patients with either mild disease or ARDS. The Mann Whitney test was performed, ***p < 0.0005. (C–E) Correlation between the frequency of circulating CD11c+HLA-DR- myeloid cells and plasma level of the cytokines Eotaxin (C), HGF (D), and IL-1α (E) is plotted. Spearman ρ values are shown, **p < 0.005, *p < 0.05.



Interestingly, a scRNAseq study reported an enriched expression of PLAUR, the gene for uPAR, in the similarly expanded myeloid cell compartment in severe COVID-19 (3). It intrigued us to explore if the circulating CD11c+HLA-DR- myeloid cells in severe COVID-19 patients are enriched for uPAR expression. To this end, we analyzed two public datasets on scRNAseq, one done on whole blood (GSE163668, Figures 2A, B) and the other on cells in bronchoalveolar lavage fluid (GSE145926, Figures 2C, D) from COVID-19 patients with different disease states (5, 16). We found that the CD11chighHLA-DRlow myeloid cell subsets were highly abundant in patients with severe COVID-19 both in the circulation and in the airways on these analyses as well as noted a highly enriched expression of PLAUR in these CD11chighHLA-DRlow myeloid cells (Figures 2B, D).




Figure 2 | Reanalysis of single-cell sequencing data to confirm myeloid sourcing of suPAR. (A, B) Analysis of scRNAseq data (GSE163668) to compare the frequency of peripheral blood CD11chighHLA-DRlow cells and expression of PLAUR in them between patients with mild (left panel) or severe (right panel) COVID-19 disease. (C, D) Analysis of scRNAseq data (GSE GSE145926) to compare the frequency of CD11chighHLA-DRlow cells in the bronchoalveolar lavage fluid and the expression of PLAUR in them between patients with mild (left panel) or severe (right panel) COVID-19 disease. In both cases, three smaller plots on the left show distribution of expression of ITGAX (gene for CD11c), HLA-DRA (gene for HLA-DR), and PLAUR (gene for uPAR) among all cells. The bigger plot on the right shows expression of PLAUR among CD11chighHLA-DRlow cells.





Higher Plasma Abundance of suPAR in Severe COVID-19 Is Linked to Systemic Cytokine Surge and TNFα-Activated Myeloid Cells

Next, we measured the level of suPAR in plasma samples from the patients in our cohort and found a significant correlation between abundance of the circulating CD11c+HLA-DR- myeloid cells and plasma suPAR levels (Figure 3A). Moreover, a significantly higher abundance of suPAR was noted in patients who have progressed to ARDS, compared to patients with milder symptoms (Figure 3B). The plasma level of suPAR had no relationship with either viral load of the ARDS patients at the time of plasma sampling (Supplemental Figure 1A) or the neutralizing antibody content of their plasma (Supplemental Figure 1B). Age or gender of the patients also did not show any effect (Supplemental Figures 1C, D).




Figure 3 | Increased plasma abundance of soluble uPAR and its cellular source in severe COVID-19. (A) Correlation between frequency of circulating CD11c+HLA-DR– myeloid cells and plasma levels of suPAR in COVID-19 patients. (B) Plasma level of suPAR compared between COVID-19 patients with either mild disease or ARDS. (C) Corr plot showing mutual correlation between the plasma levels of 36 cytokines and soluble uPAR in COVID-19 patients with ARDS. The dots are color-coded and size-scaled for the Spearman ρ values for individual correlations; significance levels for correlation between plasma levels of suPAR and individual cytokines are noted as superscripts on cytokine names, ****p < 0.0001, ***p < 0.0005, **p < 0.005, and *p < 0.05.



The plasma level of suPAR was significantly correlated with plasma abundance of individual entities (in total 36 different cytokines), making up the systemic cytokine deluge in the ARDS patients (Figure 3C). This wide correlation of the plasma abundance of the cytokines with that of suPAR may mechanistically represent the effect of some of the proinflammatory cytokines on the expanded myeloid cells, inducing an expression of suPAR. On the other hand, it also presumably represents the amplified systemic inflammatory circuit leading to a correlated abundance. We noted a prominently significant correlation of plasma suPAR concentration with the plasma level of tumor necrosis alpha (TNFα), a major inflammatory cytokine capable of activating myeloid cells. In a recent study, monocyte-derived macrophages were stimulated with different cytokines and scRNAseq was performed to discover the heterogeneity of transcriptional responses (17). To shed some light on the mechanistic aspects of myeloid cell expression of suPAR, we analyzed this publicly available data (GSE168710) to look for the expression of PLAUR in these macrophages as they respond to different cytokine stimuli (Figures 4A, B). While the expression of PLAUR was noted in almost all the clusters of stimulated macrophages in this study (Figure 4C), stimulation with TNFα, in the absence of type I or type II interferons, drove the macrophages to achieve highest expression of PLAUR (Figure 4D). The CD11chighHLA-DRlow myeloid cells had a very high expression of PLAUR (Figure 4E), and again the highest expression was in response to TNFα (Figure 4F). Thus, TNFα, with its circulating levels, ramped up in the context of the systemic cytokine deluge, may play a key role in inducing suPAR expression in the abnormally expanded CD11chighHLA-DRlow myeloid cells in the severe ARDS patients, which warrants further mechanistic exploration.




Figure 4 | Analysis of single-cell sequencing data to confirm the role of TNFα on myeloid expression of suPAR. (A) TSNE plot of scRNA-seq data (obtained from GSE168710) of macrophages grouped into various clusters based on their gene expression profiles. (B) TSNE plot of the same scRNA-seq data showing the different treatments to which the macrophages were exposed before sequencing. (C) TSNE plot showing the distribution of expression of the “PLAUR” gene in all the cells of the same dataset. (D) TSNE plot depicting the treatment conditions to which all the PLAURhigh cells belong. (E) TSNE plot depicting the expression pattern of “PLAUR” specifically in CD11chighHLA-DRlow cells. (F) Violin plot highlighting the difference in expression of “PLAUR” between the different clusters of CD11chighHLA-DRlow cells.





Linking Plasma suPAR Abundance and Inflammatory Plasma Proteome in Severe COVID-19

As discussed, suPAR is functionally involved in the intricate regulation of both the coagulation cascade and complement activation. Thus, to glean further insights on the role of suPAR in severe COVID-19 pathogenesis, a plasma proteomics analysis was more insightful. We selected plasma samples across the range of different suPAR values (Supplemental Figure 2A). We could identify 179 proteins in our mass spectrometry-based study (Supplemental Table 2). The area under the curve for the m/z values of the respective peaks was used for a semiquantitative measure of abundance of those proteins in circulation. Plasma abundance of 24 proteins showed a statistically significant correlation with the plasma level of suPAR in the same plasma samples (Supplemental Figure 2B). A significant correlative clustering of these proteins was also apparent to variable extents. When we looked closely, the abundance of a number of these proteins showed a nice gradient, some increasing, the others decreasing, with increasing suPAR concentrations in plasma (Figure 5A and Supplemental Table 3).




Figure 5 | Proteomics analysis of plasma from patients with different plasma levels of suPAR. (A) Heatmap depicting the relation between the concentration of suPAR and the quantities of selected proteins (those which show significant correlations indicated, in plasma of Covid-19 patients). Each square represents one protein of one specific patient. The proteins have been categorized into three groups based on their pattern of expression—those which show a gradual increase with increase in suPAR, those which show a gradual decrease with increase in suPAR, and those which show sudden but significant change at a threshold plasma concentration of suPAR. (B, C) Representative line graphs for correlation between plasma suPAR concentration and area under curve of m/z peaks of proteins showing threshold downregulation (B), viz., PLMN, ANT3, ALBU, SAMP, A1AG1, and A1AG2, and proteins showing threshold upregulation (C), viz., RBP, AMBP, HBA, and HBB, to demonstrate the threshold effect, shown by arbitrary shaded demarcations.



The identities and functions of these proteins allowed us to appreciate a prominent signature of systemic hypercoagulability and complement activation (Supplemental Table 3). For example, increasing alpha fibrinogen (FIBA), hyaluronan-binding protein 2 (HABP2), and decreased abundance of plasminogen (PLMN), thrombin (THRB), factor X (FA10), anti-thrombin III (ANT3), and vitronectin (VTNC) point to systemic hypercoagulation associated with higher plasma suPAR levels (Figure 5A and Supplemental Table 3). On the other hand, complement C1q subunit B (D6R934) showing a positive correlation and complement factor 3 (CO3), vitronectin (VTNC), complement component 9 (CO9), complement factor H (CFAH), and complement factor I (G3XAM2) showing a negative correlation point to an increased complement activation state in patients with higher suPAR levels (Figure 5A and Supplemental Table 3).

Interestingly, we noted a prominent threshold state change for a number of proteins at a particular level of plasma suPAR abundance (Figures 5B, C). Notable among them were decrease in a few established anti-inflammatory acute-phase reactants and anti-coagulation factors like PLMN, ANT3, serum amyloid proteins (viz., SAMP), albumin (ALBU), and the alpha 1 acid glycoproteins (A1AG1 and A1AG2) and an increase in carbonic anhydrase 1 (CAH1), a metabolic enzyme known to have a proinflammatory effect on myeloid cells, retinol-binding protein (RBP) shown to play a role in inflammatory endotheliopathy, and hemoglobin alpha and beta chains (HBA and HBB) (Figures 5B, C).



Identification of a Risk-Stratifying Cutoff for Plasma Level of suPAR Linked to Distinct Immune Transcriptome

We were intrigued by the state-change pattern of these proteins at a certain threshold level of plasma suPAR level and wanted to explore if a cutoff value of the plasma suPAR concentration can be of interest for stratifying severe COVID-19 patients for clinical outcomes. We performed an ROC curve analysis for prediction of fatal outcomes of the disease. ROC analysis derived a cutoff value of 1,996.809 pg/ml (Figure 6A). Although sensitivity (54.55%) and specificity (74.55%) as well as area the under curve (0.619) on this analysis were not commensurate for suPAR being a prognostic biomarker, in a proportional odds analysis too, patients with suPAR levels higher than the cutoff value had a significantly higher odds ratio for meeting with fatal outcomes (Figure 6B).




Figure 6 | Deriving a cutoff for the plasma level of soluble uPAR linked to disease outcomes in severe COVID-19. (A) Receiver operator characteristic curve for plasma levels of suPAR as a predictor for fatal outcomes in severe COVID-19 patients. (B) Scatter plot showing the plasma level of suPAR for individual patients, also marking their final disease outcomes. The odds ratio was calculated for suPARhi patients to meet with fatal outcomes.



To further explore if this cutoff value of plasma level of suPAR is mechanistically linked to gene expression patterns in the circulating immune cells, we performed a total RNA sequencing of peripheral blood cells. We selected nine representative patients for this analysis, three having low suPAR levels, three with plasma suPAR levels just below the cutoff value, and another three from patients with plasma suPAR values higher than the cutoff (Figure 7A).




Figure 7 | Peripheral blood transcriptome analysis of representative patients. (A) Plot showing distribution of patients and their selection for RNA sequencing based on their plasma concentration of suPAR. Each circle represents an individual patient, and the filled circles represent the samples selected for RNA sequencing. Three patients each were randomly selected from three distinct ranges of plasma suPAR values (three each in groups “x,” “y,” and “z,” total of nine patients) as indicated. Group “x” patients had low suPAR plasma levels, the group “y” patients had suPAR levels just below the cutoff, and the group “z” patients had plasma suPAR levels higher than the cutoff. (B–E) Heatmaps depicting changes in TPM values of selected differentially expressed genes. The genes belong to one of the four indicated groups, categorized on the basis of pattern of changes in expression in patients with increasing plasma suPAR levels. The genes belonging to the threshold up/downregulated categories include genes which show significant up/downregulation in the group z patients as compared to the group y patients, while either showing insignificant changes or significant changes in the opposite direction when comparing group y to group x. On the other hand, genes belonging to the gradient up/downregulated categories include those which show significant gradual/stepwise up/downregulation from group x to group z, through group y. The TPM value for each gene was calculated as the average of the TPM values of all the significant differentially expressed transcripts. Radar plots each depicting selected enriched pathways (for threshold/gradient up/downregulated genes) as determined from the Reactome database using the NetworkAnalyst software are shown below each heatmap (B–E). The values represent the ratio of number of hits (genes) obtained in our dataset as compared to the total number of genes implicated in each pathway in the database. The pathways denoted as numbers (1–20) in the radar plots are listed.



In case of immune transcriptome, we also found that a subset of genes was differentially regulated showing an expression distribution in a gradient across the plasma suPAR concentrations (Figures 7B, C). Major pathways enriched for genes with upregulated expression with increasing suPAR concentration were signaling cascades for toll-like receptor (TLR) 4, TLR5 and IL1 receptor, pathway of cross-presentation of soluble exogenous antigens, and eNOS activation pathway (Figure 7B). The pathways enriched for genes with decreasing expression across the increasing suPAR gradient were mostly concerning type I interferon (IFN) responses to the virus, viz., pathways involving DNA-dependent activator of IFN-regulatory factors (DAI) pathway, TLR3 activation pathway, cytosolic DNA-sensing pathway, and pathways involved in antiviral mechanisms by IFN-stimulated genes and IRF3-mediated activation of type I IFNs (Figure 7C). Thus, the gene expression changes represented a deficiency in type I IFN-mediated antiviral mechanisms and ramped up systemic inflammation. The top panels in Figures 7B, C show the major genes that represent these pathways.

On the other hand, another subset of differentially expressed genes showed major changes across the cutoff value, which we called threshold upregulation or downregulation (Figures 7D, E). Major pathways enriched by this subset of upregulated genes were involved in uPAR signaling, coagulation cascade, and platelet functions (Figure 7D), confirming our insights gathered from the proteomics studies. It also included pathways involving T cell activation like antigen presentation by MHC class II and CD28 costimulatory pathways. Among the downregulated pathways were MHC class I antigen presentation, platelet degranulation, and the signaling cascade downstream of TLR1/2 and TLR6/2 (Figure 7E).



Association of Plasma suPAR With Clinical Outcomes in Severe COVID-19

To further validate the association of plasma suPAR level with the clinical outcomes in severe COVID-19 patients and its potential as a risk-stratifier, we compared the 30-day survival and time to disease remission (getting discharged from the hospital) between the ARDS patients with plasma suPAR levels lower than the derived cutoff value (designated suPARlo) and the ones with higher than cutoff sUPAR levels (designated suPARhi). The suPARlo patients were found to have significant survival benefit in Kaplan–Meier curve analysis as well as significantly faster remission, with median duration = 13 days for suPARlo patients compared to 25 days for the suPARhi group (Figures 8A, B).




Figure 8 | Comparison of clinical outcomes between severe COVID-19 patients with low and high plasma suPAR levels. (A, C) Survival of patients in the two arms from the day of enrolment till day 30 post-enrolment are compared in a Kaplan–Meier curve, for all age groups (A) as well as for patients aged <65 years (C). Surviving patients were censored on day 30 post-enrolment. (B, D) Hospital stay duration of the patients from both groups (suPARlo and suPARhi) since the day of enrolment is plotted in an ascending Kaplan–Meier curve, for all age groups (B) as well as for patients aged <65 years (D). Deaths and non-remission at day 30 post-enrolment were censored. For all outcome comparisons, the Mantel–Cox log-rank test was performed.



Finally, we performed an extensive subclass analysis of the patients to get insight on better applicability of the suPAR cutoff for predicting survival in severe COVID-19 patients. First, we wanted to see if age of patients can influence the prediction efficacy, because aging has previously been shown to be a major deterrent for respiratory pathologies and worse response to therapy (24, 25). So we explored whether there was an enhanced survival benefit registered among younger patients in the suPARlo group. Previous studies have indicated significant differences in COVID-19 disease outcomes based on age of the patients (15, 26), perhaps due to inefficiency of an aging lung to mount regenerative response to tissue damage. Taking cue from these studies and also from a recent study identifying different age trajectories that represent resilience of human health in different age groups (27), we used an age cutoff of 65 years. It was found that the survival benefit of patients aged less than 65 years with low suPAR levels was way more significant, and they registered even faster remission (Figures 8C, D). We also performed subclass analyses between males and females among the ARDS patients (Supplemental Figure 3A), between patients who were diabetic or hypertensive and who were not (Supplemental Figures 3B, C), and patients who received different therapies, viz., corticosteroids, remdesivir, and convalescent plasma (Supplemental Figures 3D–F). While males, diabetics, normotensive patients, and patients receiving remdesivir as part of their therapies showed statistically significant survival benefits when they were suPARlo, these subclass analyses were handicapped by lower sample sizes for the subclasses and thus warrant further exploration in bigger cohorts of severe COVID-19 patients.




Discussion

Identification of high plasma levels of soluble uPAR in severe COVID-19 patients and association of lower plasma levels of suPAR with favorable clinical outcomes offer a strong risk stratifier, which will be of great translational value for effective triage and optimal timing for critical care in the patients. As discussed before, uPAR plays a regulatory role in both hemostatic pathways and complement pathway (10–13). In our study, insights gathered from proteomics and transcriptomics studies also pointed to the association of a state of hypercoagulation as well as complement activation with increasing suPAR levels. It was evident from the systemic depletion of coagulation factors like thrombin and factor X, the deficiency of regulatory proteins that inhibit coagulation, and a systemic dysbalance between factors that favor and inhibit complement activation. The decrease in plasma abundance of albumin may be indicative of an ongoing systemic or localized vascular leakage, which is known to be associated with the hypercoagulable states associated with systemic inflammations (28). The noted upward abundance across a threshold of the hemoglobin alpha and beta chains, which are normally not expected to be abundant in plasma, points to the possibility of a concomitantly active hemolytic mechanism. The state of increased complement activation can be linked to this possibility, although it warrants further mechanistic exploration. Notably, such occurrences are already reported in patients with COVID-19 (29–31). Moreover, suPAR has been shown to target the FPR1 receptor, expressed dominantly in neutrophils but also on other immune cells, playing a role in chemotactic migration as well as proinflammatory cytokine induction through signaling downstream of FPR1 (10). The interaction between uPAR and complement receptor 3 is known to regulate phagocytosis by neutrophils (13).

A previous study reporting higher suPAR plasma levels in critically ill patients found a healthy median plasma level of 2,100 pg/ml and also noted its dominant expression in myeloid cells (in this case neutrophils) (32). Similar steady-state plasma levels were also reported by studies noting higher suPAR levels in patients with COPD (33) and community-acquired pneumonia (34). Thus, the cutoff plasma level associated with favorable outcomes derived from the present Indian cohort of COVID-19 patients, which was 1,996.809 pg/ml, conforms to previous assessments in other cohorts. Of note here, a previous study with two small cohorts of severe COVID-19 patients from Greece and USA derived a cutoff of 6,000 pg/ml to be a strong predictor for progression to severe respiratory failure (14). Nevertheless, ethnic differences are expected to affect the non-pathogenic steady-state level of suPAR to a great extent and further studies are warranted in different ethnicities, which may also provide insights on variable susceptibility to COVID-19 severity. Moreover, differences in ELISA assays as well as assays based on proteomics, apart from the sampling source of the analyte, viz., plasma versus serum, may also lead to differences in terms of sensitivity and related parameters. Better risk stratification by plasma suPAR in patients aged less than 65 years from our cohort further highlights the relative deficiency in terms of resolution of tissue damage in aging lungs (24, 25).

Another important consideration for the potential of suPAR as a risk-stratifying biomarker is the long stability of suPAR in plasma samples, which makes it a useful biomarker for operational issues as well (35). Thus, the present study identified soluble uPAR as a useful biomarker for the prognostic stratification of COVID-19 patients who have progressed to ARDS in an Indian cohort. The ARDS pathophysiology in COVID-19 is increasingly being appreciated in terms of alveolar inflammation-associated pulmonary intravascular coagulation (36, 37). As uPAR-expressing myeloid cells are prevalent in both circulation and pulmonary tissue spaces, soluble uPAR may be a key link between the abnormally expanded circulating myeloid cell compartment in severe COVID-19 patients and the systemic hyper-inflammation and hypercoagulable state encountered in these patients, which warrants further mechanistic exploration.
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An excessive inflammatory response to SARS-CoV-2 is thought to be a major cause of disease severity and mortality in patients with COVID-19. Longitudinal analysis of cytokine release can expand our understanding of the initial stages of disease development and help to identify early markers serving as predictors of disease severity. In this study, we performed a comprehensive analysis of 46 cytokines (including chemokines and growth factors) in the peripheral blood of a large cohort of COVID-19 patients (n=444). The patients were classified into five severity groups. Longitudinal analysis of all patients revealed two groups of cytokines, characterizing the “early” and “late” stages of the disease course and the switch between type 1 and type 2 immunity. We found significantly increased levels of cytokines associated with different severities of COVID-19, and levels of some cytokines were significantly higher during the first three days from symptom onset (DfSO) in patients who eventually required intensive care unit (ICU) therapy. Additionally, we identified nine cytokines, TNF-α, IL-10, MIG, IL-6, IP-10, M-CSF, G-CSF, GM-CSF, and IFN-α2, that can be used as good predictors of ICU requirement at 4-6 DfSO.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a novel betacoronavirus that emerged in December 2019 in Wuhan (China) and resulted in the current pandemic of coronavirus disease 2019 (COVID-19) (1). By September 2021, more than 218 million people have been diagnosed with COVID-19, and approximately 4,5 million people have died during the pandemic (2). In most cases, the disease course is mild (with or without pneumonia); however, dyspnea, hypoxia, and greater than 50% lung involvement can develop in severe cases, possibly leading to acute respiratory distress syndrome (ARDS), multiple organ failure and death (3). Mortality in COVID-19 patients admitted to the intensive care unit (ICU) has exceeded 35.5% (4).

The host immune response to SARS-CoV-2 appears to play a critical role in the pathogenesis and progression of COVID-19 (5); the response is initiated when SARS-CoV-2 enters alveolar epithelial cells through ACE2 (6) (80% of ACE2-expressing cells) or through AXL (7) or CD147 (8) receptors. After internalization, the virus triggers the canonical response of the innate immune system via interaction with pattern-recognition receptors (PRRs) expressed by epithelial cells, macrophages and dendritic cells, with subsequent massive proinflammatory cytokine release and an enhanced cellular response aimed at preventing viral replication (9). Serum concentrations of proinflammatory cytokines strongly correlate with disease outcome and were increased in patients with severe disease (10). In severe cases, induced expression of inflammatory cytokines (especially IL-6, TNF-α) can shift from local to systemic inflammation (5) through dysregulation of immune pathways (9) and immune cell distribution (lymphopenia, T-cell exhaustion, increasing counts of macrophages and neutrophils) (11–13).

It is supposed one of the main causes of such hyperinflammation and the development of serious complications during COVID-19 is the delayed or impaired type I IFN response as the first line of antiviral defense (14). Among possible explanations, genetic factors (15), autoantibodies against type I IFNs (16) and viral immunosuppressive mechanisms (5) have been discussed (17). Nevertheless, there are contradictory data (17) regarding the kinetics of early type I IFN responses.

In addition to IFNs, there has been extensive research on prospective inflammation markers in COVID-19 patients through measurement of increased serum levels of cytokines, chemokines and growth factors (18–21). Moreover, several immunological cytokine profiles based on disease severity (IL-6, TNF-α, IL-8, IL-10, G-CSF) (19, 21) have been defined, as have several patient demographic characteristics, including age (IL-6, IL-8, TNF-α) (19, 22), sex (IL-6, IL-18, IL-7) (23, 24) and the presence of noninfectious comorbidities (IL-6, IL-8, TNF-α) (19, 25). Some of these factors have been proposed for use as predictors of severity and pharmacologically relevant targets in anti-cytokine therapy (IL-6, IL-10, TNF-α, IFN-γ) (9, 20). Clinical trials are underway, but there are no satisfactory data on their effect thus far (14). To achieve appropriate implementation of new therapeutic agents for COVID-19 treatment, it is necessary to determine possible immunopathological mechanisms of action to predict complications and to determine the proper time frame in which interventions can be safely performed. Thus, longitudinal analysis performed within short time intervals can expand our understanding of the initial stages of disease and identify early markers to act as predictors of disease severity.

This study represents a comprehensive analysis of immune markers (46 cytokines and Ig A, M, G antibodies) in peripheral blood in a Moscow (Russia) cohort of 444 COVID-19 patients. The aim of our research was to investigate the dynamics of cytokines and antibodies in a general sample. We found early changes in cytokine levels (during the first three days from symptom onset) between patient groups with different disease severity. Moreover, we identified some immune signatures associated with sex, age and comorbidities in COVID-19 patients. All these findings will be useful for the prognosis of COVID-19 severity and the development of different therapeutic strategies.



Materials and Methods


Study Design and Participants

In this study, serum samples were obtained from adult COVID-19 patients seen at Clinic of Infectious Diseases №1 of Moscow Healthcare Department during the first wave of COVID-19 incidence from May to July 2020. A cohort of 444 COVID-19 patients was classified into 5 severity groups based on clinical characteristics and guidelines in the management of COVID-19 (Figure 1) (26). The main criteria were chest imaging (computed tomography (CT) score: degree of involvement ≤50% - score 1-2, >50% score 3-4), saturation of oxygen (SpO2), respiratory rate and fever. The group of ICU patients was separated due to the requirement of intensive care unit therapy (n=39): severe COVID-19 patients (n=129) - CT score 3-4, SpO2 ≤ 93%, respiratory rate ≥22 breaths/min; moderate COVID-19 patients (n=137) - CT score 0-1-2, SpO2>93%, respiratory rate ≥22 breaths/min; mild-moderate COVID-19 patients (n=98) - CT score 0-1-2, SpO2>93%, respiratory rate <22 breaths/min, body temperature (t) ≥38°C; and mild COVID-19 patients (n=41) - CT score 0-1-2, SpO2>93%, respiratory rate <22 breaths/min and t <38°C. Some patients required oxygen therapy, which included nonmechanical and mechanical ventilation with oxygen. The clinical characteristics of all patients are summarized in Table S1. Twenty-seven ICU patients developed critical illness during hospitalization and died (69%), and one patient with severe disease died without being in the ICU. Ethical approval for all patients was granted by the local Ethics Committee of Clinic of Infectious Diseases №1 of Moscow Healthcare Department, Moscow, Russia: Protocol No. 2/a from 11 May 2020. Informed consent was obtained, and a questionnaire (Table S3) was completed for all enrolled patients. Blood and nasopharyngeal swab samples from each COVID-19 patient were drawn three times during hospitalization: on the admission day, after 4 days (median with 95% CI 3-8) and on the discharge day (median - 12 days with 95% CI 7-23). Sera were collected and stored at -30°C until use. Serum samples of healthy donors (HD; n=66, Table S1) were obtained from N.F. Gamaleya National Research Center Biobank, which was collected in Russia during the first half of 2019 before the COVID-19 pandemic, frozen and stored at -80°C without other freeze-thaw cycles.




Figure 1 | Flow chart to determine disease severity.



A cohort of 62 COVID-19 patients named “SCG” (seroconversion group) was selected from among all 444 patients according to antibody assay results. These patients were IgM+IgA positive and IgG negative at the first blood sampling point (at admission day) and became IgG positive at the second sampling point. SCG included mild (n=7 or 11%), mild-moderate (n=14 or 23%), moderate (n=22 or 35%), severe (n=15 or 24%) and ICU (n=4 or 6%) cases.



SARS-CoV-2 RNA Detection

Nasopharyngeal swabs were tested using commercial reagent kits for determining the presence of SARS-CoV-2 RNA by real-time PCR: “SARS-CoV-2 FRT” manufactured by N.F. Gamaleya National Research Center, Russia and “SARS-CoV-2/SARS-CoV” manufactured by DNA Technology, Russia. Testing of samples was carried out in accordance with the manufacturer’s instructions.



Antibody Detection

Levels of IgG antibodies against SARS-CoV-2 antigens (N-protein, RBD and S1) were estimated by xMAP SARS-CoV-2 Multi-Antigen IgG Assay and xMAP SARS-CoV-2 IgG Control Kit (Luminex Corp.) using the serum samples of 223 COVID-19 patients (mild (n=20), mild-moderate (n=41), moderate (n=71), severe (n=60), ICU (n=31) according to the manufacturer’s instructions. Acquisitions were performed using a MAGPIX instrument operated with xPONENT software version 4.2 (Luminex Corp.). Assay’s sensitivity and specificity characteristics: for ≤7; 8-14; >14 days from symptom onset positive percent agreement was 71.1% (55–83% 95% Cl); 80.0% (58–92% 95% Cl); 98.1% (90–100% 95% Cl) respectively, and negative percent agreement was 100% (99%-100% 95% Cl). Serum IgM and IgA in samples from all 444 COVID-19 patients were measured using a COVID-19 ELISA IgM+IgA kit (Vircell) following the manufacturer’s instructions. Optical density measurements were performed using a Multiscan FC microplate photometer operated with Skanit Software version 4.1 (Thermo Scientific). Assay’s sensitivity in patients 5 days after a positive PCR result was 88%, and specificity in samples from healthy pre-pandemic donors was 99%.



Cytokine Analysis

Serum samples frozen and stored at -30°C without other thawing were tested for simultaneous quantification of sCD40L, EGF, eotaxin, FGF-2, FLT-3L, fractalkine, G-CSF, GM-CSF, GRO-α, IFN-α2, IFN-γ, IL-1α, IL-1β, IL-1RA, IL-2, IL-3, IL-4, IL-5, IL-6, IL-7, IL-8, IL-9, IL-10, IL-12 (p40), IL-12 (p70), IL-13, IL-15, IL-17A, IL-17E/IL-25, IL-17F, IL-18, IL-22, IL-27, IP-10, MCP-1, MCP-3, M-CSF, MDC, MIG, MIP-1α, MIP-1β, PDGF-AA, TGF-α, TNF-α, TNF-β and VEGF-A with MILLIPLEX MAP Human Cytokine/Chemokine/Growth Factor Panel (Merck-Millipore). All assays were performed according to the manufacturer’s protocol for serum samples, utilizing recommended sample dilutions and standard curve concentrations (Merck-Millipore). Acquisitions were performed using a MAGPIX instrument operated with xPONENT software version 4.2 (Luminex Corp.).



Statistical Analysis

Data were analyzed using GraphPad Prism software version 8.0.2. All datasets were tested for a normal distribution using the Shapiro–Wilk normality test. As all normality tests were negative, all data sets were compared using either nonparametric two-tailed Mann–Whitney tests, Kruskal-Wallis test with Dunn’s multiple comparison test, or the Wilcoxon test, as appropriate. The prognostic validity of the cytokine model (value) was evaluated by analysis of the ROC curve and was measured using the AUC. Differences were considered significant at p<0.05 (*p<0.05; **p<0.01; ***p<0.001; ****p<0.0001). Spearman’s rank correlation tests were used to reveal the association between cytokine levels and were carried out with the Hmisc package (ver. 4.4.2) and visualized with the corrplot package (ver. R 0.84). Other graphs were generated using GraphPad Prism (ver. 8.0.2.).




Results


Patient Clinical and Immunological Characteristics

To determine patterns and predictors of COVID-19 severity during the immune response to SARS-CoV-2, we focused our research on the dynamics of serum biomarker levels (antibodies, cytokines, chemokines and growth factors) in COVID-19 patients. We established a cohort (characterized in Table S1) of 444 clinically diagnosed COVID-19 patients admitted to the Clinic of Infectious Diseases №1 in Moscow, Russia. The criteria for the inclusion of patients in this study were the presence of a positive PCR test and/or positive result of anti-SARS-CoV-2 antibodies (Ab) assay (IgM+IgA detection). Number of subjects who were both COVID-19 PCR+ and SARS-CoV-2 Ab positive - 290 (65%), COVID-19 PCR+ and SARS-CoV-2 Ab negative – 8 (2%), COVID-19 PCR- and SARS-CoV-2 Ab positive – 146 (33%). Disease severity (mild, mild-moderate, moderate, severe and ICU patients) was identified according to guidelines for clinical management of COVID-19 (26) (the flow chart of disease severity determination is depicted in Figure 1). The disease severity was determined as the most severe degree of disease during observation period in hospital. Briefly, our cohort was characterized by a median age of 60 years, with a slight quantitative preponderance of females compared with males (56% and 44%, respectively), a median hospitalization period of 12.5 days, an in-hospital mortality rate of 6% and a median disease course from symptom onset to discharge of 21 days.

By analyzing levels of antibodies against SARS-CoV-2, we found that the humoral immune response in our sample generally developed according to a fairly standard scenario for COVID-19 (27). Antibodies of all three classes, appearing in some patients already in the first week of the disease, were significantly increased in general by the end of the second to the beginning of the third week of infection, and total IgM+IgA appeared slightly earlier than IgG (Figure S1).

To assess COVID-19 severity risk factors (males, 60+ years, comorbidities – obesity, diabetes) (3), we performed cytokine profiling for our cohort, as distributed by sex, by age (<60 years, 60+) and the presence of noninfectious comorbidities. These results are described in the Supplementary materials (Figures S2, S3 and Table S2).



Cytokine Dynamics in COVID-19-Patients

Longitudinal cytokine analysis was performed for all patients to determine general kinetic patterns in the COVID-19 immune response. Time points of blood sample collection were stratified into four intervals of 7 days starting from symptom onset. Patients of all severity groups were included in each time interval of dynamics equally (Figure 2B). Our results allowed us to identify statistically significant changes in 27 cytokines (Figure 2A and Figure S4). Concentrations of fifteen cytokines (including proinflammatory and anti-inflammatory cytokines, chemokines and growth factors) were the highest on 0-7 days from symptom onset (DfSO) interval, and then declined steadily after 7 DfSO (IFN-α2, IL-10, IL-27, GRO-α, MCP-1, G-CSF, M-CSF) or after 14 DfSO (IFN-γ, TNF-α, IL-6, IP-10, IL-15, IL-18, MIG, GM-CSF). These markers we considered “early” cytokines. The other group of cytokines included those that showed positive dynamics and increased from 0-7 DfSO to 15-21 or 22+ DfSO (IL-4, IL-5, IL-7, IL-8, MIP-1β, VEGF-A, sCD40L, FLT-3L, TNF-β, MDC, IL-13, PDGF-AA). This group we named as “late” cytokines.




Figure 2 | (A) Dynamics of serum cytokine levels during the disease course in the general COVID-19 patient cohort. Dynamics were measured in terms of days from symptom onset. All time points of sample collection from 444 patients were stratified into four intervals of 7 days starting from symptom onset. Healthy donors (HD) include 66 persons. Dots show individual measurements, and lines present medians with 95% CIs. Light red indicates “early” cytokines; light blue indicates “late” cytokines. Groups were compared by the Kruskal-Wallis test with Dunn’s post hoc test. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001. (B) Distribution of patients with different severity on each time interval of dynamics. (C) Comparison of serum cytokine levels at admission and discharge in “SCG” patients. For comparison analysis, a nonparametric Wilcoxon test was used, *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001. (D) Comparison of cytokine levels between two cohorts of COVID-19 patients with different PCR test results on the admission day. In PCR “+” group n=298, in PCR “-” group n=146 (data for IL-27 not shown due to its serum level is out of range of plots). The groups were compared by a two-tailed Mann–Whitney U-test for nonparametric comparison.



Furthermore, we distinguished two phases of the disease depending on the result of the PCR test on the day of the patient’s admission to the hospital. As a result, all patients diagnosed with COVID-19 were divided into 2 cohorts: one in which it was still possible to detect virus from the nasopharynx by PCR (PCR “+”, n=298); the other included patients in whom the virus was no longer detected but who still exhibited symptoms of the disease (PCR “-”, n=146). We compared serum cytokine levels in these two cohorts. A total of 21 cytokines were revealed, which concentrations differed between the two cohorts (Figure 2D). The results for the majority of cytokines confirmed the findings for dynamics in the general cohort described above. For instance, serum levels of IFN-α2, IL-6, IL-10, IP-10, and M-CSF, which tended to decrease (Figure 2A), were also higher in the PCR “+” cohort than in the PCR “-” cohort (Figure 2D). Conversely, serum levels of IL-8, MIP-1β, VEGF-A, which tended to increase (Figure 2A), were also higher in the PCR “-” cohort than in the PCR “+” cohort (Figure 2D).

To determine which of the cytokines were elevated in the acute phase and which remained elevated on the discharge day (recovery phase), we selected a group of COVID-19 patients according to their seroconversion data, “SCG” patients. These patients were IgM+IgA positive and IgG negative at the first blood sampling point (at admission day), became IgG positive at the second sampling point and on the day of discharge.

Comparative analysis of cytokine levels in “SCG” patients revealed that twelve of them were elevated on the admission day compared with the discharge day (Figure 2C and Figure S5). All of them were confirmed by general cohort dynamics as “early” cytokines, which tended to decrease after 7 or 14 DfSO (Figure 2A and Figure S4). Conversely, serum levels of thirteen cytokines remained elevated on the discharge day compared to admission (Figure 2C and Figure S5); ten of them displayed the dynamics of “late” cytokines. A summary of cytokine level changes revealed by the three approaches described above (dynamics in the general cohort, based on PCR and IgG seroconversion) is shown in the Table 1.


Table 1 | Summary of cytokine level changes revealed by the three approaches.



We performed correlation analysis for “SCG” patients to identify correlation relationships between cytokine levels at admission and discharge (in the acute and recovery phases). Multiple correlations were found among all cytokines (Figure S6). On the last day of hospitalization, we identified both repeats of the data of the first correlogram and completely new correlation pairs. IFN-α2, the main cytokine of innate immunity, showed a strong correlation with the primary acute-phase proinflammatory cytokines TNF-α (r=0.6, p<0.0001), IL-1β (r=0.6, p<0.0001) and IL-15 (r=0.7, p<0.0001). These connections may be illustrated by known data for the beginning of the antiviral response (21, 28). Another example is a “correlation triangle” between IL-6, IL-10 and TNF-α. IL-10, which is known as a suppressor in the initiation phase of inflammation during COVID-19 and correlated strongly with proinflammatory IL-6 (r=0.5, p<0.0001) and TNF-α (r=0.6, p<0.0001), probably performing an immune-inhibitory mechanism as a negative feedback inflammation loop (29).



Differences in Cytokine Levels Depending on COVID-19 Severity

We examined cytokine levels in patients with different degrees of COVID-19 severity. For this, maximum cytokine levels during hospitalization for each patient were compared.

In addition to the cytokines already known to be associated with disease severity in COVID-19 (IL-6, IL-10, IL-27, IL-15, G-CSF, M-CSF, IP-10, MIG, TNF-α, IL-1RA) (19, 21), which were higher in the patients in our cohort with more severe COVID-19, cytokines with significantly lower concentrations in ICU patients than in others were detected: IL-5, MDC, eotaxin, and IL-12(p40). (Figure 3). We divided all of these cytokines into three groups: the first group, IL-1RA, IL-6, IL-10 and MIG, showed increased expression together with disease severity (Figure 3A). The second groups included IL-15, IL-27, IP-10, TNF-α, M-CSF, G-CSF and IFN-γ, and levels were significantly higher in ICU patients than in other severity groups (Figures 3B, C). The third group of cytokines included eotaxin, MDC, IL-5 and IL-12 (p40), and their serum concentrations were significantly lower in the ICU group than in the other groups (Figure 3D).




Figure 3 | Comparison of cytokine levels in COVID-19 patients with different disease severities. (A–D) Comparison of maximum cytokine levels from each patient (n=444) divided into five severity groups: mild (n=41), mild-moderate (n=98), moderate (n=137), severe (n=129), ICU (n=39), HD (healthy donors, n=66). Boxes and whiskers represent medians with 95%CIs. Groups were compared by a two-tailed Mann–Whitney U-test for nonparametric comparison. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001. Compared with HD, all groups of COVID-19 patients had significantly higher levels of all examined cytokines (p<0.05), except MDC. (E–G) Cytokine correlation matrices for COVID-19 patients on the admission day (0-7 DfSO): mild (n=30), mild-moderate (n=54), moderate (n=59), severe (n=69) and ICU (n=22). Colors indicate Spearman correlation coefficients (p<0.05), and colorless squares indicate ns (not significant) values.



To evaluate the impact of disease severity on correlations between cytokine levels at the beginning of the disease (0-7 DfSO), we selected patients based on one parameter: the time from illness onset to hospitalization of no more than 7 days (n=234, selected from the general COVID-19 cohort). This new cohort included mild (n=30), mild-moderate (n=54), moderate (n=59), severe (n=69) and ICU (n=22) cases, and cytokine levels in blood at the first time point (admission day) were used for analysis in correlation matrices (Figures 3E–G). The mild group was characterized by the largest number of strong correlations (r>0.7) compared with the other groups. In general, the ICU group had a smaller number of high-positive (for most cytokines) but larger negative (for MIP-1β and MDC) correlations than the other groups, especially the mild group. IL-15 exhibited strong correlations in the mild group (0.67<r <0.8) with INF-α2, IP-10, G-CSF, M-CSF, and TNF-α (p<0.01); IL-10 also had a strong correlation with IL-6 (r=0.72, p<0.0001) and G-CSF (r=0.75, p<0.0001). For all severity groups, high correlations between TNF-α and IP-10 (0.7<r<0.8, p<0.01) were revealed. Some positive correlations between TNF-α and other cytokines (GM-CSF, GRO-α, IFN-α2, IFN-γ) were strengthened in the ICU group (Figures 3E–G).

Next, we determined the earliest time interval from the day of symptom onset on which differences in cytokine expression could be observed between patient severity groups. For this, dynamic analysis was performed for all cytokines depending on severity. Time points of sample collection were stratified into 4 periods with a short time interval of 3 days (the minimum time interval allowing us to populate all severity groups for comparison). As a result, we obtained a longitudinal period representing the first 12 DfSO. Overall, serum levels of 16 cytokines (TNF-α, IL-6, IL-10, IL-1RA, IFN-α2, IP-10, MIG, GRO-α, G-CSF, GM-CSF, M-CSF, IL-15, MCP-3, MCP-1, IFN-γ, eotaxin) differed significantly between severity groups within the first 12 DfSO (Figure 4 and Figure S7).




Figure 4 | Dynamics of serum cytokine levels demonstrating differences between severity groups of COVID-19 patients in the first 12 days after illness onset. (A–E) and (G–K) show serum levels of TNF-α, IL-6, IL-10, IFN-α2, IP-10, GM-CSF, G-CSF, M-CSF, MIG, eotaxin in patients with different COVID-19 severities at days 0–3, 4–6, 7-9, and 10-12 DfSO. Dots show individual measurements, and lines represent medians with 95% CIs. Statistical analyses were performed with a two-tailed Mann–Whitney U-test for nonparametric comparison. All significant differences between severity groups are shown by asterisks: *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001. For comparisons between any of severity groups and HD significant differences (p<0.05) are not shown and not significant differences provided as «ns» written in violet down of each plot. (F, L) demonstrate ROC curves of serum cytokine levels on 4-6 DfSO to predict ICU requirement during hospitalization. The ROC curve of eotaxin to predict mild forms.



All these cytokines showed differences in serum levels between severity groups on 4-6 DfSO time interval, with most differences being between the ICU group and all others. Some of them (TNF-α, IL-6, IL-10, IL-1RA, IL-15) (Figures 4A–C and Figure S7A, E) were elevated in the ICU group already within the first three DfSO.

Notably, there were 15 ICU patients with sample points in the 4-6 DfSO time interval. After 9 DfSO (median with 95% CI 8-13) these patients was transferred to the ICU. Among them 13 deaths (87%) occurred. Thus, the increasing in serum cytokine levels in these patients occurred before the time when they required ICU. Those patients were 70 years old (95% CI 63-82); 86% had cardiovascular diseases (CVDs).

Based on these results, we further analyzed whether these cytokines can be used as biomarkers to predict disease severity and mortality in COVID-19 and to determine patients for whom ICU therapy may be required further. Patients with blood sample time points of 4-6 DfSO were divided into ICU and non-ICU groups (all other severity groups), and ROC curves of each single cytokine were calculated using cytokine levels within 4-6 DfSO. The best result was an AUC of 0.86 (p=0.0001) for IL-10, followed by 0.83 (p=0.0001) for IL-6, 0.82 (p=0.0001) for MIG and IP-10, 0.81 (p=0.0002) for TNF-α, 0.76 (p=0.0014 and p=0.0019) for G-CSF and M-CSF, 0.73 (p=0.004) for GM-CSF, and 0.72 (p=0.0075) for IFN-α2 (Figure 4F, L). Serum levels of eotaxin were also used in ROC analysis to distinguish the mild severity group from all others, and the AUC for eotaxin was 0.797 (p=0.013) (Figure 4L), suggesting that eotaxin is a potential biomarker of mild COVID-19.




Discussion

In our study, we performed a comprehensive analysis of immune marker levels in the sera of 444 COVID-19 patients. The results revealed common patterns in disease course as well as differences according to sex, age, comorbidities and severity, which are previously unreported.

In most cases, the course of COVID-19 was characterized as mild (40%) and moderate (40%), without critical complications (3). In our cohort, only 9% of patients required ICU therapy. To identify immunological traits that may be common in the COVID-19 course, we performed longitudinal analysis of 46 cytokines for all patients. All cytokines with significant dynamic changes were conditionally divided into two groups: some tended to decrease (“early” cytokines), whereas others tended to increase (“late” cytokines) to 15-21 DfSO (Figure 2A, Figure S4 and Table 1). Among the “early” cytokines, we found signatures indicating activation of the innate immune response (TNF-α, IL-6, IL-18, IL-27, IL-15, IFN-α2) and type 1 immunity (IFN-γ). These reactions characterize phases when virus recognition by epithelial or dendritic cells leads to the induction of innate host defenses and inflammatory responses, which in turn induce adaptive type 1 immunity (28). In addition, colony-stimulating factors (GM-CSF, G-CSF and M-CSF) and chemokines (GRO-α, IP-10, MIG, MCP-1) were detected as “early” cytokines. These factors are synthesized under the influence of proinflammatory cytokines responsible for the growth and activation of monocytes, macrophages, neutrophils and their attraction to damaged tissue, resulting in further inflammation (30). In contrast, the “late” cytokines characteristic of type 2 immunity (IL-4, IL-5, IL-13) (28) were increased after 7 DfSO, which may indicate enhancement of the humoral response, differentiation and proliferation of B-cells. Type 1 outcomes generate both cell-mediated and humoral responses that act synergistically, whereas type 2 outcomes generate humoral responses but actively suppress cell-mediated responses (31). Our results showed switching responses from type 1 to type 2 immunity after 7 DfSO in COVID-19 development; that is, similar to most infections, type 1 immunity is protective, whereas type 2 responses assist with the resolution of cell-mediated inflammation (31). VEGF-A, IL-8, PDGF-AA, and EGF were identified as “late” cytokines and may act as mediators of wound healing and tissue repair (32). IL-8 is a proinflammatory chemokine associated with the promotion of neutrophil chemotaxis and degranulation, and given the frequent neutrophilia observed in patients infected with SARS-CoV-2, it is possible that IL-8 contributes to COVID-19 pathogenesis (33). Regardless, as our results revealed a strong increase in IL-8 up to the discharge day, it may be possible that it plays a role in angiogenesis (34).

We identified the same cytokines associated with COVID-19 severity (IL-6, IL-1RA, IL-10, MIG, IL-15, G-CSF, M-CSF, IP-10, TNF-α, IL-27) (Figures 3A–C) as found in recent studies (18, 19, 22, 24, 35). In addition to these cytokines, we identified previously unreported cytokines with serum levels that were significantly lower in the ICU group than in the other groups, including MDC, eotaxin, IL-5 and IL-12(p40) (Figure 3D). It is unclear which role the decreased serum levels of these cytokines play in the ICU group. Correlation analysis (Figures 3E–G) showed that IL-5 and MDC had negative correlations (0.5<r <-0.4, p<0.05) with IL-8, IL-18, M-CSF and GRO-α, IFN-γ, IL-2, IP-10, respectively, only in the ICU group. IL-12 (p40) in the mild group had strong correlations with other factors of innate response, such as IL-1RA, IL-15, M-CSF, IFN-α2, GRO-α (0.4<r<0.65, p<0.05), whereas IL-12 (p40) maintained a high correlation only with IFN-α2 (r=0.6, p<0.01) in the ICU group, which may indicate dysregulation of innate immunity.

According to prevalent trends in COVID-19 research, several major demographic (age and sex) and clinical (noninfectious comorbidities) characteristics are associated with an increased risk of disease severity and mortality. There is increased risk of death for both sexes with advancing age, but at all ages above 30 years males have a significantly higher risk of death than females (23). In addition to the previously reported sex and age associated cytokines in COVID-19 (22–24) we identified some new ones. Among COVID-19 patients levels of IL-7, IP-10 and G-CSF were higher in male and MDC level was increased in female (Figures S2A). Levels of eotaxin, sCD40L, IL-12 (p70), MDC, and PDGF-AA were higher in the younger group less (60 y.o.) (Figure S2C, D). As for comorbidities EGF and IL-13 were the most frequently occurring cytokines, which serum levels were lower in patients with any comorbidity compared to without it (Table S2).

All cytokines described above, which were identified according to disease severity, can be used as severity biomarkers or as therapeutic targets for the prevention of poor outcomes of COVID-19 (9, 20). However, to achieve this goal, it is necessary to determine the time frames in which critical changes occur. In our study, we observed changes in cytokine levels between severity groups in the early stage of the disease (within the first 12 DfSO, Figure 4 and Figure S7) and demonstrated differences in cytokine expression between severity groups within the first days of symptom onset. The factors identified are both proinflammatory and anti-inflammatory cytokines (TNF-α, IL-6, IL-15, IFN-γ, IL-10, IL-1RA), type I IFN (IFN-α), chemokines (GRO-α, IP-10, MIG, MCP-3, MCP-1) and growth factors (G-CSF, GM-CSF, M-CSF). All of them are involved in the innate immune response. Interaction of SARS-CoV-2 with the host immune system can cause hyperinflammation in critical cases at the very beginning of COVID-19 that was demonstrated in the 4-6 DfSO time interval, with the highest cytokine serum levels in the ICU group for all listed cytokines. Furthermore, the median of days of transferring to the ICU was 9 DfSO, which indicates that found cytokines can be used as predictors of COVID-19 severity. Based on ROC analysis, nine biomarkers (TNF-α, IL-10, MIG, IL-6, IP-10, M-CSF, G-CSF, GM-CSF, IFN-α2) were established as good early predictors for COVID-19 patients who may require ICU admission (Figures 4F, L).

Our results show significantly higher levels of proinflammatory cytokines (TNF-α and IL-6) and anti-inflammatory cytokines IL-10 and IL-1RA in the severe and ICU groups within the first three days after illness onset (Figures 4A–C and Figure S7A). These cytokines have been suggested as biomarkers to predict the severity and mortality of COVID-19 patients (20, 36). On the one hand, it is thought that elevated serum levels of IL-10 and IL-1RA in COVID-19 patients act as anti-inflammatory or immunosuppressive cytokines to prevent hyperinflammation and are induced by the rapid accumulation of proinflammatory cytokines. On the other hand, high levels of IL-10 and IL-1RA in severe COVID-19 patients can be a signal of an overactive immune response, which may play a detrimental pathological role in COVID-19 severity. Indeed, a dramatically elevated serum level of IL-10 is a unique feature of the cytokine profiling of COVID-19 (29), and its expression by regulatory T cells (Tregs) in severe COVID-19 has been demonstrated (37). IL-10, an inhibitory cytokine, not only prevents T cell proliferation but also induces T cell exhaustion (38). Previous studies of T cells in COVID-19 patients have reported signs of exhaustion (11, 39, 40) and lymphopenia (11, 40, 41). As blocking IL-10 function has been shown to prevent T cell exhaustion in animal models of chronic viral infection (42), thus anti-IL-10 therapy may be useful at the early stage of COVID-19. In addition, TNF-α can promote aged T cell apoptosis (43), which may contribute to lymphopenia in the severe course of COVID-19 in older patients (40).

There are conflicting data regarding the production of type I IFNs, which are important for antiviral innate immunity (21, 30, 44, 45). Some data show that IFN-α2 is produced in severe and critically ill patients (21, 30, 44) but that it is diminished in mild cases (30) or declines in patients with moderate disease (21). Another study found the type I IFN response to be high (between days 8-12) in mild-to-moderate cases but significantly reduced in more severe cases with a striking downregulation of IFN-stimulated genes (ISGs). It remains unclear whether reduced type I INF levels are present from the onset of disease (45). Such contradictory data can be explained by the absence or insufficient number of time points in longitudinal analysis, especially in the first days after illness onset.

In this study, we observed early expression (0-3 DfSO) of IFN-α2 regardless of severity and found its maximum value in the ICU group on 4-6 DfSO (Figure 4D). In contrast, IFN-α2 was poorly expressed in the mild group, though its level remained significantly elevated in the other severity groups compared with the control for all 12-day periods. Thus, we did not find a delayed type I IFN response in critically ill patients, but the ICU group was characterized by rather strong expression of IFN-α2.

Overall, there were excessive levels of chemokines (GRO-α, IP-10, MIG, MCP-3, MCP-1) and growth factors (GM-CSF, G-CSF, and M-CSF) in the ICU group relative to the other severity groups on 4-6 DfSO (Figure 4). High levels of chemokines and their receptors have been reported in COVID-19 patients (35, 46, 47). Chemokines attract neutrophils and macrophages (the main sources of proinflammatory cytokines) to the lungs and trigger further apoptosis of infected epithelial and endothelial cells (12, 13), and neutrophilia frequently develops in COVID-19 patients in the ICU (12, 35, 46, 48, 49). Activated neutrophils release a variety of injurious molecules, including neutrophil elastase and metalloproteases as well as other proteolytic enzymes, oxidants, and reactive nitrogen species (12, 50). Enhanced infiltration of the infection site by neutrophils and macrophages and its effects can result in damage to the pulmonary microvascular and alveolar barrier and cause vascular leakage and alveolar edema, which can lead to ARDS and other complications (12, 50).

The cytokine dynamics results presented in this study have some limitations. First, this study only characterized cytokine patterns in the peripheral blood but did not directly examine the respiratory tract or other possible sites of infection. Second, analysis of blood immune cells was not performed, and we did not explore which cells are the source of the cytokines detected. All assumptions regarding the relationship between the identified cytokines, chemokines, growth factors and blood cells are speculative and based on previous findings of immune patterns characterizing the course of COVID-19. Additionally, it is necessary to adjust for some limitations – both for the general cohort  (the only medical clinic, genetic factors, pandemic period, etc.) and for the healthy donors cohort (in the HD cohort number of women is significantly higher than men, which differs from COVID-19 patients cohort). Nevertheless, the time frames and corresponding changes in cytokine responses found in our study can help in further longitudinal studies aimed at describing the dynamics of immune cells and their activation, differentiation, and possible dysregulation, which will deepen our understanding of COVID-19 pathology.
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Both RNA N6-methyladenosine (m6A) modification of SARS-CoV-2 and immune characteristics of the human body have been reported to play an important role in COVID-19, but how the m6A methylation modification of leukocytes responds to the virus infection remains unknown. Based on the RNA-seq of 126 samples from the GEO database, we disclosed that there is a remarkably higher m6A modification level of blood leukocytes in patients with COVID-19 compared to patients without COVID-19, and this difference was related to CD4+ T cells. Two clusters were identified by unsupervised clustering, m6A cluster A characterized by T cell activation had a higher prognosis than m6A cluster B. Elevated metabolism level, blockage of the immune checkpoint, and lower level of m6A score were observed in m6A cluster B. A protective model was constructed based on nine selected genes and it exhibited an excellent predictive value in COVID-19. Further analysis revealed that the protective score was positively correlated to HFD45 and ventilator-free days, while negatively correlated to SOFA score, APACHE-II score, and crp. Our works systematically depicted a complicated correlation between m6A methylation modification and host lymphocytes in patients infected with SARS-CoV-2 and provided a well-performing model to predict the patients’ outcomes.
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Introduction

Recently, a total of seven internal modifications have been discovered on mRNA: N1-methyladenosine (m1A), N4-acetylcytidine (ac4C), 5-methylcytidine (m5C), N6-methyladenosine (m6A), N7-methylguanosine (m7G), ribose methylations (Nm), and pseudouridine (Ψ) (1). mRNA modification is a reversible process mediated by “writers,” “readers,” and “erasers”, and m6A, which was first reported by Desrosiers in 1974, is the most common type of mRNA modification (2). mRNA can be methylated by the writers (METTL3 and METTL14), and translated into protein efficiently with the help of the readers (YTHDF1 and YTHDF2), while the erasers (FTO and ALKBH5) demethylate the residues (3–7). On the molecular level, m6A can affect RNA structures, influence the accessibility of RNA-binding motifs to their RNA-binding proteins, promote the initiation of miRNA biogenesis, and facilitate the translation of proteins (8). With respect to biological function, m6A has been shown to affect individual development, infertility, carcinogenesis, stemness, meiosis, circadian rhythm, and control various aspects of immunity, including immune recognition, activation of innate and adaptive immune responses, and cell fate decisions (9, 10). For instance, deletion of YTHDF2 delays mouse neuronal development through impaired proliferation and differentiation of neural stem and progenitor cells (11). In addition, the function of m6A can be induced by environmental stimuli or cellular signaling pathways. When monkey kidney cells were infected with enterovirus type 71, YTHDF1 and YTHDF2 were upregulated and distributed into both the cytosol and the nucleus (12).

Patients infected with severe acute respiratory syndrome coronavirus clade 2 (SARS-CoV-2) exhibited various changes in the immune system such as those on immune cell fractions, the expression level of the immune checkpoint, cytokine storm, and so on. During the early stages of COVID-19 infection, lymphocyte fractions might change, for example, the numbers of CD4+ and CD8+ T cells are significantly elevated due to immune defense against the virus (13). Another report noted that mild cases of COVID-19 had a greater proportion of CD8+ T cells than CD4+ T cells (14). Apart from the activated T cells, antibody responses in the extrafollicular zone were also stimulated to protect the organism against SARS-CoV-2 invasion (15). Moreover, some immune function assays were also conducted on macaques infected with SARS-CoV-2, and researchers obtained significant results such as a delayed immune response, increased inflammatory cytokine storm, and declined T cell function during the infections (16).

Recent studies have unveiled the alteration of m6A modification in host cells and SARS-CoV-2. Li et al. noted that METTL3 and METTL14 gene expression in lung tissues was significantly downregulated, whereas the expression levels of most of the inflammatory genes and insulin stimulated genes (ISGs) were increased in COVID-19 patients than in healthy individuals. The SARS-CoV-2 virus utilizes host METTL3 to modify viral RNA and to evade host cell immune responses (17). SARS-CoV-2 infections were also found to trigger m6A modification machineries re-localization and enhance the abundance of m6A in Vero and Huh7 cells (18). Although these findings provide evidence of the m6A methylome interaction between host cells and SARS-CoV-2, current studies focused primarily on a few m6A-related genes and nearly all were performed using model cells such as Caco2 and Huh7, which may not adequately reflect the actual situation of m6A methylome modifications in immune cells in patients with SARS-CoV-2 infection. Consequently, there is an urgent need to explore the m6A methylome modification profile in immune cells and the cross-talk between m6A modification and immune functions. Our aim is to explore whether there is a discrepancy in the expression levels of m6A regulators between patients with and without COVID-19, and how m6A methylome modification affects the immune function of lymphocytes.

In this study, we systematically depicted the immune profiles in patients with and without COVID-19 and the correlation between m6A and lymphocytes between these groups. Based on the expression levels of 20 m6A regulators, we discovered two distinctive m6A modification patterns in blood lymphocytes of COVID-19 patients. Surprisingly, there were differences in metabolism, immune cell compositions, and immune checkpoints between the two groups of patients. To better quantify the m6A modification level in each patient group, we established a scoring system termed the m6A score. This system was further analyzed between two m6A patterns and different clinical manifestation groups. Finally, we generated a protective model to accurately predict the clinical outcomes of patients and to determine the presence of SARS-CoV-2 infection among patients.



Materials and Methods


Processing of Data Obtained From a GEO Dataset

RNA-seq data of 126 samples, including those of 100 patients with COVID-19 and 26 patients without COVID-19 were obtained from a GEO dataset (GSE157103) (19). Clinical information obtained included age, diabetic status, ICU status, and hospital-free days at day 45 (HFD45). The HFD45 assigns a zero value (0-free days) to patients who remained admitted for over 45 days or to those who died while they were admitted, and higher HFD45 values are assigned to patients with shorter hospitalization times and milder disease severity.



GSVA Analysis and Functional Annotation

To estimate the biological function between different m6A clusters or between patients with or without COVID-19, we conducted GSVA enrichment analysis using the “GSVA” R package, which estimates the variations of pathway activity over a sample population in an unsupervised manner (20). The “h.all.symbols” and “c5.go.bp.symbols” were downloaded from the MSigDB database for GSVA analysis. The significantly enriched pathways were filtered by an adjusted P value of <0.05. To investigate the potential biological functions of DEGs of two m6A clusters and of individuals with or without COVID-19, the “clusterProfiler” package in R was used to perform enrichment analysis (21).



Estimation of Immune Cell Infiltration Fractions

The abundance of immune cells was determined by cell type identification by “CIBERSORT”, an algorithm that combines support vector regression from purified leukocyte subsets (https://cibersort.stanford.edu/). The LM22 signature gene matrix served as an input of the “CIBERSORT” algorithm to analyze the RNA-seq data of 126 samples, and all samples with a P value of <0.05 were included (22).



Generation of m6A Score

To quantify the m6A modification level per individual, we established an evaluation index called the m6A score.

	1) Acquisition of significant DEGs. TPM data were log2-transformed, and the DEGs were acquired from the two m6A clusters using the “limma” package. We used HFD45 = 26 as the cutoff value and categorized COVID-19 patients into two groups. Each gene with differential expression between the two groups was analyzed by the t-test. The significant DEGs were extracted for further analysis.

	2) Construction of the m6A score. A PCA analysis was adopted to focus on the well-correlated genes in the set. PC1 and PC2 were extracted to form signature scores. Later, we applied a method similar to GGI to construct the m6A score (23).



	



Unsupervised Clustering of COVID-19 Patients

A total of 20 m6A genes were obtained from the GEO dataset, including eleven readers (YTHDC1, YTHDF2, YTHDF1, ELAVL1, YTHDC2, FMR1, HNRNPA2B1, IGF2BP1, LRPPRC, YTHDF3, and HNRNPC), seven writers (ZC3H13, RBM15B, RBM15, CBLL1, WTAP, METTL14, and METTL3), and two erasers (ALKBH5 and FTO). An unsupervised clustering algorithm performed by the “ConsensusClusterPlus” package was used on the basis of the m6A genes to classify COVID-19 patients into different subtypes (24).



Construction of the Protective Model

Comparison of the two groups yielded a total of 4,565 genes with differential expression. We constructed the LASSO model in the patient’s cohort on the basis of these DEGs by using the “glmnet” package. The final signatures were filtered by determining the appropriate λ value with 20-fold cross-validation and “deviance” as the target parameter. The coefficients of the final signatures were used to calculate the protective score as follows: protective score = ∑i Coefficientsi × Expression level of signaturei. The patients were divided into two clusters: the training cohort consisted of 70% of the patients while the validation cohort consisted of 30% of the patients. The model constructed in the training cohort was validated in the validation cohort. Receiver operating characteristic (ROC) curves were plotted with AUC scores using the R package “plotROC” to evaluate the performance of the model.



Statistical Analysis

Differences between the two groups were compared using the Wilcoxon sum-rank test and the t-test. The protective score, HFD45, SOFA score, APACHE-II score, crp, and ventilator-free days were subjected to correlation analysis using the Pearson correlation test with the “pancor” package (https://github.com/xuzhougeng/pancor/tree/master/R). All statistical tests conducted were two-sided, and a p value of <0.05 was considered statistically significant.




Results


Upregulation of m6A Regulators and Activation of the Immune System in COVID-19 Patients

A sketch map was depicted to reflect the m6A modification of blood lymphocytes of patients infected with SARS-CoV-2 (Figure 1A). The gene expression profiles and corresponding clinical data of patients with or without COVID-19 were downloaded from the Gene Expression Omnibus (GEO) database for subsequent analyses. Figure 1B shows the workflow. We curated and analyzed a set of 20 acknowledged m6A regulators (11 writers, 7 readers, and 2 erasers) to identify distinct m6A methylation modification patterns. Expression profiling of blood leukocytes revealed that the expression levels of all m6A regulators were significantly upregulated in patients with COVID-19 (P <0.05) (Figure 2A). To explore the association between different m6A regulators, we depicted the correlation patterns between three types of m6A regulators (Figure 2B). Surprisingly, m6A regulators of the same type, such as YTHDF2 and YTHDC1, show strong antagonistic action (coefficient = −0.6). Simultaneously, m6A regulators from different types, such as HNRNPC and WTAP, can also exhibit synergistic effects (coefficient = 0.94). We further analyzed the relevance of the co-expression of regulators and found a significant correlation between YTHDF2 and other regulators, with the highest correlation coefficient between YTHDF2 and ALKBH5 (coefficient = 0.82). Of course, these are predicted interactions that provide a theoretical basis for later experimental validation. The above results provide evidence to the regulatory balance among the 20 m6A regulators.




Figure 1 | The diagram and workflow of the project. (A) The overview of m6A RNA methylation modification in blood lymphocytes of patients infected with SARS-CoV-2, including ‘writers’, ‘readers’, and ‘erasers’. (B) The study flow chart.






Figure 2 | COVID-19 patients were characterized by upregulated m6A genes and activation of the lymphocytes. (A) The expression of 20 m6A genes of blood leukocytes between patients with or without COVID-19. (B) Correlation plot of 20 m6A genes. The positive correlation was marked with blue, and negative correlation was marked with red. The size of circle represents the absolute value of correlation coefficients. (C) GSVA enrichment analysis showing activated interferon pathways in COVID-19 patients. Red represents high expression, blue represents low expression. (D) The abundance of leukocytes in patients with or without COVID-19. (E) The significant leukocytes fractions in patients with or without COVID-19. (F) The heatmap of correlation between leukocytes and m6A genes. The positive correlation was marked with blue, and negative correlation was marked with red. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no significance.



To determine whether there are alterations in the immune system between the COVID-19 and non-COVID-19 patient groups, gene set variation analysis (GSVA) was conducted to show a difference in well-defined biological states or processes between patients with or without COVID-19, indicating that interferon responses were remarkably upregulated in COVID-19 patients (Figure 2C). We simultaneously analyzed the fraction of 22 immune cell types between the two groups based on the CIBERSORT algorithm (Figure 2D), and the results revealed that COVID-19 patients had higher infiltration levels of memory B cells, plasma cells, naïve CD4 T cells, activated CD4 memory T cells, and gamma delta T cells (Figure 2E). These findings suggested that SARS-CoV-2 infection remarkably activates the immune system. Moreover, correlation analysis underlined that activated CD4 memory T cells were positively correlated with m6A regulators (Figure 2F). Combined with the above results, it can be inferred that the high level of activated CD4 memory T cells in COVID-19 patients may be due to the elevated expression level of m6A regulators. The above results suggested that m6A regulators may play a pivotal role in the molecular traits and immune infiltration phenotype in COVID-19 patients.



Patterns of m6A Regulators and Biological Function of Each Pattern

A consistent unsupervised methodology was employed to obtain a clustering result for subsequent analysis. The consensus matrix showed that the unsupervised algorithm based on the 20 regulators could clearly distinguish the samples, and each sample in a cluster possessed a high correlation (Figures 3A, S1A–C). The consensus distributions and delta area for k (2–5) are displayed in the empirical cumulative distribution function (CDF) plots (Figures S1D–E). Given the consensus matrix for the analysis, k = 2 seemed to be the most suitable choice. Accordingly, in this study we clustered COVID-19 patients into two groups, and the principal component analysis (PCA) revealed that the two groups were distinguished clearly (Figure S1F). Moreover, compared to the expression levels of m6A regulators, a unique m6A transcriptional profile was generated between the two m6A patterns (Figure 3B). m6A cluster A showed high expression levels of CBLL1, HNRNPC, and ZC3H13, while m6A cluster B was characterized by elevated expression of IGF2BP1, METTL3, and RBM15B (Figure 3C). METTL3, which was previously reported by Hu, was considered to be an important part of the methyltransferase complex (5), suggesting that the m6A cluster B might have a higher level of m6A methylation modification in lymphocytes compared to m6A cluster A. Some host proviral genes that are essential for the survival of SARS-CoV-2 have been reported (25–31). We examined the expression levels of these genes in the two clusters. As shown in the result (Figures S2A–C), proviral genes were significantly upregulated in m6A cluster A relative to m6A cluster B. The hospital-free day 45 (HFD45) between the two clusters was compared, and the results revealed a better prognosis for m6A cluster A (Figure 3D). Thus, we speculated that the upregulated expression of proviral genes might be associated with a low level of m6A methylation modification in lymphocytes, leading to better outcomes in COVID-19 patients. We subsequently explored effectors downstream of the innate immune pathways between the two groups, and the results showed that IFN genes and IFN-stimulated genes were significantly upregulated in m6A cluster A (Figure 3E), implying that lymphocytes of this cluster were significantly stimulated to release antiviral proteins such as IFN.




Figure 3 | Biological progression between the two m6A clusters. (A) Consensus clustering matrix for k = 2. (B) The heatmap of m6A genes between the two m6A clusters. Red represents high expression, blue represents low expression. (C) Expression levels of significant m6A genes between the two m6A clusters. (D) The HFD45 between the two m6A clusters. (E) The innate immune pathways-related genes between the m6A clusters. (F, G) GSVA analysis showing the activation of classical pathways and distinct biological processes in metabolism and immune response. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no significance.



GVSA analysis was applied to further explore the biological differences between the two groups. The results revealed that KRAS and TGFβ signaling was upregulated in m6A cluster A while PI3K-AKT-mTOR signaling was downregulated in m6A cluster B (Figure 3F). Otherwise, the significant pathways also focused on metabolism and immune system activation. m6A cluster B was remarkably related to oxygen transport, fatty acid β-oxidation, aerobic respiration, cellular metabolism compound salvage, and nucleotide salvage. T cell pathways, such as T cell activation, T cell differentiation, T cell chemotaxis, and T cell proliferation, were significantly enriched in m6A cluster A (Figure 3G). Thus, we hypothesized that m6A cluster A might be involved in various processes in T cells, such as development and function.



Immune Infiltration and Immune Checkpoint Characteristics in m6A Patterns

Recent studies have shown that m6A modification of RNA plays an essential role in the formation of immune responses and the immune environment. In order to further define the role of m6A modification patterns in the immune environment, we compared the components of different lymphocytes between two m6A clusters by using the CIBERSORT method (Figure 4A). We found that m6A cluster A had higher expression of CD8+ T cells and activated NK cells than m6A cluster B, which is consistent with the above results. To better illustrate the level of infiltration in the two clusters, we leveraged the ESTIMATE algorithm to evaluate the infiltration level of immune cells. The results revealed that m6A cluster A exhibited a high immune score, which suggested that m6A cluster A had prominently elevated infiltration of immune cells (Figure 4B). These results illustrated the differences in immune infiltration between the two modification patterns.




Figure 4 | Immune characteristics between the two m6A clusters. (A) The abundance of leukocytes between the m6A clusters. (B) The immunoscore between the two m6A clusters. (C) Expression levels of immune checkpoint genes between the m6A clusters. (D) The KEGG enrichment analysis based on DEGs of the two clusters. The color bar represents the p values of the pathways. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no significance.



We further analyzed the expression of typical immune-related genes and immune checkpoint-related genes in the groups with different modification patterns. The results uncovered that stimulator, inhibitor, and MHC-related genes were remarkably elevated in m6A cluster A than in m6A cluster B (Figures S3A–C), suggesting that m6A cluster A had a higher immune response than m6A cluster B. Interestingly, m6A cluster A could be remarkably distinguished from m6A cluster B in the immune checkpoint. In particular, we found that the expression of checkpoint inhibitor-related genes, such as HAVCR2, TIGIT, PD-L1, ICOS, CTLA4, CD86, LFA-3, and CD40, in the m6A cluster A was prominently higher than that in m6A cluster B, which meant that the former cluster might benefit from immune therapy (Figure 4C). To better illustrate the biological behaviors between the two groups, Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment was performed using the “clusterProfiler” package. Surprisingly, immunity- and metabolism-related genes were primarily enriched (Figure 4D), which is the same as the biological process between patients with and without COVID-19. Based on the above results, it could be said that there were distinct immune infiltration and immune checkpoint characteristics between the two groups with different modification patterns.



Construction of m6A Signatures

To further verify the reasonability of classification based on m6A-related genes, we first analyzed the differentially expressed genes (DEGs) using the “limma” package (32). DEGs were identified with cutoff criteria of |logFC| >1 and P <0.05, and finally we screened 6,771 DEGs. Subsequently, unsupervised consensus clustering analysis was conducted on the basis of the DEGs using the R package “ConsensusClusterPlus” to categorize the patients into different genomic subtypes. The delta area and consensus distributions for k (2–5) are displayed in the empirical CDF plots (Figures S4A–E). Consistent with the classification of m6A modification patterns, the unsupervised algorithm clustered two unique genomic subtypes. We designated these subtypes as “Gene cluster A” and “Gene cluster B”, and this classification was further confirmed by PCA (Figure S4F). Coincidently, there were more m6A-related genes in Gene cluster A than in Gene cluster B (Figure S5G), although there were no significant differences in the HFD45 score (Figure S5A). These analyses indicated that the two m6A modification models existed in COVID-19 patients and that the classification based on m6A-related genes was reasonable and could be explained. Furthermore, we analyzed the overall expression of the DEGs, and the results are depicted in a heatmap (Figure 5A), which illustrates the existence of a distinct genomic expression profile between the two groups. Later, we observed the proportions of clinical manifestations of the COVID-19 patients between the two m6A clusters (Figure 5B). It indicated that the patients in m6A cluster B were more likely to be admitted to the ICU or have diabetes than patients in m6A cluster A. Concomitantly, patients in Gene cluster A were characterized by an age of <65 years.




Figure 5 | Clinical manifestations and m6A modification levels between the two m6A clusters. (A) Heatmap of the DEGs between the gene clusters. m6A cluster and clinical feature annotation was used. (B) ICU, age, and diabetes proportions between the m6A clusters. (C) m6A score between the m6A clusters.



Considering the unique heterogeneity of m6A modification patterns, we defined an indicator to establish a scoring system to comprehensively quantify the m6A modification pattern of patients with COVID-19, which is termed as the m6A score. Further analysis revealed a lower m6A score in m6A cluster A than in m6A cluster B (Figure 5C). Combined with the conclusion that the m6A cluster A had a higher HFD45 than m6A cluster B, it can be inferred that the m6A score was associated with poor survival. However, there was no significant difference in the m6A signature between Gene clusters A and B (Figure S5B). Similar results were discovered between different clinical groups (Figures S5C–F). To better illustrate the potential function of the m6A score, we analyzed the correlation between the m6A score and common pathways. Based on the results of the correlation analysis, the m6A score was mainly positively correlated with glycerolipid metabolism and autoimmune thyroid disease, and negatively correlated with the regulation of autophagy, peroxisome, drug metabolism, glycerophospholipid metabolism, and RNA degradation (Figure S5G). These results demonstrated that the m6A score might be closely related to metabolic pathways.



Construction and Validation of an m6A-Related Protective Model

In view of the necessity to detect COVID-19 in individuals and the importance of m6A regulators, an accurate predictive model needs to be built. We analyzed the intersections between DEGs of two m6A clusters and DEGs of COVID-19 and COVID-19 individuals, and acquired a total of 4,565 overlapped DEGs (Figure 6A). These DEGs were regarded as candidate genes for least absolute shrinkage and selection operator (LASSO) regression analysis based on the least square method. In the cross-validation process, lambda-min was regarded as the optimal value (Figure 6B). Figure 6C presents the calculated regression coefficient. Finally, nine model-related genes were obtained, which were then used to construct a protective model. The against-COVID-19 signature was as follows: protective score = (−0.40363 × CHEK1) + (−0.00647 × NDC80) + (−0.03129 × PBK) + (−0.27285 × H2BC11) + (−0.06532 × TMSB4X) + (−0.04487 × RPH3A) + (−0.19111 × EEF1D) + (0.083252 × SNAPC2). Further analysis demonstrated that both in the training and validation sets, patients with high protective scores had a higher level of HFD45 and were more likely to protect themselves against COVID-19 infections than those with low protective scores (Figures 6D, E). Moreover, the area under the ROC curve (AUC) values of the model in the training and validation sets were 0.822 and 0.705, respectively (Figures 6F, G), suggesting the excellent performance of the protective model. The heatmaps of the model-related genes were plotted, which indicated a distinct difference in expression levels between the patients with and without COVID-19 in both sets (Figures 6H, I).




Figure 6 | Construction of a protective model to predict patients with COVID-19. (A) Venn plot between DEGs of COVID-19 and DEGs of clusters. (B, C) Construction of a protective model based on intersecting DEGs. (D, E) The HFD45 of patients in the training set and testing set ranked by protective score. (F, G) AUC of patients in the training set and testing set. (H, I) The heatmap of the model genes in the training set and testing set.



To delineate the role and potential mechanisms of the predictive performance of the model, we conducted gene ontology (GO) and KEGG analyses of model-related genes. The results of the analyses revealed that the model was mainly related to external factors, cell cycle, and viral carcinogenesis (Figure 7A). These findings indicated that the protective model can precisely predict the probability of patients infected with SARS-CoV-2. Later, we studied the correlation between the protective score of the model and clinical information (Figures 7B–F), which illustrated that a high protective score was positively correlated with HFD45 and ventilator-free days, whereas a high protective score was negatively correlated with SOFA score, APACHE-II score, and C-reactive protein (crp). Taken together, our findings demonstrated the outstanding predictive value of the newly developed protective model and the clinical prognostic value of the protective score.




Figure 7 | The enrichment of model genes and correlations between protective score and clinical information. (A) The biological process of the model-related genes. (B–F) The correlations between protective score and HFD45 (B), SOFA score (C), APACHE-II score (D), crp (E), and ventilator-free days (F).






Discussion

SARS-CoV-2 is responsible for the severe acute respiratory syndrome. Sokal et al. found that memory B cells in patients responded to COVID-19, while Grifoni et al. and Bert et al. demonstrated that COVID-19-specific CD4+ and CD8+ T cells are generated during the course of COVID-19 disease (13, 15, 33). Interestingly, SARS-CoV-2 spike-reactive CD4+ T cells, which focus on C-terminal S epitopes, can be detected both in patients with COVID-19 and in healthy donors (34). Moreover, a robust CD4+ T cell response to SARS-CoV-2 spike (S) protein and nucleoprotein (N) can be observed in individuals who have recovered from SARS-CoV-2 infection (14, 35). Although the phenotype of lymphocyte responses to COVID-19 has been unraveled by researchers, the underlying mechanism of lymphocyte activation in this disease remains obscure.

RNA modification is diverse and vital in the activation and differentiation of lymphocytes. m6A methylation can control T cell and B cell homeostasis (36, 37). T follicular helper cell differentiation can also be managed by m6A mRNA methylation (38). The above studies primarily focused on communication between tumor and lymphocytes, but whether m6A mRNA methylation was altered in the lymphocytes of COVID-19 patients and the potential function of m6A modification during infection remains unclear. Thus, there is an urgent need to identify the possible mechanisms and promote our understanding of lymphocyte m6A modification in COVID-19 patients.

In this study, we systematically analyzed the m6A modification landscape in blood lymphocytes of COVID-19 patients. The m6A expression level was significantly upregulated in the blood lymphocytes of COVID-19 patients than in those of patients without COVID-19, suggesting that m6A modification might play a vital role in the blood lymphocytes of patients with COVID-19. Later, the correlation between m6A regulators was calculated to explore the intricate relationship between the regulators in patients infected with SARS-CoV-2 and uninfected individuals. We discovered a negative correlation between m6A regulators of the same type, which proved the existence of an m6A modification dynamic balance in COVID-19 patients. The lymphocyte fraction was altered between patients with and without COVID-19. COVID-19 patients had higher levels of B cells and CD4+ T cells, which were consistent with the findings reported by Goel et al. and Kared et al. (39, 40). Further, to explore the different m6A modification patterns in COVID-19 patients, unsupervised cluster analysis of the expression values of m6A regulators identified two distinct modification patterns. m6A cluster A exhibited T cell activation and differentiation, while m6A cluster B was characterized by metabolism-related biological processes such as fatty acid β-oxidation and nucleotide salvage. Essig et al. and Cortez et al. reported that TGF-β signaling and PI3K-AKT signaling are necessary for T cell differentiation (41, 42). Consistent with the above studies, m6A cluster A had a higher level of TGF-β signaling and PI3K-AKT-mTOR signaling, which explained the mechanism of T cell activation and differentiation. Together, it would be reasonable and reliable to state that m6A cluster A which had activated T cell function to fight against SARS-CoV-2 could exhibit a better prognosis.

Due to the remarkably different mRNA profiles between m6A cluster A and m6A cluster B, DEGs between the two clusters were labeled as m6A-DEGs, which were tightly associated with m6A modification. Consistent with the m6A classification, two genomic subtypes were identified by m6A-DEGs based on the unsupervised classification. Moreover, patients in m6A cluster B were more likely to be admitted to the ICU than m6A cluster A patients. Considering the individual heterogeneity of the immune system, it is necessary to establish an evaluation signature to reflect the individual m6A pattern. Here, based on m6A-DEGs, we defined an “m6A score” to quantify the m6A pattern for each COVID-19 individual. Patients in m6A cluster A presented higher HFD45, which meant that they had a better prognosis. In addition, similar to previous results, the m6A score was positively correlated with glycan metabolism, highlighting the core role of the m6A score in glucose metabolism. Furthermore, the clinical value of the m6A score was evaluated. Patients who were not admitted to ICU, did not have diabetes, or had not been treated by mechanical ventilation presented a relatively low median m6A score. These results further confirmed that the m6A score could serve as a satisfactory prognostic indicator.

Finally, we constructed a protective model with nine identified genes (CHEK1, NDC80, PBK, H2BC11, TMSB4X, RPH3A, TM9SF1, EEF1D, and SNAPC2) to predict patients who had COVID-19. Coincidently, some of the genes are linked to viruses infecting humans. CHEK1, which is a gene that is necessary for responding to DNA damage, was reported to be a potential target of saikosaponins which might function as an adjuvant therapy for COVID-19 patients (43). Bioinformatics analysis revealed that NDC80 and PBK can serve as biomarkers for HBV-associated hepatocellular carcinoma (44). Studies have reported that H2BC11 is associated with interferon signaling during viral infections (45). EEF1D, which serves as a guanine nucleotide exchange factor, can inhibit the nuclear import of the nucleoprotein and PA-PB1 heterodimer of the influenza A virus (46). Additionally, some of the genes are essential for immune system activation. For instance, RPH3A is known to be important for neutrophil integrin activation and TM9SF4 is required for cellular immunity in Drosophila (45, 47). The enrichment analysis revealed that external stimulation, cell cycle, and viral carcinogenesis might be the mechanisms underlying this protective model.

The model achieved a high AUC value in the training and validation sets. More importantly, patients without COVID-19 displayed higher protective scores compared to patients with COVID-19. In addition, previous studies have reported that patients with severe COVID-19 had relatively high crp and higher SOFA and APACHE-II scores (48–50). Consistent with the above findings, the results of the correlation analysis suggested that protective score was negatively correlated with the crp, SOFA score, and APACHE-II score. At the same time, protective score was positively correlated with HFD45 and ventilator-free days, both of which are indicators of favorable outcomes. These findings demonstrate that the protective score is an excellent indicator of clinical outcomes and prognosis in COVID-19 patients.

One limitation of our study was the lack of additional clinical confirmation for the expression levels of m6A-related genes and performance of the protective model. Furthermore, due to the vague survival information provided in the GSE157103 dataset, we could not analyze the precise prognostic value for the m6A score and protective model. Nevertheless, HFD45 can reflect a rough prognostic condition to some extent.

In conclusion, this study revealed the correlation between m6A regulators and lymphocytes and discovered the discrepant immune infiltration characteristics among COVID-19 patients with different m6A modifications. The m6A scoring system can effectively predict the clinical outcomes of patients with COVID-19. Importantly, the protective model based on nine signatures was capable of accurately identifying patients with COVID-19. In summary, our work provided novel insights into m6A modification in blood lymphocytes of patients infected with SARS-CoV-2 and an evaluation system to predict the clinical prognosis and possibility of contracting the COVID-19. Based on these findings, m6A DEGs can serve as biomarkers to detect suspected or confirmed SARS-CoV-2 carriers; however, further research is required to uncover the mechanism underlying elevated expression of m6A methylation modification in the lymphocytes of infected individuals.
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Despite many studies on the immune characteristics of Coronavirus disease 2019 (COVID-19) patients in the progression stage, a detailed understanding of pertinent immune cells in recovered patients is lacking. We performed single-cell RNA sequencing on samples from recovered COVID-19 patients and healthy controls. We created a comprehensive immune landscape with more than 260,000 peripheral blood mononuclear cells (PBMCs) from 41 samples by integrating our dataset with previously reported datasets, which included samples collected between 27 and 47 days after symptom onset. According to our large-scale single-cell analysis, recovered patients, who had severe symptoms (severe/critical recovered), still exhibited peripheral immune disorders 1–2 months after symptom onset. Specifically, in these severe/critical recovered patients, human leukocyte antigen (HLA) class II and antigen processing pathways were downregulated in both CD14 monocytes and dendritic cells compared to healthy controls, while the proportion of CD14 monocytes increased. These may lead to the downregulation of T-cell differentiation pathways in memory T cells. However, in the mild/moderate recovered patients, the proportion of plasmacytoid dendritic cells increased compared to healthy controls, accompanied by the upregulation of HLA-DRA and HLA-DRB1 in both CD14 monocytes and dendritic cells. In addition, T-cell differentiation regulation and memory T cell–related genes FOS, JUN, CD69, CXCR4, and CD83 were upregulated in the mild/moderate recovered patients. Further, the immunoglobulin heavy chain V3-21 (IGHV3-21) gene segment was preferred in B-cell immune repertoires in severe/critical recovered patients. Collectively, we provide a large-scale single-cell atlas of the peripheral immune response in recovered COVID-19 patients.
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Introduction

Coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has resulted in more than 261 million confirmed cases and more than 5.2 million deaths according to the statistics of the World Health Organization (WHO) as of November 30, 2021. The impact of this disease has led to extensive research work to quickly understand, control, and treat COVID-19. Most previous single-cell studies (1–13) focused on the COVID-19 progression stage and have provided important immune cellular and molecular characteristics. The large-scale integrated analysis of single-cell data by Ren et al. (9) included single-cell sequencing data of 140 different types of samples from 104 COVID-19 convalescent patients, showed the immune cell proportions of peripheral blood mononuclear cells (PBMCs) and T-cell receptor (TCR) clone diversity and other characteristics in convalescent patients. Zhang et al. (8) profiled adaptive immune cells of PBMCs from recovered COVID-19 patients with varying disease severity using single-cell RNA sequencing (scRNA-seq), single-cell TCR sequencing (scTCR-seq), and single-cell BCR sequencing (scBCR-seq). However, these studies cannot explain the phenomenon recently discovered by Amanat et al. (14) that convalescent patients with high serum anti-spike titers produce a higher proportion of non-neutralizing antibodies. Data from several studies suggested that patients with severe COVID-19 had higher serum anti-spike titers (15–18). In addition, according to a large-scale population survey in Denmark, the protection rate of individuals under 65 years of age against SARS-CoV-2 reinfection is higher than 80%, while patients 65 years of age and older have only 47.1% protection (19). There is currently no clear explanation for this. Hence, there is an urgent need for a deeper and more comprehensive understanding of the immune characteristics of COVID-19 patients during the recovery stage.

Here we analyzed the scRNA-seq data of 41 individuals of more than 260,000 cells, including 16 mild/moderate recovered patients, 6 severe/critical recovered patients, and 19 healthy controls. CD14 monocytes (CD14 mono), CD4 T cells, and CD8 T cells in severe/critical recovered patients were still in a disordered state 27–47 days after symptom onset, accompanied by a high expression of cytokines and interferon-stimulated genes (ISGs). The percentages of CD4 T cells and CD8 T cells in mild/moderate recovered patients were comparable to healthy controls, but showed significant transcriptome changes. Our data and findings may have important implications for revealing the relationship between the immune response of patients recovering from COVID-19 and the immune protection against SARS-CoV-2 reinfection.



Materials and Methods


PBMCs From Blood

The dataset generated in this study was termed as the “Li dataset”. To generate this dataset, human blood samples were collected by Shenzhen Center for Disease Control and Prevention, Shenzhen, China. We collected PBMC samples at 27–47 days after onset of symptoms or tested with SARS-CoV-2 nucleic acid positive. All patients were in recovery stage or had no clinical symptoms at sample collection (Table S1A). PBMCs were isolated immediately, using lymphocyte separation fluid under the enhanced biosafety level 2 facility. Then, we used a freshly prepared freezing solution [fetal bovine serum (FBS) containing 10% dimethyl sulfoxide (DMSO)] to freeze the PBMCs. In addition, we collected two fresh PBMC samples from two healthy individuals for sequencing as healthy control (Table S1A).



Single-Cell 5′ mRNA and VDJ Sequencing

For the Li dataset, after sample collection, the PBMCs were stored in liquid nitrogen. Cell suspensions were barcoded through the 10x Chromium Single Cell platform using the Chromium Single Cell 5′ Library, Gel Bead and Multiplex, and Chip kits (10x Genomics). Twenty thousand PBMCs were loaded on each 10X Chromium A Chip. Single-cell lysis and RNA first-strand synthesis were performed using the 10X Chromium Single Cell 5′ Library and Gel Bead Kit according to the manufacturer’s protocol. RNA and VDJ library preparation were performed according to the manufacturer’s instructions, using the Chromium Single Cell 5′ v3 Reagent (10x Genomics) and Chromium Single Cell V(D)J Reagent kits (10x Genomics). Each sequencing library was generated with a unique sample index. All libraries were quantified by Qubit 3.0 (Thermo Fisher), Agilent 2100, and Qsep 100. Sequencing was performed on a Hiseq4000 platform with a paired-end 150 sequencing strategy.



Single-Cell RNA-Seq Data Preprocessing

For the Li dataset, we used the Cell Ranger single-cell software suite (version 3.0.0, 10x Genomics) to compare and quantify the single-cell sequencing data against the GRCh38 human reference genome. Firstly, the cells in each sample were screened, and cells expressing at least 200 genes were kept. Next, cells were filtered according to three criteria: (1) cells must have a proportion of mitochondrial gene counts (UMIs from mitochondrial genes/total UMIs) of less than 15%; (2) cells must have a total number of unique molecular identifiers (UMI) counts per cell (library size) of more than 500; (3) genes must be expressed in more than two cells. Doublets were identified using Scrublet (20) and were removed from the analysis. After quality control filtering, a total number of 86,650 cells were retained for downstream analysis (details are shown in Table S2A, B).

For the preprocessing of the Ren dataset (9), we downloaded the scRNA-seq expression profile from NCBI Gene Expression Omnibus (GEO) database: GSE158055 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE158055). Only healthy control samples and samples of 27 and 47 days after recovery (hospital discharge) were included in our analysis. As the downloaded data had already been analyzed and annotated, all the cells in the dataset were used in our analysis without quality control. The two datasets were merged together based on the raw counts using the concatenate function in Scanpy (21). An overlap of 22,094 genes was found in the merged data. To integrate the Li dataset and the Ren dataset, we selected the top 2,000 highly variable genes for the integrated dataset using the “seurat_v3” flavor in the scanpy.pp.highly_variable_genes() function in Scanpy (21).



Single-Cell RNA-Seq Cell Type Annotation

Scanpy (21) was used to analyze the data, including normalization, transformation, highly variable gene selection, and dimension reduction. The expression profile was first normalized to counts per ten thousand (CPTT) by scanpy.pp.normalize_total() function and then log-transformed by scanpy.pp.log1p(). Highly variable genes were selected with scanpy.pp.highly_variable_genes() according to the mean expression and dispersion of the genes. Principal Component Analysis (PCA) was performed on the expression profile of the highly variable genes. Harmony (version 0.0.5) (22) was used to integrate data on the latent space from different samples on the PCA space. Dimension reduction was performed with Uniform Manifold Approximation and Projection (UMAP) (23). To present cell clustering using Louvain method (24) on the Harmony corrected latent space. The cluster stabilities were assessed by self-projection (25). A machine learning-based method (25) was used to infer cell types according to two annotated reference datasets (3, 6).



Immune Cell Proportion Analysis

We calculated immune cell proportions for each major cell type and cell subtype. For each sample, cell type proportion was calculated by the number of cells in a certain cell type divided by total number of cells. To identify changes in cell proportions between samples in different disease severity states and sex, we performed T tests and non-parametric tests on the proportions of each major cell type and cell subtype across different groups. We performed Spearman’s correlation analysis to assess the association between cell type proportion and patient age. A value of p less than 0.05 is regarded as significant.



ANOVA and Linear Regression Analysis

To further evaluate the influence of different sample technical factors, patient phenotypes, and their potential interactions to cell type proportions, we performed One-way ANOVA on cell type proportions based on different phenotypes (Figures S2A), including disease severity, sex, and sample type (fresh or frozen). In Figure S2A, we included the sample data from the Ren dataset with 21–90 days sampling time (days after symptom onset) for One-way ANOVA and linear regression analysis. Cell type proportions were used as the outcome in a regression analysis with age and sampling time (days after symptom onset) as predictors, respectively. Following a multiple testing correction, phenotypes were regarded as significantly associated with cell type proportions when q value is less than 0.05. Statistical analyses were performed using R software (v 4.1.1; The R Foundation).



Differential Expression and Kyoto Encyclopedia of Genes and Genomes Analysis

To model the differential expression of genes between cells together with technical effects, we used the hurdle model in MAST (26), while accounting for the covariates of sex and age. In the model, the effects of covariates are regressed out such that the differential expression represents the effect of the disease condition. Differentially expressed genes with a false detection rate (FDR) lower than 0.01 were used for volcano plots and pathway/gene ontology analysis. Upregulated genes were defined as the ones with a positive log fold change value. GProfiler (27) was used to analyze and visualize the regulated pathways based on the Gene Set Enrichment Analysis (GSEA) database of hallmark genes (28), while the Kyoto Encyclopedia of Genes and Genomes (KEGG) hallmark gene set was used in the analysis.



Gene Module Score Calculation

The gene module score was calculated as the average expression of a set of genes in a given gene module subtracted with the average expression of a reference set of genes. The latter were randomly sampled from the gene_pool for each binned expression value. For a given set of genes belonging to each module (such as HLA class II, cytokine module), the scores were generated using scanpy.tl.score_genes() function of Scanpy (v1.8.1) (21) with the parameter ctrl_size=100.



Single-Cell TCR/BCR Analysis

The Ren TCR/BCR data (9) were first downloaded from NCBI Gene Expression Omnibus (GEO) database: GSE158055 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE158055). These data have been preprocessed by Ren et al. (9), and only those T cells with at least one TCR α-chain (TRA) and one TCR β-chain (TRB) were provided in this dataset. Similar preprocessing was done for BCR data where cells with at least one heavy chain (IGH) and one light chain (IGK/IGL) were provided. The clonotype frequencies for each sample were also provided. We preprocessed our TCR/BCR datasets in a similar manner before integrating them with Ren’s dataset and calculated the clonotype frequencies per sample. Please note that only those B-cell/T-cell clones with corresponding cell-type annotations obtained from scRNA-seq analysis (see Methods section Single-Cell RNA-Seq Cell Type Annotation) were considered for further analysis. The final numbers are given in Table S2A. The UMAPs were plotted using the scanpy.pl.umap() function in (21), and the rest of the analysis was done using R-package Immunarch (v0.6.6) (29, 30).



Cell–Cell Interaction Analysis

The Scanpy AnnData (21) containing all cells was subsetted to T cells, Natural killer (NK) cells, monocytes, dendritic cells (DCs), and plasmacytoid dendritic cells (pDCs) belonging to the 41 samples with a sampling date 27–47 days. This AnnData was further divided into three subsets corresponding to the three severities. The R-package CellChat (v1.1.3) (31) was used to infer cell–cell interaction networks where these annData objects used by Scanpy were converted to separate cellchat objects and then merged for comparison. To identify the upregulated and downregulated signaling pathways using differential expression analysis, two cellchat objects were analyzed at a time. Those differentially expressed signaling ligands with a Bonferroni corrected p-value lower than 0.05 and a log fold change higher than 0.01 were considered upregulated in the second dataset, while those ligands and receptors with a Bonferroni corrected p-value lower than 0.05 and a log fold change higher than 0.01 in the first dataset were considered downregulated in the second dataset. Only those ligand/receptor genes expressed in at least 10% of cells in the respective datasets were considered for visualization and analysis.




Results


The Recovered COVID-19 Patient Cohorts

To profile the transcriptional immune landscape of COVID-19 patients in the recovery stage, we collected 10 PBMC samples from recovered COVID-19 patients 27–47 days after symptom onset, and 2 PBMC samples from healthy control. Using single-cell sequencing technologies, we performed single-cell RNA sequencing as well as single-cell immune profiling (both single-cell B-cell receptor sequencing, scBCR-seq, and single-cell T-cell receptor sequencing, scTCR-seq) on these 12 samples (we term the dataset we generated as the “Li dataset”; see Methods). To improve the reliability and reproducibility of the data analysis, we added 12 PBMC samples from COVID-19 patients in the recovery stage from the previously reported dataset (9) along with 17 PBMC samples from healthy control (this added dataset is termed as the “Ren dataset”). These samples were selected to match the sampling time (according to the day after symptom onset) of the Li dataset, i.e., both datasets had a sampling day of 27–47 days after symptom onset (Tables S1A, B). The overall integrated data included 19 healthy control samples (HC), 16 mild/moderate recovered (MR) samples, and 6 severe/critical recovered (SR) samples, which were classified according to WHO criteria (https://www.who.int/publications/i/item/covid-19-therapeutic-trial-synopsis) (Figure 1A and Tables S1A, B). In Table S1C, we compare the detailed characteristics of patients and controls (including median sampling day and sample type, patient median age, gender, comorbidities, and outcome). Consistent with other reports (9, 16), we found that the median age of severe/critical patients is greater than that of mild/moderate patients. The median sampling day of the mild/moderate and severe/critical recovery groups are 33.5 and 34.5 days (days after symptom onset), respectively (Table S1C). This basically eliminates the effect of detection time on the result of scRNA-seq of patients, and these two groups are comparable in our data.




Figure 1 | Single-cell atlas of recovered COVID-19 patients and healthy controls. (A) Flowchart depicting the overall design of the study. (B) UMAP presentation of the integrated single-cell transcriptomes of cells derived from recovered COVID-19 patients and healthy controls. (C) Box plots show the comparative analysis of the percentage of major cell types in PBMC cells. NK, natural killer cells; Mono, monocytes; DC, dendritic cells. T test with healthy, *p < 0.05, **p < 0.01.



After quality control, we obtained transcriptomes of 86,650 cells, 3,693 productive BCR clones, and 15,717 productive TCR clones from the Li dataset (Table S2A). From the Ren dataset we retrieved 178,239 cells, 13,899 productive BCR clones, and 41,676 productive TCR clones (Table S2A). A Unified Manifold Approximation and Projection (UMAP) based on the Harmony-corrected latent space was generated (Figure 1B; see Methods). We identified 28 distinct cell populations using a machine learning-based approach (25) in comparison with two annotated reference datasets (3, 6) (Figure 1B). These cell populations were further confirmed with known marker gene expression (Figures S1A, B).

We first analyzed the compositional changes of the broad categories of immune cells in PBMC (Figure 1C). Notably, in severe/critical COVID-19 patients in the recovery stage, the proportion of CD14 monocytes (based on the expression of the marker genes CST3, LYZ, CD14) in PBMCs were elevated, but CD4 T cells (IL7R, LTB) were decreased (Figure 1C), consistent with a previous report (9). CD8 T cells (which express CD8A, CD8B) decrease in severe/critical recovered patients in comparison with healthy controls.



Immune Characteristics of Myeloid Cells in the Recovery Stage

Multiple subtypes of myeloid cells significantly changed in cell proportions and genes transcription during the progression of COVID-19 dependent on symptom severity (6, 9). To understand the immune characteristics of these myeloid cell subtypes during the recovery stage of COVID-19, we analyzed the relationship between patient age, sex, symptom severity, and PBMC compositions (Figure 2 and Figures S2, S3). The percentages of CD14 Mono and CD14 Mono (NFKBIA) cells were significantly higher in severe/critical recovered patients compared with healthy controls. We analyzed the correlation between all COVID-19 convalescent patient samples and age, and found CD14 Mono increases with age in the convalescent COVID-19 patients (r=0.7294, p=0.0019), but CD14 Mono (NFKBIA) has no significant correlation with age (r=0.3153, p=0.1530) (Figure 2C). Sex has no significant effect on the proportions of these two cell subtypes (p>0.05) (Figure 2B). Surprisingly, pDCs were significantly elevated in mild/moderate recovered patients but were comparable with healthy controls in severe/critical recovered patients (Figure 2A). Sex has no significant effect on the percentage of pDCs, but age is negatively correlated with the percentage of pDCs (r=−0.4825, p=0.023) (Figures 2B, C).




Figure 2 | Single-cell transcriptome characteristics of the myeloid immune response in recovered COVID-19 patients. (A) Boxplots depicting percentages of multiple cell types in PBMC cells, colored by group-specific color. T tests (and non-parametric tests), *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. (B) The box plots show the cell subtype proportions in different genders. (C) The correlation analysis charts show the correlation between patient age and cell subtype proportions (Spearman’s correlation). (D) UMAPs of PBMC cells colored by inflammatory score (top panel) and HLA_class II score (bottom panel). (E) Box plots show the inflammatory score (top panel) and HLA_class II score ​(bottom panel) of subtypes from healthy controls (n = 19), mild/moderate recovered (n=16), severe/critical recovered (n=6) patients. Significance was evaluated with T tests (and non-parametric tests), for each subtype versus healthy controls. (F) Dot plots depict enriched signaling pathways in different serious groups in CD14 monocytes and pDCs. The number in parentheses represents the number of genes with significant differences. Mono, monocytes; pDCs, plasmacytoid dendritic cells; HC, healthy control; MR, mild/moderate recovered; SR, severe/critical recovered. T tests (and non-parametric tests), *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.



Next, we defined an inflammatory score and HLA class II score for each cell based on the expression of the reported inflammatory response genes (32) and HLA class II genes (6) (Table S3), respectively. We used these two scores to evaluate the inflammation status and antigen presentation ability for each cell (Figures 2D, E). The expression of HLA class II genes was significantly reduced in severe/critical recovered patients, and this reduction was more significant in monocyte and dendritic cell populations (Figures 2D, E). Similarly, we calculated the cytokine score and ISG score of each cell according to the expression of the collected cytokine genes and ISG genes (Table S3; see Methods). The expression of genes in cytokine module was significantly increased in severe/critical recovered patients but was comparable to healthy controls in mild/moderate recovered patients or showed a downward trend (Figures S2B, C). This phenomenon was observed in most cell subtypes. The expression of genes in the ISG module was essentially restored to healthy levels in recovered COVID-19 patients, but remained high in a subset of cell subtypes in severe/critical recovered patients, for example Prolif T, CD8m T(GZMH), and NK(GZMH) (Figures S2B, C).

Through the KEGG (33) pathway analysis, we further detected the differences in cell function of CD14 Mono, CD14 Mono (NFKBIA), and pDCs in recovered patients with different clinical severity (Figure 2F and Figure S2D). In CD14 monocytes, the nucleotide-binding oligomerization domain (NOD)-like receptor signaling pathway was enriched in severe/critical recovered patients, but the antigen processing and presentation and Intestinal immune network for IgA production were downregulated (Figure 2F). In pDCs, Lysosome pathway was downregulated in severe/critical recovered patients. Together with the significant decrease in HLA class II score, it suggested that the severe/critical recovered patients’ antigen processing and presentation ability was reduced (Figures 2E, F).



Single-Cell Transcriptional Landscape of T Cells

T-cell immunity plays an important role in COVID-19 patients (4). To further clarify the T-cell immune characteristics of COVID-19 patients during the recovery stage, we analyzed each T-cell subtype. According to the cell proportion analysis, CD4m T, CD4m T (GZMK), CD8m T (IL7R), γδ T, and Vγ9Vδ2 T (34, 35) cells significantly decreased in severe/critical recovered patients, but were comparable with healthy controls in mild/moderate recovered patients (Figure 3A and Figure S3A). Unlike these T-cell subtypes, proliferating T (prolif T) cells were increased in severe/critical recovered patients compared to healthy controls (Figure 3A), which was consistent with the results reported by Ren et al. (9). In the correlation analysis with age, prolif T cells were positively correlated with age (r=0.5206, p=0.0005), while γδ T cells and Vγ9Vδ2 T cells were negatively correlated with age (r=−0.4498, p=0.0032; r=0.4344, p =0.0045, respectively) as shown in Figures S3B, C. Similar to myeloid cells, sex had no significant effect on all T-cell subtypes (data not shown).




Figure 3 | Single-cell transcriptome characteristics of the T and NK cell immune response in recovered COVID-19 patients. (A) Boxplots depicting percentages of T cell subtypes in PBMC cells, colored by group-specific color. (B) Heatmap visualization of average mRNA expression levels of the differential genes in three severity groups in T and NK cell subtypes. (C) Dot plot depicting enriched signaling pathways in different serious groups in CD4m T and CD8m T(GZMK). HC, healthy control; MR, mild/moderate recovered; SR, severe/critical recovered. The number in parentheses represents the number of genes with significant differences. (D) Boxplots of the gene expression of CD4m T(GZMK) cluster from healthy controls (n = 19), mild/moderate recovered (n = 16), severe/critical recovered (n = 6) patients. T tests (and non-parametric tests), *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.



Interestingly, in NK and T cell types, the transcriptional activator genes and functional immune genes, such as FOS, JUN, CD69, CXCR4, NFKBIA and TNFAIP3, were generally elevated in mild/moderate recovered patients (Figure 3B), while the expression of GIMAP4, SELPLG, S1PR1, and STAT1 genes decreased (Figure 3B). In the KEGG pathway analysis, CD4m T cells exhibited enriched Th17 cell differentiation in mild/moderate recovered patients, while severe/critical recovered patients lacked IL-17 and TNF signaling pathway (Figure 3C). IL−17 signaling pathway was also downregulated in severe/critical recovered patients for CD8m T (GZMK) (Figure 3C). In CD4m T (GZMK), the cytotoxic activity-related PRF1 and SLC9A3R1 gene expression level was significantly reduced, KLF6 and CD83 were significantly increased in mild/moderate recovered patients, and the expression level of these genes in severe/critical recovered patients was comparable to healthy controls (Figure 3D). These four functional genes had similar expression pattern in the different severity for three CD8 memory T cell types (Figure S3D). IFNG was significantly increased in the mild/moderate recovered patients for the three CD8 memory T cell types (Figure S3D). These results suggested that the percentages of CD4 T cells and CD8 T cells was significantly reduced in severe/critical recovered patients, but the expression level of transcriptional activator genes and functional immune genes was comparable to healthy controls or had a slightly downward trend. Although the percentage of CD4m T, CD4m T (GZMK), and three CD8 memory T cell types in mild/moderate recovered was equal to or slightly higher than that in healthy controls. The memory T cells differentiation-related genes were significantly upregulated. These different immune characteristics may produce different SARS-CoV-2-specific memory T cells in different recovered patients.



T-Cell and B-Cell Immune Repertoires in Recovered COVID-19 Patients

Our sequencing data also included scTCR-seq and scBCR-seq dataset to investigate the characteristics of TCR/BCR immune repertoires in recovered COVID-19 patients. UMAP results showed the distribution of TCR/BCR clone size in T/B cell subpopulations. The expanded clonotypes of the TCR clonal size >=5 were mainly from CD8m T (GZMH), CD8m T (GZMK), and Vγ9Vδ2 T cells (Figures 4A, B). Also, the expanded BCR clonotype ratio was very small. The clonotypes of BCR clonal size >=5 mainly came from plasma and memory B cells, and the clonotypes of BCR clonal size 2–4 mainly came from naïve B(TCL1A) and memory B cells (Figures 4A, B). Surprisingly, we found comparable T-/B-cell clonal expansion in healthy controls, mild/moderate, and severe/critical recovered patients (Figure 4C and Figure S4A). This was not consistent with the results reported by Zhang et al. (8). Whether this inconsistency was caused by the difference of sample types (the sample types used by Zhang et al. were peripheral blood CD3+ T cells and CD3−CD19+CD20+CD27+ antigen-experienced B cells) or the number of productive TCR/BCR clones obtained by sequencing or number of samples, it needs to be further verified. Further, in these cell types, clinical severity did not affect the TCR/BCR diversity (Figure 4E). The TCR/BCR diversity of CD8m T (GZMH), CD8m T (GZMK), and memory B was negatively correlated with age (R<0), while that of prolif T and plasma had a positive trend with age with no significant (p>0.05; Figure 4D). In addition, sex does not affect the TCR/BCR diversity of these cells (Figure S4B).




Figure 4 | Distribution of BCR/TCR expanded clonotypes and associations of patient age and COVID-19 severity with the diversity of B and T cell repertoires. (A) UMAPs embedding of T/B cells colored by the density of cells characterized by different clonal expansion sizes (n = 1, n = 2-4, and n > = 5). Shown separately in different COVID-19 severity. (B) Column charts of T/B cell subpopulation composition of expanded TCR/BCR clones. (C) Box plots show characterization and comparison of TCR clonal expansion among severe/critical recovered patients (SR), mild/moderate recovered patients (MR), and healthy controls (HC), by quantifying the ratio of expanded clones. (D) The correlation analysis charts show the correlation between patient age and the BCR/TCR diversity of CD8m T(GZMH), CD8m T(GZMK), Prolif T, Memory B, and Plasma (Spearman’s correlation). (E) Box plots show the BCR/TCR diversity of CD8m T(GZMH), CD8m T(GZMK), Prolif T, Memory B, and Plasma among severe/critical recovered patients (SR), mild/moderate recovered patients (MR), and healthy controls (HC). The chao1 method in R-package Immunarch was used to evaluate repertoire diversity.



Next, to reveal the unique gene patterns and preferences of BCR or TCR in recovered COVID-19 patients, we compared the usage rate of immunoglobulin variable (V) genes. The severe/critical recovered patients use IGHV3-21 more frequently, compared to healthy controls (Figure S4C). Patients in the recovery stage had a certain bias towards the usage of other V genes as well, but there were large variations among individuals, and there was no statistically difference (Figure S4C). Finally, we analyzed the distribution of the heavy chain CDR3 (HCDR3) amino acid sequence length in the BCR repertoires of memory B cells. There was no significant difference in the distribution of HCDR3 lengths in memory B cells between the recovery stage of COVID-19 and the healthy control (Figure S4D).



The Cross-Talk Between Myeloid Cells and T-Cells in the Recovered COVID-19 Patients

In myeloid cell subtypes, the HLA class II score significantly decreased in CD14 monocytes and DCs of severe/critical recovered patients. We also found that the antigen processing or presentation pathways of CD14 monocytes and pDCs were downregulated in severe/critical recovered patients. We further investigated whether these changes contributed to the differences in CD4m T and CD8m T cell proportions, and cell–cell interaction analysis on the main subgroups of monocytes, DCs, and CD4m T cells and CD8m T cells was performed (Figure 5; see Methods).




Figure 5 | The interactions of monocyte, DC, NK, and CD4+/CD8+ memory T cell. (A) Heatmaps showing the overall signaling associated with each cell subtype. ​For each signaling pathway considered for the cell–cell interaction analysis using CellChat (see Methods), we can compare the aggregated incoming and outgoing signaling for each cell subtype in each severity. The top barplot represents the total non-normalized signaling for each cell subpopulation, while the right barplot represents the total log-normalized signaling for each pathway. (B) Circos plot showing the prioritized interactions mediated by ligand-receptor pairs between different cell types. HC, healthy control; MR, mild/moderate recovered; SR, severe/critical recovered; DC, dendritic cells; Mono, monocytes; NK, natural killer cells. (C) Summary illustration comparing the list of HLA genes and inflammatory genes that were upregulated or downregulated in mild/moderate recovery (MR) and severe/critical recovery (SR) compared to healthy controls (HC) in T cells, DCs, and monocytes.



For each signaling pathway considered for the cell–cell interaction analysis (see Methods), we compared the aggregated incoming and outgoing signaling for each cell population. While mild/moderate recovered and severe/critical recovered patients presented similar overall signaling patterns with different patterns to healthy controls (Figure 5A). Based on these signaling patterns, we focused on the interaction of MHC-II, TNF, IL1, IL16, INF-II, and CD48 and other ligand-receptor pairs in monocytes, DCs, and CD4 and CD8 memory T cells (Figures 5B, C). In the Circos plot, we found in an unbiased manner that the MHC II signaling was downregulated in CD14 monocytes, DCs, pDCs in severe/critical recovered patients compared to healthy controls. The TNF_TNFRSF1B ligand-receptor pair related to inflammation expression was upregulated in mild/moderate recovered patients compared to healthy controls (Figure 5B). These results were consistent with our previous observations with HLA class II score and inflammatory score trends (Figures 2D, E). Surprisingly, HLA-DRA, HLA-DRB1, and other HLA class II genes were downregulated in CD14 monocytes, DCs, pDCs in severe/critical recovered patients, but they were upregulated in mild/moderate recovered patients (Figures 5B, C). These results suggested that the expression of HLA-DRA, HLA-DRB1, HLA-DPA1, HLA-DRB5, HLA-DQA1, HLA-DQB1, and other HLA class II genes in monocytes and DCs in the recovery stage was related to the severity of COVID-19 disease, and their downregulation may contribute to the memory T cell differentiation–related transcripts inactivation and the low percentage of CD4m and CD8m T cells in severe/critical recovered patients compared to healthy controls.




Discussion

The immune status of COVID-19 patients during the recovery stage is the key to whether they can obtain immune protection against SARS-CoV-2 reinfection. Basic immune memory and high serum antibody levels can be obtained about 28 days after foreign antigens invade the human body (36). Therefore, collecting peripheral blood of recovered patients 27–47 days after the onset of SARS-CoV-2 infection is one of the best choices to understand the immune characteristics of COVID-19 patients during the recovery stage, and find molecular markers related to disease severity or protection rate against reinfection. In this study, we generated single-cell sequencing data from the blood of SARS-CoV2 recovered patients and performed an integrated analysis with published data. We constructed a single-cell transcriptome landscape map of peripheral immune cells of recovered COVID-19 patients.

The results of the proportions and cytokine scores of cell subtypes in recovered patients in our study are consistent with those reported by Ren et al. (9). However, due to differences in cell population annotations and the number of samples included, the results of some cell subtypes cannot be directly compared. The samples we analyzed only included samples with a sampling time of 27–47 days (days after symptom onset). To determine if this impacted on results, we extracted sample data from the Ren dataset with 21–90 days sampling time (days after symptom onset) and assessed how the sampling time, severity, sample type, gender, and age influence cell subtype proportions (Figure S2A). We found gender has no significant effect on all cell subtypes, and age has significant effects on CD4m T, CD4m T (GZMK), CD8m (IL7R), prolif T, γδ T, and Vγ9Vδ2 T (Figure S2A and Figure S3C), all consistent with our subpopulation results. This shows that these findings were verifiable and stable in recovered COVID-19 patients for at least 2–3 months after symptom onset. Compared with Zhang et al.’s study on isolated T cells and B cells (8), our study obtained fewer TCR and BCR clones in each sample. Therefore, we have obtained very few characteristics of the T- and B-cell immune repertoire of recovered COVID-19 patients.

Our findings on HLA class II are different from those of Wilk et al. The Wilk et al. study focused on the progression stage of COVID-19 patients, while our study discusses the recovery stage. In the study of Wilk et al. (6), the HLA class II score was downregulated in patients with COVID-19 in the progression stage and the most decreased in severe/critical patients. In samples with sampling date 27–47 days after symptom onset, severe/critical recovered patients maintained lower HLA class II scores and higher ISG scores, compared to healthy control, while mild/moderate recovered patients were comparable to healthy controls. Furthermore, through cell–cell interaction analysis, we found several HLA class II genes, which are downregulated in severe/critical recovered patients but upregulated in mild/moderate recovered patients. These results suggested that the immune response of mild/moderate patients could gradually return to normal levels during the recovery stage, while severe/critical patients could remain in an immune disorder state. This might cause lower protection rate of severe/critical recovered patients against SARS-CoV-2 reinfection.

We also found that there was a higher proportion of CD14 monocytes in severe/critical recovered patients. These CD14 monocytes exhibited phenotypes such as upregulation of cytokine expression, downregulation of HLA class II genes, and antigen processing and presentation signaling pathway. Although the proportion of dendritic cells did not change, they also showed upregulation of cytokines and ISGs expression, and downregulation of HLA class II genes in severe/critical recovered patients. We observed a decreased proportion of CD4m T and CD8m T cells and showed a phenotype of downregulation of IL-17 and TNF signaling pathways in severe/critical recovered patients. This could suggest that the low antigen processing of dendritic cells and monocytes might negatively affect the memory T cell differentiation necessary to provide protection against SARS-CoV2 reinfection. The downregulation of HLA class II genes may be one of the reasons why convalescent patients with high serum anti-spike titers produced a higher proportion of non-neutralizing antibodies (15, 16, 18).

The proportions of most peripheral immune cell types in mild/moderate recovered patients were equivalent to that of healthy controls, but CD14 monocytes exhibited upregulated expression of inflammatory genes such as TNF. The expression of HLA-DRA, HLA-DRB1, and other HLA class II genes were also upregulated in CD14 monocytes and DCs. Similarly, T-cell differentiation regulation and memory T cell–related genes FOS, JUN, CD69, CXCR4, and CD83 were upregulated. Therefore, we believe that the recovery of CD14 monocytes includes the return of cytokine expression and cell proportions to healthy levels. The upregulation of HLA-DRA, HLA-DRB1, and other HLA class II genes in CD14 monocytes and DCs may promote the change of CD4m T cell and CD8m T cell transcriptomes, helping the formation of T cell immune memory, thereby providing effective cellular immunity against SARS-CoV-2 reinfection. Further experiments are required to validate this hypothesis. Recent studies from Public Health England, London, UK, Andrews et al. found that the effectiveness of the Vaxzevria and Comirnaty vaccines against symptomatic diseases has greatly waned in people over 65 years of age (Unpublished, https://twitter.com/jburnmurdoch/status/1438100712441974786?s=19). This outcome seems to be similar to that found in SARS-CoV-2-infected people. This suggests that the differential immune characteristics we found in mild/moderate recovered and severe/critical recovered patients may be the keys to the development of an effective SARS-CoV-2 vaccine for the elderly.

SARS-CoV-2-specific memory T cell responses are long-lasting in recovered COVID-19 patients (37–39) even though SARS-CoV-2-specific antibody response may decrease (15, 37, 40–42). Previous studies have shown that T cell responses to SARS-CoV-1 and Middle East Respiratory Syndrome Coronavirus (MERS-CoV) are long-lasting, up to >17 years (43–45). Recent studies have also demonstrated that SARS-CoV-2-specific memory T cell response lasts for more than 10 months in recovered COVID-19 patients, and these cells are stem-like memory T cells with multifunctionality and proliferation ability (38). In addition, Katherine et al. found memory T cells contribute to protection against SARS-CoV-2 rechallenge in a rhesus monkey model (29, 30). These results support that the generation and persistence of memory T cells in recovered COVID-19 patients are essential for humans to prevent SARS-CoV-2 reinfection. Currently, there is no report on myeloid cell immunity in recovered patients 1 year or more after infection, and their role in preventing SARS-CoV-2 reinfection remains unknown. In addition, it is still unclear whether the T cell responses in severe COVID-19 patients who have recovered a year or longer after infection have returned to normal.

In summary, our analysis of a large-scale scRNA-seq dataset covering diverse disease severity has revealed multiple immune characteristics during the recovery stage of COVID-19 that have not been adequately studied previously. Such results provided a critical resource and important insights in dissecting the human body’s immune protection mechanism against SARS-CoV-2 reinfection and may help to develop effective SARS-CoV-2 vaccines for the elderly.
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Although cellular and molecular mediators of the immune system have the potential to be prognostic indicators of disease outcomes, temporal interference between diseases might affect the immune mediators, and make them difficult to predict disease complications. Today one of the most important challenges is predicting the prognosis of COVID-19 in the context of other inflammatory diseases such as traumatic injuries. Many diseases with inflammatory properties are usually polyphasic and the kinetics of inflammatory mediators in various inflammatory diseases might be different. To find the most appropriate evaluation time of immune mediators to accurately predict COVID-19 prognosis in the trauma environment, researchers must investigate and compare cellular and molecular alterations based on their kinetics after the start of COVID-19 symptoms and traumatic injuries. The current review aimed to investigate the similarities and differences of common inflammatory mediators (C-reactive protein, procalcitonin, ferritin, and serum amyloid A), cytokine/chemokine levels (IFNs, IL-1, IL-6, TNF-α, IL-10, and IL-4), and immune cell subtypes (neutrophil, monocyte, Th1, Th2, Th17, Treg and CTL) based on the kinetics between patients with COVID-19 and trauma. The mediators may help us to accurately predict the severity of COVID-19 complications and follow up subsequent clinical interventions. These findings could potentially help in a better understanding of COVID-19 and trauma pathogenesis.
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1 Introduction

Inflammation is a complex cascade playing a dual role in both physiological and pathological conditions. Inflammatory responses restrict infections and induce tissue repairing by the local release of different immune mediators and recruitment of immune cells (1). However, if the process becomes uncontrolled and systematic, it can be destructive and cause multiple organ failure (MOF) (2). The latter is evident in patients with severe coronavirus-2019 (COVID-19) and severe trauma (2, 3).

COVID-19 is a viral disease caused by severe acute respiratory syndrome-coronavirus (SARS-CoV)-2. COVID-19 can begin with either slight or substantial changes in circulating immune cell distributions and/or functions, followed by cytokine storm (CS), which can ultimately result in MOF (4). The fallout from a CS is a rapid increase in circulating levels of pro-inflammatory cytokines including interleukin (IL)-6, IL-1, tumor necrosis factor (TNF-α), and interferons (IFNs). The CS has a damaging effect on human organs by impacting the transition of various immune cells, such as macrophages, neutrophils, and T cells, into various tissues (4). COVID-19 presents with a broad spectrum of clinical symptoms (5). Diagnosis is typically confirmed by chest computerized tomography (CT) scans and real time-quantitative polymerase chain reaction (RT-qPCR) (6, 7). Laboratory findings, including complete blood count (CBC), blood levels of inflammatory mediators, and coagulation factors, can further predict and monitor COVID-19 complications (8).

Similarly, trauma is a polyphasic inflammatory condition, which in severe form induces complex host immune responses, disrupts immune system homeostasis, and predisposes patients to opportunistic infections and inflammatory complications (9). After severe injuries, large amounts of mediators called damage-associated molecular patterns (DAMPs) are released into the circulation triggering the innate and adaptive immune responses (10). The recognition of DAMPs by immune cells induces systemic inflammatory response syndrome (SIRS) that finally result in physiological changes like hypo or hyperthermia, increased heart rate, leukocytosis, lymphopenia, thrombocytopenia, and MOFs (11). Subsequently, to restrict the excessive pro-inflammatory response, the long-lasting compensatory anti-inflammatory response syndrome (CARS) is evoked and caused post-traumatic immunosuppression (IS) (12). Initially, both CARS and IS suppress trauma-induced inflammation and promote a natural healing response to control immune reactivity to tissue damage and restore immune system homeostasis (13). Conversely, persistent both situations (CARS and IS) can suppress adequate antimicrobial immunity resulting in increased susceptibility to opportunistic infections and serious complications like sepsis and septic shock with following organ failure (14). Sepsis is a major leading cause of mortality and morbidity in trauma patients. Indeed, it is difficult to detect the timing of sepsis in trauma patients because severely injured patients usually present with SIRS (15).

In the setting of trauma, although traumatic insult is considered as the first driver of inflammatory responses, other hyperinflammatory states, such as COVID-19, has also the capacity to augment the inflammation (16, 17). Recent evidence reported elevated inflammatory response in COVID-19 patients sustaining orthopaedic trauma injuries due to their baseline hyperinflammatory states (16). Moreover, it has been documented that the clinical characteristics of COVID-19 patients with fractures were more serious than those of patients without fractures (18). Other studies also found higher intensive care unit (ICU) admission and mortality rates after elective surgery on asymptomatic COVID-19 patients (18, 19). A retrospective study indicated higher mortality and complications rates in patients with active COVID-19 who were over 70 years of age with orthopaedic trauma surgery (20). Furthermore, study of patients admitted to Pennsylvania trauma centers showed that traumatic injury concomitant with COVID-19 infection may increase risks of morbidity and mortality (21).

Even though many immune mediators are affected by the inflammatory condition of trauma, complicating their ability as an outcome predictor in COVID-19 (22), testing immune mediators can still be a rapid and inexpensive method of predicting outcomes for COVID-19 infections (23). Therefore, there is an urgent need to investigate and compare the kinetics of immune mediators after the onset of COVID-19 symptoms and traumatic injuries, to identify the most appropriate mediators and evaluation times to more accurately predict complications in COVID-19.

The current review aimed to investigate similarities and differences in common inflammatory mediators, cytokine/chemokine levels, and immune cell subtypes, based on the kinetics between patients with COVID-19 and trauma. Particularly as there is potential for each variable to become a target in the prognosis of COVID-19 within the trauma context.



2 Methods

Published articles for inclusion in this evidence synthesis were identified through a PubMed database search undertaken on August 3, 2021. No search filters or limits were used on publication type, language, time period, or any other fields. The Medical Subject Heading (MeSH) terms searched included ‘Coronavirus Infection’ or ‘Coronavirus’ or ‘SARS-CoV-2’ or ‘COVID-19’ or ‘2019-nCoV’ AND ‘Cytokines’ or ‘C-reactive protein’ or ‘Procalcitonin’ or ‘Ferritins’ or ‘Serum Amyloid A Protein’ or ‘Interleukins’ or ‘Interleukin-1’ or ‘Interleukin-6’ or ‘Tumor Necrosis Factor-alpha’ or ‘Interleukin-4’ or ‘Interleukin-10’ or ‘Leukocyte Count’ or ‘Neutrophils’ or ‘Monocytes’ or ‘Lymphocytes’ or ‘Lymphocyte subsets’ or ‘T-Lymphocytes, Helper-Inducer’ or ‘Th1 Cells’ or ‘Th2 Cells’ or ‘Th17 Cells’ or ‘T-Lymphocytes, Regulatory’ or ‘Tr1 Cells’ or ‘Suppressor T-Lymphocytes, Naturally-Occurring’ or ‘T-Lymphocytes, Cytotoxic’ or ‘TC1 Cells’ or ‘TC2 Cells’. Grey literature searching involved a search of the medRxiv website (https://www.medrxiv.org/) to identify pre-print articles. Manual screening of reference lists of all relevant publications was conducted to identify further qualified studies.



3 Kinetics of Immunological Mediators in Patients With COVID-19 and Trauma


3.1 Common Inflammatory Mediators

During infection and trauma, the secretion of pro-inflammatory cytokines including IL-1, IL-6, and TNF-α, induce the production of C-reactive protein (CRP), procalcitonin (PCT), ferritin, and serum amyloid A (SAA) as common inflammatory mediators. Several studies have shown that some common inflammatory mediators might be linked with severity of complications after COVID-19 and/or trauma (24–26). Therefore, it’s likely that serum levels of common inflammatory mediators may be a valuable candidate in the prognosis of COVID-19 and trauma, as discussed below.


3.1.1 CRP

CRP is an acute-phase protein secreted by hepatocytes in the presence of pro-inflammatory cytokines (27). Under steady-state, the blood concentration of this acute-phase protein is less than 10 mg/L. In the presence of an infection, levels increase within 6-8 hours, peak at around 24-48 hours post-infection, and then rapidly return to normal levels within 4-9 hours (28). The relatively low levels of CRP during viral infections compared to bacterial infections may be described by the inhibitory role of IFN-α (29).

COVID-19 patients with a higher serum level of CRP at admission (3-5 days post-SARS-CoV-2 infection when symptoms appear), which continues for 2-3 weeks, have an additional risk for poor prognosis. Whereas a decrease in serum level of this protein on the third week, following a gentle increase during the first and second weeks post-symptom onset, correlates with good disease outcomes (30). Higher CRP levels at admission have been reported in COVID-19 patients with more severe symptoms (24, 31). Also, a positive correlation between serum levels of it at admission and chest CT progression has been detected in recent studies (24, 32–34). Han et al. have indicated the optimal cut-off point of CRP at admission is 3.38 mg/L, which may be applicable to predict COVID-19 outcomes (33).

Since patients with trauma are referred to trauma centers approximately 1-4 hours after injury, CRP levels at admission have not correlated with poor outcomes post-trauma (35, 36). It typically increases within 6-12 hours, reaching a peak after 24-72 hours (37). This increase is on days 1 to 3 after admission, which continues for the following days, and is associated with poor outcomes (38). Whereas a decrease in this protein after a temporary increase at the time of admission is correlated with good prognosis (38). Previous studies have shown a correlation of CRP serum levels within 24 to 72 hour period post-trauma with severe infectious complications (37, 39). Therefore, a cut-off point ≥154.4 mg/L of during 24-48 hours post-trauma, could help predict post-trauma infection complications (39).



3.1.2 PCT

PCT is a 16-amino acid peptide that is normally produced by thyroid parafollicular cells and is released by mucosal neuroendocrine cells in response to pro-inflammatory cytokines. The normal serum level of it in healthy individuals is less than 0.05 ng/mL. In inflammatory conditions it begins to increase within 4 to 12 hours, reaching up to a 1000-fold increase within 12 to 24 hours, with a decrease after 24 hours. Secondary elevation of PCT might be observed after 72 hours, depending on the severity of inflammation (40, 41). The short half-life of procalcitonin (24-30 hours) in peripheral blood makes it an ideal candidate to predict the prognosis of inflammatory disease outcomes like bacterial infections (42).

Several studies have clarified that in viral infections, such as SARS-CoV-2, the mean serum level of PCT is <0.5 μg/L (43–45). However, 15-25% of COVID-19 patients with poor outcomes have a mean serum PCT level ≥0.5 μg/L at admission (7, 46, 47). A positive correlation has been reported between serum levels of this protein at admission and severity of COVID-19 (48). The serum levels >0.5 µg/L at admission might be considered as an optimal cut-off value for the assessment of adverse outcomes (49, 50). Kinetically, serum PCT levels >0.5 µg/L at admission that continue until days 9-11 are associated with secondary elevation of it and a 5-fold increased risk of critical bacterial co-infection for COVID-19 patients. It appears that the relationship between elevated PCT sera and poor prognosis in COVID-19 is due to common bacterial co-infections (7, 46, 47).

Increased serum levels of PCT have also been reported as a poor prognostic indicator in trauma patients in at least two-time points (51, 52). The significance of the first elevation of this protein within 4 to 48 hours of trauma, is related to the magnitude of tissue injury and is a poor prognostic indicator for early complications such as SIRS, CARS, and persistent inflammation, immunosuppression, and catabolism syndrome (PICS). There is no significant increase during the period of 4 to 48 hours after mild trauma (52, 53). The second elevation of serum PCT levels within 3 to 7 days post-injury can be attributed to opportunistic bacterial infections and sepsis due to a compromised immune system and early CARS and PICS in severe trauma. Infection-induced SIRS, CARS, and PICS have stronger correlations with poor prognostic outcomes of trauma compared to trauma-induced types (38, 54, 55). These results have been observed in both survivor and non-survivors cases following traumatic injuries, respectively (56).



3.1.3 Ferritin

Ferritin is a 480-kD iron storage protein in hepatocytes and reticuloendothelial cells, which has a very low level in blood circulation. Ferritin plays an important role in cellular antioxidant defense mechanisms by sequestering free cytosolic iron rapidly (57). Increased ferritin serum level is an indicator of many inflammatory conditions, including acute infections and injuries (58). It is also the hallmark of macrophage activation syndrome, adult-onset Still’s disease, and septic shock (59, 60). Possible mechanisms increasing this protein in serum, include 1) A consequence of cell lysis, which ferritin releases from intracellular storages; 2) A reflection of inflammatory response intensity, where ferritin is produced under the effect of inflammatory cytokines such as IL-6, IL-8 and TNF-α (57, 61); and 3) A protective response in oxidative stress to sequestrate free iron (62).

One study evaluating ferritin serum levels on admission showed an increase of this protein in patients with non-severe COVID-19, within a normal range (63), however, another study identified an abnormal elevation of serum ferritin among patients with critical-to-severe COVID-19 (57). Elevation of serum ferritin level starts on the first day after infection (57) and could be considered as an indicator of poor COVID-19 prognosis. Two independent studies reported that serum levels of ferritin and IL-6 are increased in patients with severe COVID-19 and decreased in recovered cases (45, 64). These studies suggest that macrophage activation along with increased serum levels of inflammatory cytokines such as IL-6 might be contributing to an increasing ferritin serum level in COVID-19 patients. Ferritin, in turn, might promote oxidative stress, the secretion of IL-1β and IL-10, as well as, macrophage activity (57).

Similar to COVID-19, serum ferritin level at admission may be a predictor of trauma outcomes. Some studies have reported that serum levels of this storage protein depend on trauma severity, as assessed by the injury severity score (ISS) (65, 66). High serum levels of ferritin at admission are associated with poor prognosis in patients with trauma (66). Sharkey et al. showed that a serum level >270 ng/ml of ferritin for women and a level >680 ng/ml for men at admission are associated with the development of progressive complications in trauma patients (66). Meanwhile, results from another study indicated a positive correlation between serum ferritin levels during days 1 to 2 post-trauma with poor prognosis in ICU (65–68).



3.1.4 SAA

SSA is a multifunctional protein involved in metabolic and immunological responses and is produced as an acute-phase protein during inflammation (69). Under inflammatory conditions, SAA is changed in kinetic patterns similar to PCT. In normal level, it binds to high-density lipoproteins (HDL) to recycle cholesterol in the cell membranes and repair damaged tissue, whereas high concentrations of SAA promote gene expression of inflammatory cytokines, immune cell recruitment, low-density lipoproteins (LDL) oxidation, reactive oxygen species (ROS) generation, and the survival time of neutrophils (70, 71). Moreover, SAA is a precursor of amyloid A protein (AA), an insoluble and fibrillar protein, which causes secondary amyloidosis and increases the risk of organ failure and early death (72). Overall, high rates of SAA stimulate the inflammatory process in inflammatory conditions and might be a poor prognostic sign for inflammatory diseases.

Studies have identified significantly higher concentrations of SAA at the time of admission in patients with severe COVID-19, compared with healthy controls (30, 73, 74). A study by Fu et al. revealed that serum levels>157.9 mg/L of this protein at admission can be an appropriate cut-off point to predict the severity of COVID−19 (73). Thus, the level of the SAA at admission is associated with the incidence of poor outcomes in COVID-19 patients (30, 73, 74).

Serum levels of Amyloid A (AA) during 6 to 24 hours post-trauma have been suggested as a prognostic indicator to predict poor outcomes in patients (75, 76). Another study showed a positive association between severity of injuries and increased AA concentrations in blood circulation after trauma (77). Most data about the association between SAA levels and severity of injuries are related to traumatic brain injury (TBI) patients (78, 79). Additionally, Carabias et al. have shown that both patients with moderate-to-severe and mild TBI have higher SAA levels compared to healthy controls (75).

Overall, the dynamic changes in serum levels of inflammatory mediators are shown to have an association with prognosis in patients with COVID-19 and trauma (Figure 1).




Figure 1 | Association between the kinetics of changes in serum levels of inflammatory mediators with prognosis in patients with COVID-19 and trauma. The heat map represents the kinetics of changes in serum CRP (30, 32, 33, 37, 80), PCT (30, 33, 38, 51–53, 55), ferritin (33, 68) and SAA (73, 75, 76, 78) levels during 18 days after admission in COVID-19 and trauma patients associated with poor and good prognoses. COVID-19 patients with an increased risk of mortality, MOF, severe-to-critical forms of the disease, intensive care unit admission, and/or hospitalization are defined as a poor prognosis for the disease. Conversely, patients with the opposite are defined as having a good prognosis for the COVID-19. AT, admission time; CRP, c-reactive protein; d, day; h, hour; MOF, multiple organ failure; PCT, procalcitonin; SAA, serum amyloid A.






3.2 Cytokines/Chemokines

Cytokines are small molecules released by different types of cells, which display specific functions. Cytokines play vital roles in homeostasis maintenance of the immune system and the pathogenesis of inflammatory diseases (81). The dynamic changes in serum levels of cytokines are associated with prognosis in patients with COVID-19 and trauma, which is represented in Figure 2.




Figure 2 | Association between the kinetics of changes in serum levels of cytokines with prognosis in patients with COVID-19 and trauma. The heat map shows the kinetics of changes in serum IFN-α/β (82–86), IFN-γ (86–89), IL-1α (86, 90), IL-1β (86, 90), IL-6 (30, 80, 91), TNF-α (26, 86, 92), IL-10 (26, 80, 91) and IL-4 (86, 92) levels during 18 days after admission in COVID-19 and trauma patients associated with poor and good prognoses. COVID-19 patients with an increased risk of mortality, MOF, severe-to-critical forms of the disease, intensive care unit admission, and/or hospitalization are defined as a poor prognosis for the disease. Conversely, patients with the opposite are defined as having a good prognosis for the COVID-19. AT, admission time; d, day; h, hour; IFN, interferon; IL, interleukin; MOF, multiple organ failure; TNF, tumor necrosis factor.




3.2.1 IFNs

Type I (especially IFN‐α and IFN‐β) and type II (IFN-γ) IFNs are major members of a big family of cytokines, which are important in protecting against pathogens and tumor cells (93). Type I IFNs, as cytokines of the innate immunity, are produced by virus-infected cells and myeloid dendritic cells. They are at the forefront of defense against viral infections via inducing interferon-stimulated genes (ISGs) (94). Whereas, type II IFN is a critical cytokine for both innate and adaptive immunity and plays the major role as an activator of mononuclear cells to stimulate the effector function of cytotoxic T lymphocyte (CTL) and natural killer (NK) cells (95, 96). IFN-α and IFN-β are similar in anti-viral activities, whereas IFN-β appears with greater anti-proliferative and apoptotic effects (97). IFN-β-induced transcriptions are reduced over a longer period compared with IFN-α (97), which indicates the effectiveness of IFN-β in chronic viral infections (98). Although IFNs are the key players in driving anti-viral and anti-proliferative responses, they are also involved in orchestrating the inflammatory condition (99). Kinetic irregularities of IFN-α/β and IFN-γ are associated with poor prognosis in viral and inflammatory diseases (99).

Increased levels of IFN-α 8 to 10 days after the onset of COVID-19 symptoms, and a decrease after day 10, are related to good prognosis. Whereas an opposite pattern appears with a lack of infection control and advanced symptoms (82). IFN-β (both -β1a and -β1b) could facilitate early phase virus clearance (the first 14 days) and improve the survival rate by increasing endothelial barrier activity and anti-inflammatory mediators. It is also likely that IFN-β leads to adverse complications in the late phases (the second 14 days) by promoting inflammation (83–85). Type I IFNs predict positive results in the improvement of SARS-CoV-induced complications in the early phases (100), whereas a high level of IFN-γ at admission that persists in the following days can lead to poor outcomes in COVID-19 patients (87). Only one study has shown IFN-γ serum levels significantly decreased in patients with severe COVID-19 in comparison to cases with moderate symptoms, which is likely due to a decrease in IFN-γ producing lymphocytes (100). Other studies have shown higher serum levels of IFN-γ in patients with severe symptoms (7, 101). Moreover, an increase in serum concentration of this cytokine at days 4 to 6 after the onset of disease symptoms, which decreases over the next few days, is associated with good prognosis (88). It appears a high expression of IFN-γ at admission, which continues for 3 to 4 weeks, could cause negative consequences due to over-activity in the immune system, inducing ACE2 expression (the binding site for SARS-CoV-2) and promoting virus replication (87). Anti-IFN-I autoantibodies have recently been detected in COVID-19 and are associated with poor prognosis of the disease. Bastard et al. have shown at least one type of anti-IFN-I autoantibodies were detectable in 13.7% of patients with life-threatening COVID-19 pneumonia, of which 10.2% of patients had autoantibody against IFN-α (3.6%), IFN-ω (1.3%), or both (5.3%), at the onset of critical disease (102, 103). Anti-IFN-I autoantibodies were higher in males compared to females. Whereas they were found in none of the patients with asymptomatic or mild COVID-19 and were only detectable in 0.3% of healthy individuals aged 20 to 65 years (102). Remarkably, the production of anti-IFN-I autoantibodies is related to the late phase of COVID-19 (104). In the first two weeks post-infection, it is unlikely that the immune tolerance to IFN-I is lost and high titers of autoantibodies are produced (102). This suggests congenital errors of type I IFN production and function. IFN-β therapy may be effective in COVID-19 patients who have anti-IFN-I autoantibodies because auto-IFN-β antibodies are rarely produced.

IFN-α/β and IFN-γ can be prognostic indicators in trauma patients, as they change during the 7 days post- trauma. Levels elevate sharply after severe trauma in two steps; early elevations of IFN-α/β and IFN-γ can be seen 24-72 hours after severe trauma and are correlated to early complications, whereas secondary elevations of IFN-α/β and IFN-γ after 7 days can be an index for opportunistic bacterial infections and sepsis, which are associated with late complications of severe trauma (86). High concentrations of IFN-α/β, IFN-γ, and other pro-inflammatory cytokines in severe trauma, are not only associated with systemic inflammation and tissue destruction in the early phase (the first 14 days), but are also correlated with high levels of anti-inflammatory immune responses in the late phase (the second 14 days). This causes immune deficiency and increases the probability of opportunistic infections (105, 106).



3.2.2 IL-1

IL-1α and -1β are central cytokines of innate immunity, which are produced by hematopoietic, endothelial, and epithelial cells (107). IL-1α increases immune cells migration (108), local and systemic production of inflammatory mediators (109), and lymphocytes proliferation and activation (109). Whereas IL-1β is considered as an effective cytokine on severe complications of inflammatory diseases (25, 110). Even though IL-1β requires processing by inflammasomes for activity, IL-1α can be active in its full-length form without previous processing (25, 111).

Among COVID-19 patients, one study showed no association between IL-1α/β serum levels and disease severity (112). In contrast, other studies have revealed higher levels of IL-1α/β at admission in severe and non-survivor patients compared to mild and survivor cases (7, 101). Serum levels of IL-1β in patients with severe symptoms are approximately 2–100 times above normal levels (113). These conflicting findings may be due to a highly dynamic expression of inflammatory mediator genes in COVID-19 patients. It is likely that different sampling times during the disease course could be a reason for the observed discrepancies among studies. A case-series study in patients with critical-to-severe COVID-19 has shown that most inflammatory genes reach their highest expression levels after the lowest respiratory system function (days 5 post-disease onset) (90). This is in contrast to the role of the CS hypothesis in the pathogenesis of COVID-19. The only expression of IL-1α, IL-1β, IL1 receptor and their signaling pathway molecules had been induced before the lowest respiratory system function (up to 3-5 days after the onset of COVID-19 symptoms) in patients with poor outcomes (90). This shows that the expression of IL-1α, IL-1β, and its signaling pathway molecules increase within 3-5 days post disease onset and might be positively associated with poor prognosis of COVID-19. SARS-CoV-2 induces releasing of IL-1 in macrophages and histamine in mast cells through stimulating toll-like receptor (TLR)2, TLR3, or TLR4 in the early phase of COVID-19 (25, 114). IL-1 affects mast cells and induces the production of IL-6, whereas histamine is involved in the expression of IL-8 and IL-6 in endothelial cells. Besides, histamine in combination with IL-6 stimulates excessive releasing of IL-1, IL-6, and IL-8 from macrophages, which appears as a CS (25, 115). IL-1 also elevates the production of nitric oxide, histamine, metalloproteinases, proteolytic enzymes, and cyclooxygenase (COX)-2 eicosanoid products, such as prostaglandins and thromboxane A2 (TxA2) in mast cells (116), which together with pro-inflammatory cytokines cause septic shock, metabolic dysfunction, thrombi formation, and different tissue damage that can lead to death (25, 116).

DNA microarray analyses of pathological specimens demonstrate that the expression of IL-1α is increased very early after blunt chest trauma (117), but another study has shown a decrease in levels of IL-1α in the plasma of trauma patients at admission (118). These conflicting findings may be due to the rapid fluctuation of IL-1α expression in the early hours after trauma. A very early increase of IL-1α along with elevated levels of IL-1β within 12 to 48 hours post-trauma, is associated with poor prognosis (117). Similar results have been observed in adult acute respiratory distress syndrome (ARDS) and heart and brain ischemia (119–121). Over-expression of IL-1α/β in alveolar macrophages during ARDS (119) and over-production of IL-1α (but no IL-β) in platelets during heart and brain ischemia stimulates the migration of inflammatory cells through inducing the expression of chemokines and adhesion molecules on endothelial cells. These processes could be one of the major mechanisms of type I interferons-mediated organ injuries (120, 121).



3.2.3 IL-6

IL-6 is an acute-phase protein that plays both pro and anti-inflammatory roles in the immunopathology of inflammatory diseases (122, 123). The pro-inflammatory roles of IL-6 run through promoting acute-phase proteins (124), other pro-inflammatory cytokines (125), monocyte/macrophage chemoattractants, and T and B cells proliferation and differentiation (126, 127). Meanwhile, the anti-inflammatory mechanisms of IL-6 are through induction of the anti-inflammatory cytokines and controlling the level of pro-inflammatory cytokines (91, 128, 129).

Several studies have shown that over-production or over-function of IL-6 can be associated with poor prognosis in SARS-CoV-2 infections (45, 130, 131). Hence, serum levels of IL-6 are higher (100–10000 pg/mL) in COVID-19 patients compared to healthy controls. Moreover, COVID-19 patients with more severe symptoms have higher concentrations of IL-6 at admission (30, 132–136). Two independent studies have demonstrated that admission IL-6 serum levels are more likely to be an effective predictor of poor outcomes such as ARDS (optimal cutoff: 80 pg/mL) and death (optimal cutoff: 86 pg/mL) compared to other indicators (134, 137). However, IL-6 levels along with other laboratory indicators, like CRP, prothrombin time (PT), and D-dimer, provide a more accurate assessment of complications in COVID-19 patients (134). Consequently, the combination of a high serum level of IL-6, a high level of D-dimer, and a low level of PT, is associated with DIC-dependent deaths, meanwhile the combination of a high serum level of IL-6, D-dimer, and PT is associated with ARDS-dependent deaths (100, 138). It has been demonstrated that increased levels of IL-6 from 6 hours until ≥18 days post-COVID-19 symptom onset, is associated with poor prognosis (30, 132), whereas its gradual increase within 3-5 days, and its return to normal levels after 15-17 days, is linked to good prognosis (132).

IL-6 may predict post-traumatic complications with high accuracy (122). In homeostatic conditions, serum levels of IL-6 are less than 5 pg/mL. In inflammatory conditions such as trauma, the concentration rapidly rises within hours, reaching the highest levels after 6 to 12 hours (139). Several studies have shown that serum IL-6 concentrations increase in two time periods post-trauma. IL-6 levels in the first 24 hours after trauma are correlated with trauma severity (first hit), whereas its levels during the 48-72 hour period following trauma can be attributed to secondary effects such as infections, surgery, transfusions, and pre-traumatic conditions (91, 140–143).



3.2.4 TNF-α

During the acute phase of inflammation, TNF-α is produced primarily by monocytes/macrophages, but it can also be released by other cells (144). TNF-α plays an essential role in inflammation by inducing other pro-inflammatory cytokines such as IL-1 and IL-6, production of acute-phase proteins, and expression of adhesion molecules (144). The attachment of leukocytes to the endothelium of lymphoid organs and inflammatory sites occurs as a result of the expression of adhesion molecules, which influences the frequency of immune cells in blood circulation and promotes MOF (145). Furthermore, previous research has shown that the serum TNF-α level rises approximately 12 hours after a viral infection and remains elevated for 72 hours (146).

TNF-α levels in the serum of COVID-19 patients increase at the time of admission (3-5 days after infection), which continue until day 3 after admission. Although increased serum TNF-α levels during the first three days after the onset of disease symptoms are associated with disease severity, there are no significant differences in serum TNF-α levels among COVID-19 patients with mild, severe, and critical symptoms. The kinetics of TNF-α after day 3 is different depending on disease progression in patients (132, 147). As a result, higher and lower levels of TNF-α after day 3 are associated with poor and good COVID-19 outcomes, respectively (26, 148).

A positive correlation between serum levels of TNF-α and trauma severity has been indicated in injured patients (149). In non-severe trauma, low amounts of TNF-α are produced, which stimulate tissue repair by inducing fibroblast growth (149, 150). In contrast, excessive increase levels of TNF-α after severe trauma lead to aggravation of inflammatory and MOF (151). High levels of TNF-α and its receptors have been reported in mild trauma 2-4 hours after trauma, peaking at 24-48 hours, and gradually returning to the normal levels after about 5 days (149, 152, 153). However, high serum levels of TNF-α from 2-4 hours until 3 days post-trauma followed by a secondary elevation after day 7, may be associated with poor prognosis of trauma (152, 153).



3.2.5 IL-10

In addition to pro-inflammatory responses, which are one side of the coin in inducing poor outcomes in inflammatory diseases, anti-inflammatory responses followed by these pro-inflammatory responses may also be present. In non-severe inflammatory conditions, there is good balance between these two sides, and inducing low levels of inflammation may promote the repairing process and manage tissue injuries (154). Over-activation of the immune system in severe inflammatory situations can cause an imbalanced immune response and may lead to early complications and MOF in patients. Furthermore, the release of large quantities of anti-inflammatory mediators to control inflammation, causes IS that might induce opportunistic infections and inflammation-dependent late complications (26, 155).

There is reported to be a higher level of IL-10 in COVID-19 patients compared to healthy controls, which is correlated with IL-6 concentrations and disease severity. In this regard, serum IL-10 levels are higher in COVID-19 patients with critical, severe, and moderate symptoms (132). The results have shown serum levels of IL-10 may be a prognostic factor for disease complications (132). Of course, dynamic changes in serum IL-10 levels may predict different outcomes in COVID-19 patients (26). During the first three days after the onset of symptoms, there are no significant differences in serum levels of IL-10 between non-survivor and survivors groups of COVID-19 patients. The significant differences start during days 4 to 7 post-symptom onset and continue until days 8 to 13. An increase of serum IL-10 levels within 4 to 19 days after initial symptoms of disease, and a decrease in the days following, is associated with poor outcomes, whereas an opposite pattern is observed in patients with good outcomes (26). Thus, serum level of IL-10 4 to 13 days following COVID-19 might be considered as another prognostic indicator.

A significant increase in serum IL-10 levels can be seen within 24 hours post-trauma (156). An early but slow increase of serum IL-10 is related to the low production of pro-inflammatory mediators after non-severe trauma and can be a regulating and repairing factor in the early phase of inflammation. Although IL-10 has the ability to modulate inflammatory responses, it has been linked to poor prognosis in severe injuries (156). Very high levels of IL-10 within 2-24 hours after trauma are linked to high levels of pro-inflammatory cytokines, which is caused by the intensity of the injury (first hit) and leads to immunodeficiency (91, 129, 139). This phenomenon increases susceptibility to opportunistic infections and sepsis (second hits), resulting in a higher secondary pro-inflammatory response and IL-10 rise after 72 hours (91, 157). Secondary elevation of IL-10 can be a poor prognosis of common bacterial infection, sepsis, and MOF in trauma patients (91).



3.2.6 IL-4

IL-4 is produced mainly by activated type 2 helper T (Th2) cells and regulates cell apoptosis and proliferation, Th1 responses, Th2 differentiation, isotype switching to immunoglobulin E (IgE), and skewing of macrophages toward type 2 macrophages (M2MQ) (158). Respiratory infections have been shown to increase serum levels of IL-4 as an anti-inflammatory cytokine (159).

Serum levels of IL-4 are observed to be much higher among COVID-19 patients compared to healthy controls (132). In particular, higher levels of IL-4 have been reported in COVID-19 patients with more severe respiratory symptoms (7, 46). Despite this observation, a multivariable comparison has shown no significant differences between patient groups with mild, severe, and critical symptoms (132). The kinetics of IL-4 are different in COVID-19 patients with different illness severity. A decrease in serum IL-4 levels during the first week after disease onset and a gentle increase during the second week is associated with good prognosis of COVID-19 (92). Whereas, the contrary trend is associated with poor COVID-19 outcomes (92).

Serum levels of IL-4 are significantly higher in trauma patients compared to healthy controls and positively correlated with trauma severity (160). However, previous studies have reported controversial results from IL-4 levels in patients with and without post-traumatic complications (161, 162). A study on trauma patients with high serum levels of IL-6 showed that the expression of IL-4 in trauma patients with post-traumatic complications is lower than in cases without complications (163). Conflicting findings may be due to different sampling times during the disease. It seems that the correlation between IL-4 and IL-6 in the incidence of post-traumatic disorder is similar to the correlation between IL-10 and IL-6 (91, 129). Accordingly, the synchronic increase and decrease of both IL-6 and IL-4 may be related to the control of inflammatory responses in early and late phases after trauma, respectively (160). Whereas an imbalance between IL-6 or IL-4 may lead to early or late complications (160). There is limited data on the kinetics of post-traumatic IL-4; if accurately determined, it may lead to a prognostic factor for predicting post-traumatic events.




3.3 Immune Cells

The incidence of leukocytosis, neutrophilia, lymphopenia, and thrombocytopenia in inflammatory conditions such as infectious disease (7, 130), and trauma (164, 165), might be attributed to different mechanisms. This includes: migration of mononuclear cells to inflammatory tissue, release of neutrophils from the bone marrow, inhibition of lymphocyte proliferation by acidosis, inducing Fas/Fas ligand (FasL)-dependent apoptosis of lymphocytes under effect the high level of IL-6, inhibition of lymphocyte recirculation due to the strong attachment of lymphocytes to the lymphoid organs endothelial, and lymphoid organ atrophies that may be related to the lymphocytes exhaustion (4).

Laboratory indicators such as increased neutrophil/lymphocyte ratio (NLR) and platelet/lymphocyte ratios (PLR), as well as decreased lymphocyte/WBCs ratio (LWR), could be a useful predictor in the prognosis of COVID-19 and trauma (132, 138, 166). Besides, investigation of similarities and differences in each immune cell subtype between patients with COVID-19 and trauma might be very interesting for the prediction of disease complications. The dynamic changes of blood circulating cells are associated with prognosis in patients with COVID-19 and trauma as represented in Figure 3.




Figure 3 | Association between the kinetics of changes in blood cell count with prognosis in patients with COVID-19 and trauma. The timeline plot represents the kinetics of changes in leukocyte (30, 166, 167), neutrophil (30, 168), lymphocyte (30, 45, 167, 169, 170), and monocyte (30, 166, 171) counts during 18 days after admission in COVID-19 and trauma patients associated with good (solid lines) and poor (dashed lines) prognoses. COVID-19 patients with an increased risk of mortality, MOF, severe-to-critical forms of the disease, intensive care unit admission, and/or hospitalization are defined as a poor prognosis for the disease. Conversely, patients with the opposite are defined as having a good prognosis for the COVID-19. MOF, multiple organ failure.




3.3.1 Innate Immune Cells


3.3.1.1 Neutrophil

Neutrophils contribute to the pathogenesis of inflammatory diseases by ROS production, neutrophil extracellular traps (NETs) formation, inducing RBCs dysfunction, and promoting thrombosis (172). Infiltration of neutrophils into alveolar spaces causes transient neutropenia within days 1-5 post-disease onset in COVID-19 patients with severe symptoms. This process is reversed approximately after 5 days of the beginning of COVID-19 symptoms, which is due to the release of neutrophils from the bone marrow. Neutrophilia can become evident in peripheral circulation within days 9 to 11, and continues until days 15 to 17 after symptom onset (30, 173). A significant correlation between the increased number of neutrophil cells and severe infection from COVID-19 has been documented (174). Similarly, increased NLR and NETs have been reported in the peripheral blood of patients with critical symptoms (175, 176). It has been indicated that NLR<3 correlates with better clinical outcomes, whereas NLR≥4 is a predictor of ICU admission and disease severity (177). It seems that neutrophilia, especially during 9 to 17 days after initial symptoms of disease, is a poor prognostic indicator and could be considered an independent risk factor for early screening of COVID-19 patients with severe symptoms.

Studies have shown neutrophil count is increased within 4 to 6 hours following trauma and contributes to tissue repairing through different mechanisms, including phagocytosis of cell debris, and releasing NETs, serine proteases, cytokines, and chemokines (178). Since neutrophils are the first responders to tissue injuries, the expression levels of CD11b and CXCR2 are considered important indicators of trauma injury prognosis (179, 180). High serum levels of IL-8 and over-expression of its receptor (CXCR2) on the neutrophils in patients with severe trauma have been reported, which correlate with neutrophil hyperactivity and poor prognosis (178, 181). Moreover, high levels of NLR (>5.27) over 24 to 48 hours post-trauma are significantly correlated with early MOF (182) and mortality (183). Hence, the level of CD11b and CXCR2, as well as NLR at the time of admission, may be valuable predictors to identify the inflammatory state and risk of mortality in trauma patients.



3.3.1.2 Monocytes

Monocytes are key cells of the innate immunity in the initiation, maintenance, and resolution of inflammation through three major functions include phagocytosis, antigen presentation, and immunomodulation (184). In COVID-19, monocytes are the major players in inducing the inflammatory response and CS in patients with severe symptoms (185). Phenotypic changes in peripheral blood monocytes of SARS-CoV-2 infected patients are correlated with different prognoses (186). In this regard, increased frequencies of CD14+ CD16+ monocytes in the peripheral blood of patients with severe COVID-19 have been observed (187, 188). In the first 5 days after symptom onset, total monocyte counts decrease more sharply in patients with severe symptoms than mild cases, regardless of phenotype. This trend is reversed approximately from days 5 to 9 onwards, which may be the same as CD14+ CD16+ monocytes (30). The significant difference between patients with mild and severe symptoms is observed on days 3 to 5 after the onset of disease symptoms (30), which can be used as an indicator to predict COVID−19 prognosis.

Likewise, monocyte roles in trauma injuries are more widely recognized (189). Previous studies have shown that monocyte counts immediately increase in the acute phase of stroke (190, 191). Furthermore, it was recently found that CD14+ monocyte counts increased after surgical trauma and reach a peak in the first week (192). Zhiqi et al. reported a significant correlation between monocyte counts and 6 month outcomes in patients with moderate-to-severe traumatic brain injuries (193). Others have shown that monocyte dysfunction, decreased TNF-α secretion, and increased anti-inflammatory cytokines production are correlated with higher mortality in patients with severe trauma (194–196). It seems that a gentle decrease in monocyte counts during 4 days after trauma and a mild increase in their counts during days 5-14 correlates with better prognosis. A sharp decrease of monocyte counts during the period 3 days following trauma, which increases severely during days 5 to 7 and decreases after day 8, could indicate a poor prognosis.




3.3.2 Adaptive Immune Cells

Lymphocytes including T, B, and NK cells play a pivotal role in the humoral and cellular immune response against viral infections (197). Previously, changes in the peripheral blood lymphocyte subsets have been observed in several respiratory infections caused by RNA viruses (198, 199). A reduction of the lymphocyte count, especially total T, CD4+ T, CD8+ T and NK cells along with neutrophilia and thrombocytopenia are typical phenomena following SARS-CoV-2 infection (45, 200, 201). In mild COVID-19 the decreased lymphocyte count is within the normal range, whereas it appears as lymphopenia in severe COVID-19 (165, 202, 203). In patients with severe COVID-19, lymphopenia appears within 2 days after initial symptoms and returns to normal ranges after day 18, whereas it persists for a longer time in non-survivor patients (204). Several studies have reported a state of lymphopenia in CD4+ T, CD8+ T, B and NK cells in COVID-19 patients (205, 206), however others have shown higher reductions of CD8+ T than that CD4+ T cells (207, 208). Therefore, counting the number of lymphocytes within 21 days after symptoms onset could be a prognostic indicator for future complications of COVID-19. The trend of changes in lymphocyte count in trauma patients differs from that in patients with COVID-19 (Figure 3).

It has been shown that lymphocyte counts decrease immediately after trauma in patients compared to the control group (167, 209), although significant decreases in the number of lymphocytes between MOF and non-MOF groups appear after day 2 (169). Accordingly, lymphopenia is detectable during days 2 to 7 after trauma in the MOF group. Whereas in non-MOF patients, lymphocytes decrease to the lowest counts of the normal ranges on the second day after trauma, and then gradually increase (169). The persistence of lymphopenia following trauma is correlated with severity and is associated with poorer prognosis.


3.3.2.1 CD4+ T Cells

CD4+ T cells are key orchestrators of adaptive immune responses. In the early phase of COVID-19, a dramatic decrease of CD4+ T cells is observed, which correlates with COVID-19 severity (173). Sharp depletion of CD4+ T cell count 1 to 3 days post-symptom onset, which is followed by a slight decrease until days 16 to 20, is associated with poor prognosis (<300/μL) (158). The persistence of this reduction after days 16 to 20 has a strong correlation with mortality, but its elevation is accompanied by the recovery of patients from COVID-19 (158). Furthermore, the expression of activation and/or exhaustion markers by CD4+ T cells, have been observed in patients with severe COVID-19 symptoms (210). In this regard, SARS-CoV-2-specific HLA-DR+ Ki-67+ PD-1+ CD4+ T cells are observed in COVID-19 patients (211).

In trauma patients, changes in CD4+ T cell counts and total lymphocyte counts are similar to SARS-CoV-2 infection. Limited findings have revealed a significant decrease in CD4+ T cell count 3 days after injury in trauma patients (167). Another study has shown CD4+ T cell loss is associated with adverse outcomes after septic shock (212). However, further evaluation is required to determine exact kinetic changes of CD4+ T cells count post-trauma.

As shown in Figure 4, there are different kinetics of CD4+ T cell subpopulations, including Th1, Th2, Th17, and Treg cells in peripheral blood of patients with SARS-CoV-2 infection and trauma injuries. These can be used to predict the prognosis of disease as described below (219, 220).




Figure 4 | Association between the kinetics of changes in circulating CD4+ and CD8+ T cell subsets with prognosis in patients with COVID-19 and trauma. The heat map shows the kinetics of changes in CD4+ T cells (167, 170, 211, 213), Th1 (214, 215), Th2 (214, 215), Th17 (214, 215), Treg (214, 215), and CTL (30, 170, 213, 216–218) counts during 18 days after admission in COVID-19 and trauma patients associated with poor and good prognoses. COVID-19 patients with an increased risk of mortality, MOF, severe-to-critical forms of the disease, intensive care unit admission, and/or hospitalization are defined as a poor prognosis for the disease. Conversely, patients with the opposite are defined as having a good prognosis for the COVID-19. AT, admission time; CTL, cytotoxic T cell; d, day; h, hour; Th, helper T cell; MOF, multiple organ failure; Treg, regulatory T cell.




3.3.2.1.1 Th1 Cells

Th1 cells represent an appropriate immune response against viral invasion by releasing pro-inflammatory cytokines such as IL-2, TNF-α, and IFN-γ (221). In the early phase of COVID-19 infection, short-lived, highly functional, and terminally differentiated effector Th1 cells eliminate infected target cells (222). In addition, SARS-CoV-2 spike protein-specific CD4+ T cells with prominent properties of Th1 cytokines profile have been identified in the early phase of COVID-19 (223, 224). Studies have shown that an increase in IFN-γ producing Th1 cells within the first week after COVID-19 symptoms onset is correlated with mild symptoms of COVID-19 (225). Whereas a decrease in IFN-γ producing Th1 cells during the first week and an increase in polyclonal granulocyte-macrophage colony-stimulating factor (GM-CSF) IL-6 producing Th1 cells within the second week of disease are associated with severe symptoms (225). It has also been indicated that increased IFN-γ producing Th1 cells in the late phase of COVID-19 is associated with disease pathogenesis and poor prognosis (226). Recent documents confirm a lower frequency of the cellular component Th1 in the early phase of the severe COVID-19 (135, 227). The Th1 deficiency in the early phase negatively affects the number and function of active CTLs against SARS-CoV-2 at various levels (228). Furthermore, Th2/Th1 imbalance in the early phase and subsequent Th1 exhaustion in the late phase are associated with progression of SARS-CoV-2 infection and poorer prognosis in severe COVID-19 individuals (229, 230). It has been shown that increased expansion of peripheral neutrophils in severe COVID-19 cases potentially suppresses Th1 cells differentiation and triggers Th17 cells polarization in severe patients (231).

Although more research is needed to more accurately determine the kinetics of Th1 cells after trauma, accumulating studies have indicated that IFN-γ producing Th1 responses are significantly reduced after severe trauma (232–235). In contrast, a study in severe thoracic trauma patients has suggested that the frequency of Th1 cells is significantly higher the first week after trauma when compared with healthy individuals. The number of Th1 cells gradually decrease in the following weeks (214). Once again it appears that the differences in study results are due to sampling time differences throughout the disease course. Severe trauma is associated with an increase in Th1 cells in the first week following trauma that may predispose patients to poor outcomes early on. Conversely, a decrease in T cells in the following weeks is associated with immunodeficiency and sepsis, which is followed by poor outcomes observed later in the trauma period (214). However, more studies are required to accurately determine the kinetics of Th1 cells post-trauma.



3.3.2.1.2 Th2 Cells

Extracellular pathogens can trigger Th2 cells immune response (236). Whereas the frequency of CD4+ T cells is significantly lower in patients with COVID-19 compared to healthy controls (158), a recent study identified some functional signals of Th2 cells, such as the degranulation of basophils and eosinophils in hospitalized patients (237). In this scenario, Th2 cells produce cytokines such as IL-4, -5, -10, and -13, which are significantly correlated with disease severity and mortality in COVID-19 patients (238, 239). An increased function and decreased count of Th2 cells could be indicators for COVID-19 outcomes. However, there is little data associating kinetics of frequency and function for Th2 cells and possible future complications in COVID-19 patients.

In the case of trauma, depending on injury severity, circulating effector T lymphocytes change from a pro-inflammatory Th1 phenotype in the early phase to an anti-inflammatory Th2 phenotype in the late phase (240). Data have shown that trauma-associated injuries promote immune response of Th2 cells (214, 241). Kinetically, there is no significant difference in the frequency of Th2 cells in patients with trauma compared to healthy individuals at admission. Conversely, Th2 cells gradually increase in the days following trauma, and significant differences can be observed 2 weeks after admission (214). Hence, an increase in Th2 cells within 2 to 3 weeks of trauma could be a poor prognosis for complications. High levels of anti-inflammatory responses induced by Th2 cells result in immune deficiency, which predisposes individuals to opportunistic infections (9, 242).



3.3.2.1.3 Th17 Cells

In the context of SARS-COV-2 infection, dendritic and endothelial cells by TGF-β, IL-1β, IL-6, and IL-18 secretion and neutrophils via nitric oxide synthases induce a Th17 response (231). Although some studies have shown a decrease in the frequency of circulating CD4+ T cells due to localization in the lung and other tissues, other studies have reported an increased number of CCR6+ CD4+ T cells in patients with severe COVID-19 (104, 243, 244). GM-CSF+ IL-6+ CCR6+ Th17 cells have been detected in the blood of COVID-19 patients (225). However, the Th17 response does not effectively control SARS-COV-2 infection, and induces recruitment of neutrophils, thus reinforcing CS and causing more tissue damage (215, 245). Moreover, new findings confirm that high activation of Th17 cells and high signaling of IL-17 are significantly associated with severe COVID-19 (231, 246). A recent study showed exhausted T cell profiles are associated with increased Th17 responses in COVID-19 patients with pneumonia (247). It has been reported that Th17 cells increase during the period 2 to 3 weeks post-symptom onset can predict a poor prognosis for COVID-19 complications. Therefore, this suggests that Th17 cells do not effectively control intracellular microorganisms, and consequently lead to pneumonia and edema by decreasing Treg function, promoting neutrophil migration, and inducing eosinophilic responses (248).

Th17 cells modulate immune response after trauma. Accordingly, high frequencies of Th17 cells have been reported in the peripheral blood of patients with severe trauma on the first week following admission (214, 249). Studies on trauma patients admitted to the ICU ward have identified increased Th17 cells and serum IL-17 levels during the first week after admission, which are correlated with development of early poor outcomes (250, 251). However, the frequencies of Th17 cells are reduced subsequently 2 to 3 weeks after admission in the group with severe trauma, which may potentially lead to complications later (214). So, assessing the frequency and activity of Th17 cells during the first and following weeks after trauma may be useful in predicting early and late complications, respectively.



3.3.2.1.4 Treg Cells

Treg cells are divided into two subtypes, including natural and inducible regulatory T (nTreg and iTreg, respectively) cells, which play an important role in immune tolerance as well as autoimmune and inflammatory disease prevention (252). Both Treg subsets stimulate tissue repair and immune response homeostasis during acute infections (253). Several studies have demonstrated that the frequency of Treg cells increases in patients with mild COVID-19 and recovered individuals (253, 254). Opposite results have been reported in patients with severe COVID-19 (138, 255–257). It seems an increase in the frequency of Treg cells in the early phase and a decrease in these cells in the late phases of COVID-19 are associated with poor outcomes. The former by inhibiting antiviral response and the latter by contributing to excessive pro-inflammatory responses. In this context, a study found that a decrease in Treg cells and an increase in Th17 cells are associated with the uncontrolled release of pro-inflammatory cytokines in COVID-19 patients (258). In combination with TGF-β1, a high level of IL-6 in the sera of patients with severe COVID-19, induces the differentiation of Th17 and inhibits iTreg (TGF-β1-induced Treg) generation (259, 260). Moreover, gene expression analyses in the CD4+ T cells from COVID-19 patients revealed a decrease in IL-2 transcripts in severe COVID-19 cases compared to mild cases, which could be another reason for decreasing Treg cells (261). Little is known about the kinetics of changes in the number of T cells during COVID-19 disease, which is an important area for further research.

Serve et al. have shown that the frequency of both CD4+ CD25+ Foxp3+ Treg and CD4+ CD25+ CD127- cells in trauma patients are lower compared to healthy controls (167). Kinetically, CD4+ CD25+ FoxP3+ Treg cells decrease 4 hours after trauma (262) and continue to decline for up to 72 hours without significant improvement (167). On other hand, there were no significant changes in the frequency of CD4+ CD25+ Treg cells immediately after trauma, but there was a large rise on day 7 after trauma, according to MacConmara et al. (263). Zhang et al. have reported an increase in the frequency of CD4+ CD25+ CD127low/− Treg cells during 3 weeks after severe thoracic trauma (214). Differences in the phenotype intended to identify Treg cells in different studies, phenotypic variability of Treg cells in the sites of trauma, and the stage of the disease at which sampling is performed, are the most important factors influencing the results. It has been observed that the decrease and increase of Treg cells in the early and late phases of the disease, respectively, are associated with poor prognosis of trauma. Thus, similar to COVID-19, Treg cells may be important in the pathogenesis of trauma complications in a competitive pattern with Th17 cells (262).




3.3.2.2 CD8+ T Cell

CD8+ T cells exert their biological activity by inducing apoptosis in adjacent infected cells after releasing cytotoxic granules (255) and secreting cytokines (264). The density of granules and their content such as perforin and granzymes in CD8+ T cells might demonstrate the overall status of cellular immunity (265). Studies have shown the CD8+ T cell counts decrease in all COVID-19 patients with mild, moderate, severe, and critical symptoms compared to healthy controls. CD8+ T cells are strongly reduced in patients with a more severe form of COVID-19 (100, 266–268). In patients with severe COVID-19, the kinetics of CD8+ T cells demonstrate that the lowest count of CD8+ T cells occurs within 3 to 5 days after the onset of disease, and this tendency persists until day 18 (30). The frequency of CD8+ T cells in the non-survivor group decreases until death, but it increases after days 18 to 20 among individuals who improve (158). Hence, determining the cut-off point for T cells, especially CD4+ and CD8+ T cells after the development of COVID-19 symptoms, can be a valuable prognostic indicator and may predict disease progression (158). However, in individuals with severe COVID-19, the frequencies of CD8+ T cells that express activation markers such as HLA-DR and exhaustion markers including PD-1, Tim-3, and NKG2A are higher than in mild cases (16, 225, 255). Thus, activated CD8+ T cells in patients with critical and severe COVID-19 have reduced degranulation and secretion of granzyme B (GrZB) and perforin as compared to healthy donors (225, 243). These findings suggest that higher levels of over-active CD8+ T cells may be harmful in the later stages of the illness due to their excessive pro-inflammatory cytokine production (100). In contrast, SARS-CoV-2-specific HLA-I multimer+ CD8+ T cells from severe COVID-19 patients express activation markers (CD38 and HLA-DR), inhibitory receptors (PD-1, TIM-3, and LAG-3), cytotoxic proteins (GrZB and perforin), and Ki-67, representing that these cells are activated and proliferate with a high cytotoxic capacity. It suggests that PD-1 expression in SARS-CoV-2-specific CD8+ T cells from severe COVID-19 patients is transient and is not associated with decreased cytotoxic dysfunction (269). Similar results observed that the expression of TIM-3 and LAG-3 exhaustion-associated genes was higher in SARS-CoV-2-specific CD8+ T cells from COVID-19 patients (270). Furthermore, another analysis showed that a considerable fraction of the PD-1 expressing SARS-CoV-2-specific multimer+ CD8+ T cells produced IFN-γ, suggesting that this proportion is not exhausted in patients with COVID-19 (271). Overall, these findings reinforce the effects of CD8+ T cells and their activation and exhaustion markers on the severity of COVID-19.

Disorders involving CD8+ T cells can lead to maladaptive immune responses that can cause complications and mortality after severe trauma. Previous studies have found that CD8+ T cell numbers and perforin expression in their granules are lower during the first 24 hours after severe trauma among people experiencing poorer outcomes (MOF and mortality groups), and the trend continues up to day 7 (216–218). In addition, the frequencies of GrB+ CD8+ T cells in the poorer outcome group are decreased during days 3 to 7 post-trauma (216). A secondary decrease is observed in week 4 after severe trauma, leading to development of opportunistic infections (217). It suggests that immune responses occur rapidly after trauma within a few days. Excessive and frequent activation of T cells (both CD4+ and CD8+ T cells) can cause apoptosis (272) and exhaustion (273), resulting in a decrease in their number and function, which are associated with the occurrence of post-trauma opportunistic infections. As a result, CD8+ T cells counts and expression levels of their perforin and GrB within the first 7 days after trauma could be considered a valuable prognostic indicator for predicting trauma outcomes.






4 Challenges and Future Directions

Many immune mediators have been identified as prognostic indicators for COVID-19. However, their presence in isolation does not yield accurate or rapid prediction for COVID-19 outcomes in the context of other inflammatory diseases. Therefore, universal profiling is required. In addition, due to the dynamics of immune mediators in the presence of inflammation, several investigations have produced contradictory results. Hence, further evaluation to determine the best sampling time and reference ranges may be necessary to achieve more accurate results. The phenotypic diversity of immune cells under different inflammatory conditions is another challenge that affects the results and highlights the need to define a standard phenotypic pattern to detect immune cells. Other problems include confounding variables such as age, gender, and comorbidities, which can alter immune mediators as targets for predicting disease prognosis and should be considered. Another problem is the direct effects of genetics on immune system responses in inflammatory conditions. Thus, determining the genetic properties associated with anti-SARS-CoV-2 immune responses is extremely helpful in identifying the pathogenesis of immune factors. Furthermore predicting disease prognosis will be less useful without an initial estimation of viral infectious dose or replication power, which should be considered.



5 Concluding Remarks

Immune system mediators, both molecular and cellular, might be considered as prognostic candidates for COVID-19 outcomes. Although prognostic properties of these mediators for COVID-19 complications are impaired under the effect of the simultaneous presence of other inflammatory diseases such as trauma, estimating the most appropriate evaluation time of their kinetics to determine the differences between COVID-19 and trauma might be useful in accurately predicting COVID-19 outcomes in the context of trauma. Hence, molecular and cellular mediators analyses associated with COVID-19 prognosis in the context of trauma can be performed at the time of admission. Since patients with COVID-19 usually are referred to the hospital 3 to 5 days after SARS-CoV-2 infection, the amounts of many mediators have changed significantly. Whereas for individuals with traumatic injuries this time is 1 to 4 hours after trauma. Thus, evaluating a large number of mediators that begin to change at least after 4 to 6 hours can be a useful candidate for predicting COVID-19 prognosis in the setting of trauma. PCT, ferritin, TNF-α, and IL-1α are molecular mediators of the immune system where concentrations are altered immediately post-trauma and therefore their evaluation at admission is not reliable to predict COVID-19 outcomes in the context of trauma. Other immune systems mediators are therefore recommended.

In mild COVID-19 and non-severe trauma, after an insignificant local inflammation in the early phase, the increase in inflammatory mediators is immediately controlled by the synthesis of anti-inflammatory mediators and followed by tissue repair. In severe trauma (“first hit”), high local inflammation in the early phase is associated with early SIRS, MOF, and mortality, as is a correlation with CARS, resulting in immune deficiency. The former by over-activation of immune responses and waste of the immune system energy, and the latter through over-suppression of the immune system due to PICS, which increases the risk of opportunistic infections (“second hit”). Infections lead to late poor outcomes by promoting more severe forms of SIRS, CARS, and PICS. Many suboptimal outcomes in both the early and late phase of severe COVID-19 are caused by hyper-inflammation, also known as the CS.
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Numerous studies have suggested that the titers of antibodies against SARS-CoV-2 are associated with the COVID-19 severity, however, the types of antibodies associated with the disease maximum severity and the timing at which the associations are best observed, especially within one week after symptom onset, remain controversial. We attempted to elucidate the antibody responses against SARS-CoV-2 that are associated with the maximum severity of COVID-19 in the early phase of the disease, and to investigate whether antibody testing might contribute to prediction of the disease maximum severity in COVID-19 patients. We classified the patients into four groups according to the disease maximum severity (severity group 1 (did not require oxygen supplementation), severity group 2a (required oxygen supplementation at low flow rates), severity group 2b (required oxygen supplementation at relatively high flow rates), and severity group 3 (required mechanical ventilatory support)), and serially measured the titers of IgM, IgG, and IgA against the nucleocapsid protein, spike protein, and receptor-binding domain of SARS-CoV-2 until day 12 after symptom onset. The titers of all the measured antibody responses were higher in severity group 2b and 3, especially severity group 2b, as early as at one week after symptom onset. Addition of data obtained from antibody testing improved the ability of analysis models constructed using a machine learning technique to distinguish severity group 2b and 3 from severity group 1 and 2a. These models constructed with non-vaccinated COVID-19 patients could not be applied to the cases of breakthrough infections. These results suggest that antibody testing might help physicians identify non-vaccinated COVID-19 patients who are likely to require admission to an intensive care unit.
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Introduction

Coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), exhibits a wide clinical spectrum, ranging from an asymptomatic state to severe disease requiring mechanical respiratory support. For proper triage of the patients and appropriate use of medical resources for patients with COVID-19, it is important to identify suitable biomarkers/diagnostic systems for predicting the maximum severity of COVID-19 in the early phase of the disease. Until date, several demographic characteristics and clinical features, including laboratory data, have been reported to be associated with the severity of COVID-19, including male sex, advanced age, underlying hypertension, diabetes, and cardiovascular disease, positive smoking history (1, 2), and serum CRP and D-Dimer levels (3, 4).

In addition to the aforementioned parameters, the titers of antibodies against SARS-CoV-2 have also been reported by several studies to be associated with the disease severity in COVID-19 patients. While, in general, studies have reported positive associations between SARS-CoV-2 antibody titers and the clinical disease severity and/or laboratory data such as the serum CRP, a few studies have denied the existence of a positive association between the antibody titers and the severity of COVID-19 (5–7). The timing of measurement of the antibodies varied among these studies; while the measurements were made in a rather acute phase of the disease, that is, within 2 weeks from the onset of symptoms, in some studies (8–20), in others, they were made in the later phases of the disease (8–10, 13, 16–19, 21–32), at the time of admission to the hospital (33, 34), or at arbitrary times (35–37). Previous studies have demonstrated positive associations between the clinical severity of COVID-19 and variously measured antibody responses, including the neutralizing antibody titers (8, 10, 17, 20, 21, 26, 28, 31, 34–37), total antibody titers (9, 27, 36), IgG titers (10, 12–14, 16, 18, 22, 28–30, 32, 33), IgM titers (10, 11, 22–24, 32), and/or IgA titers (10, 13, 18, 19, 22, 29, 32). Various antigens eliciting the antibody responses have been also demonstrated to be associated with the disease severity, including antibodies elicited against the spike (S) protein and/or receptor-binding domain (RBD) in the S protein (12, 16, 19, 22, 29, 30, 32, 36), antibodies elicited against the nucleocapsid (N) protein (10, 11, 13, 23, 32, 33, 36), and antibodies against both the S and N proteins (14, 24).

While the aforementioned observational studies demonstrated positive associations of the antibody titers with the disease severity, several issues still remain to be resolved. For example, since many of these studies did not measure the IgG, IgM, and IgA titers against the S protein, RBD, or N protein simultaneously, it remains unclear as to which of these are associated with the maximum severity of COVID-19. Moreover, while antibody testing undoubtedly contributes to the diagnosis of COVID-19 (38), it is necessary to clarify whether antibody testing could also contribute to prediction of the maximum severity of COVID-19, in order to establish its usefulness in clinical practice. In most previous studies, the antibody titers were not measured serially at short intervals, for example once in a week, even though they could be expected to change dynamically, especially in the early phase of the disease.

To resolve these issues related to determining the usefulness of antibody testing for prediction of the maximum severity of COVID-19, we attempted to find answers to the following questions by the study approaches described below. (1) What types of antibody responses to SARS-CoV-2 that are associated with the maximum severity of COVID-19 are elicited in the early phase of the disease? To answer this question, we serially measured the titers of IgM, IgG, and IgA elicited against the N protein, S1 protein, and RBD simultaneously in samples collected within short intervals of one or two days until 12 days after symptom onset and compared the titers among four patient groups classified according to the disease maximum severity: severity group 1 (did not require oxygen supplementation), severity group 2a (required oxygen supplementation at low flow rates of under 4 L/min via a nasal cannula), severity group 2b (required oxygen supplementation at relatively high flow rates, but not mechanical ventilatory support), and severity group 3 (required mechanical ventilatory support). (2) Does antibody measurement contribute to prediction of the disease maximum severity in patients with COVID-19? To answer this question, we used an artificial intelligence, on behalf of thinking of physicians, to answer this question objectively. We constructed models using a machine learning approach based on clinical and laboratory parameters with or without addition of the results of antibody testing and investigated whether addition of the antibody data improved the ability of the machine learning models to predict the disease maximum severity in COVID-19 patients (Figure 1).




Figure 1 | The concept for using a machine learning approach in the present study.





Methods


Samples

We collected the residual serum samples after routine clinical testing of 134 subjects who had been diagnosed as having COVID-19 by RT-PCR assay between April 2020 and January 2021. None of the subjects had been vaccinated against SARS-CoV-2. The subjects were classified into four groups according to the disease maximum severity: severity group 1 (did not require oxygen supplementation), severity group 2a (required oxygen supplementation at low flow rates of under 4 L/min via a nasal cannula), severity group 2b (required oxygen supplementation at relatively high flow rates, but not mechanical ventilatory support), and severity group 3 (required mechanical ventilatory support). We subclassified patients of severity group 2 into groups 2a and 2b, since the clinical phenotypes and necessity of admission to the intensive care unit were quite different between these two subgroups. The characteristics of the subjects are described in Supplemental Table S1. To investigate whether the models could be applied to the cases of breakthrough infections, we used 33 points of clinical and antibody data obtained from 11 individual subjects. Two of the subjects had taken mRNA vaccine twice and others had taken once. The average duration from the last vaccination to the onset of symptom was 10 days for the patients who had taken vaccination once and 16 days for those who had taken twice.

The current study was performed in accordance with the ethical guidelines laid down in the Declaration of Helsinki. Written informed consent for sample analysis was obtained from some of the patients. For the remaining participants from whom written informed consent could not be obtained (owing to their having been discharged or transferred out of the hospital), informed consent was obtained in the form of an opt-out on the website, as follows. Patients were informed about the study on the website and those who were unwilling to be enrolled in our study were excluded. The study design was approved by The University of Tokyo Medical Research Center Ethics Committee (2019300NI-4 and 2020206NI).



Measurements of Antibodies Against SARS-CoV-2

Antibody testing was performed using an iFlash3000 fully automated chemiluminescent immunoassay analyzer (Shenzhen YHLO Biotech Co., Ltd., China). The assay procedure adopted was in accordance with that described by Qian C, et al. (39), with minor modifications. Briefly, acridinium-labeled anti-human IgM, IgG, or IgA conjugate antibody was used to detect the antibodies bound to the beads. The magnetic beads used in these chemiluminescent immunoassays were coated with each of the antigens of SARS-CoV-2 (N protein, S1 protein, or RBD). The SARS-CoV-2 IgM, IgG, or IgG titers in 5-uL samples were calculated in relative light units (RLU) obtained from the analyzer and expressed as arbitrary units per milliliter (AU/mL), by comparing the RLU detected by the iFlash optical system with the cutoff calculated from the calibrators containing anti-SARS-CoV-2 IgM, IgG, or IgA chimeric antibody.



Statistical Analysis

Locally weighted scatter plot smoothing (LOESS) lines were fitted to visualize the changes in the antibody responses to the COVID-19 antigens over time in COVID-19 patients of the four severity groups (Figure 2). These lines were plotted by the ggplot2 package (version 3.3.5) in the R language.




Figure 2 | Approximate curves for the antibody kinetics in COVID-19 patients classified by the disease maximum severity. Local polynomial regression curves were fitted to indicate the antibody responses to the COVID-19 antigens until day 12 after symptom onset in the patients with different maximum severity levels of COVID-19. (A) IgM(N), (B) IgM(S1), (C) IgM(RBD), (D) IgG(N), (E) IgG(S1), (F) IgG(RBD), (G) IgA(N), (H) IgA(S1), (I) IgA(RBD).



The antibody responses to the COVID-19 antigens measured at different time-points after symptom onset were compared among the four severity groups. The Brunner-Munzel test (40) was used to analyze the differences after verifying the significant deviations from normality and homoscedasticity of the datasets by the F and Shapiro-Wilk tests (41).

Machine learning models were developed to predict the maximum severity of the disease in the subjects based on the clinical information, including the age, gender, presence/absence of underlying diabetes mellitus and hypertension, current smoking history, serum levels of CRP and D-Dimer, and the results of antibody testing. Out of the 111 cases used to develop the machine learning model, multiple blood samples had been obtained between 4 to 12 days after symptom onset in most subjects. In total, 316 samples with complete measurements of features were collected. To explore whether the antibody data obtained in the early phase of the disease could improve the prediction accuracy of the models, 6 subsets were created according to the timings of the sample collection: from 4 to 7 days (day 4-7), 5 to 8 days (day 5-8), 6 to 9 days (day 6-9), 7 to 10 days (day 7-10), 8 to 11 days (day 8-11), and 9 to 12 days (day 9-12) after symptom onset. These subsets were randomly split into training (70%) and validation (30%) datasets with stratification sampling for the severity group as the label using the initial split function of the R language. Since the frequency of the severity groups was unbalanced, that is, the number of samples in one group was much higher than that in another group (Supplemental Table S2), class weights calculated by the following formula were set to groups to penalize the misclassification:






where wj is the weight in group j (j = 1 ~ ng; ng is the number of groups), N is the total number of samples, and nj is number of samples from group j. In the training phase, XGBoost (eXtreme Gradient Boosting) classifier (42) models were optimized by tuning hyperparameters and repeating 3-fold cross-validation. The optimum hyperparameters for each model were found by grid search, and are described in Supplemental Table S3.　The XGBoost classifies samples into several categories based on a trained gradient boosting decision tree and has been used for similar studies (43–45). To investigate the impact of antibody titers as features on the model accuracy, models with and without inclusion of the results of antibody testing as input data were built, and the feature importance was calculated.

P <0.05 was regarded as denoting statistical significance in all the analyses.




Results


The Antibody Response to SARS-CoV-2 Was Differently Influenced by the Maximum Severity of COVID-19

We measured the serum levels of IgM, IgG, and IgA against the N protein (IgM(N), IgG(N), and IgA(N)), S1 protein (IgM(S1), IgG(S1), and IgA(S1)), and RBD (IgM(RBD), IgG(RBD), and IgA(RBD)) in the serum samples of the COVID-19 patients collected until 12 days after symptom onset. The approximate curves, drawn from the results in the subjects classified according to the maximum severity of COVID-19, are shown in Figure 2, and those of the ratios of IgM(S1) to IgM(N) (IgM(S1/N)), IgM(RBD) to IgM(N) (IgM(RBD/N)), IgM(RBD) to IgM(S1) (IgM(RBD/S1)), IgG(S1) to IgG(N) (IgG(S1/N)), IgG(RBD) to IgG(N) (IgG(RBD/N)), IgG(RBD) to IgG(S1) (IgG(RBD/S1)), IgA(S1) to IgA(N) (IgA(S1/N)), IgA(RBD) to IgA(N) (IgA(RBD/N)), and IgA(RBD) to IgA(S1) (IgA(RBD/S1)) are shown in Supplemental Figure S1.

In general, the absolute titers of the antibodies increased with increasing severity level of COVID-19. In regard to the kinetics of IgM, “the titers of all of IgM(N), IgM(S1) and IgM(RBD) seemed to increase as the disease maximum severity increased. Especially, the titers of IgM(N) increased earlier in severity group 2a or greater than in severity group 1, while the titers of IgM(S1) and IgM(RBD) increased earlier in severity groups 2b and 3 than in severity groups 1 and 2a (Figures 2A–C). No obvious differences were observed in the time-course of changes in the IgM(S1/N), IgM(RBD/N), and IgM(RBD/S1) among the four severity groups, except that the IgM(S1/N) and IgM(RBD/N) seemed to be higher around day 4 in severity group 2b than in the other severity groups (Supplemental Figures S1A–C). In regard to the kinetics of IgG, the titers of IgG(S1) and IgG(RBD) increased in a bell-shaped manner depending on the disease maximum severity from day 3 to day 6; the IgG(S1) and IgG(RBD) titers appeared to increase earlier in severity group 2b than in severity groups 1, 2a, and 3, while the time-course of increase of the IgG(N) titers appeared to be similar between severity groups 2b and 3 (Figures 2D–F). IgG(S1/N) and IgG(RBD/N) appeared to be higher in severity group 2b, and lower in severity group 3, as compared to the ratios in severity groups 1 and 2a (Supplemental Figures S1D–F). In regard to the kinetics of IgA, the titers of IgA increased with increasing maximum severity of COVID-19, especially from day 3 to day 6, and no differences were observed in the pattern of increase of IgA(N), IgA(S1) and IgA(RBD) among the severity group (Figures 2G–I). No obvious differences in the IgA(S1/N), IgA(RBD/N) or IgA(RBD/S1) were observed among the four severity groups, except that IgA(S1/N) and IgA(RBD/N) seemed rather higher in severity group 1 (Supplemental Figures S1G–I).



Cross-Sectional Analyses Revealed That the Antibody Titers Increased Significantly More Rapidly in Patients With More Severe Disease From as Early as Day 4-5 or Day 6-7 After Symptom Onset

When we conducted a cross-sectional analysis of the antibody titers, significant differences were observed from day 4-5 after symptom onset in the titers of all the antibody responses, except for that of IgM(N), which began to show a significant increase only from day 6-7 (Figure 3). Although the titers of IgM(N), IgG(N), IgG(RBD), IgA(N), IgA(S1), and IgA(RBD) differed significantly between severity groups 1 and 2a, even larger differences were observed between severity groups 2a and 2b, and at more time-points. The duration after symptom onset until when significant differences were observed differed among the antibody types. While significant differences in the titers of IgM (N), IgG(N), IgA(N) and IgA(S1) among the four severity groups were observed until day 8-9, differences in the other antibody responses were observed until day 12. These results suggest the potential usefulness of antibody testing to identify severity group 2b and 3 patients even at a rather early phase of the disease (that is, by day 8-9).




Figure 3 | Differences in antibody titers among COVID-19 patients classified by the disease maximum severity. We compared the titers of different types of antibodies among COVID-19 patients classified according to the disease maximum severity as described in the Material and Methods section, measured on day 4-5, day 6-7, day 8-9, day 10-11, day 12 after symptom onset. *P < 0.05, **P < 0.01. The horizontal bar represents the median, the box bar represents the lower and upper quartiles, and the fine bar represents the minimum and maximum. (A) IgM(N), (B) IgM(S1), (C) IgM(RBD), (D) IgG(N), (E) IgG(S1), (F) IgG(RBD), (G) IgA(N), (H) IgA(S1), (I) IgA(RBD).



Interestingly, in regard to the ratios of the antibody titers, while significant differences were found in the IgM (IgM(S1/N), IgM(RBD/N) and IgM(RBD/S1) and IgG (IgG(S1/N), IgG(RBD/N) and IgG(RBD/S1)) ratios on day 3-4 and day 5-6 among the four severity groups, no such differences were found in the IgA ratios (Supplemental Figure S2). In regard to the ratios of the antibody titers against S1 protein/RBD to those against the N protein, IgM(S1/N), IgM(RBD/N), IgG(S1/N), and IgG(RBD/N) were higher only in severity group 2b, but not in severity group 3 on day 4-5. As for the ratios of the antibody titers against RBD to those against S1 protein, IgM(RBD/S1) was lower in severity group 3 on day 4-5 and day 6-7, and IgG(RBD/S1) was higher in severity group 3 on day 6-7. These results suggest the potential usefulness of measuring the antibody ratios to identify severity group 2b patients on day 4-5.



Antibody Tests Did Not Improve the Ability of the Models Constructed Using a Machine Learning Technique to Distinguish Severity Groups 2a and Over From Severity Group 1

Lastly, we investigated whether the results of antibody testing could contribute to prediction of the disease maximum severity by a machine learning approach. We randomly divided the subjects into a training set and a validation set as described in the Methods section. We investigated two possible models: severity group 1 vs. severity groups 2a, 2b, and 3 (model 1), and severity groups 1 and 2a vs. severity groups 2b and 3 (model 2) and created the workflow with only clinical data or with both clinical data and antibody data. The analyses were performed with data obtained on day 4-7, day 5-8, day 6-9, day 7-10, day 8-11, and day 9-12 after symptom onset, considering that the disease onset was determined from a rather subjective disease history obtained from the subjects.

In regard to model 1, the workflow to predict the maximum severity which represents one of tree estimators in the optimum model on day 4-7 is shown in Supplemental Figure S3 and the feature importance in the models is described in Supplemental Figure S4. The accuracy of the model in the validation set is shown in Table 1. As shown in the table, the addition of antibody data to the clinical parameters did not improve the ability of the model constructed by the machine learning technique to distinguish severity group 2a or over from severity group 1; in fact, it was worse based on the day 4-7 data. The receiver-operating characteristic (ROC) of the constructed models are shown in Figures 4A–F, which also did not suggest the usefulness of addition of antibody data to distinguish severity group 2a or over from severity group 1.


Table 1 | The accuracy of the model to distinguish severity group 2a or over from severity group 1 in the validation set.






Figure 4 | ROC analyses of the analysis models constructed using a machine learning technique for predicting the maximum severity of COVID-19. The ROCs of the analysis models constructed using a machine learning technique for predicting the COVID-19 severity, using the data obtained on day 4–7 (A, G), day 5–8 (B, H), day 6–9 (C, I), day 7–10 (D, J), day 8–11 (E, K), and day 9–12 (F, L), are shown. The models were constructed to distinguish severity groups 2a or over from severity group 1 (A–F) or distinguish severity groups 2b and 3 from severity groups 1 and 2a (G–L). The yellow curves represent the ROCs of the model constructed using clinical parameters and the green curves represent those of the model constructed using both clinical and antibody data.





Antibody Tests Improved the Ability of the Models Constructed Using a Machine Learning Technique to Distinguish Severity Groups 2b and 3 From Severity Groups 1 and 2a

In regard to model 2, which was aimed at distinguishing severity groups 2b and 3 from severity groups 1 and 2a, the workflow to predict the maximum severity which represents one of tree estimators in the optimum model on day 4-7 is shown in Supplemental Figure S5 and the feature importance in the models is described in Supplemental Figure S6. The accuracy of the model in the validation set is shown in Table 2. As shown in the table, the addition of antibody data to the clinical parameters improved the ability of the model constructed using a machine learning technique to distinguish severity groups 2b and 3 from severity groups 1 and 2a, especially based on the data of day 5-8, day7-10, and day8-11. It is important for physicians to avoid underestimating the disease maximum severity in severity groups 2b and 3, as these patients require treatment in an intensive care unit. In regard to the error rate in predicting the disease maximum severity in severity groups 2b and 3, the error rate was suppressed to a great degree, especially when the determination was made based on data obtained on day 4-7, day 5-8, and day 6-9. The ROC analyses also revealed that the addition of antibody data improved the predictive ability of the models, except for the model using data obtained on day 8-12 (Figures 4G–L).


Table 2 | The accuracy of the model to distinguish severity groups 2b and 3 from severity groups 1 and 2a in the validation set.



When we analyzed the data with sub-grouping the subjects on day 1-6 and day 7-12, no obvious improvement of the predicting accuracy was observed in both models (Supplemental Figures S7 – S9 and Supplemental Tables S4, S5). These results suggest that the monitoring antibody titers in a narrow span is necessary to predict the maximum severity of COVID-19, since the antibody titers dramatically fluctuate as shown in Figures 2 and 3.



The Models for the Prediction of Maximum Severity Constructed With the Data Obtained From Non-Vaccinated Patients Could Not Be Applied to the Cases of Breakthrough Infections

Since breakthrough infections are now clinical concerns, we lastly investigated whether the models for the prediction of COVID-19 maximum severity, which we had constructed with the data obtained from non-vaccinated patients, might help physicians to predict the maximum severity in the cases of breakthrough infections. As shown in Tables 3 and 4, antibody tests did not apparently improve the ability of the models constructed using a machine learning technique to distinguish maximum severity in both models, except the ability to distinguish severity group 2a or over from severity group 1 on day 4-7 in the cases of breakthrough infections, in comparison to the model constructed with clinical data alone.


Table 3 | The accuracy of the model to distinguish severity group 2a or over from severity group 1 in the cases of breakthrough infection.




Table 4 | The accuracy of the model to distinguish severity groups 2b and 3 from severity groups 1 and 2a in the cases of breakthrough infection.



Considering that the antibodies against S1 and RBD should be especially modulated by vaccination, we further constructed the models for the prediction of maximum severity, using only the antibody data on IgM(N), IgG(N), and IgA(N). However, as shown in Supplemental Figure S10 and Supplemental Tables S6, S7, in both models, the addition of the data on only IgM(N), IgG(N), and IgA(N) did not improve the accuracy of the models for predicting the maximum severity in the cases of breakthrough infections. The workflow to predict the maximum severity which represents one of tree estimators is shown in Supplemental Figure S11 and the feature importance in the models is described in Supplemental Figure S12.




Discussion

Numerous studies have demonstrated that the antibody responses to SARS-CoV-2 are associated with the clinical disease severity, however, the timing in the clinical course at which the associations are observed and the types of antibody responses that are associated with the disease maximum severity remain uncertain at present, as described in the Introduction section. Moreover, the clinical usefulness of antibody testing also needed to be demonstrated. The underlying issues for these limitations are that few studies have measured the serum titers of IgM, IgG, and IgA against the S protein, RBD, and N protein serially at short intervals span. In the present study, we serially measured nine types of antibodies simultaneously in samples obtained from COVID-19 patients, especially in the early phase of the disease, when determination of the disease maximum severity is clinically important. In addition, in this study, we subdivided COVID-19 patients of the disease severity group of 2, who require oxygen supplementation, but not mechanical respiratory support, into two groups: severity group 2a, that required supplemental oxygen at relatively low flow rates (under 4 L/min via a nasal cannula) and severity group 2b, who required oxygen supplementation at relatively high flow rates.

As shown in Figures 2 and 3, the antibody titers in the COVID-19 patients increased more rapidly in patients with more severe disease. Many studies conducted to date have failed to demonstrate associations between the antibody responses within 7 days of the disease onset and the disease severity (8–10, 16, 25, 27); this could be due to the limited number of samples analyzed or the analysis including the cumulative antibody titers from day 0 to day 7, although a few studies suggested early elevation, not reaching statistical significance, of IgG and IgA within one week from the onset in patients with more severe disease (12, 13). To the best of our knowledge, this is the first study to demonstrate elevation of various antibody types within one week from symptom onset in patients with COVID-19. In the early phase of the disease, within one week of the symptom onset, the titers of all the antibody types described above, except IgM(N), were higher in COVID-19 patients belonging to severity group 2b or 3, which suggested the possible usefulness of antibody testing to identify the subgroup of patients who would require oxygen supplementation at high flow rates. Moreover, although no significant difference was observed, the titers of IgG(S1) and IgG(RBD), which are considered as neutralizing antibodies, tended to be higher in severity group 2b than in severity group 3. This result might suggest that the requirement of mechanical respiratory support could be avoided in patients who can raise neutralizing antibodies sufficiently quickly, as also suggested by a previous study (46). Consistent with this hypothesis, IgG(S1/N) and IgG(RBD/N), as well as IgM(S1/N) and IgM(RBD/N) were higher in severity group 2b than in severity group 3 (Supplemental Figure S2).

To validate the clinical usefulness of antibody testing for predicting the maximum severity of COVID-19, we adopted a machine learning approach to establish analytical models. As expected from the associations between the antibody classes and the disease maximum severity, addition of the antibody data improved the ability for predicting severity groups 2b and 3, but not for predicting severity groups of 2a and over (Tables S1, 2 and Figure 4). In clinical practice, subjects of severity group 2a require hospitalization, while subjects of severity group 2b further require admission to the intensive care unit. Considering this situation, we believe that antibody testing will help physicians triage patients with COVID-19, especially identify patients who require admission to hospitals that are adequately equipped to deal with severe disease. In other words, antibody testing is expected to reduce the risk of underestimating the severity of COVID-19.

The limitations of the present study were 1) that the study was retrospective in nature, and 2) that the effects of mutations of SARS-CoV-2 were not taken into account, since the immune responses would be expected to be influenced by the strain of SARS-CoV-2. However, the samples for this study were collected from April 2020 to January 2021, when the N501Y, E484Q, and L452R variants were not yet prevalent in Japan, suggesting that the results of the present study would not have been confounded by the virus variant types. Nonetheless, a further prospective study considering the types of SARS-CoV-2 strains is needed to validate these findings.

Although the present study had been conducted when the vaccination had not prevailed in Japan, now the vaccination has prevailed and breakthrough infections are clinical concerns in many countries. We investigated the possible application of the models constructed with the data obtained from non-vaccinated COVID-19 subjects to the cases of breakthrough infections. As shown in Tables 3 and 4, the accuracy of the constructed models to predict the maximum severity of COVID-19 was not so high in the cases of breakthrough infections. Even when we used the antibody data on only IgM(N), IgG(N), and IgA(N), which was obtained from non-vaccinated subjects, the antibody data did not obviously improve the ability to predict the maximum severity in the cases of breakthrough infections (Supplemental Tables S6, S7). However, considering that the antibody data surely improved the ability of the models constructed using a machine learning technique to distinguish severity groups 2b and 3 from severity groups 1 and 2a and that the accuracy of the predicting models for severity groups 2b and 3, which was constructed only with clinical data, was relatively low in the cases of breakthrough infections (Table 4A), we expect that further studies with the antibody data in the cases of breakthrough infections will construct more proper models for the cases of breakthrough infections and also help physicians to triage patients who had taken vaccination.

In summary, the present study is the first study to clearly show that the titers of IgM, IgG and IgA against the S protein, RBD, and N protein increased rapidly according to the maximum severity of COVID-19, especially in those who required supplemental oxygen at high flow rates. Thus, antibody testing may be expected to help physicians in identifying non-vaccinated COVID-19 subjects who need admission to an intensive care unit.
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Multiple studies have investigated the role of blood circulating proteins in COVID-19 disease using the Olink affinity proteomics platform. However, study inclusion criteria and sample collection conditions varied between studies, leading to sometimes incongruent associations. To identify the most robust protein markers of the disease and the underlying pathways that are relevant under all conditions, it is essential to identify proteins that replicate most widely. Here we combined the Olink proteomics profiles of two newly recruited COVID-19 studies (N=68 and N=98) with those of three previously published COVID-19 studies (N=383, N=83, N=57). For these studies, three Olink panels (Inflammation and Cardiovascular II & III) with 253 unique proteins were compared. Case/control analysis revealed thirteen proteins (CCL16, CCL7, CXCL10, CCL8, LGALS9, CXCL11, IL1RN, CCL2, CD274, IL6, IL18, MERTK, IFNγ, and IL18R1) that were differentially expressed in COVID-19 patients in all five studies. Except CCL16, which was higher in controls, all proteins were overexpressed in COVID-19 patients. Pathway analysis revealed concordant trends across all studies with pathways related to cytokine-cytokine interaction, IL18 signaling, fluid shear stress and rheumatoid arthritis. Our results reaffirm previous findings related to a COVID-19 cytokine storm syndrome. Cross-study robustness of COVID-19 specific protein expression profiles support the utility of affinity proteomics as a tool and for the identification of potential therapeutic targets.
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Introduction

The recent COVID-19 pandemic has brought global socio-economic activity to a halt and devastated major health-care systems all over the world. In most individuals, COVID-19 manifests as an asymptomatic or a mild respiratory tract infection (1). However, the disease may exacerbate to severe pneumonia or acute respiratory distress syndrome (ARDS) in some individuals, especially in those with high age, obesity, diabetes, and other underlying comorbidities. A cytokine storm syndrome has been associated with a large portion of the mortality in patients hospitalized with COVID-19 (2).

The number of COVID-19 positive cases is rising every day and can be tracked in real time, e.g., on the Johns Hopkins University website (3). Until the end of March 2021, the United States, Brazil, and most European countries had been the epicenters of the disease, with the highest morbidity and mortality rates (4). However, in the middle of April, the incidence rate in India skyrocketed due to the emergence of novel mutations in the virus, which questioned the effectiveness of existing vaccines and resulted in substantially higher mortality rates (5). WHO has recently announced a fourth wave of virus outbreaks, this time involving the delta version of the virus, which pushed some countries that had lifted and then re-imposed restrictions. The virus shares a close genetic resemblance with SARS-CoV and Middle East Respiratory Syndrome (MERS), the infectious agent that caused the 2002 SARS and 2012 MERS epidemics, respectively (6).

The paucity of accurate molecular markers makes it difficult to track disease progression, and currently disease prognosis is mainly dependent on clinical manifestations. Historically, it is thought that an immune exacerbation contributed to the high fatality of the 1918–1919 influenza pandemic (7). Likewise, prior coronavirus pandemics (SARS and MERS) also reported severe hypercytokinemia and lymphocytopenia as the specific disease severity markers (8, 9). Fajgenbaum and June (10) suggested that pathogenesis of COVID-19 disease is strongly associated with acute hyperinflammatory reaction characterized by hypercytokinemia, coined the term ‘cytokine storm syndrome’ (CSS).

CSS is a natural defense response of overactive immune cells such as B cells, T cells, dendritic cells, macrophages, and natural killer cells, which release tremendous amounts of inflammatory cytokines. Consequently, more immune cells are activated, creating a positive feedback loop (11). This form of hyper immune activation is associated with acute disease progression and poor therapeutic response. Therefore, it is vitally essential to identify specific immunomodulatory and tissue-associated protein markers related with COVID-19 for providing insights into beneficial and detrimental host responses. Exploring infection and immune inflammatory pathways responsible for disease pathogenesis and critical outcomes. Specifically, comparing key regulatory pathways in COVID-19 patients to the same degree regardless of patient ethnicity, blood matrix, disease phase, or study design.

According to a recent NIH/FDA COVID-19 conference, the core aim of COVID-19 research should be to find out how and why SARS-CoV-2 induces heterogeneity in disease severity and immunopathology across infected populations (12). To date, several studies have explored COVID-19 immunodynamics in small and relatively diverse population samples, addressing larger numbers of immune parameters (13–16). However, there is a lack of continuity in the findings across studies. To develop new diagnostic, prognostic, and therapeutic methods, recent research is crucial in gaining a better understanding of the cellular pathways underlying SARS-CoV-2-induced immune-inflammatory interactions. Particularly, cytokine profiling using high throughput proteomics tools is deemed essential in COVID-19 management and therapeutic quest.

We used the Olink Inflammation and Cardiovascular panels II & III containing 266 relevant unique proteins to describe the host proteomic responses to COVID-19 in two population cohorts of acutely ill patients reporting at New York Presbyterian Hospital/Weill Cornell Medical Center, General Internal Medicine ward (GIM) and Intensive Care Unit (ICU). These data were compared with that from three previously published studies (Massachusetts General Hospital (MGH), Boston (15), and Imperial College Healthcare NHS Trust (IMP and REP) (17) to identify proteins that are robustly associated with immune cell activation, cytokine syndrome.



Results


Cohort Design and Demographics of the Five Cohorts

The ICU cohort is composed of 43 patients who met criteria for ARDS as defined by the Berlin definition (18) and tested positive for SARS-CoV-2 by RT-PCR, while 25 nonsepsis ICU patients served as controls. The GIM cohort was comprised of 48 patients with confirmed SARS-CoV-2 RT-PCR, and 50 non-COVID-19 controls with negative RT-PCR results who were hospitalized at the New York-Presbyterian Hospital/Weill Cornell Medical Center between March and April 2020. A detailed description of the demographic characteristics of the cohorts can be found in Table 1. Details about the MGH, IMP, and REP studies can be found at (15, 17). In brief, MGH study enrolled 306 confirmed COVID-19 patients who were presented to emergency department of Massachusetts General Hospital. All the patients were classified into five acuity levels based upon disease severity and clinical outcomes (19). The IMP and REP studies included 55 and 46 (respectively) COVID-19 positive end-stage kidney disease (ESKD) patients and 51 and 11 non-infected hemodialysis patients as ESKD controls, which matched the age, sex, and ethnicity of the COVID-19 cases. Patients for IMP and REP studies were recruited at Imperial College Renal and Transplant Centre and its satellite dialysis units.


Table 1 | Demographic and clinical characteristics of the five COVID-19 study cohorts.





Olink Proteins Intensity Distribution

For inter-cohort analysis, we used the intersection of all proteins from the Olink panels that were measured in all five cohorts, namely Cardiovascular II & III, and Inflammation panels, which comprised 92 proteins each. A total of 276 proteins were measured in all five studies. Ten proteins were present as duplicates in cardiovascular and inflammation panels, leaving 266 unique proteins in total. Blood circulating levels of these proteins were recorded as normalized protein expression (NPX) values. Samples that had NPX values below the protein-specific limit of detection (LOD) in more than 50% of samples were excluded, leaving 253 proteins for analysis. To get an impression of the protein intensity distribution, the medians of logarithmic intensities from the ICU cohort were plotted exemplary on a Voronoi treemap to get a global view of the protein intensities detected with Olink (Figure 1). The Voronoi treemaps use protein annotation information from KEGG BRITE to present individual protein tiles linked to functional pathways (20). The advantage of KEGG BRITE is that each protein is assigned to only one pathway, thus avoiding redundancies.




Figure 1 | Voronoi treemaps of proteins measured by the Olink platform. The median log2 intensities of proteins expressed as cell sizes in ICU plasma samples are depicted. The sizes of the polygons reflect protein intensity levels. In the top figures, panel-specific pathways are shown and grouped by identical color schemes if they belong to the same pathway. In the bottom figures, the corresponding protein names are shown.



The Voronoi treemaps displayed in Figure 1 represent individual proteins that correspond to specific functional pathways. Related proteins/pathway connections are presented in identical colors, and the sizes of the polygons reflect protein intensity levels. To give an example, in the ICU study, the most densely covered pathways are cytokine-cytokine interaction, NF-kappa B-, TNF-alpha-, JAK- or MAPK-, and RAS-signaling pathways. Interleukins for example, mainly part of the JAK-signaling pathway or partly the cytokine-cytokine interaction, showed remarkable lower intensities in the plasma samples. Proteins belonging NF-kappa B-, TNF-alpha- or MAPK-signaling, on the other hand, were found in higher abundances. One of the most abundant proteins is CD40 from the NF-κB signaling pathway, one with the lowest abundance is IL24. Similarly, FST, CXCL1, CCL2, and CASP3 were the most abundantly expressed proteins from cardiovascular panels that belonged to TGF-beta-, TNF-, and MAPK-signaling pathways.



Differential Analysis of Five Olink Studies Based on 253 Common Proteins

In a first approach, we calculated the difference of the means and the corresponding p-values (unrelated T-test) to identify proteins that were significantly altered in a case vs. control design. To visualize the associations, volcano plots were created for the 253 proteins. For this analysis, the data was scaled to a mean of zero and a standard deviation (s.d.) of one, as previously done for other studies (see Methods). It can be clearly seen that the effect sizes in IMP (Figure 2B) and REP (Figure 2C) tend to show significantly more upregulation in COVID-19 than, for example, in MGH, GIM, and ICU (Figures 2A, D, E), where a more even distribution is observed. The -log p-values of the Olink Explorer platform used in MGH (Figure 2F) were significantly higher than the -log p-values of the Olink Panel platform used in all other studies, with somehow similar effect sizes (beta).




Figure 2 | Volcano plots and boxplots of differentially expressed proteins for MGH (A), IMP (B), REP (C), GIM NY (D), and ICU NY (E) studies. Proteins showing significant differences between case and control are shown in red. Change x-axis indicating control high on the left and COVID-19 high on the right. The top 10 proteins with the highest effect sizes and high p-values have been highlighted. In addition, p-value (-logP) boxplots of each study are shown in (F).



To find general similarities/dissimilarities between the studies, we applied 2D clustering based on the differences in the means (beta values) (Figure 3). Two main clusters with small distances (high similarity) were observed for REP and IMP, and GIM and MGH. ICU tended to be more related to REP and IMP. These three studies generally have more changes between COVID-19 and control compared with GIM or MGH. In addition, pairwise correlation of effect sizes between studies is presented in scatterplots. Two studies, GIM vs. MGH, show the highest correlation between effect estimates (r = 0.80), suggesting that they are more similar than ICU, IMP, and REP. The second and third highest correlation values were observed for REP vs. IMP (r = 0.71) and IMP vs. MGH (r = 0.70). The ICU study was slightly outside and showed only low levels of agreement (r < 0.50) compared with the other studies, as shown in Figure 3 below. Further, the beta values of the REP study showed the strongest differences compared to the other studies, with a tendency toward upregulation. In part, this is also true for values that are downregulated in all other studies, which could be due to an artificial or technical effect.




Figure 3 | (A) Analysis of 2D cluster pattern of all 253 beta values from the five studies is displayed. Coloring is based on beta values, with a higher abundancy in control in blue and a higher abundancy in COVID-19 in red. (B) Shown are 10 intergroup scatter plots of effect estimates from case vs. control ratios. Red indicates proteins that were Bonferroni significant at discovery level in one study (p < 0.05/2/Nprotein) and at replication level in the other (p < 0.05/Ndiscovery), where Nprotein ist the number of proteins tested and Ndiscovery the number of proteins reaching discovery significance in the first study. Green are proteins that reach nominal significance (p<0.05) in both studies. All other proteins are in blue (see Supplementary Data 1 for full summary statistics).



We were particularly interested in proteins that were consistently associated with COVID-19 across all five studies. We therefore required at least one protein in a study that could be at a Bonferroni significance level of less than 0.05, corrected for testing 253 proteins for association in five studies (p < 0.05/5/253 = 3.95x10-5), with the same direction of association in the remaining four studies (Figure 4). From this dataset, we further extracted those proteins that were also differentially expressed (p<0.05) in the same direction in all studies.




Figure 4 | Heatmap of 68 proteins differentially expressed across all five studies. Limited to proteins with similar trends (red: higher in case, blue: higher in controls), significance levels are indicated by ‘**‘ (p<0.05/253/5 = 4x10-5, Bonferroni level), ‘*‘ (p<0.05/116 = 0.00043, replication level, as there were 116 Bonferroni significant associations), “. “ (p<0.05, nominal significance). Selected assigned pathways/groups are shown. Pathway information was retrieved form g:Profiler (*), Uniprot (#) or literature analyses (^). The g:Profiler analysis included only pathways from KEGG, Reactome and Wikipathway.



In the heatmap in Figure 4, 68 of 253 proteins show consistent expression patterns across all five studies. In the COVID-19 cases, 44 proteins showed higher abundances, while 24 proteins showed lower abundances. Below, we further investigated to which pathways or groups the alternating proteins were assigned.

Many of the upregulated proteins could be assigned to pathways or groups associated with viral infection, such as general viral protein interaction with cytokine and cytokine receptors from the KEGG pathway (04061) or COVID-19 adverse outcome (WP4891) and innate immunity evasion (WP5039) pathways from Wikipathway. Thirteen proteins were part of the viral interaction pathway, with the majority of proteins assigned to the cytokine family. In addition to the virus-specific pathways, 12 proteins were also assigned to the rheumatoid arthritis pathway, 12 to the IL18 (WP 4754) or 6 to the fluid shear stress pathways. Many of these proteins are part of the pro-inflammatory and not of the anti-inflammatory system. This is an intriguing finding in COVID-19, considering pro- and anti-inflammatory pathways are engaged at the same time in most other disease states (21).

Thirteen proteins were part of the viral interaction pathway, with most proteins assigned to the cytokine family such as CCL17, CCL16, CCL2, CCL8, CXCL11, CCL7, CXCL10, CXCL1, and CXCL8. The cytokines are complemented by infection and inflammation related proteins such as IL6 or IL18 and TNF, the key players in infectious disease states with both beneficial and harmful, pleiotropic activities (22).

Twelve proteins were assigned to the rheumatoid arthritis, an autoimmune condition pathway, caused by the immune system attacking healthy body tissue. Seven proteins were shared with the viral interaction pathway and five were unique compared to viral interaction such as TNFSF13B, TNFSF11, CD6, VEGFA, and ACP5.

Twelve proteins were assigned to the IL18 pathway, a host defense pathway following bacterial or viral infection that is activated via an interplay between the inflammasome and IL1-beta and IL18 (23). Recently, an in vitro study used humanized anti-IL1R7 antibody to suppress IL18-mediated inflammatory pathways, including NFκB activation and IFNγ, IL6, and TNFα production (24). In comparison to other pathways or groups, three interaction proteins, KITLG, GRN, and PTX3, are rather unique that play significant role in several physiological processes. The KIT ligand is binding to SCF and involved in several pathways such proliferation, hematopoiesis or stem cell maintenance (25). GRN is involved in inflammation and wound healing or proliferation and the acidification of lysosomes, a key response to external pathogen stimulus. PTX3 regulates the innate resistance to pathogens and is involved in the inflammatory reactions (26).

Furthermore, three out of the six proteins namely CDH5, PLAT, and VEGFA are unique to the fluid shear stress and atherosclerosis pathway, a pathway which is involved in the tangential stress due to the friction of the flowing blood on the endothelial surface of the arterial wall (27).



Most Strictly Similar Protein Alterations in All Five Studies

One of the pressing questions we aim to answer with this study comparison is which of the regulated proteins are up- or down-regulated to the same extent in COVID-19 patients compared to controls, regardless of patient nationality, blood matrix, COVID-19 inactivation process, or study design. For this reason, only those proteins that showed strict similarities in beta and p-values were further compared, as shown in Figure 5.




Figure 5 | Heatmap and STRING analysis of the 14 most stringent and replicated proteins in all 5 studies are shown. (A) 13 of the 253 proteins showed similar significantly increased and decreased levels in COVID-19 patients. (B) proteins were further used for STRING protein interaction analysis and compounds of interest are highlighted. The proteins highlighted in purple are known to be involved in general IFN gamma cell responses to external stimuli by pathogens (e.g., viruses or bacteria: GO:0071346). Proteins highlighted in green (e.g., CCL2=MCP-1, CCL7=MCP-3, CCL8=MCP-2, CXCL10=INP10, are proteins known to be elevated in blood after infection for example with M. tuberculosis (28). Proteins in red are associated with influenza A infection (hsa05164) and blue with the IL17 signaling (hsa04657). Significance levels are indicated by ‘**‘ (p<0.05/253/5 = 4x10-5, Bonferroni level), ‘*‘ (p<0.05/116 = 0.00043, replication level, as there were 116 Bonferroni significant associations), “. “ (p<0.05, nominal significance).



Three key proteins generally involved in infection and inflammation (IL6 IL18, and IFNG) are the focus of this analysis and are associated with 10 other proteins. Only MERTK, a tyrosine protein kinase, showed no direct association with any other of the 13 proteins. The proteins highlighted in purple are known to be involved in general IFN gamma cell responses to external stimuli by pathogens (e.g., viruses or bacteria: GO:0071346). Proteins highlighted in green (e.g., CCL2=MCP-1, CCL7=MCP-3, CCL8=MCP-2, CXCL10=INP10, are proteins known to be elevated in blood after infection for example with M. tuberculosis (28). Proteins in red are associated with influenza A infection (hsa05164) and blue with the IL17 signaling (hsa04657). It is known that IL18 and R1 are part of the IL18 pathway, but this pathway did not appear in the top rankings of STRING using the 14 proteins.




Discussion

Serum proteomics of COVID-19 patients has been documented in multiple studies, often stratified by disease severity and comorbidities, representing IL6 concentrations as a marker of disease severity and prognosis (17, 29, 30). Many of these studies highlight significant changes in immune-inflammatory pathways, predicting inflammatory cytokine signature for COVID-19 severity and survival (31–33). Although there were some overlaps in findings, particularly in terms of IL6 overexpression and acute phase responses, not all the studies reveal consistent observations, and the candidate proteins in the so-called cytokine storm syndrome differ a lot depending on the population’s demography.

The variations in protein expression in COVID-19 patients between five case-control studies were investigated in this paper. All COVID-19 patients, regardless of disease status (mild, severe, and critical), were grouped together as the COVID-19 case group and compared with control group to see differential expression of proteins (19). Case-control comparisons were used to translate all data into differences between the means and p-values for each protein. All studies measured a joint overlapping set of 253 proteins, which were analyzed here. Only the first data point per patient was used for comparison when times-series data was available for longitudinal studies (IMP, REP, and MGH) (15, 17).

In the ICU study, over thirty-seven proteins were substantially altered, with twenty-three being overexpressed and fourteen being declined. Around twelve proteins were significantly perturbed in the GIM study, with ten being overexpressed and two being inhibited. Similarly, IMP, REP, and MGH studies reported seventy-seven, forty-one, and ninety-three proteins, being altered, respectively. However, comparison among these large-scale studies suggests that the number of consistently quantified proteins is more relevant than the maximum number of proteins being altered, as only consistent detection allows for quantitative comparison between individuals and is suitable for the development of clinical assays. Correlation analysis revealed a core panel of 68 proteins that exhibited same expression pattern across all the studies. Not surprisingly, there was a high degree of similarity in protein expression among the studies. Particularly, MGH and GIM exhibited most similarities (r = 0.80), followed by IMP and REP (r = 0.71), and MGH and IMP (r = 0.70). These cross-continental comparisons are essential for the discovery of novel diagnostic and prognostic markers. Future studies should include similar comparisons from other ethnicities to bolster our results and offer a more universal proteomics profile.

Pietzner et al. (34) categorized proteomics data based upon the proteins’ role in COVID-19 pathology, including disease severity, complications, and therapeutic markers. Many of the cytokines that were overexpressed in our research cohorts, including IL1 and IL6, were identified as COVID-19 related CSS proteins. Strictly replicated proteins in all five studies identified several inflammatory mediators associated with death in ARDS patients, including previously identified markers (IL1RN, IL6, IL18, IL18R1, IFNγ, and CXCL10) as well as several novel markers (CCL2, CCL7, CCL8, CCL20, CXCL11, AREG, IL1RL1, FLT1 and IL24). The cytokine profile in these studies is comparable to that reported in cytokine release syndromes, such as macrophage activation syndrome, which is characterized by increased expression of cytokines (IL6, IL7, and TNF) and inflammatory chemokines (CCL2, CCL7, CXC-10, and CXCL-11) (35). Additionally, these findings point to a possible secondary bacterial infection in the critically ill COVID-19 patients, and may lead to peripheral organ failure (e.g., kidney), as shown by MGH study comparing proteomics and kidney function tests (15).

By leveraging proteomics datasets that shared similar expression pattern, we identified a subset of proteins highly elevated among all the studies, deconvoluting their relative contribution in immune-inflammatory pathways. Several immune pathways were activated in the COVID-19 patients, including viral protein interaction with cytokine and cytokine receptors, and COVID-19 adverse outcome pathway. Particularly, Wikipathway COVID-19 adverse outcome pathway regulates leukocyte activation by involving toll-like receptor signaling and inflammatory cytokines responses. The pathway involves several immune-inflammatory cytokines, including CCL3 and CXCL10 in receptor signaling, IL1B, IL2, IL6, IL7, IL10, TNF, CSF3 in inflammatory responses, and IL2RA and CCL2 in leukocytes activation (36). In our study, many of these cytokines and chemokines, especially CCL2, CXCL10, and IL6, were found to be significantly overexpressed in COVID-19 patients. Even when the five studies were compared, most of these cytokines were shown to be overexpressed, indicating that the COVID-19 adverse outcome pathway was activated in all of them.

In a positive feedback loop, these and other immune pathways activate the cellular and adaptive immune system. Immune-inflammatory studies of viral infections point to several mechanisms that contribute to mediating inflammatory responses. One of these is the interaction of viral proteins with cytokines and cytokine receptors initiated by the chemokine subfamilies CCL and CXL 25. Furthermore, consistently unique cytokine expression patterns of regenerative and growth factors (CCL2, CCL11, IL6, IL12B, and CXCL8) may indicate activation of pulmonary fibrosis signaling pathways after aberrant inflammatory response.

However, none of the groups or pathways described here are exclusive to COVID-19. Many of the proteins highlighted here are already attributed to other external stimuli such as bacteria, yeast, other viruses, or even allergens. We should be cautious in interpreting the common proteins discovered here, as many of them can be activated by key players of human defense such as IFNG, IL6 or TNF, leading to common pleiotropic effects. We further should not use the term COVID-19 biomarker at this point, a misunderstanding that has already led to confusion in the field of bacterial sepsis, allergy, diabetes but also cancer, because the selectivity is not convincing. Overexpression of IL6, for example, as reported in several COVID-19 studies, did not provide an effective clinical signal for COVID-19 treatment in an initial clinical trial (COVACTA) (36). Tocilizumab, an anti-IL6 medication, was tried on COVID-19 patients but was shown to be ineffective in a randomized controlled trial (36). Whereas Tocilizumab enhanced survival and other clinical outcomes in follow-up trials of hospitalized patients (RECOVERY) and ICU patients (REMAP-CAP) (37, 38). IL18, on the other hand, is one of the most important cytokines in macrophage activation syndrome, which has not been thoroughly studied in COVID-19. Satış et al. (39) reported high serum concentrations of IL18 that correlated with other inflammatory markers, which is also consistent with our findings. A candidate COVID-19 therapy is an anti-human IL1R7 antibody that suppresses IL18-mediated inflammatory signaling (24). For these reasons, it is necessary to perform comparative multi-disease studies with e.g., bacterial sepsis, allergy, and diabetes patients to filter out specific protein release patterns.

Heterogeneity in study results may be greatly affected by differences in the COVID-19 case and control populations used in the five studies. For example, most studies focus on hospitalized patients, whereas the IMP and REP cohorts include both outpatients and inpatients suffering from end-stage kidney disease or going through hemodialysis. As another example, the MGH cohort’s control group consisted of ARDS patients who tested negative for COVID-19, whereas the control group for the IMP and REP cohorts consisted of COVID-19 negative ESKD patients undergoing hemodialysis. Similarly, the controls in both the GIM and ICU studies were COVID-19 negative patients with diseases such as cancer, diabetes, hypertension, chronic kidney disease, or heart diseases. Many of these significant differences must be considered when interpreting the findings because they may have an impact on the outcomes and comparability of the studies. Therefore, it is reasonable to assume that antecedent therapy and an imbalance in comorbidities between studies and their respective control groups could influence the circulating protein concentrations.

Comparative proteomics identified statistically robust overexpression of several inflammatory cytokines, specifically IL6, IL18, CCL7, CXCL10, and CXCL11, which could be targeted to prevent untoward immune-inflammatory effects in COVID-19 patients. Particularly, novel anti-human IL1R7 antibodies that block IL18 could be a promising COVID-19 treatment option. Thereby improving treatment options for the patients that display hypercytokinemia phenotypes, restoring the balance between pro- and anti-inflammatory cascades. Pertinently, validating differentially expressed proteins in five independent studies that may be significantly prognostic and can classify pathways that are amenable to current or future therapeutics.



Materials and Methods


Cohort ICU and GIM and COVID-19 Confirmation


Cohort Description

Sampling for the GIM study was conducted between March and April 2020 at New York-Presbyterian Hospital/Weill Cornell Medical Center under IRB# 19-10020914. GIM study is a single-center prospective study comparing hospitalized COVID-19 patients and non-COVID-19 control. The participants were adult (median age 64 years) of mixed race (Asian, Black, White, and other non-specific). All patients were screened for COVID-19 using SARS-CoV-2 RT-PCR. Hospitalized controls were selected based on negative RT-PCR results for SARS-CoV-2, and their samples were age/gender matched to COVID-19 patients. Children under the age of 18 year and pregnant women were excluded. Both COVID-19 patients and controls were suffering from heart diseases (14.5 vs. 26.0%; respectively), diabetes (25 vs. 18.0%), cancer (14.5 vs. 40.0%), hypertension (43.8 vs. 56.0%), and chronic kidney diseases (4.1 vs. 12.0%).

For ICU study, adult patients of mixed race (median age 53 years) were hospitalized at the New York-Presbyterian Hospital/Weill Cornell Medical Center between March and April 2020. The cohort is derived from the Weill Cornell Biobank of Critical Illness, a database that recruits and enrolls any patient admitted to Weill Cornell ICU. Demography of cohorts was recorded in the Weill Cornell Medicine COVID Institutional Data Repository (COVID-IDR), a high-quality manually abstracted registry of COVID-19 patients. Laboratories, ventilation parameters, vital signs and respiratory variables were obtained from the Weill Cornell-Critical Care Database for Advanced Research (WC-CEDAR). Missing or not available information was manually abstracted and registered into REDCap (40). The ICU patients were SARS-CoV-2 positive ARDS patients, and the controls were nonsepsis patients admitted to Presbyterian Hospital ICU. Patients’ recruitment, data collection, and sample processing procedures have previously been described (41, 42). In brief patients were excluded if they or their surrogate are unable to provide consent or if they were in a moribund state.

Clinical and laboratory data for the GIM and ICU studies were obtained from the Weill Cornell Medicine COVID Institutional Data Repository (COVID-IDR) and Weill Cornell-Critical Care Database for Advanced Research (WC-CEDAR). MGH dataset was downloaded from https://www.olink.com/mgh-covid-study/. The IMP and REP datasets were obtained from the supplementary data of https://www.medrxiv.org/content/10.1101/2020.11.05.20223289v1. GIM and ICU data were preprocessed using in-house scripts based on the maplet package (https://github.com/krumsieklab/maplet). All datasets were transferred into Summarized Experiment format (43).




Plasma/Serum Proteomics

The Olink assays on ICU and GIM samples were performed using Inflammation (v.3021), Cardiovascular II (v.5005), and Cardiovascular III Panels (v.6113) (Olink, Uppsala, Sweden). Therefore, EDTA plasma and serum samples were heat-inactivated at 56°C for 15 minutes according to the virus inactivation protocol provided by Olink (www.olink.com/content/uploads/2020/04/CoronaVirus-Heat-Inactivation-webv1.pdf). The EDTA plasma or serum protein measurements were performed with the so-called Proximity Extension Assay technology (PEA) according to manufacturer’s instructions. In summary, high throughput real-time PCR of reporter DNA linked to protein specific antibodies was performed on a 96-well integrated fluidic circuits chip (Fluidigm, San Francisco, CA). Signal quantification was carried out on a Biomark HD system (Fluidigm, San Francisco, CA). Each sample was spiked with quality controls to monitor the incubation, extension, and detection steps of the assay. Additionally, samples representing external, negative, and inter-plate controls were included in each analysis run. From raw data, real time PCR cycle threshold (Ct) values were extracted using the Fluidigm RT-PCR analysis software at a quality threshold of 0.5 and linear baseline correction. Ct values were further processed using the Olink NPX manager software (Olink, Uppsala, Sweden). Here, log2-transformed Ct values from each sample and analyte were normalized based on spiked-in extension controls and scale-inverted to obtain Normalized log2 scaled Protein eXpression (NPX) values. NPX values were further adjusted based on the median of inter plate controls (IPC) for each protein and intensity median scaled between all samples and plates.



Statistical Analysis

Statistical analyses were performed using R (version 4.0.4) (44). Linear models protein ~ state were computed using the R package MatrixEQTL (45), where ‘protein’ denotes scaled (mean = 0, s.d. = 1) Olink NPX values and state is coded 0=CovidNegative and 1=CovidPositive. Estimated effect sizes (beta) thus correspond to differences between cases and controls in relative units (s.d.), where positive betas correspond to higher protein levels observed in COVID-19 positive samples. Analyses were limited to proteins that were measured in all five studies. In cases where multiple time points were collected for a same patient, only the first data point was retained, which generally corresponds to time of admission. Summary statistics for all studies are provided as Supplementary Materials in PDF format generated using Rmarkdown. Summary statistics are further visualized as volcano plots by study and as scatterplots of effect sizes by pairwise study-to-study comparison. Finally, proteins that satisfy different levels of replication criteria are presented as heatmaps. Bonferroni correction was used to determine significance levels for inclusion, combined with various criteria regarding consistency in effect direction and number of studies with significant associations (see Supplementary Data 1 for details). For discovery, a significance level of p < 0.05/5/Nprotein was used (incl. accounting for testing for association in five studies in parallel) and for replication p < 0.05/Ndiscovery was applied, with Nprotein corresponding to the number of analyzed proteins and Ndiscovery to the number of proteins taken forward to replication by meeting the discovery significance level.



Voronoi Treemaps, 2D Cluster, and Pathway Assignment Analysis

ICU Voronoi treemaps of median protein RFIs were calculated based on KEGG Ortholog BRITE category, pathway, and protein levels (46).2D Cluster analysis of beta values was performed with Genedata Analyst (Basel, Switzerland, v.13.0.1) using 50% valid values and Euclidean for protein distance calculation (linkage: complete). At study level, Cosine was used for distance calculation (linkage: complete). Pathway assignment of significant altered proteins was performed using the g:Profiler using pathway annotation from human Reactome, WikiPathways and KEGG databases (47).
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Infection with severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) causes a disease (coronavirus disease 2019, COVID-19) that may develop into a systemic disease with immunosuppression and death in its severe form. Myeloid-derived suppressive cells (MDSCs) are inhibitory cells that contribute to immunosuppression in patients with cancer and infection. Increased levels of MDSCs have been found in COVID-19 patients, although their role in the pathogenesis of severe COVID-19 has not been clarified. For this reason, we raised the question whether MDSCs could be useful in the follow-up of patients with severe COVID-19 in the intensive care unit (ICU). Thus, we monitored the immunological cells, including MDSCs, in 80 patients admitted into the ICU. After 1, 2, and 3 weeks, we examined for a possible association with mortality (40 patients). Although the basal levels of circulating MDSCs did not discriminate between the two groups of patients, the last measurement before the endpoint (death or ICU discharge) showed that patients discharged alive from the ICU had lower levels of granulocytic MDSCs (G-MDSCs), higher levels of activated lymphocytes, and lower levels of exhausted lymphocytes compared with patients who had a bad evolution (death). In conclusion, a steady increase of G-MDSCs during the follow-up of patients with severe COVID-19 was found in those who eventually died.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection may produce a systemic disease termed COVID-19 (coronavirus disease 2019), with high morbidity and mortality. This viral infection became a pandemic in 2020 and showed rapid and uncontrolled expansion worldwide in 2021, despite vaccination of around 50% of the total population. In fact, the COVID-19 pandemic is the major global health threat in the last century. Understanding of the pathophysiology of this viral infection is a major challenge and is absolutely necessary to improve the somber prognosis of COVID-19 patients with severe disease who require admission to the intensive care unit (ICU) (1).

Impairment of both innate and adaptive immunity has been described in patients with SARS-CoV-2 infection, and it has been associated with poor outcomes (2). Lymphopenia is a frequent finding in these patients and has been identified as a variable independently associated with mortality (3). It has been observed that lymphocyte subsets such as CD4+ T cells, CD8+ T cells, B cells, and natural killer (NK) cells decreased in COVID-19 patients, especially in severe cases. Moreover, the underlying mechanisms responsible for lymphopenia in COVID-19 patients still need to be investigated since these could be responsible for the delayed virus clearance and the increased mortality rate among patients. In line with this notion, myeloid-derived suppressor cells (MDSCs) are a heterogeneous group of immature myeloid cells that mainly inhibit T-cell immune responses and NK cell proliferation using different mechanisms. They consist of monocytic (M-MDSCs) and granulocytic (G-MDSCs) subsets, which have been recently defined as pathologically activated neutrophils and monocytes with potent immunosuppressive activity (4).

The role of MDSCs was first discovered in cancer patients, but they have been found to be important in several disease processes such as sepsis (5). The persistence of these cells may contribute to long-lasting immunosuppression, thus leaving patients unable to resolve infections. We have recently found increased M-MDSCs in patients with mild COVID-19 (6), suggesting that the monocytic MDSC subset may contribute to lymphopenia and immune suppression in COVID-19. Nevertheless, the role of MDSCs in the pathogenesis of severe COVID-19 has not yet been fully elucidated, although recent studies have reported that MDSCs might influence both disease severity and mortality (7, 8). Moreover, the levels of M-MDSCs have been recently found to predict the severity of COVID-19 (9), whereas others have found an expansion of G-MDSCs in patients with severe COVID-19 (8). Moreover, the function and transcriptome of G-MDSCs may explain, at least in part, the severity of the disease (10). In line with this, MDSCs have been proposed as a potential biomarker and a therapeutic target in this viral infection (11). MDSCs are also well known to induce regulatory T cells (Tregs), which are a specialized subpopulation of T cells that can inhibit T-cell proliferation and cytokine production. Patients with COVID-19 exhibit low levels of circulating Tregs, being lower in severe cases, although this study did not include patients admitted to the ICU (12). We also found decreased levels of Tregs in patients with mild COVID-19 (6).

In addition, programmed death-1 (PD-1) binds to its ligands (PD-L1 or PD-L2), expressed on antigen-presenting cells (APCs), to generate inhibitory signals that downregulate T-cell-mediated immune responses. Lymphocytes from COVID-19 patients have been found to have increased expressions of inhibitory molecules, such as PD-1 or CTLA-4, producing an ineffective immune response (13, 14). Upregulation of PD-1 on CD4+ T cells in SARS-CoV-2 patients has also been associated with poor outcomes at 30 days (15).

Therefore, information about the behavior of the lymphocyte subsets in critically ill COVID-19 patients is lacking or has been obtained from a reduced number of patients. The present study explored the immunosuppressive cell populations, MDSCs, and Tregs in critically ill COVID-19 patients and compared their evolutions in patients who died and those who survived.



Materials and Methods


Study Design

This is a prospective, observational, cohort study that enrolled critically ill adult patients (age ≥ 18 years) with COVID-19 admitted to the ICU of the Virgen Macarena University Hospital (Seville, Spain) from October 2020 to March 2021. The exclusion criteria were as follows: patients with previous immunosuppression (solid organ or hematologic transplantations, hematologic malignancies, or taking immunosuppressants before hospital admission) and pregnant women.

The following data were noted: age, gender, body mass index (BMI), comorbidities (diabetes mellitus, liver cirrhosis, chronic renal disease, chronic heart failure, and chronic obstructive pulmonary disease), disease chronology (time from the onset of symptoms and from hospital admission to ICU admission), pharmacological treatments, ICU length of stay (LOS), and ICU mortality. Illness severity at ICU admission was assessed using the Acute Physiology and Chronic Health Evaluation (APACHE) II score and the Sequential Organ Failure Assessment (SOFA) scale, considering the worst data point of the first 24 h in the ICU (16, 17). Nosocomial infections included ventilator-associated pneumonia, primary bacteremia, and catheter-related bloodstream infection that were diagnosed following current definitions (18). Septic shock was diagnosed following the Sepsis-3 criteria (19). Continuous renal replacement therapy was initiated by the attending physician and followed the recommendations of the Spanish Society of Intensive Care Medicine (20).



Patients

We studied the immunological characteristics of peripheral blood cells from 80 COVID-19 patients hospitalized in the ICU with respiratory failure and positive for real-time reverse transcriptase polymerase chain reaction (RT-PCR) (Allplex 2019-nCoV Assay; Seegene, Seoul, South Korea) assay for nasal and pharyngeal swab specimens. Blood was obtained in the first 24 h following admission into the ICU using samples sent to the hospital laboratory for routinary tests and weekly thereafter up to death from ICU discharge. The study was approved by the Institutional Review Board (ref. MDSC-Treg_COVID-19, code no. 0908-N-20) according to the ethical principles included in the Declaration of Helsinki 1964 (2013 update). Written consent was not required.



Flow Cytometry Analysis in Whole Blood Samples

Cell populations (MDSCs, Tregs, and both OX40+PD-1− and PD-1+OX40− T cells, as well as CD4 T cells, CD8 T cells, and total T, B, and NK cells) were measured by flow cytometry using the FACSCanto II flow cytometry system (Becton Dickinson, Franklin Lakes, NJ, USA) from EDTA-K3 tubes. Analyses were carried out from ICU admission to the last determination before ICU discharge or death. Furthermore, the total lymphocyte, monocyte, and granulocyte counts were obtained from hematologic counts (Sysmex CS-1000).

M-MDSCs were gated as CD45+CD11b+CD33+HLA-DRlow/−CD14+CD15−, G-MDSCs as CD45+CD11b+CD33+HLA-DRlow/−CD14−CD15+, Tregs as CD4+CD25highCD127low/−, activated T cells as CD3+CD4+OX40+PD-1− and CD3+CD8+OX40+PD-1−, and exhausted T cells as CD3+CD4+PD-1+OX40− and CD3+CD8+PD-1+OX40−, as previously described (6, 21). Total T, B, and NK cells were gated as CD3+, CD19+, and CD16+CD56+, respectively. CD4 and CD8 T cells were gated as CD3+CD4+ and CD3+CD8+, respectively. The absolute cell number was calculated by multiplying the percentages obtained from flow cytometry with the total leukocyte count obtained from the hematologic count. Total MDSCs were calculated as the sum of the M-MDSC and G-MDSC counts, total activated T cells as the sum of the CD3+CD4+OX40+PD-1− and CD3+CD8+OX40+PD-1− T-cell counts, and total exhausted T cells as the sum of the CD3+CD4+PD-1+OX40− and CD3+CD8+PD-1+OX40− T-cell counts.



Monoclonal Antibodies

The following antibodies were obtained from Becton Dickinson Immunocytometry Systems (San Jose, CA, USA) and were used at the manufacturer’s recommended concentrations.

MDSCs: PerCP-Cy5.5 mouse anti-human CD 45 (ref. no. 564105), PE mouse anti-human CD 33 (ref. no. 555450), APC-Cy7 rat anti-CD11b (ref. no. 557657), PE-Cy7 mouse anti-human HLA-DR (ref. no. 560651), FITC mouse anti-human CD 14 (ref. no. 555397), and APC mouse anti-human CD 15 (ref. no. 551376).

Tregs: human regulatory T-cell cocktail (ref. no. 560249), including FITC anti-human CD4, PE-Cy7 anti-human CD25, and Alexa Fluor 647 anti-human CD127.

Activated and inhibited T cells: APC-Cy7 mouse anti-human CD3 (ref. no. 561800), PE-Cy7 mouse anti-human CD4 (ref. no. 557852), PerCP-Cy5.5 mouse anti-human CD8 (ref. no. 565310), FITC mouse anti-human OX-40 (CD134; ref. no. 555837), and APC mouse anti-human PD-1 (CD279) (ref. no. 558694).

T, B, and NK cells and CD4 and CD8 T cells: Multitest 6-Color TBNK (ref. no. 644611).



Data Analysis

Statistical analysis was performed and graphs were constructed using GraphPad Prism 8.0.2 (GraphPad Software, San Diego, CA, USA). Continuous variables were shown as the median and 95% confidence intervals. Qualitative variables were presented as absolute numbers and percentages. Normal distribution of the analyzed variables was examined using a histogram, box plot, the Q–Q plot, and the outcomes of the Kolmogorov–Smirnov normality test.

Non-parametric tests were used due to the absence of normality. The Mann–Whitney U test was used to compare the cell distributions between the discharged and deceased COVID-19 patients. Wilcoxon’s test was used to compare the cell distributions in each group of patients at ICU admission vs. the last determination. The Friedman test and Bonferroni corrections were performed to compare the cell distributions in each group of patients during the ICU follow-up from admission to the third week of stay. Bivariate correlations among cell populations were carried out using Spearman’s coefficient. P-values ≤0.05 were considered statistically significant differences.




Results


Clinical Characteristics of COVID-19 Patients

Eighty-seven patients diagnosed of COVID-19 and hospitalized in the ICU during the study period were screened, but seven patients were excluded (three patients with onco-hematologic diseases, two renal transplant patients, and two patients taking immunosuppressant drugs for systemic diseases). Thus, 80 patients were analyzed. The age of the patients was 62 years (median, p25–p75= 59–66 years). The male/female ratio of COVID-19 patients was 76.5%/23.5%. The patients’ clinical characteristics are shown in Table 1. Thirty-eight patients were discharged from the ICU alive, but two of them died in the hospital.


Table 1 | Clinical characteristics of COVID-19 patients.





Circulating MDSCs in COVID-19 Patients at Admission and During the ICU Stay

The follow-up of blood MDSCs from severe COVID-19 patients in the ICU is shown in Figures 1A–C. All MDSC populations significantly decreased (Friedman test: p < 0.001) in patients who were discharged from the ICU, whereas MDSCs increased in those who passed away. Between both groups of patients, the results of the Mann–Whitney U test revealed statistically significant differences in G-MDSCs and total MDSCs at the last determination (p = 0.007 and p = 0.003, respectively).




Figure 1 | Circulating myeloid-derived suppressive cells (MDSCs) and regulatory T cells (Tregs) in discharged (blue) and deceased (red) coronavirus disease 2019 (COVID-19) patients during their follow-up in the ICU. (A) Monocytic MDSCs. (B) Granulocytic MDSCs. (C) Total MDSCs. (D) Tregs. All data shown are the median and 95% confidence intervals of cells per microliter. ##p ≤ 0.01, ###p ≤ 0.001 comparing opposite groups, respectively; *p ≤ 0.05, ***p ≤ 0.001 compared with ICU admission, respectively. ns, not significant.



Similar results were obtained when the first and the last determination for each patient were compared. In those who were discharged from the ICU, all MDSC subsets and total MDSCs slightly decreased (Figures 2A–C). In contrast, all MDSC populations were remarkably increased in patients who passed away (p = 0.037 for M-MDSCs, p < 0.001 for G-MDSCs, and p = 0.003 for total MDSCs); in consequence, significant differences were found between the patient groups at the last determination (p < 0.001 for both M-MDSCs and total MDSCs and p = 0.002 for G-MDSCs), also shown in Figures 2A–C.




Figure 2 | Comparison of circulating myeloid-derived suppressive cells (MDSCs) and regulatory T cells (Tregs) in discharged (blue) and deceased (red) coronavirus disease 2019 (COVID-19) patients between the first and the last determination in the ICU. (A) Monocytic MDSCs. (B) Granulocytic MDSCs. (C) Total MDSCs. (D) Tregs. All data shown are the median and 95% confidence intervals of cells per microliter. ##p ≤ 0.01, ###p ≤ 0.001 comparing opposite groups, respectively; *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001 compared with ICU admission, respectively.



Both M-MDSC and G-MDSC populations were also positively correlated at the beginning (rS = 0.296, p = 0.007) and at the end (rS = 0.326, p = 0.003) of their stay in the ICU.



Blood Tregs in COVID-19 Patients at Admission and During the ICU Stay

The trend of Tregs in both discharged and deceased patients during the follow-up (Figure 1D) was significant (p < 0.001 and p = 0.049, respectively). Although all patients had similar concentrations of Tregs in blood at ICU admission, the follow-up revealed different trends in both groups: Tregs from discharged patients had a 2.5-fold increase, whereas those from deceased patients remained practically constant. In addition, significant differences between patient groups were found from the first to the third week of their stay in the ICU (p < 0.001 in the first week and p = 0.004 in the second and third weeks).

Comparison of the first and the last determination (Figure 2D) showed that the levels of circulating Tregs were similar in all COVID-19 patients at ICU admission. However, this T-cell subset significantly increased in discharged patients (p < 0.001) and remained constant in the group of patients who finally died. Consequently, significant differences were also found between both groups at the last determination (p < 0.001).



Concentrations of Exhausted T Cells in COVID-19 Patients at Admission and During the ICU Stay

The evolution of exhausted (PD-1+OX40−) T cells during the follow-up of severe COVID-19 patients is shown in Figures 3A–C. As happened with MDSCs, there was a depletion of exhausted T cells (particularly from the first week after admission into ICU) in the discharged group (p = 0.001 for CD4+, p = 0.0026 for CD8+, and p = 0.003 for total T cells), whereas these T-cell subsets slightly increased during the follow-up in the group of patients who finally died.




Figure 3 | Circulating exhausted (PD-1+OX40−) and activated (OX40+PD-1−) T cells in discharged (blue) and deceased (red) coronavirus disease 2019 (COVID-19) patients during their follow-up in the ICU. (A) CD4+PD-1+OX40− T cells. (B) CD8+PD-1+OX40− T cells. (C) Total PD-1+OX40− T cells. (D) CD4+OX40+PD-1− T cells. (E) CD8+OX40+PD-1− T cells. (F) Total OX40+PD-1− T cells. All data shown are the median and 95% confidence intervals of cells per microliter. #p ≤ 0.05 comparing opposite groups; *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001 compared with ICU admission, respectively. ns, not significant.



When the first and the last blood determination were compared (Figures 4A–C), the levels of both exhausted CD4+ T cells and total T cells remained without significant changes; however, exhausted CD8+ T cells slightly decreased in patients who were discharged from the ICU, whereas all exhausted T-cell populations significantly increased in patients who passed away (p = 0.034 for CD4+, p = 0.004 for CD8+, and p = 0.001 for total T cells). Significant differences between groups were only found at the last determination of exhausted CD4 T cells (p = 0.023).




Figure 4 | Comparison of the circulating exhausted (PD-1+OX40−) and activated (OX40+PD-1−) T cells in discharged (blue) and deceased (red) coronavirus disease 2019 (COVID-19) patients between the first and the last determination in the ICU. (A) CD4+PD-1+OX40− T cells. (B) CD8+PD-1+OX40− T cells. (C) Total PD-1+OX40− T cells. (D) CD4+OX40+PD-1− T cells. (E) CD8+OX40+PD-1− T cells. (F) Total OX40+PD-1− T cells. All data shown are the median and 95% confidence intervals of cells per microliter. #p ≤ 0.05m, ##p ≤ 0.01 comparing opposite groups, respectively; *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001 compared with ICU admission, respectively.



Positive correlations were found between the levels of CD4+ and CD8+ inhibited T cells at both the beginning (rS = 0.255, p = 0.022) and the last analysis (rS = 0.536, p < 0.001) of each patient.



Circulating Activated T Cells in COVID-19 Patients at Admission and During the ICU Stay

During the follow-up (Figures 3D–F), only discharged patients presented a significant increment in the evolution of activated (OX40+PD-1−) T cells (p = 0.002 for CD4+, p = 0.011 for CD8+, and p = 0.001 for total T cells). Moreover, notable differences were also obtained when a comparative analysis between both patient groups was performed (p = 0.030 during the third week for CD8+ and p = 0.042 during the second week for total OX40+PD-1− T cells).

In the comparison between the first and the last determination in the ICU (Figures 4D–F), it was observed that the concentrations of CD4+, CD8+, and total activated (OX40+PD-1−) T cells were significantly increased in patients with the best outcome (p < 0.001 in all cases). In deceased patients, the levels of activated CD4+ and total T cells also increased, but those of the cytotoxic T-cell subpopulation remained constant. At the last determination, notable differences were found between groups (p = 0.012 for CD4+ and p = 0.002 for CD8+ and total T cells).

In addition, strong positive correlations were found between helper and cytotoxic activated T cells in patients hospitalized in the ICU (rS = 0.340, p = 0.0021) and during their last determination (rS = 0.579, p = 0.0001).



Tregs Were Positively Correlated With Activated T Cells and MDSCs With Exhausted T Cells in COVID-19 Patients in ICU

Apart from the significant positive correlations mentioned above, we also observed other strong correlations between the different cell populations. Tregs were positively correlated with OX40+PD-1− T cells both at admission into ICU and at the end of the stay and were negatively correlated with G-MDSCs at the last determination, as shown in Table 2. For its part, G-MDSCs were positively correlated with CD8+ and total exhausted T cells at the moment of hospitalization and also with CD4+ after the stay in the ICU. Total MDSCs were only positively correlated with exhausted T cells at the end of admission. All statistically significant correlations between cell groups are shown in Table 2.


Table 2 | Spearman’s correlations (rS) between cell populations.






Discussion

SARS-CoV-2 infection causes immune defects such as lymphopenia (22) in patients with mild (6) and severe (23) COVID-19. Moreover, persistent lymphopenia was observed in patients with severe COVID-19 after 3 weeks of follow-up (24), but the lymphocyte reduction was more highlighted in critically ill patients, especially T lymphocytes (25). In our study, we found lymphopenia in all COVID-19 patients after admission into ICU, and the lymphocyte levels were increased in blood during the follow-up regardless of their outcomes (Table 3). At least in part, it could occur because the treatments contributed to the activation of the immune system of COVID-19 patients to fight the viral disease. However, 40 patients eventually died, suggesting that there are mechanisms of immunosuppression due to infection with SARS-Cov-2, as MDSCs could be. Accordingly, T cells, especially CD4+ and NK cells, were significantly lower in patients with fatal outcomes. As previously explained, MDSCs are pathologically activated neutrophils and monocytes with potent immunosuppressive activity (4), and they mediate the mechanism of immune downregulation, especially the inhibition of lymphocyte activation and proliferation (26). In line with this, it has been found that cells with MDSC features are implicated in COVID-19, and several reports have described the accumulation of potent immunosuppressive M-MDSCs and G-MDSCs in the disease (4, 27, 28). In fact, a high M-MDSC/monocyte ratio has been associated with secondary infections and death due to the disease (29); the granulocytic subset has also been associated with mortality in severe COVID-19 (7).


Table 3 | Granulocyte, monocyte, and lymphocyte counts during the follow-up of severe COVID-19 patients.



We aimed to analyze MDSCs, namely, the monocytic (M-MDSCs) and granulocytic (G-MDSCs) subsets, and the lymphocyte subpopulations in patients with severe COVID-19 from admission into the ICU and during the follow-up until discharge or death. MDSC expansion has been related to dysfunction in lymphocytes (30), and MDSCs have even been proposed as potential biomarkers and therapeutic targets in COVID-19 (11). Nevertheless, the increase in MDSC levels could not be a specific mechanism of immunosuppression in COVID-19 since it has also been described in other viral infections, such as influenza (31, 32), hepatitis B, hepatitis C, and human immunodeficiency virus (33).

Even though we found increased levels of MDSCs in all patients on the first day after admission into the ICU compared with control subjects and patients with mild COVID-19 (6), there were no differences between patients with good evolution (discharged from the ICU) and those who died in the ICU. Nevertheless, the follow-up of patients showed that those with good evolution (discharged) had lower levels of MDSCs, especially G-MDSCs. The relative influence of MDSC subtypes is not clear. M-MDSCs have been found accumulated in severe COVID-19 patients, and they seem to have been responsible for the production of IL-6 in these patients (34), whereas others have found that G-MDSCs may predict fatal COVID-19 outcomes (7, 35). Our data were similar and showed that the number of circulating G-MDSCs may predict fatal outcomes only at the weekly follow-up. It is important to mention that most of the G-MDSC data at week 3 for the deceased patients were collected on the same day of death, or at 1 or 2 days before death as maximum, so the peak value of circulating G-MDSCs in these patients (~60 cells/μl) may be considered as a “danger point” to predict death, even more if we consider the notable differences regarding the levels of G-MDSCs obtained during the follow-up (~10, 19, and 20 cells/μl at ICU admission and during the first and second weeks, respectively), as shown in Figure 1B.

MDSCs are known to mediate the production of Tregs (36); conversely, Tregs are known to regulate MDSCs (37). The crosstalk between both cell types has been previously studied (38). However, we found decreased numbers of circulating Tregs in severe COVID-19 patients, although they have increased circulating MDSCs. We already discovered this discrepancy in mild COVID-19 patients (6), and we assumed that the lymphopenic effect of SARS-CoV-2 infection may also affect Tregs. In fact, other research groups have also found decreased numbers of Tregs in COVID-19 patients (12), especially in critically ill patients (39). In line with this, we have also found that patients with better outcomes have increased numbers of circulating Tregs, probably due to the recovery of total lymphocytes.

In any case, the increased numbers of MDSCs seemed to be sufficient, at least in part, to account for the higher numbers of exhausted T cells in COVID-19 patients with fatal outcomes. In line with this, an increase in exhausted T cells (expressing PD-1) has previously been found in COVID-19 patients, which showed a relationship with their clinical outcomes, suggesting that the expression of PD-1 on T cells may be a risk factor for unfavorable outcomes in these patients (40). Moreover, we have found a positive correlation between the numbers of MDSCs and exhausted T cells in patients with severe COVID-19 admitted into the ICU.

Moreover, lower numbers of both activated CD4+ and CD8+ T cells were found at the last determination in patients who died in the ICU compared with patients who were discharged from the ICU. These data suggest that the increase in MDSCs could help prevent T-cell activation, therefore further contributing to the immunosuppression in severe COVID-19 patients with fatal outcomes.

One limitation of the study is the inclusion of a small number of patients from just one center. Nevertheless, the high ICU mortality rate of COVID-19 allowed us to study a similar number of deceased patients and patients who were discharged from the ICU, even though these patients were prospectively recruited.

In conclusion, patients with severe COVID-19 admitted into the ICU had increased levels of MDSCs and exhausted T cells, whereas they had decreased circulating Tregs and activated T cells. However, only the weekly follow-up of these cellular populations could differentiate the group of patients with good outcomes (ICU discharge) from those who eventually passed away, who had increased numbers of MDSCs, especially the granulocytic subset, which may be an interesting biomarker of fatal outcomes in the follow-up of severe COVID-19 patients admitted into the ICU.
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Severe acute respiratory syndrome coronavirus type 2 (SARS-CoV-2) caused outbreaks of the pandemic starting from the end of 2019 and, despite ongoing vaccination campaigns, still influences health services and economic factors globally. Understanding immune protection elicited by natural infection is of critical importance for public health policy. This knowledge is instrumental to set scientific parameters for the release of “immunity pass” adopted with different criteria across Europe and other countries and to provide guidelines for the vaccination of COVID-19 recovered patients. Here, we characterized the humoral response triggered by SARS-CoV-2 natural infection by analyzing serum samples from 94 COVID-19 convalescent patients with three serological platforms, including live virus neutralization, pseudovirus neutralization, and ELISA. We found that neutralization potency varies greatly across individuals, is significantly higher in severe patients compared with mild ones, and correlates with both Spike and receptor-binding domain (RBD) recognition. We also show that RBD-targeting antibodies consistently represent only a modest proportion of Spike-specific IgG, suggesting broad specificity of the humoral response in naturally infected individuals. Collectively, this study contributes to the characterization of the humoral immune response in the context of natural SARS-CoV-2 infection, highlighting its variability in terms of neutralization activity, with implications for immune protection in COVID-19 recovered patients.
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Introduction

The severe acute respiratory syndrome coronavirus type 2 (SARS-CoV-2) is a viral pathogen first reported in China in December 2019 (1), which at the moment of writing has infected more than 260 million individuals worldwide, leading to more than 5 million deaths (2).

SARS-CoV-2 infection process starts with virus binding to angiotensin-converting enzyme 2 (ACE2) receptor on the host cells, with the Spike glycoprotein being the main factor mediating this mechanism. The protein gains fusion activity after proteolytic cleavage between two regions: S1 and S2. S1 contains the receptor-binding domain (RBD), whereas S2 contains the fusion peptide and the transmembrane domain anchoring the glycoprotein on the viral envelope (3).

In the context of COVID-19 infection, neutralizing antibodies targeting SARS-CoV-2 Spike are critical for several aspects. First, they can confer protection toward reinfection (4). Second, it has been shown that neutralizing responses in severe patients are associated with survival, highlighting the protective role of humoral response in disease resolution (5). Third, therapy based on the administration of monoclonal neutralizing antibodies decreases the risk of hospitalization and death in patients with mild-to-moderate symptoms, proving the beneficial effect of antibodies in preventing COVID-19 disease progression (6).

Analysis of the humoral response across multiple cohorts of COVID-19 recovered patients showed that SARS-CoV-2 natural infection can elicit neutralizing antibodies in the majority of cases, but accumulating evidence indicates that the magnitude of the response varies greatly across individuals (7, 8). This heterogeneity has been interpreted differently by public health policy across countries, resulting in different guidelines for the vaccination of COVID-19 recovered patients. To date, for instance in the United States, recovered patients are considered identical to naïve individuals for vaccination purposes, while in other European countries such as France and Italy, recovered patients are considered fully vaccinated with a single immunization. Similarly, the criteria that apply to COVID-19 recovered patients for the release of the “immunity pass” differ across European countries that adopted this type of certificate. Further, characterizing the variation of the neutralizing response in SARS-CoV-2 naturally infected patients is important to estimate immune protection in this population and, possibly, to set shared guidelines.

Thanks to massive research efforts conducted since the beginning of the pandemics, multiple neutralizing antibodies have been characterized in terms of both affinity and epitope recognition. These studies revealed that distinct domains in the Spike protein are crucial for neutralization, namely, the RBD and the N-terminal domain (NTD) (9). Despite the proven role of RBD recognition in neutralization, recent work reported—though in a very limited number of patients—that the large majority of serum Spike IgG in the repertoire recognizes non-RBD epitopes (10). This observation suggests a broad response in terms of specificity in naturally infected individuals. Nevertheless, the actual breath of the IgG response in terms of epitope recognition across a cohort of naturally infected individuals is still unknown, and this aspect might be relevant to evaluate protection against different SARS-CoV-2 variants.

Here, we provide the characterization of SARS-CoV-2 antibody response in a cohort of 94 COVID-19 convalescent patients. To efficiently assess neutralization, we first developed and validated across a large number of samples a pseudotype-based neutralization assay. We evaluated the relationship between neutralization titers, disease severity, and recognition of Spike and RBD by serum IgG. Finally, we estimated the proportion of RBD-specific IgG across Spike-specific IgG. These results contribute to consolidate and expand our knowledge of humoral immunity in the context of COVID-19 natural infection.



Results


Cohort of COVID-19 Convalescent Patients

To evaluate the humoral response elicited by SARS-CoV-2 natural infection, we selected a cohort of recovered COVID-19 patients consisting of 94 individuals with PCR-confirmed SARS-CoV-2 infection. Infections occurred between February and April 2020, at the initial phase of the pandemic in Italy, so the population was presumably naïve for this virus prior to infection. The cohort includes 35 females and 59 males, with ages comprised between 19 and 64 years (Figure 1A). Serum was collected from patients in the cohort between 22 and 80 days after the diagnosis by molecular SARS-CoV-2 test, with most of the samples (83%) collected between 31 and 60 days after (Figure 1B). Among the 94 patients, 80 (85%) did not require hospitalization and were defined as mild cases, while 14 (15%) were hospitalized and were defined as severe cases. Among the severe cases, 4 patients were hospitalized in the intensive care unit, while the remaining 10 did not (Figure 1C).




Figure 1 | Cohort of COVID-19 convalescent patients. (A) Histogram plot indicating cohort distribution by age expressed in years and sex. (B) Histogram plot indicating cohort distribution by time of sample collection expressed as days after PCR-confirmed COVID-19 diagnosis. (C) Pie chart indicating cohort distribution by disease severity. Patients who did not require hospitalization were defined as “mild” cases, while hospitalized patients were defined as “severe” cases. Among the severe cases, patients who underwent intensive care were reported.





Development and Validation of a High-Throughput Neutralization Assay Based on rVSV

To characterize the humoral response elicited by SARS-CoV-2 natural infection, we sought to measure viral neutralization in serum samples from convalescent patients in our cohort. The classical neutralization assay carried out with live SARS-CoV-2 requires biosafety level 3 (BSL-3) facilities, which are typically less available than facilities with a lower biosafety profile. Moreover, the use of readouts that relies on non-automated procedures makes the assay laborious and time-consuming, limiting the number of samples that can be screened simultaneously. Work from different research groups carried out in the last months has proposed multiple pseudovirus-based assays as a proxy to evaluate SARS-CoV-2 neutralization (11–16). Nevertheless, not all platforms underwent a robust validation over a large number of samples.

To assess whether SARS-CoV-2 neutralization could be reliably measured in BSL-2 facilities and in a high throughput manner using a pseudovirus-based assay, we took advantage of a previously described replication-defective recombinant Vesicular Stomatitis Virus (rVSV) where the sequence encoding the viral glycoprotein G was replaced by the luciferase gene (rVSVΔG-Luc) (Figure 2A). The presence of the Luc as a reporter allows to efficiently estimate viral infectivity based on a rapid luciferase assay (17). Moreover, Luc robust expression early upon infection allows to complete the assay in less than 1 day. To test this approach, we first generated rVSVΔG-Luc pseudotyped with the SARS-CoV-2 Spike glycoprotein (rVSVΔG-Luc-SARS-CoV-2) and then measured neutralization in 60 serum samples randomly selected from our patient cohort. Neutralization activity was expressed as neutralization titer, defined as the interpolated serum dilution producing a 50% reduction of virus infectivity. For each sample, residual infection was estimated across seven serum dilutions ranging from 1:20 to 1:1280, and the normalized % inhibition was calculated using as references prepandemic serum (0% inhibition) and signal obtained in uninfected cells (100% inhibition) (Figure 2B).




Figure 2 | Development and validation of a high throughput neutralization assay based on rVSV. (A) Schematic representation of the elements employed to generate rVSVΔG-SARS-CoV-2 pseudotypes. rVSVΔG-Luc encodes for N, P, M, and L VSV proteins, but lacks G coding sequence, which has been replaced by the coding sequence of Luciferase. SARS-CoV-2 Spike construct encodes for SARS-CoV-2 glycoprotein. (B) rVSVΔG-SARS-CoV-2 neutralization assay displaying % of viral inhibition across 7 sample dilutions. Representative data (mean ± SD) of two samples from COVID-19 convalescent individuals (# 08; 12) and a prepandemic serum sample (negative control) are shown. (C) Correlation between serum neutralization titers obtained with rVSVΔG-SARS-CoV-2 pseudotypes and live SARS-CoV-2 across 60 randomly selected patients from our cohort.



To validate this approach, we measured live virus neutralization on the same 60 samples initially tested for rVSVΔG-Luc-SARS-CoV-2 neutralization. Analysis of the relationship between neutralization titers measured with live SARS-CoV-2 and with rVSVΔG-Luc-SARS-CoV-2 indicates that the results obtained with these two approaches strongly correlate (Spearman’s r = 0.78; p < 0.0001; Figure 2C). This evidence supports the use of rVSVΔG-Luc-SARS-CoV-2 neutralization assay to efficiently and safely measure neutralization titers in patients and extend previous validation of the rVSV-based platform, so far based on a more limited number of samples (12, 18).



Neutralization Titer Broadly Differs Among COVID-19 Recovered Patients and Correlates With the Severity of Symptoms

Based on the strong correlation between results obtained with live virus neutralization assay and rVSVΔG-Luc-SARS-CoV-2 neutralization assay, we performed the pseudotype-based neutralization assay in all samples from our cohort. Serum samples displayed a broad range of neutralization titers ranging from <5 to 1,442, with the vast majority of samples (n = 85, 90%) showing a neutralization titer comprised between 6 and 600. Only 6% of the samples displayed a very high neutralization titer (≥601), while in 3% of the cases, neutralization was absent (titer < 5) (Figure 3A).




Figure 3 | Neutralization titer broadly differs among COVID-19 recovered patients and correlates with the severity of symptoms. (A) rVSVΔG-SARS-CoV-2 neutralization titers in serum samples from the cohort. Results are displayed by patient ID (left panel) and in histogram plot indicating cohort distribution by neutralization titers (right panel). (B) Plot displaying rVSVΔG-SARS-CoV-2 neutralization titers in patients stratified by disease severity. Each symbol represents one patient. For each group, the mean ± SD is indicated; *** indicates p < 0.001.



The humoral response can be influenced by a plethora of factors, including antigen load, antigen persistence, innate immune activation, and genetic background, just to mention a few. Although the influence of each of these factors has not been fully addressed in human COVID-19 humoral response, accumulating observations suggest that humoral response differs in patients with distinct clinical disease progression (19–23). To assess the relationship between disease severity and neutralization titer in our cohort, we stratified patients based on disease severity. Analysis of neutralization activity in severe versus mild cases showed significantly higher neutralization titers in severe cases than in mild cases (mean neutralization of 447 and 208, respectively, p < 0.001) (Figure 3B), indicating that the majority of hospitalized patients mounted a more effective neutralizing response compared with the less severe cases.

Collectively, these data confirm that the vast majority of COVID-19 recovered patients developed neutralizing antibodies against SARS-CoV-2 and show that the potency of the neutralizing response varies broadly across patients. Moreover, our results validate the observations that patients experiencing a more severe disease are more likely to develop a highly neutralizing humoral response.



Convalescent Patient Serum Contains Variable Titers of Anti-Spike and Anti-Receptor-Binding Domain IgG Antibodies That Correlate With Neutralization Potency

Neutralization potency varied substantially across recovered COVID-19 patients. Differences in neutralization potency depend on multiple factors, namely, the concentration, specificity, and affinity of antibodies elicited by infection. To assess the specificity and the relative abundance of SARS-CoV-2 antibodies, and their correlation with neutralization potency, serum samples from COVID-19 convalescent patients were tested by ELISA against full Spike protein consisting of both S1 and S2 domains, and against Spike RBD (Figure 4A). Since serum samples were collected at least 3 weeks after COVID-19 diagnosis, we focused our attention on IgG rather than IgM, since IgM is expected to decline more rapidly (24, 25). The results showed variable levels of anti-Spike and anti-RBD IgG in convalescent individuals (Figure 4B). In three samples, the antibody level, against both Spike and RBD, was below the cutoff value and was assigned a titer of 5. To assess if these patients did not develop Spike or RBD antibodies at all, or if other isotypes different from IgG were present, we tested the corresponding samples for the presence of Spike and RBD IgM and IgA antibodies. All three patients showed low IgM titer (Figure S1A), while only one had detectable IgA (Figure S1B), indicating that the patients did experience SARS-CoV-2 infection but failed to mount an effective IgG response. The rest of the samples showed an ELISA IgG titer comprised between 10 and 3,208 for Spike and 10 and 7436 for RBD, with median titers in the assessed population of 313 and 515, respectively (Figure 4C).




Figure 4 | Convalescent patient serum contains variable titers of anti-Spike and anti-receptor-binding domain (RBD) IgG antibodies that correlate with neutralization potency. (A) Spike and RBD IgG titration by ELISA across 10 serum sample dilutions. Representative data (mean ± SD) of a COVID-19 convalescent individual (circles) and a prepandemic serum sample (triangles) are shown. (B) Spike and RBD IgG titers in serum samples from the cohort. Results are displayed by patient ID. (C) Violin plot indicating Spike and RBD IgG titer distribution across the cohort. Each symbol represents one patient. (D) Correlation between serum neutralization titers obtained with rVSVΔG-SARS-CoV-2 pseudotypes and Spike IgG titer across all patients from our cohort. (E) Correlation between serum neutralization titers obtained with rVSVΔG-SARS-CoV-2 pseudotypes and RBD IgG titer across all patients from our cohort.



To determine the relationship between antibody recognition of Spike protein, and in particular of the RBD, and neutralization potency in the serum of recovered COVID-19 patients, we compared Spike and RBD IgG titers with neutralization titers across our cohort (Figures 4D, E). Collectively, we observed that both Spike and RBD IgG titers positively correlate with neutralization titers (Spearman’s r = 0.69; p < 0.001), supporting previous observations that neutralization activity relies on Spike and RBD recognition and that Spike and RBD IgG titers can be employed to predict neutralization potency (23).



Spike IgG Antibodies Generated After Natural COVID-19 Infection Are Not Polarized Toward the Receptor-Binding Domain Region

It has been established that RBD is a crucial target of neutralizing Abs. Nevertheless, it is not clear whether, in the context of natural COVID-19 infection, RBD recognition is similarly represented among anti-Spike IgG responses across different patients. To investigate this aspect, we compared Spike IgG titers and RBD IgG titers from serum samples from our cohort and observed that Spike and RBD IgG titers strongly correlate with each other (Spearman’s r = 0.91; p < 0.001) and exhibit a mean RBD/Spike titer ratio of 1.7 (SD ±1.2) (Figure 5A). Of all patients in our cohort, only 8 (8.5%) displayed an RBD/Spike titer ratio significantly different from the mean. This result indicates that in the majority of the samples, RBD and Spike responses develop in similar relative proportions.




Figure 5 | Spike IgG antibodies generated after natural COVID-19 infection are not polarized toward the receptor-binding domain (RBD) region. (A) Correlation between Spike IgG titer and RBD IgG titers across all patients from our cohort. The red solid line indicates the mean RBD/Spike titer ratio (1.7), while the two dotted lines indicate the SD ( ± 1.2). (B) Spike and RBD IgG titration (mean ± SD) by ELISA across 9 serial dilutions of the anti-RBD monoclonal Ab CR3022. (C) Ratio between RBD and Spike IgG titers across all patients in the cohort. Results are in box-and-whiskers plot (Tukey) indicating cohort distribution (right panel, only individual data outside from the whiskers are displayed with a symbol). The red line indicates the RBD/Spike titer ratio relative to CR3022 mAb (3.3).



Next, we wondered if antibodies recognizing Spike protein are preferentially targeting the RBD or if other domains dominate the response. Interestingly, recent work from Voss and colleagues (10) based on the proteomic analysis of the IgG repertoire from four convalescent COVID-19 patients indicates that the Spike IgG response is directed predominantly (>80%) against epitopes outside the RBD. To estimate the relative contribution of RBD recognition among IgG specific for Spike, we took as a reference the purified monoclonal antibody CR3022, which binds potently to SARS-CoV-2 RBD (26). We titrated CR3022 against both RBD and Spike in identical test conditions used for serum samples and observed on average a 3.3 times higher titer on RBD-coated plates than on Spike-coated plates (Figure 5B), consistently with the different molar concentration of ligands used for coating. We reasoned that, in our experimental conditions, an RBD/Spike titer ratio of 3.3 would be measured when all Spike IgG in the sample are targeting RBD, while lower ratios would indicate a less prevalent RBD recognition. When comparing CR3022 mAb RBD/Spike titer ratio with the ratios displayed by patients in our cohort, we observed that the large majority of the patients displayed a ratio lower than 3.3, with actually 77% of the patients displaying a ratio comprised between 1 and 2.5 (Figure 5C). Only a few tested individuals presented a ratio similar to the one exhibited by CR3022 mAb (3.1, 3.3, and 3.3) or higher (4.4, 6.7, 5.6, 5.9, and 8.5), carrying presumably antibodies directed predominantly against RBD and/or antibodies that recognize poorly the RBD motif in the context of the Spike conformation used for the assay. Interestingly, only one individual showed a much higher Spike titer than RBD titer (2782 Spike/166 RBD, ratio 0.1), suggesting that the immunological response was focused against regions located on the Spike protein different than RBD. The fact that the majority of antibodies contained in this sample were directed against regions outside of the RBD can explain why the serum does not have very high neutralizing activity (live virus neutralization titer 80). Despite the fact that this assay does not have the ability to estimate the specificity of individual antibodies and their relative prevalence in the serum, the modest variation in RBD/Spike titer ratio across our cohort suggests that overall RBD recognition is present in a comparable manner in the majority of COVID-19 patients. Finally, the observation that most patient samples display an RBD/Spike titer ratio lower than CR3022 mAb is consistent with a response not polarized toward the RBD, suggesting that other epitopes are targeted in the context of naturally occurring COVID-19 infection.




Discussion

This work was conducted on a cohort of patients comprising 94 COVID-19 convalescent individuals who experienced infection between February and April 2020, during the first peak of COVID-19 incidence in Padua region, Italy. In all cases, SARS-CoV-2 infection was confirmed by detection of viral genetic material, and serum samples were collected 22 to 80 days after positive molecular testing. Based on the timing of SARS-CoV-2 infection, and the extremely low incidence in the Italian population of SARS-CoV-2 phylogenetically related viruses, as SARS-CoV and Middle East respiratory syndrome coronavirus (MERS-CoV), the population was likely naïve for SARS-CoV-2 itself and for viruses that might induce a SARS-CoV-2 cross-reactive response. Together, these characteristics allowed for the analysis of the humoral response elicited by naturally occurring primary SARS-CoV-2 infection, in a population that did not experience yet antigenic overlapping immune responses, for instance, vaccination.

To rapidly and safely measure SARS-CoV-2 neutralization, we established and validated across a large number of samples an rVSVΔG-Luc-based pseudotype assay. This assay can be conducted in a BSL-2 facility, and thanks to the fast expression of Luciferase, results can be obtained in just 1 day. Importantly, the high correlation between rVSVΔG-Luc-SARS-CoV-2 and live virus neutralization titers supports the use of the rVSV platform for SARS-CoV-2 neutralization and entry studies.

The analysis of serum neutralization potency in our cohort indicated large variations across SARS-CoV-2 convalescent individuals, consistently with other reports (27). Serum collection in our cohort occurred at different times after molecularly confirmed COVID-19 diagnosis. Nevertheless, due to the reported longevity of the IgG response in COVID-19 recovered patients (5), the observed variations can be only minimally imputed to differences in sample collection times. Rather, our analysis shows how neutralization potency is significantly associated with disease severity, with hospitalized patients exhibiting higher neutralization titers compared with patients with milder symptoms. This association has been independently reported by other groups (27–30) and can be explained by the possibility that uncontrolled viral spread leads to increased pathology, exacerbated inflammation, and also increased viral antigen load, which will favor humoral response. Interestingly, it has been reported that in hospitalized patients, the development of RBD IgG was associated with improved patient survival, supporting a beneficial role of humoral response in the clearance of infection (31).

Based on the modeled relationship between neutralization titers and protection in SARS-CoV-2 infection (32) and on the observed variability in neutralization titers in our cohort, it is expected that different SARS-CoV-2 recovered patients exhibit different susceptibility to secondary infection, and in particular that patients who were infected by SARS-CoV-2 but experienced mild disease might be more vulnerable to reinfection than patients with more severe disease. These differences in expected protection fully support current public health guidelines encouraging vaccination of recovered COVID-19 individuals to achieve robust neutralization and protection.

The measurement of Spike and RBD IgG titers by ELISA in serum samples revealed broadly variable levels across patients from our cohort, which nevertheless correlated significantly with neutralization potency. This observation provides additional evidence that recognition of Spike, and in particular of RBD, is crucial to achieve neutralization and supports the quantification of RBD IgG for the prediction of neutralization potency in COVID-19 recovered and vaccinated individuals.

Finally, we investigated if in our cohort the anti-Spike IgG response was polarized toward the RBD, or if other specificities were present. To estimate the proportion in each patient of anti-RBD IgG across total anti-Spike IgG, we calculated the ratio between RBD and Spike IgG titers and compared it to the ratio obtained by titrating the CR3022 monoclonal Ab, an antibody recognizing the RBD region on SARS-CoV-2 Spike. Interestingly, while Spike and RBD IgG titers were highly variable across the studied population, their relative proportion was consistent in the majority of the patients, implying that RBD recognition is a conserved feature of the humoral response against SARS-CoV-2. We also observed that the ratio between RBD and Spike IgG titers in the vast majority of the patients was lower (≤50% in 65% of the patients) than the ratio measured for CR3022 mAb, suggesting that RBD-targeting antibodies represent only a modest proportion of Spike-specific IgG. These data support evidence recently reported from other groups using different approaches. In-depth proteomic analysis of Spike IgG lineage in four donors revealed that the majority of IgG in the analyzed samples target epitopes outside the RBD (10); moreover, removal of RBD IgG from polyclonal serum only modestly affects Spike recognition (33). Taken together, these observations indicate that the humoral response elicited by natural COVID-19 infection is not polarized toward a single Spike domain but rather directed to different epitopes, with possible beneficial effects toward protection against distinct SARS-CoV-2 variants. Additional characterization of antibodies elicited by SARS-CoV-2 infection or vaccination in terms of epitopes recognized and neutralization ability will be relevant to predict protection against arising novel SARS-CoV-2 variants.



Methods


Patient Samples

Serum samples used in the study were obtained on average 6 weeks (SD 2 weeks, range 22–80 days) after PCR test confirming SARS-CoV-2 infection. Specimens were heat-inactivated for 30 min at 56°C and stored at −20°C. Prepandemic serum samples collected in 2017 were used as a negative control.



Plasmids

Expression vectors containing the coding sequences of the SARS-CoV-2-stabilized, soluble Spike ectodomain (pCAGGS-Spike) and of the RBD (pCAGGS-RBD) were kindly provided by Dr. Florian Krammer (Icahn School of Medicine at Mount Sinai) and were described previously (34). The vector encoding the full-length SARS-CoV-2 Spike employed for pseudotype generation was produced under HHSN272201400008C and obtained through BEI Resources, NIAID, NIH (BEI Resources, Manassas, VA, USA; Cat. # NR-52310).



Cells

FreeStyle™ 293-F Cells (Gibco, Grand Island, NY, USA; Cat. # R79007) were cultured in FreeStyle™ 293 Expression Medium (Gibco, Cat. # 12338018) and maintained at 37°C, 8% CO2, 80% humidity, on a shaker platform rotating at 130 rpm.

Human embryonic kidney 293 cells containing the SV40 T-antigen (HEK293T) and African green monkey kidney cells (VERO) were cultured in Dulbecco’s Modified Eagle’s Medium High Glucose (DMEM; EuroClone, Pero, Italy; Cat. # ECB7501L × 10) supplemented with 10% heat-inactivated fetal bovine serum (FBS; Gibco, Cat. # 10270), 1% Penicillin/Streptomycin (P/S; EuroClone, Cat. # ECB3001D), and 1% GlutaMAX (Gibco, Cat. # 35050-038) and maintained at 37°C, 5% CO2, 80% humidity.



SARS-CoV-2 Neutralization Assay

Twofold dilutions of serum samples were made starting at a 1:10 dilution, distributed to 96 well plates, mixed 1:1 with a SARS-CoV-2 virus solution containing one hundred 50% tissue culture infectious dose (TCID50), and incubated for 1 h at 37 °C, in a 5% CO2-humidified atmosphere. After incubation, VERO cell suspension, previously detached in DMEM 6% FBS, was added to each well and further incubated at 37 °C. At 72 h of incubation, the microplates were treated with 5% formaldehyde 40% Gram’s crystal violet, incubated for 30 min, washed, and allowed to dry; and the absorbance was read at 595 nm. The highest serum dilution showing an optical density (OD) value equal to or greater than 90% of the control serum was considered as the neutralization titer.



rVSVΔG-Luc-SARS-CoV-2 Pseudotype Production

The rVSV in which the glycoprotein (G) gene has been deleted (VSVΔG) and replaced with firefly luciferase (Luc) has been originally described by Whitt (17). To generate rVSVΔG-SARS-CoV-2, HEK 293T cells were transfected with 12 µg of pCAGGS vector encoding the full-length SARS-CoV-2 Spike using calcium phosphate transfection method. At 36 h post transfection, cells were infected with rVSVΔG-Luc-VSVG as described (17). Twenty-four hours post infection, the supernatant was collected, centrifuged, aliquoted, and frozen at −80°C. The titer of generated rVSVΔG-Luc-SARS-CoV-2 pseudotype stock was determined by preparing twofold dilution in complete medium in duplicate and plating onto VERO cells pre-seeded the day before on a 96-well plate at the concentration of 0.2 × 105 per well. Twenty-four hours later, the ONE-Glo Luciferase Assay System substrate/lysis solution was added (Promega, Madison, WI, USA; Cat. # E6120), and luminescence was measured using PerkinElmer (Waltham, MA, USA) plate reader (VICTOR™ X4).



rVSVΔG-SARS-CoV-2 Pseudotype Neutralization Assay

Twenty-four hours before sample preparation, VERO cells were plated into 96-well culture plates (0.2 × 105/well). The following day, twofold serial dilutions of serum samples in duplicates (60 µl/well) were prepared in DMEM high-glucose 5% FBS complete medium and mixed with an equal volume of medium containing rVSVΔG-SARS-CoV-2 pseudotype at the concentration of 4 × 106 RLU/ml (0.2 × 106 RLU/50 µl). Dilution plates were then incubated for 1 h at 37°C. The serum–pseudotype mixture measuring 100 µl from each well was transferred to the corresponding well of cell culture plate containing pre-seeded VERO and incubated 24 h at 37°C, 5% CO2, 80% humidity.

After incubation, 100 µl of the ONE-Glo Luciferase Assay System substrate/lysis solution was added into each well, incubated for 2 min at room temperature (RT) to allow complete cell lysis, and transferred to corresponding well onto a white, 96-well plate for luminescence readout. Luminescence was measured using a PerkinElmer plate reader (VICTOR™ X4). Percent neutralization was normalized considering uninfected cells as 100% neutralization and cells infected but not treated with serum as 0% neutralization. IC50 titers were determined using a non-linear, sigmoidal, 4PL function in Prism v8 (GraphPad, La Jolla, CA, USA).



SARS-CoV-2 Spike and Receptor-Binding Domain Expression and Purification

Expression and purification of His tagged SARS-CoV-2 Spike and RBD were carried out according to protein expression and purification procedure described in (35) with some modifications and is described in detail below.

Proteins were expressed in FreeStyle™ 293-F cells. The day before, transfection cells were passed to fresh FreeStyle™ 293 expression medium at a concentration of 0.6 × 106 cell/ml in 250-ml final volume into 1-L baffled culture flask. On the transfection day, 250 µg of plasmid DNA encoding Spike or RBD was diluted in 5 ml of OptiMEM (Thermo Fisher, Waltham, MA, USA; Cat. # 31985070), while in a separate vial, 0.5 ml of 1 mg/ml stock solution polyethylenimine (PEI; PolySciences, Warrington, PA, USA; Cat. # 23966-1) was diluted in 4.5 ml of OptiMEM. Solutions were incubated for 15 min, RT, and then PEI solution was added to the DNA solution, mixed gently, and incubated for 15 min, RT. The DNA : PEI solution was added to the cell culture in a dropwise manner. Transfected cells were incubated for 4 days on an orbital shaker platform rotating at 90 rpm at 37°C, 8% CO2, 80% humidity.

Culture supernatants were collected by centrifugation at 4,000 ×g, 20 min, 4°C, filtered using a 0.2-µm filter, and buffered by adding 1/10 vol. of 10× phosphate-buffered saline (PBS), pH 7.4. Ni Sepharose® excel affinity media (GE Healthcare, Chicago, IL, USA; Cat. # 17-3712-01) measuring 5 ml was washed 3 times with PBS pH 7.4 and added to each culture supernatant. Solutions were incubated in RT for 2 h on an orbital shaker. Culture supernatant with resin was loaded on columns, and the resin was washed with wash buffer (50 mM of NaH2PO4, 300 mM of NaCl, and 20 mM of imidazole, pH 7.4). Recombinant proteins were eluted with elution buffer (50 mM of NaH2PO4, 300 mM of NaCl, and 235 mM of imidazole, pH 7.4); then eluates were repeatedly diluted in PBS and concentrated using Amicon Ultra Centrifugal Filter Units (Millipore, Billerica, MA, USA; Cat. # UFC9010) to remove imidazole. Protein purity and concentration were estimated using 280-nm absorbance and sodium dodecyl sulfate–polyacrylamide gel electrophoresis (SDS-PAGE) with bovine serum albumin (BSA) standards. Purified antigens were aliquoted and stored at −20°C.



SARS-CoV-2 Spike and Receptor-Binding Domain ELISA

ELISAs performed in this study were adapted from previously established protocols (34, 36). High protein binding, half area, 96 well microplates (Corning®, New York, NY, USA; Cat. # 3690) were coated O/N at 4°C with 30 µl of 2 µg/ml of RBD or Spike protein. Plates were washed with PBS 0.1% Tween 20 (PBS-T) and blocked with 120 μl of PBS-T + 3% non-fat dry milk (NFDM) for 2 h at RT. Samples in duplicates were serially diluted in PBS-T + 1% NFDM. Plates were incubated with 60 µl/well of serum dilutions for 2 h at RT, washed with PBS-T, and incubated 1 h, RT, with 60 µl/well of horseradish peroxidase (HRP)-conjugated goat anti-human IgG secondary antibody (Bethyl Laboratories, Montgomery, TX, USA; Cat. # A80-119P) at 1:75,000 dilution in PBS-T + 1% NFDM. Plates were washed, and 60 µl/well of SIGMAFAST™ OPD peroxidase substrate solution (SIGMA, St. Louis, MO, USA; Cat. # P9187-50SET) was added. After exactly 10 min, the reaction was stopped by the addition of 30 µl/well of 3N of HCl, and absorbance was measured at 490 nm using a PerkinElmer reader (VICTOR™ X4). Background OD (defined as the OD measured in wells not incubated with any serum) was subtracted from the OD measured in sample wells. Based on the absorbance exhibited by pre-pandemic serum samples, an OD 0.2 was determined as a cutoff value. For each serum sample, the titer (defined as the dilution where the sample shows an OD = cutoff value) was determined using a non-linear, asymmetric fitting (Prism v8, GraphPad) of the measured and background-corrected OD reported across 10 serial dilutions.



Statistical Analysis

The statistical significance of the difference in mean neutralization titer of mild vs. severe patients was assessed by an unpaired t-test. Correlation analysis was performed by calculating Spearman’s r. All statistical analyses were carried out using GraphPad Prism software.
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Summary

Mild, subacute COVID-19 in young people show inflammatory enhancement, but normal pulmonary function. Inflammatory markers are associated with age and male sex, whereas clinical symptoms are associated with age and female sex, but not with objective disease markers.



Background

Coronavirus Disease 2019 (COVID-19) is widespread among adolescents and young adults across the globe. The present study aimed to compare inflammatory markers, pulmonary function and clinical symptoms across non-hospitalized, 12 – 25 years old COVID-19 cases and non-COVID-19 controls, and to investigate associations between inflammatory markers, clinical symptoms, pulmonary function and background variables in the COVID-19 group.



Methods

The present paper presents baseline data from an ongoing longitudinal observational cohort study (Long-Term Effects of COVID-19 in Adolescents, LoTECA, ClinicalTrials ID: NCT04686734). A total of 31 plasma cytokines and complement activation products were assayed by multiplex and ELISA methodologies. Pulmonary function and clinical symptoms were investigated by spirometry and questionnaires, respectively.



Results

A total of 405 COVID-19 cases and 111 non-COVID-19 controls were included. The COVID-19 group had significantly higher plasma levels of IL-1β, IL-4, IL-7, IL-8, IL-12, TNF, IP-10, eotaxin, GM-CSF, bFGF, complement TCC and C3bc, and significantly lower levels of IL-13 and MIP-1α, as compared to controls. Spirometry did not detect any significant differences across the groups. IL-4, IL-7, TNF and eotaxin were negatively associated with female sex; eotaxin and IL-4 were positively associated with age. Clinical symptoms were positively associated with female sex and age, but not with objective disease markers.



Conclusions

Among non-hospitalized adolescents and young adults with COVID-19 there was significant alterations of plasma inflammatory markers in the subacute stage of the infection. Still, pulmonary function was normal. Clinical symptoms were independent of inflammatory and pulmonary function markers, but positively associated with age and female sex.
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Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a single-stranded RNA virus responsible for the coronavirus disease 2019 (COVID-19) pandemic, which has caused morbidity and mortality all over the world (1). The primary clinical manifestation of severe COVID-19 is pneumonia, which may progress into multi-organ failure and death (1).

The pathophysiology of COVID-19 is incompletely understood, but has been linked to a disrupted and disproportionate response of the immune system, particularly cytokine production (2, 3). Uncontrolled release of pro-inflammatory cytokines, such as Interleukin (IL)-1β (4), IL-6 (5, 6), IL-8 (4), IL-17 (7) and Tumour Necrosis Factor (TNF) (4, 8), by immune and non-immune effector cells is thought to contribute to the symptoms and severity of the disease (9). Additionally, the role of complement activation is increasingly recognized (10, 11). Data regarding the adaptive immune responses in COVID-19 are limited, but reduction and functional exhaustion of T cells during SARS-CoV-2 infection have been reported, and growing evidence suggests immunosuppressive abilities of SARS-CoV-2 of the adaptive immune responses (12–14).

Age is an important determinant of disease severity, and the majority of infected young individuals experience mild disease that does not require hospitalization (15, 16). Still, the possible life-threatening multisystem inflammatory syndrome in children (MIS-C) is recognized as a specific pediatric complication of SARS-CoV-2 infection (17). The pathophysiology of MIS-C is largely unknown, but is generally attributed to a “cytokine storm” analogous to observations in critically diseased adults. In addition, young individuals with mild disease seem to be equally at risk as hospitalized patients for developing persistent fatigue, dyspnoea, “brain fog” and other symptoms (often referred to as post-COVID syndrome) (18). In addition to age, sex is an important risk determinant; men are over-represented among patients with severe acute disease, presumably due to differences in the elicited immune responses (19), whereas women are at greater risk for developing post-COVID syndrome (20).

A general limitation of many previous studies is that they rely on hospitalized patients. Hence, knowledge of disease mechanisms in less severely affected individuals is disproportionally scarce. However, to understand differences in pathophysiological responses possibly accounting for the wide scatter of disease severity, which in turn may inform treatment and risk stratification, studies of young, non-hospitalized SARS-CoV-2 infected individuals are necessary.

This paper presents results from the baseline visit of an ongoing longitudinal cohort study on COVID-19 in non-hospitalized adolescents and young adults. To the best of our knowledge, this is by far the largest cohort from this specific population published to date. The aims of the present paper were: a) To compare inflammatory responses, pulmonary function tests and clinical symptoms across SARS-CoV-2 positive (cases) and SARS-CoV-2 negative (control) individuals. b) To explore associations between the inflammatory markers, clinical symptoms, pulmonary function and background variables in sub-acute SARS-CoV-2 infection.



Materials and Methods


Study Design

The Long-Term Effects of COVID-19 in Adolescents (LoTECA) project is a longitudinal observational cohort study of SARS-CoV-2 positive and negative non-hospitalised adolescents and young adults, with a total follow-up time of 12 months (Figure 1) (Clinical Trials ID: NCT04686734). In this paper, results from the baseline visit are reported. The project has been approved by the Norwegian National Committee for Ethics in Medical research.




Figure 1 | Flowchart of the LoTECA project (Long-Term Effects of COVID-19 in Adolescents). The present study report findings from baseline investigations. Follow-up is ongoing.





Participants

From December 24., 2020, until May 18., 2021, individuals 12-25 years old were consecutively recruited from two accredited microbiological laboratories (Fürst Medical Laboratories; Dept. of Microbiology and Infection Control, Akershus University Hospital), serving the counties of Oslo and Viken, Norway. During the first five weeks of the recruitment period, different genetic variants of the SARS-CoV-2 virus belonging to the B.1 lineage were present in this geographical area. From late-February 2021, the B.1.1.7 (alpha) variant became dominant for the remaining part of the recruitment period. Vaccination against COVID-19 was not routinely offered to the adolescents/young adult in this period.

Individuals with laboratory-confirmed SARS-CoV-2 infection (detected by upper respiratory tract swabs followed by reverse-transcription polymerase chain reaction (RT-PCR)) were eligible for enrolment after completed quarantine (10 days). Individuals having approximately the same distribution of sex and age as the SARS-CoV-2-infected cases, but with a negative SARS-CoV-2 test from the same microbiological laboratories during the same time period, were recruited as controls. Written informed consent was obtained from all participants or their legal guardians. Exclusion criteria were a) More than 28 days since onset of symptoms or SARS-CoV-2 test; b) Hospitalization due to COVID-19; c) Pregnancy (cf. Supplementary Material for details).



Investigational Program

Participants were summoned to a one-day investigational program at our study centre at Akershus University Hospital, Norway (cf. Supplementary Material for details). Only a selection of variables is reported in the present paper.



Blood Sampling and Laboratory Assays

Blood samples were obtained from antecubital venous puncture. EDTA whole blood samples were placed on ice-water for 5-60 minutes; thereafter, plasma was separated by centrifugation (2200 g, 10 min.) and frozen at –80°C until assayed.

Plasma samples were analysed using a multiplex cytokine assay (Bio-Plex Human Cytokine 27-Plex Panel; Bio-Rad Laboratories Inc., Hercules, CA, USA) containing the following cytokines: IL-1β, IL-1 receptor antagonist (IL1-ra), IL-2, IL-4, IL-5, IL-6, IL-7, IL-8, IL-9, IL-10, IL-12, IL-13, IL-15, IL-17A, eotaxin, basic fibroblast growth factor (bFGF), granulocyte-colony stimulating factor (G-CSF), granulocyte macrophage colony stimulating factor (GM-CSF), interferon (IFN)-γ, interferon-inducible protein (IP-10), monocyte chemotactic protein (MCP-1), macrophage inflammatory protein (MIP)-1α, MIP-1β, platelet derived growth factor-BB (PDGF-BB), regulated upon activation T cell expressed and secreted (RANTES), TNF, and vascular endothelial growth factor (VEGF). The samples were analysed on a Multiplex Analyser (Bio-Rad Laboratories) according to instructions from the manufacturer.

Plasma levels of growth/differentiation factor (GDF)-15 and C-reactive protein (CRP) were measured in duplicate by enzyme immunoassays (EIA) using commercially available antibodies (R&D Systems, Minneapolis, MN, USA) in a 384 format using a combination of a SELMA (Jena, Germany) pipetting robot and a BioTek (Winooski, VT) dispenser/washer. Absorption was read at 450 nm with wavelength correction set to 540 nm using an ELISA plate reader (Bio-Rad, Hercules, CA).

The complement activation products C3bc and the terminal complement complex (TCC) sC5b-9 were quantified in plasma using enzyme-linked immunosorbent assays (ELISAs) based on monoclonal antibodies designed against neoepitopes of the products, not reacting with the native component, and performed as described in detail previously (21). The units of these two well-established in-house assays are given according to an international standard defined as complement activation units (CAU) per millilitre with blood donors to define upper reference values of the normal population (21).

Serum samples were tested with the Elecsys® Anti-SARS-CoV-2 immunoassay (Roche Diagnostics, Cobas e801, Mannheim, Germany) for IgG/IgM against the SARS-CoV-2 nucleocapsid antigen. The specificity and the sensitivity of the test are estimated by the manufacturer as 99.8% and 99.5%, respectively. Routine blood analyses of haematology and biochemistry were carried out the accredited laboratory at Akershus University Hospital.



Spirometry

Spirometry was conducted to measure the forced vital capacity (FVC) and the forced expiratory volume in one second (FEV1) (EasyOne® Air spirometer, EasyOne Connect software, NDD Medizintechnic AG, Switzerland). The ratio of FEV1/FVC was calculated. Procedures were executed according to the American Thoracic Society and European Respiratory Society guidelines, and recordings that did not adhere to technical quality requirements were excluded from the main analysis (22). The Global Lung Function Initiative 2012 network reference values were used to calculate the percentage of predicted values and the lower limit of normal (LLN) (23).



Questionnaire

As to symptoms of acute SARS-CoV-2 infection, a previously developed inventory was slightly modified to fit the present patient group (24). The inventory consists of 24 symptoms that may be associated with COVID-19 (25), which the participants are asked to grade during the period from symptom onset/SARS-CoV-2 test until the present day. Grading is rated on five-point Likert scales from “never/rarely present” to “present all of the time”. The sum score across five items (fever/chills, sore throat, headaches, muscle ache and fatigue after exercise) was selected to represent general infectious symptoms (total range from 5 – 25), whereas the sum score across the items breathlessness, coughing and running nose was taken to represent airways symptoms (total range from 5 to 15).



Statistical Analysis

A total number of approximately 400 COVID-19 cases and 100 non-COVID controls yields a power of 80% to detect small-to-medium effect sizes (Cohen’s d~0.30, α=0.05) in cross-sectional analyses. All statistical analyses were carried out in SPSS (SPSS Inc., Chicago, IL). Eight cytokines (IL-1ra, IL-5, IL-6, IL-10, IL-15, G-CSF, PDGF-BB and VEGF) had a large amount of missing data, and were excluded from further analyses. Cytokine values below lower detection limit (LDL) were replaced with a random value in the interval between zero and LDL for each specific cytokine. Plasma samples were missing from a total of 19 participants (16 COVID-19 cases, three non-COVID controls); these were not imputed, nor were missing data for other variables.

Variables are reported with mean/standard deviation or median/interquartile range and corresponding confidence intervals, depending on distribution. Cross-sectional comparisons were carried out by applying Student t, Mann-Whitney, χ2, or Fisher exact tests as appropriate. Associations between variables were explored by the non-parametric statistics Spearman’s rho.

A p-value < 0.05 was considered statistically significant (two-sided tests). As several variables were strongly correlated (e.g. the majority of the inflammatory markers), p-values were not adjusted for test multiplicity.




Results

A total of 151,110 RT-PCR-tests of SARS-CoV-2 were carried out in individuals 12-25 years old at our two collaborating microbiological laboratories during the recruitment period of the present study (Figure 1). A total of 5912 (3.9%) of the tests were confirmative of SARS-CoV-2 infection; fraction of males was 51.0%. Of the confirmed cases, a total of 2251 individuals (50.5% males) were invited into the study.

A total of 405 SARS-CoV-2 positive cases and 111 SARS-CoV-2 negative controls fit the eligibility criteria and consented to participation. Within the control group, two individuals had detectable total antibody-titre (IgG/IgM) against SARS-CoV-2, and these were excluded from further analyses; thus the sample carried over to analyses consists of 405 COVID-19 cases (39.5% males, mean age 17.8 years) and 109 non-COVID controls (34.9% males, mean age 17.7 years) (Table 1). Within the COVID-19 group, a median of 18 days passed between first symptom/positive SARS-CoV-2 test and inclusion.


Table 1 | Background characteristics.




Comparison of COVID-19 Cases and Non-COVID Controls

The COVID-19 group had significantly higher plasma levels of IL-1β, IL-4, IL-7, IL-8, IL-12, TNF, IP-10, eotaxin, GM-CSF, bFGF, and the complement activation products TCC and C3bc, as compared to the non-COVID-19 group (Table 2). In particular, plasma levels of IL-1β and TCC were strikingly elevated, with a fold increase of 73 and 60, respectively. The plasma levels of IL-13 and MIP-1α were significantly lower in the COVID-19 group.


Table 2 | Cytokines and complement activation markers.



Spirometry did not detect any significant differences in dynamic lung volumes between COVID-19 cases and non-COVID controls (Table 3). Similar results were found in a sensitivity analysis including all technically dubious recordings, except for a slightly increased fraction of individuals with FEV1 < LLN in the COVID-19 group (Table 4).


Table 3 | Spirometry.




Table 4 | Correlation (Spearman’s rho) between immunological markers, background variables, spirometry variables and clinical symptoms within the COVID-19 group (n = 389).



All clinical symptoms were rated significantly higher among COVID-19 cases as compared to non-COVID-19 controls, except for sore throat and running nose (Table 5).


Table 5 | Clinical symptoms.



Neither the systemic immune-inflammation index (SII) nor the neutrophil-to-lymphocyte ratio (NLR) revealed any significant differences between COVID-19 cases and non-COVID-19 controls (Table 1), thus, these markers were not subjected to further analyses. Associations within the COVID-19 group.

Within the COVID-19 group, IL-1β, IL-8, IL-13, and TNF were negatively associated whereas IL-12, GM-CSF and bFGF were positively associated with days since symptom onset/positive test (Table 4). Also, four inflammatory markers (IL-4, IL-7, TNF, eotaxin) were negatively associated with female sex; two of them (eotaxin, IL-4) were positively associated with age. No inflammatory markers were negatively associated with pulmonary function variables or positively associated with clinical symptoms.

Only one clinical symptom (muscle ache) showed a significant negative association with days since symptom onset/positive test (Table 6), whereas a majority of symptoms were positively associated with female sex and age. There were no associations between clinical symptoms and pulmonary function variables.


Table 6 | Correlation (Spearman’s rho) between clinical symptoms, background variables, and spirometry variables within the COVID-19 group (n = 390).






Discussion

The present study of a large group of young, non-hospitalised COVID-19 patients show that: a) there are significant alterations of plasma inflammatory markers in the subacute stage of the infection, signalizing a relative persistence of the innate immune responses; b) some plasma inflammatory markers are positively associated with age and male sex; c) despite ongoing inflammatory activity, pulmonary function is not affected; d) clinical symptoms are largely independent of inflammatory and pulmonary function, but positively associated with age and female sex.

The findings of inflammatory marker elevation in plasma corroborate results from other studies reporting a strong increment of pro-inflammatory cytokines in adults as well as in the few paediatric studies that exists to date (17, 26–29). However, a striking feature of the present study is the lack of differences regarding cytokines that have been implicated as markers of disease severity, most notably IL-6 and IL-10 (30, 31). In an Italian cohort of 77 adult patients, IL-6 level at hospital admission was shown to be the best prognostic marker for negative outcomes in COVID-19 (30). Furthermore, Sun et al. reported an increased expression of IL-6, IL-10 and INF-γ in paediatric patients with severe COVID-19 (32). Also, a recent meta-analysis involving nine studies showed that mean serum level of IL-6 was more than three-fold higher in complicated COVID-19 cases, and was also associated with in-hospital mortality risk (31). In the present study, for both these cytokines, a majority of values in both groups were below the lower limit of detection (LLD), and they were therefore not subjected to formal statistical comparisons. Also, MCP-1, a predictor of disease severity in some hospital-based cohorts (17, 27), was not elevated in the present study. A plausible explanation for the lack of differences regarding these three markers is that we studied a non-hospitalised cohort. This resonates with data from seven paediatric studies evaluated by Soraya and Ulhaq (33). In all seven studies, the COVID-19 patients had relatively mild symptoms, and the IL-6 level tended to be within the normal range. Also, a meta-analysis by Zhang et al. revealed significantly higher levels of the cytokines TNF, IL-5, IL-6 and IL-10 and the chemokines MCP-1, IP-10 and eotaxin in severe cases in comparison to mild cases of COVID-19 (27). From a clinical point of view, it should be noted that, in the present paper, CRP levels were within normal range among COVID-19 patients as well, again as opposed to studies of patients with severe disease (28). It is therefore possible that CRP measurement, which belongs to the standard armamentarium of general practitioners, may be valuable in identifying patients at risk for a more severe course of the infection. The observation of a negative association between pro-inflammatory markers and days since symptom onset/SARS-CoV-2 testing combined with a positive association to IL-12 suggest that the inflammatory response subsides and is replaced by an adaptive immunological response during the first few weeks after the infectious event. Interestingly, recent evidence suggests that temporal difference in resolution of the innate immunological response is the main reason for a less severe disease course among children than adults (26). This also fits an observation in the present study of a positive association between the pro-inflammatory marker eotaxin and age.

In hospital-based cohorts, several previous studies suggest that complement activation, in particularly reflected by increased TCC, is a negative prognostic marker in acute COVID-19 among adults as well as children (34, 35). A recent prospective cohort study of 102 hospitalised and 26 non-hospitalised COVID-19 patients showed that increased complement activation was characteristic for hospitalised patients, and that complement activation was significantly associated with markers of inflammation, such as CRP and IL-6 (35). Interestingly, complement activation was a distinct feature of the present study as well, and did not seem to resolve over time. Complement factors have in general short half-life (seconds to a few hours) in vivo; thus, the present results suggest a continuous stimulus for complement activation, which should be scrutinized in future research project. The increase in TCC was among those with highest fold change, consistent with the fact that TCC has a substantially longer half-life than for instance C5a which is difficult to detect in increased amounts due to the very short half-life, but highly inflammatory potent (36). At the same time, the present results show that complement activation, detected by TCC, is not limited to severe cases of COVID-19. The reason for this might be that we have studied a younger population, and young people may be more resistant to increased complement activation than older individuals. Indeed, a study of 120 healthy Norwegians, 20-69 years old, demonstrated that there were significant age- and sex-related differences in complement levels and functionality (37). A particularly interesting observation regarding complement in this study was that the marker with the second largest fold increase after TCC was IL-1β, which is an important part of the NLRP3 inflammasome, a crucial actor in the inflammatory network (38, 39). Thus, these two very highly increased mediators link the complement and the inflammatory system by cross-talk that previously has been reviewed for complement and Toll-like receptors (40).

The present study indicated a positive association between three pro-inflammatory markers (IL-7, TNF, and eotaxin) and male sex. This may support differences in inflammatory responses as a main reason for a more severe course of acute disease among men than women (27), and should be further investigated in future research.

In some follow-up studies of hospital-based adult COVID-19 cohorts, persistent alterations of dynamic pulmonary function have been reported (41–44). Results are conflicting though, as a relatively large adult study did not find any substantial alterations of spirometry tests results despite persistent radiological abnormalities (45), and two small cases series reported spirometry to be normal or near-normal in the aftermath of COVID-19 in children (46, 47). The present study confirms that pulmonary function appears to be normal in non-severe cases of COVID-19 in adolescents and young adults, and there were no associations to inflammatory markers nor clinical symptoms. Thus, it seems unlikely that persistent respiratory symptoms (such as dyspnoea), reported to be common and linger for a long time after mild COVID-19 (20), are caused by deterioration of pulmonary function. We note that for a subset of 63 participants, technical criteria were not met, major reasons were that they were unable to exhale long enough, either due to cough or fatigue. This may theoretically be due to post-infective bronchial reactivity, which should be attended to in future research.

As expected, the present study confirmed a higher incidence of typical clinical symptoms among the COVID-19 cases. Surprisingly, these symptoms were not associated to inflammatory markers or spirometry variables, nor did they tend to subside over time. On the other hand, a majority of clinical symptoms correlated strongly with female sex and age. These observations seem to corroborate results from studies on post-COVID syndrome, where female sex is consistently reported to be a risk factor, but with scarce findings of inflammatory abnormalities (20, 48, 49). The apparent disconnection between clinical symptoms and biological aberrations is an intriguing observation that gives further merit to studies suggesting mental processes as the main determinant of symptom persistence after COVID-19 (50), and deserves further investigations.

Strengths of the present study include a large and well-defined group of non-hospitalised young individuals with COVID-19 and a comparable control group. Weaknesses include a somewhat skewed sampling of cases towards more females as compared to the background population. Also, for clinical symptoms, we did not ask the participants to grade the present state but rather the frequency over a defined time period, which may potentially explain the poor correlation between symptoms and disease markers.

In conclusion, non-hospitalised adolescents and young adults with acute COVID-19 showed activation of inflammatory markers during the subacute phase of the infection, of which some are positively associated with older age and male sex. Pulmonary function were normal, whereas clinical symptoms were independent of both inflammatory and pulmonary markers but associated with older age and female sex.
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The capacity of pre-existing immunity to human common coronaviruses (HCoV) to cross-protect against de novo COVID-19is yet unknown. In this work, we studied the sera of 175 COVID-19 patients, 76 healthy donors and 3 intravenous immunoglobulins (IVIG) batches. We found that most COVID-19 patients developed anti-SARS-CoV-2 IgG antibodies before IgM. Moreover, the capacity of their IgGs to react to beta-HCoV, was present in the early sera of most patients before the appearance of anti-SARS-CoV-2 IgG. This implied that a recall-type antibody response was generated. In comparison, the patients that mounted an anti-SARS-COV2 IgM response, prior to IgG responses had lower titres of anti-beta-HCoV IgG antibodies. This indicated that pre-existing immunity to beta-HCoV was conducive to the generation of memory type responses to SARS-COV-2. Finally, we also found that pre-COVID-19-era sera and IVIG cross-reacted with SARS-CoV-2 antigens without neutralising SARS-CoV-2 infectivity in vitro. Put together, these results indicate that whilst pre-existing immunity to HCoV is responsible for recall-type IgG responses to SARS-CoV-2, it does not lead to cross-protection against COVID-19.
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Introduction

The coronavirus disease 2019 (COVID-19) pandemic has heterogeneously impacted the diverse population groups across the world (1). Whilst some patients are at a higher risk of developing severe disease, others such as children and young adults seem to be better protected. It has thus, been hypothesised that any recent past infections due to the common alpha-coronaviruses (alpha-HCoV); HCoV-NL-63 and -229-E, or beta-HCoV-OC-43 and -HK-U1 could cross-protect against severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) (2–5). However, till date such cross-neutralising antibody responses have not been reported.

Following a primary infection with SARS-CoV-2, the presence of virus-specific IgM, prior to the appearance of IgG antibodies is to be expected. However, in most COVID-19 patients humoral responses directed toward SARS-CoV-2 are of the IgG isotype instead (6–8). We thus, decided to better delineate this link between predominant IgG or IgM antibody responses to SARS-CoV-2 antigens in COVID-19 patients and their pre-existing immunity to common alpha- and beta-HCoV. We also assessed the IgG reactivity of therapeutic intravenous immunoglobulins (IVIG) manufactured from the plasma samples of healthy donors prior to the COVID-19 outbreak. This was due to their potential capacity to demonstrate pre-existing humoral responses against HCoV infections in the general population (9).

In this work, we show that pre-existing immunity to common HCoV, especially beta-HCoV correlated with a memory-type IgG response directed toward SARS-CoV-2 antigens. This immunity however, did not confer cross-protection against subsequent infection with SARS-CoV-2.



Results


SARS-CoV-2 Infection Induces HCoV-Specific Recall Responses

To determine whether humoral cross-reactivity against SARS-CoV-2 and HCoV could be observed during COVID-19, we sequentially analysed the sera of eight severe COVID-19 patients (Supplementary Table 1) for their IgG reactivity against SARS-CoV-2 and HCoVs (Figure 1 and Supplementary Figure 1). We found that IgG reactivity against the S2 domain of SARS-CoV-2 Spike protein preceded that against S1 and/or Receptor Binding Domain (RBD). This was also followed by a parallel increase in IgG antibody titres directed towards other SARS-CoV-2 antigens and beta-coronaviruses HCoV-OC-43 and HCoV-HK-U1. However, we did not detect an increase in responses to alpha-HCoV NL-63 or 229-E. The rapid IgG responses to common beta-HCoVs identified were most likely due to cross-reactivity and not as a result of ongoing infections with other HCoVs because their nasopharyngeal RT-PCR was specifically positive for SARS-CoV-2 and negative for all other HCoVs (Supplementary Tables 1 and 2). Finally, early sera from all patients showed reactivity against HCoV-OC-43 and HCoV-HK-U1 as they were already present before the appearance of anti-SARS-CoV-2 antibodies (Figure 1 and Supplementary Figure 1).




Figure 1 | SARS-CoV-2 infection induces HCoV-specific recall responses. Time course of normalised IgG reactivity against SARS-CoV-2 RBD and the S2 domain of the spike protein, alpha-HCoV-NL-63 and beta-HCoV-OC-43 of the sera of eight patients (P1 to P8) with confirmed severe COVID-19. Dotted red lines indicate threshold values for positivity (normalised to 1).





Beta-HCoV-Primed Individuals Mount IgG-Dominated Anti-SARS-CoV-2 Responses

We postulated that the appearance of anti-SARS-CoV-2 IgG before IgM could be due to their cross-reactivity against beta-HCoVs. To test this, we retrospectively analysed the titres of anti-SARS-CoV-2 IgM, IgG and IgA, as well as anti-HCoV IgG in the earliest available sera (mean day from symptoms onset: 10.6 days) from 167 patients with COVID-19. Amongst them, 41 had mild COVID-19 that did neither required hospitalisation nor oxygen therapy by nasal cannula. 62 had severe COVID-19 requiring hospitalisation with ward-based oxygen therapy only whereas the remaining 64 patients required admission to an intensive care unit (Supplementary Table 3). As demonstrated by the heatmap in Figure 2A, the collected sera from all patients confirmed a pattern of high titres of anti-SARS-CoV-2 IgG antibodies, either recognizing the Full Spike, S1, S2 and RBD spike domains or NC in severe and critical COVID-19 patients (10). A strong correlation was also observed between the anti-HCoV-OC-43 and anti-HCoV-HK-U1 IgG responses and the serum levels of anti-SARS-CoV-2 IgG antibodies, in particular those directed against the S2 domain of the SARS-CoV-2 spike protein (r > 0.7, p <0.0001). In contrast, we did not identify any correlation between the IgG responses to SARS-CoV-2 antigens, to HCoV-NL-63 (r=0.05, p-value= 0.051) or HCoV-229-E (r=0.19, p-value = 0.01).




Figure 2 | Beta-HCoV-primed individuals mount IgG-dominated anti-SARS-CoV-2 responses. (A) Heatmap representation of the IgG, IgA, IgM anti-SARS-CoV-2 virus components (S1, S1S2, RBD, NC) titres (columns) for the entire cohort of patients (rows). Patients were labelled according to their corresponding severity state (moderate, severe, critical) and time point of antibody measurement. (B) Pairwise correlation heatmap of the corresponding IgM, IgG and IgA titres in all COVID-19 patients. The Pearson correlation coefficient is colour-coded. The vertical lines separate SARS-CoV-2 and anti-alpha and beta-HCoV Ig-related titres.



Unlike the IgG responses, there was a poor correlation between IgM and IgA responses to SARS-CoV-2 and those to common alpha- or beta-HCoVs (r<0.27). In comparison, antibody responses to beta-HCoV OC-43 and HK-U1 strongly correlated regardless of the isotype (Figure 2B and Supplementary Figure 2). Based on these data, we concluded that the IgG responses to SARS-CoV-2 antigens strongly correlated with those to beta-HCoV -OC-43 and -HKU-1, but not common cold alpha-HCoV -NL-63 and -229-E.

It was widely expected that during the COVID-19 outbreak, all patients would develop a primary type antibody response, characterized by the production of anti-SARS-CoV-2 IgM antibodies prior to anti-SARS-CoV-2 IgG and/or IgA antibody seroconversion. However, antibody responses to SARS-CoV-2 in COVID-19 patients were in fact heterogeneous. We observed patients harbouring an early IgG response in the absence of detectable IgM response. In comparison, some had early IgM, but no IgG responses, or even both (Figure 2A).

To analyse the role of such pre-existing immunity to HCoVs in the heterogeneous humoral response to SARS-CoV-2 antigens, we stratified all patients based on the levels of circulating anti-SARS-CoV-2 IgM/IgG (but not IgA) in relation to the timing of blood testing after the clinical onset of disease (Figure 3A and Supplementary Figure 3). A first subset of patients could be defined as the IgM+/IgG- group, characterised by the presence of circulating anti-SARS-CoV-2 IgM, but not IgG antibodies (Figure 3A). The titres of anti-HCoV-OC-43 and anti-HCoV-HKU-1 IgG in this group were significantly lower, compared to those in the IgM-/IgG++ and IgM+/IgG++ groups (Figure 3C and Supplementary Figure 4A). Put together, this suggested that patients with a predominant IgM response to SARS-CoV-2 antigens would not have encountered HCoV-OC-43 or HcoV-HKU-1 prior to the outbreak of SARS-CoV-2.




Figure 3 | HCoV-induced cross-reactive anti-SARS-CoV-2 antibodies do not protect against COVID-19. (A) Heatmap representation of the IgG and IgM titres for NC and RBD SARS-CoV-2 coronaviruses; colors refer to z-score values. Patients were labelled according to their corresponding IgG/IgM subgroup. (B) Dot plot representation of the temporal distribution of the 8 identified subgroups of patients; mean time levels are represented in red circles. Dot red line is set at day 12. Sera drawn before or at day 12 are defined as early, while those drawn after are defined as late. (C) Dot plot representation of the anti-HCoV-OC-43 IgG antibody responses across all the IgG/IgM subgroups, which are colour-coded. Mean comparison was computed using the Wilcoxon test. (D) Dot plot representation of the anti-HCoV-OC-43 (right) IgG antibody across all the IgG/IgM subgroups which are colour-coded with the time points selected within 12 days after clinical onset. Mean comparison using Wilcoxon test was computed between IgM++/IgG++ and IgM+/IgG-. (E) Dot plot representation of the anti-HCoV-OC-43 IgG responses by early (sera drawn with 12 days after clinical onset) anti-SARS-CoV-2 IgG and early primary response groups. Mean comparison using nonparametric Mann-Whitney U test was performed. (F) Bar plot representation of the distribution of severity patients across the early IgG responses (n=56) and early primary (n=54) subgroups. All sera were drawn within 12 days after first symptoms. Frequencies of mild, severe and critical cases in each subgroup are indicated in each bar plot. Comparison of the proportions of severity subgroups between the early IgG response and early primary subgroups was made using the Chi-square test.



A further group of patients with no detectable serum IgG and IgM antibodies was defined as the IgM-/IgG- group. Most of these patients were tested before day 12 after symptoms onset (Figures 3A, B). It can be assumed that these patients, due to the lack of an early recall-type IgG response, would eventually develop a primary IgM response. This “non-recall-type response” group also had low titres of anti-HCoV-OC-43 and HCoV-OKU-1 IgG antibodies (Figure 3C and Supplementary Figure 4A).

Additional groups of patients with weak or strong IgM responses as well as concomitant elevated IgG responses could be defined as IgM+/IgG++ and IgM++/IgG++ respectively. It is already known that simultaneous production of IgM and IgG antibodies can be observed during primary responses on one hand and recall antibody responses on the other hand. Therefore, these patient groups could be further subdivided into; (1) early (within 12 days after clinical onset) IgM and IgG response subgroup that corresponds to early recall IgG responses with emerging recall IgM responses and, (2) a late (later than 12 days after clinical onset) IgM and IgG response subgroup that comprises both patients with primary IgM responses seroconverting to IgG responses and those with late recall IgG responses with emerging IgM responses (Figures 3A, B and Supplementary Figure 3). Moreover, the early IgG and IgM response subgroups had higher titres of anti-beta-HCoVs IgG antibodies than the IgM primary response groups defined above (IgM+/IgG-, IgM-/IgG- “not recall-type response” groups). This further indicated that pre-existing immunity to beta-HCoV was present in COVID-19 patients with IgG recall-type responses (Figure 3D and Supplementary Figure 4B).

To further examine the role of pre-existing beta-HCoV immunity in the determination of primary or recall-type antibody responses to SARS-CoV-2, we first merged patients with IgM only responses (IgM+/IgG- group) or absence of both IgM and IgG (IgM-/IgG-) within 12 days after clinical onset into a primary response group. Patients with early IgG responses (IgM++/IgG+, IgM+/IgG+, IgM-/IgG+, IgM+-/IgG++, IgM+/IgG++, IgM++/IgG++, groups) within 12 days after clinical onset were merged into a recall-type response group (see Supplementary Figure 3). We found that anti-HCoV-OC-43 and -HK-U1 IgG antibodies were mostly absent in the primary response group but abundant in the recall-type response group (p<0.0001 for both beta-HCoV) (Figure 3E and Supplementary Figure 4C). Importantly, the distribution of mild, severe, and critical cases differed significantly (p<0.001) between the two groups with a higher proportion of critical cases in the early recall-type IgG response group. This further indicated that pre-existing immunity to beta-HCoV was not protective against COVID-19 (Figure 3F).

Taken together, these results indicate that early anti-SARS-CoV-2 IgG production in COVID-19, reminiscent of a recall-type IgG response was more likely to be found in patients with pre-existing anti-common beta-HCoV IgG. In comparison, primary SARS-CoV-2 infection with dominant IgM early response was more likely to be observed in patients without pre-existing anti-common beta-HCoV IgG antibodies. This pre-existing immunity to common beta-HCoVs, although leading to cross-reactive IgG responses to SARS-CoV-2, failed to prevent the onset of COVID-19 (Supplementary Table 3).



SARS-CoV-2 Antibody Immunity in the Pre-COVID-19 Era

To determine whether the presence of pre-existing immunity to HCoV could also lead to cross-reactivity against SARS-CoV-2 antigens in healthy individuals, we analysed a cohort of 76 healthy French donors (48 males; 28 females; median age of 39 years; age range 19-65, Supplementary Table 4) established in 2015. Although we did not detect anti-RBD reactivity in the sera of these individuals, six serological samples (7.9%) were found to be reactive against one or several of the other SARS-COV2 antigens that is, the S2 domain, full-length Spike, and/or Nucleocapsid (NC). These sera also recognized all HCoVs, indicating that pre-COVID-19 cross-reactivity to SARS-CoV-2 antigens was neither specific for a unique family, nor for a particular type of coronavirus (Figure 4A).




Figure 4 | Pre-COVID-19 sera and IVIG reactivity to SARS-CoV-2 and HCoV antigens. (A) IgG reactivity of 76 sera drawn from healthy donors in 2015 analysed by phototonic ring immunoassay against SARS-CoV-2 antigens: Receptor binding domain (RBD), S1 domain (S1), S2 domain (S2) of the spike protein, spike and Nucleoprotein (NC), (left) and to the HCoV-OC-43, -229-E and -HK-U1 spike proteins and HCoV-NL-63 nucleoprotein (right). Six sera (C1 to C6) reactive against either SARS-CoV-2 S2, spike or NC are show in circled coloured dots. Reactivity levels are reported in GRU (Genalyte reactive units). Median reactivity is shown with red horizontal lines. (B) IgG reactivity of three IVIG batches produced before the outbreak of COVID-19 and the 76 sera, described in (A), against SARS-CoV-2 and HCoV antigens. IVIG batches (IVIG 1 to 3) are shown in plain coloured dots. Antigens are described in (A). Reactivity levels are reported in GRU.



We also assessed the reactivity of intravenous immunoglobulins (IVIG) manufactured prior to the COVID-19 outbreak. This was done to indirectly identify coronavirus reactivity in a large cohort as therapeutic IVIG consists of IgG isolated from about 10 000 pooled plasma samples of healthy donors. The IgG antibodies of the three different batches of IVIG demonstrated strong reactivity against all HCoVs, as well as detectable reactivity against the SARS-CoV-2 S2 domain and the full-length spike antigen (Figure 4B). Collectively, these results indicated that pre-COVID-19 cross-reactivity against SARS-CoV-2 antigens was present in the general population.



HCoV-Induced Cross-Reactive Anti-SARS-CoV-2 Antibodies Do Not Neutralise SARS-CoV-2 In Vitro

In order to experimentally confirm that pre-existing cross-reactivity did not lead to cross-protection against SARS-CoV-2 infection, we assessed the neutralising capacities of the six pre-COVID-19 sera reactive against SARS-CoV-2 antigens and the three IVIG batches through an in vitro SARS-CoV-2 neutralisation assay. Whilst full neutralisation of SARS-CoV-2 was observed with sera from COVID-19 patients containing anti-RBD antibodies, pre-COVID-19 serum devoid of detectable anti-RBD antibodies was ineffective. This effect is best illustrated in Supplementary Figure 5 with sera of a patient being able to neutralise SARS-CoV-2 replication when drawn 17 days after symptom onset but not at day 7. In addition, neither the pre-COVID-19 sera, nor the IVIG batches, were able to neutralise SARS-CoV-2 in vitro.



COVID-19-Era IVIG May Confer Potent Protection Against SARS-CoV-2

We also assessed the neutralising capacities of IgG isolated from this patient diluted with increasing volumes of IVIG to exclude the interference of a possible inhibitor, inadvertently introduced during the manufacturing process. As shown in Figure 5, purified IgG from this patient was able to potently neutralise SARS-CoV-2 in vitro even when diluted with IVIG. The half-maximal inhibitory concentrations IC50 of the patient’s serum alone (11.67 µg/mL) or diluted with IVIG (IVIG1: 9.94 µg/mL, IVIG2: 9.14 µg/mL, IVIG3: 10.15 µg/mL) were similar. Collectively, these results confirmed that IVIG products manufactured before the COVID-19 outbreak had no neutralising capability.




Figure 5 | SARS-CoV-2 antibody immunity in pre-COVID-19 era. Neutralisation capacities on the pseudotyped vectors of the IgG isolated from the serum of COVID19 Patient 5 drawn 17 days after symptom onset, diluted with standard diluant (orange) or with each of the three IVIG batches (IVIG-1 in green, IVIG-2 in purple and IVIG-3 in red) with a final IVIG IgG concentration of 12 mg/mL in the neutralisation assay. Half maximal inhibitory concentrations (IC50) of patient’s serum alone (11.67 µg/mL) or diluted with IVIG batch 1 (9.94 µg/mL), IVIG2 (9.14 µg/mL) and IVIG3 (10.15 µmg/mL) are shown with dotted lines.



As shown in Figure 5, the addition of neutralising IgG from COVID-19 patients to IVIG preparations could confer this neutralising capability. We had already identified that ~10 µg/mL of COVID-19 patient’s IgG was sufficient to neutralise 50% of the viral cytopathic effect and 64 µg/mL to neutralise all of the viral cytopathic effect in the presence of IVIG (Figure 5). Due to our IVIG neutralisation tests being done at 12 mg/mL, we estimated that the presence in serum of only a single SARS-CoV-2-immunized individual out of 1200 donors (0.08%) would be sufficient to confer minimal, but detectable, anti-SARS-CoV-2 activity, while its presence among sera from 187 IVIG donors (0.5%) would confer potent neutralising capacities to IVIG.




Discussion

In this present study we investigated whether the presence of antibodies against HCoVs in the sera of patients with COVID-19 as well as in healthy donors (isolated prior to the COVID-19 pandemic), could confer protection against SARS-CoV-2 infection. Our results indicated that cross-reactivity not only occurred between SARS-CoV-2 and beta-HCoVs in COVID-19 patients but also with alpha-coronaviruses in healthy individuals. A similar phenomenon against SARS-CoV-2 has also been observed using sera isolated from patients previously infected by SARS-CoV. This was considered to be due to the high degree of homology between the RBD of SARS-CoV and SARS-CoV-2 (5). Interestingly, whilst there are several homologous regions in the S2 domain of SARS-CoV-2 and common alpha- and beta-coronaviruses (Supplementary Figure 6), there is no homology between the S1 region, and in particular the RBD region, of SARS-CoV-2 and common alpha- and beta-HCoV (4, 11, 12). Moreover, although antibodies to the RBD of HCoV are commonly detected in most adults, they do not cross-react with the SARS-CoV-2 RBD (11). Put together, our study confirms that pre-COVID-19 immunity to HCoV does not confer cross-protection against SARS-CoV-2 in adults (13). Intriguingly, the opposite effect has been reported in children (14, 15).

Primary responses to novel infectious agents lead initially to the production of IgM then to IgG and IgA. Due to epitope spreading, these antibodies are not necessarily only responsive to the initial pathogen. Therefore, in the context of the COVID-19 outbreak, a primary IgM antibody response against SARS-CoV-2 is to be expected in all patients. However, our results suggest the occurrence of a memory type IgA/IgG response instead in most of the COVID-19 patients. This effect has also been demonstrated by others (7, 16–19). Moreover, this further corroborates our recently reported observation that early anti-SARS-CoV-2 antibody responses are dominated by the presence of IgA and IgG antibodies (20). The latter observation could be explained by the results of the present study showing that immunisation to HCoV, prior to the outbreak of COVID-19, may lead to SARS-CoV-2-specific recall-type IgG and IgA responses. Based on the analogy of epitope spreading, the early IgG reactivity to SARS-CoV-2 antigens in patients that started against the S2 domain, subsequently extended to the S1/RBD domain. (Figure 1 and Supplementary Figure 1). Therefore, one possible mechanism of recall-type responses during COVID-19 might involve epitope spreading starting from epitopes common to HCoV and SARS-CoV-2 toward SARS-CoV-2 RBD. This possibility notwithstanding, variations in the protein sequence between common HCoVs and SARS-CoV-2 RBDs may account for the lack of cross-protection against SARS-CoV-2 by pre-existing anti-HCoV immunity (Supplementary Figure 5).

Going further, our findings might be of particular relevance in understanding the the efficacy of the the recently approved SARS-CoV-2 vaccines (21), there are two published reports on large populations receiving the mRNA-based vaccines showing that protection could be achieved as early as 12 days after the first dose (22, 23). This rapid reactivity is usually observed during recall-type immune responses. We would there hypothesise that pre-existing immunity to common benign beta-HCoV might favour an earlier protection against SARS-CoV-2 after a single dose of the vaccine.

Finally, we also demonstrated that IVIG batches produced prior to the outbreak of COVID-19 did not have virus-neutralising capacities. These preparations also did not interfere with the SARS-CoV-2 neutralising capacity of serum IgG. This latter result suggests that IVIG batches manufactured after the COVID-19 outbreak should not exclude donors that have recovered from COVID-19, provided that they do not present potentially deleterious anti-self-reactivity or antibody-dependent SARS-CoV-2 enhancement activity (24). It is nevertheless important to consider that IVIG infusions were reported to be ineffective in non-COVID-19-related SARS (25). Similarly, no such efficacy has yet been demonstrated against COVID-19 using plasma obtained from those that had recovered from the infection (26). Hence, we consider that IVIG batches manufactured during the current pandemic are unlikely to perform a curative role. It remains to be established whether they could instead be used as a prophylactic in early COVID-19 infection.



Materials and Methods


Sample Collection

For the healthy donor blood samples, we used previously cryopreserved cells obtained from the French Institute of Blood Donation (EFS, Etablissement Français du Sang, Paris, France). All samples were collected from patients referred to the Pitié-Salpêtrière Hospital. All patient demographic and clinical characteristics are detailed in Supplementary Table 2. The provision of samples complied with the guidance from our research ethics committees at the Pitié-Salpêtrière Hospital and Sorbonne Université (CPP - Ile de France-VI and n°2020-CER2020-21). All patients or their relatives gave written informed consent. The three batches of IVIG pharmaceutical products, manufactured before 2019 in France, were obtained from Tegeline-LFB, Clairyg-LFB and CSL Behring. Each batch contained IgG at a concentration of 12 mg/ml.



Photonic Ring Immunoassay

The presence of serum antibodies specific for the viral antigen was determined using the Maverick SARS-CoV-2 Multi-Antigen Serology Panel (Genalyte Inc. USA). This technology uses an antigen-bound chip to detect the following antibodies for SARS-CoV-2; nucleocapsid, spike S1 RBD, full length spike S1S2, spike S2, and spike S1, as well as the those specific for the common coronavirus HCoV-NL-63; nucleocapsid, HCoV-OC-43, HCoV-229-E and HCoV-HK-U1 spike proteins (27, 28).. It detects and measures changes in resonance when antibodies bind to their respective antigens. All threshold values for positivity were set by the manufacturer. The raw data are shown in Supplementary Tables 1–4.



Whole Virus Neutralisation Test

The neutralising activity of the sera samples and IVIG was tested with a whole virus replication assay for which a SARS-CoV-2 strain isolated from a SARS-CoV-2 positive patient was used. The virus was isolated by inoculating Vero E6 cells with the patient’s sputum sample in a Biosafety Level-3 (BSL-3) facility. The serum samples were heat-inactivated at 56°C for 30 minutes and following two-fold serial dilutions (from 1:5 to 1:2560), pre-incubated on a 96-well plate with 50 µl of diluted virus (2x103 Fifty percent Tissue Culture Infective Dose 50/mL at 37°C for 60 minutes. Next, 100 µL of the Vero E6 cells suspension (3x105 cells/mL) was added to the mixture and incubated at 37°C with 5% CO2 until a microscopic examination was performed on day 4 to measure (or determine) the cytopathic effect (CPE). All neutralising antibody titres were expressed as the highest serum dilution that showed 100% inhibition of CPE. An identical positive serum was added to each experiment as an internal control to assess the reproducibility of the test.



Purification of IgG From Serum

IgG were isolated from serum samples diluted in 1X-PBS as previously described (29). Briefly, serum samples were loaded onto Protein G/Agarose column (Invivogen) after column equilibration. Chromatography steps were then performed at a flow rate of 0.5 ml/min. Next, 20 column volumes of 1X-PBS were used to wash the column. IgG were then eluted with 5ml of 0.1M glycine (pH 2-3, Sigma-Aldrich) and pH was immediately adjusted to 7.5 with 1M Tris. 1X-PBS buffer exchange was achieved using Amicon® Ultra centrifugal filters (Merck Millipore) through a 100-kD membrane according to the manufacturer’s instructions. Quantification of purified IgG was determined using the NanoVue Plus microvolume spectrophotometers.



Pseudovirus Production and Permissive Cell Line Generation

Pseudotyped vectors were produced by triple transfection of HEK 293T cells as previously described (30). Briefly, cells were co-transfected with plasmids encoding for lentiviral proteins, a luciferase Firefly reporter, and a plasmid expressing a codon-optimized SARS-CoV-2 spike gene. Pseudotyped vectors were then harvested on day 2 post-transfection. Functional titre (TU) was determined by qPCR after the transduction of a stable HEK 293T-hACE2 cell line. To generate this cell line, HEK 293T cells were transduced at a multiplicity of infection (MOI) 20 with an integrative lentiviral vector expressing the human ACE2 gene under the control of the UBC promoter. Clones were generated by limiting dilution and selected on their permissiveness to SARS-CoV-2 S pseudotyped lentiviral vector transduction.



Pseudoneutralisation Assay

Firstly, serum dilutions were mixed and co-incubated with 300 TU of the pseudotyped vector at room temperature for 30 minutes. The serum and vector were then diluted in culture medium (DMEM-Glutamax (Gibco), supplemented with 10% foetal calf serum and penicillin/streptomycin (both from Gibco) or with IVIG batches at a 12 mg/mL concentration of the IgG. The samples were then transferred to a tissue culture-treated black 96-well plate (Costar) containing 20x103 HEK 293T-hACE2 cells in suspension. To prepare the suspension, the cell flask was washed with DPBS twice (Gibco) and the cells were individualised with DPBS and supplemented with 0.1% EDTA (Promega) to preserve the hACE2 protein. After 48 hours, the media was removed and bioluminescence was measured using a Luciferase Assay System (Promega) on an EnSpire plate reader (PerkinElmer). The half maximal inhibitory concentrations IC50 were determined using Graphpad Prism (version 5).



Bioinformatics Analyses

All analyses were performed using the R programming language (version 4.2). The heatmaps and correlation plots were generated using “pheatmap” (version 1.0.12). The figures and plots were generated using ggplot (version 3.3.0). For statistical comparisons, we implemented the Wilcoxon test using the “stat_compare_means” function from the ggpubr package. We categorised the patients using reference cut-off values for the NC and RBD, IgG, IgM and IgA titres. The patients were stratified using only the IgM and IgG values given that there was a statistically significant correlation between the IgA and IgG values. The intensity of antibody responses was defined as follows; (-) negative, (+) 1-2 fold above the threshold value and (++) more than 2 fold above the threshold value. When considering the global antibody responses to both RBD and NC (Figure 4), the global anti-SARS-CoV-2 antibody response was defined as follows; (-) if both anti-RBD and anti-NC antibody responses were negative, (+) if either anti-RBD or anti-NC or both were positive (but not strongly) and, (++) if at least one antibody response was strongly positive. This translated into the following setup:

For each Ig subtype, three categories were set:

if NC value AND RBD value < threshold for NC/RBD; then the category is 0;

else the category is 1.




Code Availability

All the code used is available on Github: https://github.com/MelissaSaichi/Tfh_GMCSF-DC.
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Supplementary Figure 1 | Reactivity of COVID-19 patient sera against SARS-CoV-2 and HCoV antigens. Time course of IgG reactivity against SARS-CoV-2 (left) and to hCoV (right) of sera of eight patients (P1 to P8) with confirmed severe COVID-19. Dotted red lines indicate threshold values for positivity.

Supplementary Figure 2 | Pairwise correlation heatmap for IgM, IgG and IgA antibodies titres in all patient groups. Statistical analysis using the Pearson correlation coefficient was carried for each isotype. Results are colour coded.

Supplementary Figure 3 | Definition of early anti-SARS-CoV-2 primary and IgG response groups. Patients with antibody responses studied within 12 days after symptoms onset were separated into early anti-SARS-CoV-2 primary response group (absence of IgG, blue boxes), early anti-SARS-CoV-2 IgG response group (detection of IgG, red boxes). Late anti-SARS-CoV-2 IgG response group was defined as detection of IgG (green boxes), after 12 days after symptoms onset.

Supplementary Figure 4 | (A) Dot plot representation of the anti-HCoV-HK-U1 IgG responses for all (left) and early (sera drawn with 12 days after clinical onset) time points (right) across the, colour-coded, IgG/IgM subgroups, Mean comparison between IgM-/IgG++ and IgM+/IgG- was computed using the Wilcoxon test. (B) Dot plot representation of the IgG HCoV-OC-43 responses in the early (sera drawn within 12 days after clinical onset) IgG recall-type response group and early primary response group. Mean comparison was performed using non-parametric Mann Whitney U test.

Supplementary Figure 5 | SARS-CoV-2 antibody immunity in pre-COVID-19 era. Neutralisation capacities of pre-COVID sera cross-reactive against SARS-CoV-2 antigens, of IVIG batches and of the sera of Patient 5 at day 7 (P5 d7) and day 17 (P5 d17) after the onset of the symptoms. Neutralisation antibody titres are expressed as the highest serum dilution which shows 100% inhibition of the cytopathic effect of SARS-CoV-2 on Vero E6 cells.

Supplementary Figure 6 | Alignment of the protein sequence of the SARS-CoV-2 spike protein with those of alpha and beta-HCoV. SARS-CoV-2 spike protein has been aligned with NL-63, 229E, OC-43 and HK-U1 spike proteins using the BLAST online application (blast.ncbi.nlm.nih.gov). Homologous sequences between SARS-CoV-2 and HCoV are highlighted. Homologous sequences shared by the HCoVs are indicated with identical colours.

Supplementary Table 1–4 | Clinical features of healthy donors, patients and antibody titres.
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Coronavirus disease 2019 (COVID-19) caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), remains a significant global health emergency with new variants in some cases evading current therapies and approved vaccines. COVID-19 presents with a broad spectrum of acute and long-term manifestations. Severe COVID-19 is characterized by dysregulated cytokine release profile, dysfunctional immune responses, and hypercoagulation with a high risk of progression to multi-organ failure and death. Unraveling the fundamental immunological processes underlying the clinical manifestations of COVID-19 is vital for the identification and design of more effective therapeutic interventions for individuals at the highest risk of severe outcomes. Caspases are expressed in both immune and non-immune cells and mediate inflammation and cell death, including apoptosis and pyroptosis. Here we review accumulating evidence defining the importance of the expression and activity of caspase family members following SARS-CoV-2 infection and disease. Research suggests SARS-CoV-2 infection is linked to the function of multiple caspases, both mechanistically in vitro as well as in observational studies of individuals with severe COVID-19, which may further the impact on disease severity. We also highlight immunological mechanisms that occur in severe COVID-19 pathology upstream and downstream of activated caspase pathways, including innate recognition receptor signaling, inflammasomes, and other multiprotein complex assembly, inflammatory mediators IL-1β and IL-18, and apoptotic and pyroptotic cell death. Finally, we illuminate discriminate and indiscriminate caspase inhibitors that have been identified for clinical use that could emerge as potential therapeutic interventions that may benefit clinical efforts to prevent or ameliorate severe COVID-19.
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Introduction

According to the World Health Organization (WHO), as of December 2021, the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) pandemic and the cause of Coronavirus disease 2019 (COVID-19) has led to over 244 million infections and ~5 million deaths globally since the virus outbreak was first reported in 2019. SARS-CoV-2 infection we know now can result in a vast range of clinical pulmonary manifestations, from no symptoms to critical illness, which the latter could lead to extrapulmonary complications, including neurological, thromboembolic, cardiovascular, renal, gastrointestinal, hepatobiliary, endocrinologic, and dermatologic manifestations (1–3). Furthermore, unlike any other respiratory viruses, many individuals who recover from COVID-19 report lingering short term and long term persistent symptoms referred to as long-COVID or post-acute sequelae SARS-CoV-2 infection (PASC). Long-COVID can persist beyond 6 months after symptom onset and present with neurological, psychosocial, cardiothoracic, pulmonary, gastrointestinal, hematologic, and/or renal issues (4–7). The complexity of COVID-19 has been contentious in the area of therapies to combat the infection (8). Current FDA approved treatment for adults and children with COVID-19 include VEKLURY (remdesivir) and several emergency use authorizations (EUA) have been issued for several monoclonal antibodies, molnupiravir, and paxlovid (9–11). Treatment options targeting both the virus and/or host factors for the various stages and presentations of COVID-19 continue to expand and remain an area of critical need in an attempt to reduce the risk of hospitalization or death. With the advent of highly protective vaccines against SARS-Cov-2 infection the spread, disease severity, and mortality has been altered, though protection against novel variants of concern (VOCs) is proving an ongoing challenge.

Caspases are a highly conserved family of intracellular cysteine-dependent aspartate-specific proteases that primarily mediate cell death and inflammation (12–14). All caspases are constitutively expressed during homeostasis in both immune and non-immune cells as catalytically inactive zymogens that require appropriate signals to activate c-terminal protease domain (15). Caspases contain common highly conserved protein domains, such as caspase-associated recruitment domains (CARDS) and death effector domains (DEDs). Caspases have been functionally classified according to their involvement in either apoptosis or inflammation. Apoptosis is an immunologically silent and coordinated non-lytic process of dismantling and removing of damaged, infected, and aging cells. Host cellular apoptosis is thought to be a common viral infection response mechanism for restricting viral expansion. Much like apoptosis, inflammation is another initial host cell response to viral infection. Caspases that mediate inflammation facilitate the maturation of pro-interleukins by cleaving and activating their zymogen forms as well as promoting an inflammatory form of cell death called pyroptosis (16, 17). While there are also ‘outlier’ caspases defined by their role in the cell cycle and cell differentiation (18, 19), they are currently not known to be of significance in SARS-CoV-2 infection.

Evidence demonstrates that COVID-19 is an inflammatory disease mediated by a hyperactive immune response. Conventionally, SARS-CoV-2 gains cellular entry through the interaction of the spike protein receptor binding domain and host angiotensin-converting enzyme 2 (ACE2) receptor through endosomal mechanisms or TMPRSS2-mediated membrane fusion at the cell surface (20, 21), but noncanonical routes have also been identified (22–25). Nonetheless of entry mechanisms, uncoated viral RNA is released into the cell cytosol for damage recognition by host cell pattern recognition receptors (PRRs), such as Toll-like receptors (TLRs) and RIG-I like Receptors (RLRs), which can elicit a robust immune response. While SARS-CoV-2 viral RNA interactions with endosomal TLRs and RLRS can lead to the production of NF-κB pro-inflammatory cytokines (i.e. IL-6, IL-1β) and type I and III interferons (26), SARS-CoV-2 proteins can also activate host TLR2 pathways to induce pro-inflammatory cytokine production (27, 28). However, caspase activity is also a significant contributor to the pronounced cellular death and inflammatory characteristics of COVID-19. Unraveling caspase-related immunological processes contributing to COVID-19 sequelae is vital to identify and design effective host targeted therapeutic interventions for individuals at the highest risk of severe outcomes. This review, will focus on updates on the role of caspases and COVID-19 in disease pathogenesis and targeted therapies being considered to ameliorate disease outcomes.



Caspase Pathways in Inflammation and During SARS-CoV-2 Infection

Previous preclinical studies have suggested the role of caspases primarily as inflammatory and apoptotic mediators in various pathologies, including Inflammatory, neurological and metabolic diseases, and cancer. Accumulating evidence reveal new insights on the importance of caspase-mediated inflammatory and apoptotic pathways during SARS-CoV-2 infection (Figure 1A). Cell death and dysregulated caspase activation has been associated with hematological and immunological findings in patients with COVID-19 (29, 30). Like other members of the Coronaviridae family, SARS-CoV-2 is an enveloped single-stranded positive-sense RNA virus comprised of four structural proteins: nucleocapsid (N), membrane (M), envelope (E), and spike (S) proteins (31). Additionally, SARS-CoV-2 open reading frames (ORFs) also encode for various non-structural proteins (NSPs) and accessory proteins that can be involved in viral RNA transcription and replication, and/or controlling the production of other viral proteins (32). These encoded structural, non-structural, and accessory proteins can target crucial immune pathways that contribute to host immune dysregulation and active viral evasion. SARS-CoV and SARS-CoV-2 proteins shown to actively modulate the induction and/or signaling of caspase-mediated pathways are summarized in Figure 1B.




Figure 1 | Activated caspase pathways in SARS-CoV-2. (A) Apoptotic and inflammatory pathways associated with caspases in SARS-CoV-2 infection and COVID-19. (B) Structural, non-structural, and accessory proteins of SARS-CoV and SARS-CoV-2 that modulate caspase-related pathways. TNFR, tumor necrosis factor receptor; CASP, caspase; DISC, death-inducing signaling complex; GSDMD, gasdermin D; ROS, reactive oxygen species; LDH, lactate dehydrogenase; DAMPs, danger-associated molecular patterns; TNFR, tumor necrosis factor receptor; IFNAR, interferon α/β receptor; LPS, lipopolysaccharide; RIPK, receptor-interacting serine/threonine, protein kinase; MLKL, mixed lineage kinase domain-like protein; NSP, non-structural protein.




Caspase-Mediated Apoptotic Pathways

Caspases that execute apoptosis either function in initiator (caspases 8, 9, and 10) or effector (caspases 3, 6, and 7) roles depending on their position in the signaling cascade (16, 17). Initiator caspases are recruited into multiprotein complexes, such as the apoptosome and death-inducing signaling complex (DISC), driven by a local increase of concentration that must be first triggered by either intrinsic or extrinsic processes. In the intrinsic pathway, intracellular stress signals lead to the release of cytochrome c (cyt c) from the mitochondria, which induces the formation of the apoptosome (33, 34). The apoptosome, consisting of cyt c and apoptotic protease-activating factor-1 (Apaf-1), recruits pro-caspase-9 via its N-terminal CARD. The extrinsic apoptotic pathway is mediated through the engagement of certain death receptors of the tumor necrosis factor (TNF) family (i.e. Fas), leading to the recruitment of adaptor proteins and caspases-8 or -10 into DISC via DED-mediated interactions (35, 36). Once recruited to multiprotein complexes, initiator caspases will dimerize to undergo proximity-induced autoactivation and act as proteolytic signal amplifiers to activate effector caspases (caspases 3, 6, and 7). However, caspase-8 can also cleave the pro-death BCL-2 family protein Bid to its truncated form (tBid) to induce cyt c release from the mitochondria and propagate the apoptotic pathway (37). Once effector caspases are activated, they induce the proteolytic degradation of multiple specific cellular substrates that facilitate the dismantling of the cell, including those that drive membrane blebbing, fragmentation of chromosomal DNA, and apoptotic body formation. Apoptosis is canonically thought of as an immunologically silent form of cell death; however, Fas-mediated apoptosis has been shown to result in the production of monocyte chemoattractant protein-1 (MCP-1), IL-6, and IL-8 (38). Furthermore, while apoptosis is considered an efficient antiviral defense to eliminate infected and damaged cells and dampen inflammation via the cleavage and inactivation of proinflammatory cellular signals (39), pathogen-induced apoptosis may increase infection and viral pathogenicity (40).

Several apoptotic caspases are shown to be active with SARS-CoV-2 infection. In vitro models using the human lung cancer line, Calu-3, found that caspases 3, 8, and 9 were cleaved into their activated forms in SARS-CoV-2-infected cells (41). Furthermore, active caspase-3 was also increased in SARS-CoV-2 infected human cortical organoids and glial cells indicating a strong link with SARS-CoV-2 inducing apoptosis (42). In COVID-19 patients, caspase-3/7 activity in red blood cells is upregulated compared to healthy individuals (43). Caspase-3 is also thought to play a role in the programmed cell death of platelets with SARS-CoV-2 infection. The internalization of SARS-CoV-2 by platelets, either in vitro or in COVID-19 patients, results in the colocalization of SARS-CoV-2 with phosphorylated mixed lineage kinase domain-like protein (phospho-MLKL), a mediator of necroptosis, and caspase-3 on nonpermeabilized platelets (44). This caspase-3 activity is suggested to be a potential contributor to thrombotic events observed in severe COVID-19 (45). Specific viral components of SARS-CoV-2 have been identified to modulate apoptosis via several mechanisms. SARS-CoV-2 accessory protein, ORF3a, was shown to induce apoptosis in Vero E6, HEK293T, and HepG2 cells via the extrinsic pathway, through activated caspase-8 cleavage of Bid to tBid (46). ORF-3a of SARS-CoV was previously identified to induce apoptosis through both death receptor- and mitochondria-mediated pathways, propagated through caspase 8 and 9 pathways, respectively (47–49); however, it’s pro-apoptotic capacity is shown to be greater than that of the ORF3a of SARS-CoV-2 (46). Beyond ORF-3a, SARS-CoV ORF-6, -7a, and 8a, all have been previously shown to trigger cellular apoptosis. ORF-6 induces apoptosis via caspase-3 mediated ER stress and JNK-dependent pathways (50), whereas ORF-8a is through a mitochondria-dependent pathway (51). While the mechanism of activation for ORF7a in promoting caspase-associated inflammation is unclear, the overexpression of ORF7a induces apoptosis in a caspase-3-dependent manner (52, 53). Finally, membrane glycoprotein M in conjunction with the N protein is also shown to trigger caspase-dependent apoptosis via inhibiting the activation of PDK1-PKB/Akt signaling (54).



Caspase-Mediated Inflammation and Pyroptosis

Inflammatory caspases are recruited to their cognate activation complexes called inflammasomes, protein platforms that aggregate in the cytosol in response to different stimuli (55). However, an initial priming step is generally required mediated by NF-κB through the engagement of PPRs that recognize pathogen associated molecular patterns (PAMPs) or host-derived damage associate molecular patterns (DAMPs), such as ATP or mitochondrial DNA. The most studied inflammatory caspase, caspase-1, is engaged by inflammasomes, including the NLRP, AIM2, and IFI16 inflammasomes. Activated caspase-1 then mediates the processing and secretion of the proinflammatory cytokines IL-1β and IL-18 (56). These cytokines have multiple roles in innate immunity and in bridging adaptive immune responses. IL-18 induces downstream IFN-γ responses, while IL-1β plays roles in neutrophil influx and activation, T and B-cell activation, cytokine and antibody production, and Th17 differentiation (57–60). On the other hand, inflammatory caspases 4 and 5 directly recognize intracellular lipopolysaccharide (LPS) (61), but require an initial step through the signaling of IFNAR and subsequent members of the signal transducer and activation of transcription (STAT) protein family. Another outcome of the activation of inflammatory caspases is pyroptosis, an inflammatory-related nonprogrammed cell death driven primarily by inflammasome and caspase-4/5 mediated cleavage of the pyroptotic executor cytosolic protein gasdermin D (GSDMD) (62–64). As caspase-1-dependent cytokines and DAMPs lack secretion signals, pyroptosis is thought to be one of the prime mechanisms mediating their cellular release (65–69). Although the conventional idea that inflammatory caspase activation would be protective by enhancing immunity against SARS-CoV-2 through the removal of infected cells and recruitment of monocytes to injury sites, concomitant pyroptosis exacerbating inflammation due to cellular release of DAMPs could lead to tissue death, organ failure, and septic shock (70, 71). While caspase-8 is known predominately as a mediator of apoptosis, it is also a master regulator of pyroptosis and necroptosis (72) and is capable of processing pro-IL-1β and pro-IL-18 into their functional cytokine forms (73–75). Caspase-8 can regulate necroptosis, unregulated cell death, by preventing the phosphorylation of MLKL into its active form, phospho-MLKL, by inactivating RIPK1 and RIPK3 by proteolytic cleavage (76–78).

Excessive inflammation is central to poor clinical outcomes in COVID-19, with data suggesting caspase-mediated inflammation being an important feature. Higher levels of active caspase-1 (Casp1p20) in the sera of COVID-19 patients are associated with severe disease and poor clinical outcomes (79). Caspase-1 activity is also upregulated in CD4+ T cells of COVID-19 patients that were hospitalized, those with liver disease, and long-haulers (43, 80). Human caspase-4 in infected individuals and its mouse homologue caspase-11 in SARS-CoV-2 murine models were recently found to be upregulated in lung tissue histologically and promote COVID-19-associated inflammation and coagulopathy (81). SARS-CoV-2 infection activates caspase-8, which triggers inflammatory cytokine processing of pro-IL-1β in lung epithelial cells and lung cells of SARS-CoV-2-infected HFH4-hACE2 transgenic mice (41). Inflammatory mediators IL-1β and IL-18, the main cytokine products of caspase-1 activation, are observed to be increased in the lungs and sera of patients with symptomatic COVID-19 compared to asymptomatic patients and healthy individuals (82–84). IL-18 levels are also shown to correlate with other inflammatory markers in SARS-CoV-2 individuals (83). Interestingly, IL-18 can contribute to the pathology of COVID-19 by altering MAIT cell function (85). In human monocytes, caspase-1 activation along with IL-1β production and pyroptosis is observed in both SARS-CoV-2 infected ex vivo and from infected ICU patients (86). RNH1 protein, an inhibitor of inflammasome activation through proteasome-mediated degradation of caspase-1, is increased in the blood and lung biopsies from individuals with COVID-19 and is negatively associated with SARS-CoV-2-mediated inflammation and adverse clinical outcomes (87). In vitro, SARS-CoV-2 infected human monocytes demonstrate pyroptotic activity, which was associated with caspase-1 activation, IL-1β production, GSDMD cleavage, and enhanced pro-inflammatory cytokine levels (86). High serum levels of lactate dehydrogenase (LDH), an indicator of pyroptosis, is also shown to associate with poor prognosis and the extent of lung damage and disease severity in individuals with COVID-19 (88–90) and has been proposed as a potentially useful marker for monitoring treatment response in COVID-19-associated pneumonia (91).

Mechanistically, SARS-CoV-2 N protein has been shown to promote NLRP3 inflammasome activation to induce caspase-mediated inflammatory milieu (IL-1β, IL-18) and pyroptotic cell death (88, 92–94). However, N protein is also shown to inhibit the cleavage of GSDMD by caspase-1 in monocytes in vitro (95). In previous studies of SARS-CoV, several accessory proteins have been shown to modulate inflammasome activation. The accessory protein ORF3a is shown to act as a K+ channel to induce NLRP3 inflammasome activation (96). However, another study indicates ORF3a can promote NLRP3 inflammasome activation by enhancing the ability of TNF receptor-associated factor 3 (TRAF3) in ubiquinating the inflammasome adapter ASC (97). In macrophages, SARS-CoV ORF8b was found to directly bind the LRR of NLRP3 inflammasomes to propagate caspase-1 activation (98). However, two SARS-CoV-2 NSPs, NSP1 and NSP13, are shown to inhibit NLRP3 inflammasome caspase-1-mediated IL-1β production in the monocytic cell line THP-1 (99). The E glycoprotein of SARS-CoV is also involved in inflammasome activation, as in mouse models show that viruses lacking E protein induced lower levels of inflammasome-activated IL-1β (100) by possessing calcium ion channel activity (101). Finally, many SARS-CoV encoded proteins are shown to induce NF-κB activation in vitro, including ORF3a, ORF7a, M, and N proteins (102, 103).




Therapeutic Potential of Targeting Caspase Pathways for COVID-19

The COVID-19 pandemic is going on its third year, and efforts are still converging globally to effectively distribute SARS-CoV-2 vaccinations. Global vaccination efforts have not proceeded at a similar pace worldwide and vaccine hesitancy persists in the public. Furthermore, the continuous evolution of SARS-CoV-2 could lead to new VOCs, such as the recently emerged and rapidly disseminating Omicron variant. These new VOCs could impact the efficacy of neutralizing antibodies, monoclonal or vaccine-induced, and exhibit potential for increased transmissibility, as observed with Omicron (104, 105). While vaccination and previous infection by SARS-CoV-2 so far have shown to provide protection, particularly regarding the prevention of serious disease and mortality, therapeutics are still an urgent need to attenuate severe disease and are highly investigated due to the persistent unvaccinated population, breakthrough cases, and the potential emergence of immunoevasive VOCs. Therapeutics recommended by the WHO for severe and critical COVID-19 mainly aim at disrupting the viral life cycle to limit the spread of infection, such as the use of neutralizing monoclonal antibodies (i.e. casirivimab) and the protease inhibitor Paxlovid, or to hinder the development of severe disease, including the use of systemic corticosteroids (i.e. dexamethasone). For the latter, targeting inflammatory innate immune pathways are a viable target, given the therapeutic promise of IL-6 receptor blockers, such as toclilizumab or sarilumab, in reducing severe outcomes in COVID-19 (106–109). Given the role of caspases in SARS-CoV-2, targeting related pathways could emerge as a potential therapeutic strategy that may benefit clinical efforts to prevent or ameliorate severe COVID-19.

Therapeutics for caspase-associated inflammation and cell death can be through the modulation of caspase activity directly, the targeting of upstream signaling complexes (i.e. inflammasomes), or the neutralization of caspase substrates (i.e. IL-1β). Regarding caspase targeting agents, the pan-caspase inhibitor Emricasan (EMR) was shown to attenuate caspase-1 hyperactivity in CD4+ T cells from COVID-19 patients ex vivo (43) and the caspase-8 inhibitor Z-IETD-FMK subdued SARS-CoV-2-induced BID cleavage and caspase-3 activation (41). However, direct caspase-1 inhibition did not affect SARS-CoV-2-induced IL-1β processing and secretion (41). Interestingly, several caspase inhibitors were shown to target the main protease of SARS-CoV-2 Mpro, including pan-caspase inhibition with Z-VAD(OMe)-FMK and discriminate inhibitors Z-DEVD-FMK and Z-IETD-FMK, for caspase-3 and caspase-8, respectively (110). Furthermore, among ~6,070 drugs screened, EMR was identified to inhibit the activity of Mpro in vitro and through computation screening shown to bind to ACE2 (111, 112). Nonetheless, while several targeted and indiscriminate caspase inhibitors have been identified and developed with intended therapeutic use, only few have advanced into clinical trials, and none are used clinically. However, therapeutics targeting the downstream effects of caspase-mediated inflammation and pyroptosis are making progress. The use of IL-1 receptor antagonist anakinra in COVID-19 patients showed significant decreases in oxygen requirements, increased duration without invasive mechanical ventilation, and decreases of fever and C-reactive protein, indicating early IL-1 receptor blockade could hold therapeutic value in acute hyperinflammatory respiratory failure (113). The anti-IL-1β antibody inhibitor canakinumab was also suggested as a viable therapeutic for COVID-19 patients (114); however, a recent clinical trial investigating its use showed that it did not significantly increase survival without invasive mechanical ventilation (115). NLRP3 inflammasome inhibition with MCC950 reduced lung inflammation and COVID-19-like pathology in human ACE2 transgenic mice infected with SARS-CoV-2 (116). Finally, Disulfiram, the GSDMD inhibitor that covalently modifies GSDMD to block pyroptotic pore formation, was shown to associate with a lower incidence of COVID-19 in a retrospective study (117).



Conclusion

This review highlights multiple caspases implicated in SARS-CoV-2 infection and disease severity. Although targeting caspases and related pathways may be a promising intervention, caspase signaling may still be paramount for functional and balanced immune activity against SARS-CoV-2 infection. Further understanding the roles caspase pathways play during the progression of infection and disease including PASC is crucial for further therapeutic development or the repurposing of drugs, combination therapies to curtail inflammation and cell death in COVID-19 and limit disease severity and death in all age and risk groups following SARS-CoV-2 infection.
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Background

Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) is the virus responsible for the Coronavirus Disease 2019 (COVID-19) pandemic. The emergence of variants of concern (VOCs) has become one of the most pressing issues in public health. To control VOCs, it is important to know which COVID-19 convalescent sera have cross-neutralizing activity against VOCs and how long the sera maintain this protective activity.



Methods

Sera of patients infected with SARS-CoV-2 from March 2020 to January 2021 and admitted to Hyogo Prefectural Kakogawa Medical Center were selected. Blood was drawn from patients at 1-3, 3-6, and 6-8 months post onset. Then, a virus neutralization assay against SARS-CoV-2 variants (D614G mutation as conventional strain; B.1.1.7, P.1, and B.1.351 as VOCs) was performed using authentic viruses.



Results

We assessed 97 sera from 42 patients. Sera from 28 patients showed neutralizing activity that was sustained for 3-8 months post onset. The neutralizing antibody titer against D614G significantly decreased in sera of 6-8 months post onset compared to those of 1-3 months post onset. However, the neutralizing antibody titers against the three VOCs were not significantly different among 1-3, 3-6, and 6-8 months post onset.



Discussion

Our results indicate that neutralizing antibodies that recognize the common epitope for several variants may be maintained for a long time, while neutralizing antibodies having specific epitopes for a variant, produced in large quantities immediately after infection, may decrease quite rapidly.
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Introduction

Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) is the virus responsible for the Coronavirus Disease 2019 (COVID-19) pandemic, which began in November, 2019. Most COVID-19 cases are asymptomatic to mild, but some cases lead to life-threatening pneumonia. As of mid-December, 2021, more than 5.4 million patients worldwide have died from the effects of COVID-19 (1).

To control this pandemic, various prophylactic and therapeutic approaches are being tried clinically, including vaccines, convalescent plasma therapy (CPT) and therapeutic monoclonal antibodies (Mabs) (2). Among these immunotherapies, the neutralizing antibodies (Nabs) that interrupt viral infection are essential components and are induced by natural infection or vaccination. Some SARS-CoV-2 vaccines, including messenger RNA-based vaccines and adenovirus-vectored vaccines, have a high efficacy at preventing symptomatic disease (3). Numerous different vaccines have been manufactured and distributed all over the world, but the production has not been sufficient to vaccinate populations. The rapid increase of vaccine supply remains the best hope for overcoming this pandemic.

On the other hand, passive immunization using CPT remains a therapeutic option and has been used for infectious diseases caused by severe acute respiratory syndrome coronavirus (4), Middle East Respiratory Syndrome Coronavirus (4), and Ebola virus (5). The efficacy of CPT for COVID-19 patients is controversial (6), although some studies provided good evidence that CPT was safe and reduced mortality when COVID-19 patients were treated in combination with antiviral drugs, steroids, and other supportive care (7). Treatment with therapeutic Mabs is another option as a passive immunotherapy with no risk of post-transfusion infection and no need to collect convalescent sera from many recovered patients. Mabs are important for immunocompromised people and unvaccinated people to be protected from infection. Currently, Mabs for five diseases (respiratory syncytial virus, anthrax, Clostridium difficile, human immunodeficiency virus 1, and Ebola virus) are approved by the US Food and Drug Administration (FDA) (8, 9). As for SARS-CoV-2, three anti-SARS-CoV-2 Mabs products (sotrovimab, combination of bamlanivimab plus etesevimab, and combination of casirivimab plus imdevimab) have Emergency Use Authorizations (EUAs) from the FDA (10). These Mabs products are used for treatment of mild to moderate COVID-19 nonhospitalized patients to prevent hospitalization and death. Combination of casirivimab plus imdevimab has obtained fast-track approval of Japan’s Ministry of Health, Labour, and Welfare on 19 July 2021 (11).

In the face of these new therapies, SARS-CoV-2 has evolved from its original strain. The D614G mutation of spike protein (S protein) was found worldwide by the end of June, 2020 (12). Recently, the emergence of SARS-CoV-2 variants with mutations that can enhance transmissibility and reduce neutralization activity has brought new challenges to the management of COVID-19. The World Health Organization (WHO) classified five variants (B.1.1.7, P.1, B.1.351, B.1.617.2, and B.1.1.529) as variants of concern (VOC) (13). B.1.1.7, which was firstly detected in the United Kingdom, has an N501Y mutation in the receptor binding domain (RBD) of S protein. P.1, which was identified in Brazil, has three mutations (K417T, E484K, and N501Y) in the RBD. B.1.351, which was found in South Africa, has three mutations (K417N, E484K, and N501Y) in the RBD (14). B.1.617.2, which was confirmed in India, has mutations (L452R and T478K) in the RBD (15), leading to higher viral load in infected individuals, in addition to the P681R mutation which increases the virus transmissibility (16). Finally, B.1.1.529, which was detected in Botswana on November 11, 2021 and South Africa on November 14, 2021, has 15 mutations (G339D, S371L, S373P, S375F, K417N, N440K, G446S, S477N, T478K, E484A, Q493R, G496S, Q498R, N501Y, and Y505H) in the RBD (17). The N501Y mutation shared among B.1.1.7, B.1.351, P1 and B.1.1.529 have influence on the affinity between the angiotensin-converting enzyme 2 (ACE2) receptor and the RBD of the S protein, which causes high transmissibility of the virus. The variant B.1.1.7 has proven to be more transmissible than original strains (18). The E484K mutation in the RBD of B.1.351 and P1 is involved in immune escape (19, 20). The K417N mutation of B.1.351 and B.1.1.529 and K417T mutation of P.1 are suggested to change the conformation of S protein, allowing escape from Nabs (19, 20). Nabs have reduced activity on the variants B.1.351 and P.1 (14). Especially, the variant B.1.351 is much more resistant to neutralization by Nabs, possibly because of differences in the mutations of the N terminal domain (NTD), which are associated with escape from immunity (21). Nabs against B.1.1.529 from sera of convalescent patients infected with the ancestral SARS-CoV-2 and sera of vaccinated people with two dose of ChAdOx1 nCoV-19 or BNT162b2 is also lower than that against the other variants (22, 23).

As elsewhere in the world, Japan is facing COVID-19 pandemic. As of mid-December 2021, nearly 1,730,000 Japanese people had been infected with COVID-19 and about 18,000 people had died (1). So far, the country has been affected by five waves of exponential increase in new cases. D614G_KR, which had D614G mutation of S protein and 203_204delinsKR mutation of nucleocapsid protein, and its lineage were predominant during the first to third waves, from March 2020 to February 2021 (24). VOCs have also spread to Japan. B.1.1.7 was first detected on 25 December 2020 and rapid community spread occurred from March 2021. As of June 2021, B.1.1.7 became the predominant variant in Japan. In contrast, B.1.351 and P.1 were not spread widely in Japan, although they were found at the end of December 2020 and the beginning of January 2021. B.1.617.2 was detected on 20 April 2021 and has rapidly replaced B.1.1.7. Then, B.1.617.2 has become the predominant variant at the fifth wave from July 2021 in Japan (25, 26). Recently, B.1.1.529 was detected in Japan as in other countries. Then, the Japanese government is on the alert for the sixth wave (27).

Hence, it is important to know about the longevity of the neutralizing activity of convalescent sera against SARS-CoV-2 to estimate the possibility of reinfection, to select good donors for CPT, and to make therapeutic Mabs products. Previous studies have shown that neutralizing activity of convalescent sera is maintained up to six to twelve months post onset, although follow-up studies for longer duration are still needed (28–30). Furthermore, the breadth and longevity of cross-neutralizing activities against VOCs have been minimally tested (28, 31). In this study, we analyzed the longevity and breadth of neutralizing activity of COVID-19 convalescent sera across the VOCs (B1.1.7, P.1, and B.1.351) and the D614G.



Methods


Diagnosis of COVID-19 and Definition of Severities

Polymerase chain reaction (PCR) detection of the SARS-CoV-2 genome in nasopharyngeal swab samples was used to confirm the diagnosis of COVD-19. We used the same definitions of severities as in our previous report (32).

Asymptomatic patients had neither clinical symptoms nor hypoxia. Patients with mild illness had symptoms without evidence of pneumonia or hypoxia. Those with moderate illness had clinical symptoms of pneumonia with oxygen saturation levels over 90% on room air. Those with severe illness suffered from pneumonia with an oxygen saturation level under 90% on room air. Patients who needed mechanical ventilation were classified as critical.



Study Site and Patient Recruitment

From March 2020, blood samples of COVID-19 patients have been collected by Hyogo Prefectural Kakogawa Medical Center, located at Kakogawa, Hyogo, Japan. In this study, samples of patients infected from March 2020 to January 2021 were selected. Serial blood samples were collected from individuals who had different severities at various time points post onset: 1-3 months post onset, 3-6 months post onset, and 6-8 months post onset.



Virus Strains

The SARS-CoV-2 Biken-2 (B2) strain including the D614G mutation was used as the conventional virus (accession number: LC644163), and was received from BIKEN Innovative Vaccine Research Alliance Laboratories. The three SARS-CoV-2 variants: B.1.1.7 (GISAID ID: EPI_ISL_804007), P.1 (GISAID ID: EPI_ISL_833366), and B.1.351 (GISAID ID: EPI_ISL_1123289) were received from National Institute of Infectious Diseases (NIID), Tokyo, Japan. Mutations of genes encoding spike protein were confirmed by cDNA sequencing.



Neutralization Assay

The live virus neutralization assay against SARS-CoV-2 variants (D614G, B.1.1.7, P.1, and B.1.351) was done as previously reported according to Biosafety Level 3 regulations (32, 33). At 24 hours before the assay, 4 × 104 Vero E6 (TMPRSS2) cells per well were seeded in 96-well tissue culture microplates. Serum samples were heat-inactivated at 56°C for 30 minutes, and two-fold serially diluted using Dulbecco’s Modified Eagle’s Medium as the diluent. Diluted serum samples were mixed with 100 tissue culture infectious dose (TCID)50 of SARS-CoV-2 variants and incubated at 37°C for one hour. The mixture of sera and virus was added to confluent Vero E6 (TMPRSS2) cells in a 96-well plate. Cells were incubated at 37°C with 5% CO2 supplementation for six days. Then, the neutralizing titer was determined as the dilution factor in which cells showed no cytopathic effect. The titer was shown on a log2 scale. The cutoff titer was set at one; titer under one was defined as ND (not detected).



Statistical Analysis

Continuous variables are described using medians and interquartile ranges (IQRs), defined by the 25th and 75th percentiles. Categorical factors were reported as counts and percentages. Cochran’s Q test and Benjamini–Hochberg correction were performed to compare the proportion of patients whose Nab titer was ND among four variants. Friedman’s test and the Benjamini–Hochberg correction was performed to compare the Nab titers among variants or sampling times. The level of statistical significance was set at p < 0.05. Statistical analyses were performed using STATA (version 14.2). Sample size calculation was not performed.



Ethics

Our study was approved by the ethics committee of Kobe University Graduate School of Medicine (ID: B200200) and Hyogo Prefectural Kakogawa Medical Center. Written consent or the opt-out consent for our observational study was obtained.




Results


Characteristics of Patients

We assessed 97 sera from 42 individuals in total, and the data are shown in Table 1 and Supplementary Table 1. The median age with IQR was 56 (49–62) years. Fifty percent of patients were female. Patients’ blood was taken two or three times serially. In terms of disease severity, four patients were asymptomatic (P1 to P4), fifteen had mild disease (P5 to P19), five had moderate disease (P20 to P24), fifteen had severe disease (P25 to P39) and three were critical (P40 to P42). We divided the post-onset data according to the three time periods (1-3 months, 3-6 months, and 6-8 months). The median days with IQR for these assessments were 47 (43–54), 117 (110–132), and 209 (199–219). Common chronic conditions were hypertension (28.6%), diabetes (26.2%), and pulmonary diseases (19.0%) including asthma and chronic obstructive pulmonary disease (COPD).


Table 1 | Characteristics of patients.





Longevity of Neutralizing Activity Against D614G and VOCs

All data of neutralization assays are shown in Figure 1. Among 42 patients, sera from 28 patients showed long-lasting neutralizing activities on the three VOCs (five out of fifteen mild: P6, P7, P9, P10, and P13, and all moderate to critical), in addition to D614G. On the other hand, sera from two patients (P8 and P18) showed no cross-neutralizing activity for any VOCs, and sera from six patients (P2, P4, P5, P11, P14, and P17) did not neutralize B.1.351 at all. Sera from the other six patients (P1, P3, P12, P15, P16, and P19) neutralized B.1.351 at first, but later could not. Totally, all four asymptomatic and 10 out of 15 mild patients could not obtain or maintain cross-Nabs for the three variants.




Figure 1 | All data of neutralization assay. P1 to P4 were asymptomatic, P5 to P19 had mild disease, P20 to P24 had moderate disease, numbers P25 to P39 had severe disease and P40 to P42 were critical. Hash marks (#) on the graphs means no sera at the points. Vertical bars show the neutralizing antibody titer (log2). Horizontal bars show the trend among patients at 1-3 months post onset, 3-6 months post onset, and 6-8 months post onset according to the four variants (D614G mutation, B.1.1.7, P.1, and B.1.351).



Next, we analyzed the Nab titers among D614G and three VOCs by two severity groups. One group was named ‘patients without pneumonia’. This group included the patients who did not present with pneumonia (asymptomatic and mild patients). The other was named ‘patients with pneumonia’, including the patients who presented with pneumonia (moderate, severe and critical patients). The Nab titers against B.1.351 in both groups were significantly lower than those against the other variants at 1-3 months post onset and 3-6 months post onset. The Nab titers against all four variants in ‘patients with pneumonia’ were higher than those in ‘patients without pneumonia’ (Figure 2A).




Figure 2 | Comparisons of neutralizing antibody titers among D614G and three VOCs by the timing of sampling in ‘patients without pneumonia’ [1-3 months post onset (n=17), 3-6 months post onset (n=19), and 6-8 months post onset (n=10)] and those in ‘patients with pneumonia’ [1-3 months post onset (n=21), 3-6 months post onset (n=23), and 6-8 months post onset (n=7)] are shown in (A). Vertical bars show the neutralizing antibody titer (log2). Horizontal bars show the four variants (D614G mutation, B.1.1.7, P.1, and B.1.351) by the three groups of months post-onset (1-3m, 3-6m, and 6-8m). Friedman’s test and Benjamini–Hochberg correction were performed to analyze both data. The dash line shows that neutralizing antibody titers (log2) is one, which is the cut-off point. Comparison of neutralizing titer under one (ND) among four variants are shown in (B). Vertical bars show the percentages of patients. Black shows the percentage of neutralizing antibody titers (log2) under one and grey shows that of more than one. Horizontal bars show the four variants (D614G mutation, B.1.1.7, P.1, and B.1.351) by the three sampling times. Cochran’s Q test and Benjamini–Hochberg correction were performed. The level of statistical significance was set at p < 0.05 (*p < 0.05; **p < 0.01;  ***p < 0.001; and ns, not significant)).



Then, we analyzed the trend of ND (not detected, that is, Nab titer under one) among D614G and three VOCs by two severity groups in Figure 2B. All in ‘patients with pneumonia’ acquired and maintained cross-Nabs for three VOCs. However, many patients in ‘patients without pneumonia’ could not acquire or maintain the Nab titers for D614G and three VOCs. The proportions of patients with ND for D614G, B.1.1.7, and P.1 at 1-3 months post onset were 0%, 11.8%, and 17.6%, respectively. The proportion of patients with ND for B.1.351 was 47.1% and significantly higher than the other variants. The proportion of patients with ND for P.1 was the second-highest but without significant difference from D614G and B.1.1.7. The proportions of patients with ND for D614G, B.1.1.7, P.1 and B.1.351 at 3-6 months post onset were 5.3%, 15.8%, 26.3%, and 68.4%, respectively. The difference among four variants at 3-6 months post onset was similar to that at 1-3 months post onset. The proportions of patients with ND for D614G, B.1.1.7, P.1, and B.1.351 at 6-8 months post onset were 20%, 20%, 30%, and 60%, respectively. There was no significant difference at this time point.

Then, we focused on 28 patients with positive cross-Nabs for three VOCs and compared the Nab titer among the four variants by the timing of sampling (Figure 3A). These raw data were shown in Supplementary Table 2. The median Nab titer (log2) with IQR against D614G, B.1.1.7, P.1, and B.1.351 at 1-3 months post onset were 5 (5–6), 5 (4–5), 4 (4–5), and 3 (2–4), respectively. The Nab titer against B.1.351 was significantly lower than that against the other three variants, and the Nab titer against P.1 was significantly lower than that against D614G. The median Nab titer (log2) with IQR against D614G, B.1.1.7, P.1, and B.1.351 at 3-6 months post onset were 4 (4-5.5), 4 (3–5), 5 (4–6), and 3 (2–4), respectively. The Nab titer against B.1.351 was also significantly lower than that against the other three variants at 3-6 months post onset. The median Nab titer (log2) with IQR against D614G, B.1.1.7, P.1, and B.1.351 at 6-8 months post onset were 4 (2–5), 5 (3–6), 4 (3–6), and 3 (2–3), respectively. The Nab titer against B.1.351 was significantly lower than that against B.1.1.7.




Figure 3 | Comparisons of neutralizing antibody titers among D614G and three VOCs by the timing of sampling are shown in (A). Longitudinal analysis of neutralizing antibody titer by D614G and three VOCs in (B). Both figures focused on 28 patients with positive cross-Nabs for three VOCs. Vertical bars show the neutralizing antibody titer (log2) in (A, B). Horizontal bars in (A) show the four variants (D614G mutation, B.1.1.7, P.1, and B.1.351) by the three groups of months post-onset (1-3m, 3-6m, and 6-8m). Horizontal bars in (B) show the three groups of months post-onset (1-3m, 3-6m, and 6-8m) for each of the four variants (D614G mutation, B.1.1.7, P.1, and B.1.351). Friedman’s test and Benjamini–Hochberg correction were performed to analyze both data. The level of statistical significance was set at p < 0.05. (*p < 0.05; **p < 0.01; ***p < 0.001; and ns, not significant).



Finally, we analyzed the retention of neutralizing activities over time against the four variants (Figure 3B) by rearranging the same data shown in Figure 3A. The Nab titer against D614G significantly decreased at 6-8 months post onset compared to 1-3 months post onset. Interestingly, each Nab titer against the three VOCs did not significantly change among three time points.




Discussion

The purpose of this study was to examine the longevity of Nab activity of COVID-19 convalescent sera against D614G, and their neutralizing breadth against B.1.1.7, P.1, and B.1.351. We performed live virus neutralization assays against D614G and three VOCs to assess the Nab titers of COVID-19 convalescent sera. Infection of SARS-CoV-2 to the convalescent patients were confirmed from March 2020 to January 2021. Although B.1.1.7, P.1, and B.1.351 had already detected in Japan at the end of December 2020, only B.1.1.7 had spread in Japan and it rapidly increased from February 2021 (34, 35). A local surveillance in Japan also suggested that the B.1.1.7 became dominant after mid-April (36). These observations suggested that all participants in this study were likely to be infected with D614G. However, we could not completely exclude the possibility of VOCs infection due to the loss of the information about the viral sequence from patients’ nasopharyngeal specimens. In Addition, the imbalance of samples and small sample size were also our limitation.

This study revealed that all sera of ‘patients with pneumonia’ maintained cross-neutralizing activity against B.1.1.7, P.1, and B.1.351 until 3-8 months post infection. On the other hand, 14 out of 19 sera of ‘patients without pneumonia’ could not get or keep cross-neutralizing activity against three VOCs (Figures 1, 2A, B). This reason might be that weak immune-response against SARS-CoV-2 lead to the low Nab titers of ‘patients without pneumonia’ against D614G compared to those of ‘patients with pneumonia’ (21, 37–40). The Nab titer against B.1.351 was lower than that against the other variants (Figure 3A), as similarly reported by other studies (14, 28, 41). The neutralizing titer against D614G significantly decreased in sera of 6-8 months post onset compared to those of 1-3 months post onset (Figure 3B). Several studies have reported that the peak neutralizing antibody titer is three to five weeks post onset, and decreases rapidly, then is sustained at low level for several months (42–44). The rapid early decay was shown to be caused by the short half-life of serum antibodies and by the short life of antibody-secreting cells; the maintenance of neutralizing antibody titers was supported by long-lived plasma cells to produce long-term antibodies (45). Further follow-up will be needed to confirm whether the specific Nab titer against D614G is maintained or not.

Interestingly and surprisingly, Nab titers against the three VOCs did not decrease until 6-8 months post onset (Figure 3B), possibly indicating that Nabs that recognize common epitopes were produced after infection, were selected for survival and sustained for a long time, while Nabs that recognized specific epitopes for a variant were produced in greater numbers after infection and decreased rapidly. Our results may reflect the increasing neutralizing breadth of antibodies which recognize common epitopes among VOCs (46–48). Importantly, SARS-CoV-2 RNA and proteins were detected in intestinal enterocytes several months post onset (46). These persisting viral antigens may stimulate memory B cells continuously. Then, B cells that produce neutralizing antibodies targeting the common epitope among variants can undergo further maturation in germinal center and as a result, produce high-affinity antibodies several months later. B cells that produce neutralizing antibodies targeting the common epitope among variants can undergo further maturation in germinal center and as a result, produce high-affinity antibodies several months later. Simultaneously, low-affinity antibodies disappear over time (48). Similar to our study, other study also showed that sera from convalescent patients infected with the ancestral SARS-CoV-2 maintained the cross-neutralizing antibody titers against B.1.1.7, P.1 and B.1.351 variants (49). Additionally, they compared cross-neutralizing activity in sera from convalescent patients infected with the ancestral strain, B.1.1.7, B.1.351 or B.1.617.2 SARS-CoV-2 variants. It was shown that the sera of convalescent patients infected with the ancestral strain maintained higher level of cross-neutralizing antibody titers than those infected with the other VOCs. The increasing neutralizing potency and breadth will help us develop effective hyper immunoglobulin and monoclonal variant-resistant antibodies like sotrovimab, which targets the surface of the RBD not overlapping with the ACE2 binding site and neutralizes B.1.1.7, P.1, B.1.351, and other variants (2). Neutralizing antibodies that recognize a common epitope for variants may be kept for a long time. SARS-CoV-2 specific functional CD 4+ T cell has also an important role to help the long lived S-specific B cell to produce high-affinity antibodies (50, 51). Recent study showed that mild COVID-19 patients induced fewer but functionally superior B cell than critical patients with mechanical ventilation (52). The diversity of B cell might be brought by CD4+ T cell. Further follow-up would be required to clarify the mechanism to get the long-lived immunity and cross-neutralizing activity against VOCs.

We should be careful in interpreting the meaning of ND. It remains unclear how much Nab titer determined by our method is required to protect reinfection. In this study, we did not examine whether fragment crystallizable (Fc) portions worked to recruit immune cells or serum complement as effectors. Some studies have shown that the Fc-mediated effector function of neutralizing antibodies against SARS-CoV-2 was essential for optimal therapy (53, 54). Therefore, the recoverees with low titer or ND in our study may still be protected against reinfection or severe disease after infection. Furthermore, we need to evaluate not only humoral immunity but also cell-mediated immunity. Cell-mediated immunity might be obtained because few mutations in the T-cell epitope of VOCs are known (41, 55), although L452R mutation, which is present in some variants (B.1.167 and B.1.427/429), escapes from HLA-24 cell-mediated immunity (56). Therefore, even if the neutralization activity falls below the detection limit in the long term, convalescent COVID-19 patients might be protected from VOCs.
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The rise of SARS-CoV-2 variants has made the pursuit to define correlates of protection more troublesome, despite the availability of the World Health Organisation (WHO) International Standard for anti-SARS-CoV-2 Immunoglobulin sera, a key reagent used to standardise laboratory findings into an international unitage. Using pseudotyped virus, we examine the capacity of convalescent sera, from a well-defined cohort of healthcare workers (HCW) and Patients infected during the first wave from a national critical care centre in the UK to neutralise B.1.1.298, variants of interest (VOI) B.1.617.1 (Kappa), and four VOCs, B.1.1.7 (Alpha), B.1.351 (Beta), P.1 (Gamma) and B.1.617.2 (Delta), including the B.1.617.2 K417N, informally known as Delta Plus. We utilised the WHO International Standard for anti-SARS-CoV-2 Immunoglobulin to report neutralisation antibody levels in International Units per mL. Our data demonstrate a significant reduction in the ability of first wave convalescent sera to neutralise the VOCs. Patients and HCWs with more severe COVID-19 were found to have higher antibody titres and to neutralise the VOCs more effectively than individuals with milder symptoms. Using an estimated threshold for 50% protection, 54 IU/mL, we found most asymptomatic and mild cases did not produce titres above this threshold.




Keywords: COVID-19, variants of concern, correlates of protection (CoP), international standard, disease severity, 20/136, IU/mL



Introduction

SARS-CoV-2 is the causative agent of the COVID-19 pandemic, resulting in more than 200 million cases and over 4 million deaths (1). Since the start of the outbreak in late 2019, the extensive sequencing of circulating virus has revealed the gradual evolution of variants, emerging independently in many countries around the world. Coronaviruses are enveloped viruses with single-stranded positive-sense RNA genomes ranging from 26 to 32 kilobases in length. SARS-CoV-2 is a member of the β-coronavirus genus which also comprises SARS-CoV (2) and Middle East respiratory syndrome coronavirus (MERS-CoV) (3). As the pandemic progressed, a number of single amino acid mutations in the Spike protein were detected, such as D614G and A222V. The D614G mutation was found to increase the density of Spike protein on virions and infectivity (4). The rise of variants in circulation containing several mutations in the viral genome altered several properties of the virus (5). According to several criteria including, increased transmissibility, mortality or morbidity, and the ability to evade natural immunity, these variants have been designated as either Variants of Interest (VOI) or Variants of Concern (VOC). Mutations found in the N-terminus and receptor-binding domain (RBD) of the Spike protein are associated with immune evasion (6–8). For instance, the E484K mutation in the RBD in several VOCs has been reported to cause up to a ten-fold reduction of neutralisation (9), while the more recent L452R mutation found in B.1.427/B.1.429, a VOC originally detected in California, USA, resulted in a 4 fold reduction (10). Antibodies generated from prior infection or vaccination against the initial virus may provide reduced protection against new variants, giving rise to subsequent waves of infection in regional populations previously impacted by earlier COVID-19 outbreaks (11–13).

The first notable SARS-CoV-2 variant was linked to an outbreak on a mink farm in Denmark, resulting in a culling program to mitigate risk of spreading (14, 15). Referred to as Cluster 5 or B.1.1.298, several different groups of mutations were identified, with the most abundant population containing missense and deletion mutations on the Spike; 69/70del, Y453F and D614G. Shortly after, in September 2020, a new variant was detected in the United Kingdom designated B.1.1.7 (Alpha) which was reported to be more transmissible (16, 17). In December 2020, the rise of a new variant designated as B.1.351 (Beta) was detected in South Africa. This new variant has the E484K mutation in the Spike protein that is believed to have a strong impact on antibody evasion (9). A variant designated P.1 (Gamma) was detected in Manaus, Brazil, which also harboured mutations similar to B.1.351, and has been reported to also evade antibodies in previously infected individuals (11, 13, 18). Most recently, the B.1.617.2 (Delta) variant originating from India has rapidly expanded in many countries (19), becoming the dominant VOC in the United Kingdom (20) and shows reduced neutralisation against vaccination (21, 22). There are currently several VOIs that are being monitored by the WHO, including the B.1.617.1 variant (Kappa), with the list constantly being updated. It is of high importance to assess the effectiveness of antibodies from individuals who have recovered from natural infection, as this would allow us to ascertain whether natural infection from the early Wuhan virus isolates, herein referred to as ancestral strain, may offer protection against the newly circulating VOCs, as well as assessing the efficacy of neutralising antibodies generated from vaccines. Having this information would be very informative to develop our understanding of SARS-CoV-2 immune correlates of protection (Figure 1), since neutralising antibody levels are predictive of immune protection (23, 24).




Figure 1 | Importance of using the World Health Organisation International Standard serum. To prevent laboratory to laboratory variability between assays, the International Standard was created to standardise results which would allow for cross laboratory comparisons. With gradual accumulation of data, this would permit further analysis into determining correlates for protection against SARS-CoV-2.



Here, we assessed antibodies in sera from convalescent Health Care Workers (HCWs) and patients who were infected during the first wave in the United Kingdom in early 2020. Using well defined and cross validated lentiviral based pseudotyped viruses bearing the ancestral Spike protein from SARS-CoV-2, B.1.1.298, VOI; B.1.617.1 (kappa), and VOCs; B.1.1.7 (Alpha), B.1.351 (Beta), P.1 (Gamma) and B.1.617.2 K (Delta). We also included the B.1.617.2 K417N variant informally named as Delta Plus (Table 1). Pseudotype virus neutralisation assays were performed, reporting IC50 values in International Units (IU) according to WHO recommendations (29).


Table 1 | Summary of VOC/VOIs used in this study.





Materials And Methods


Tissue Culture

Human Embryonic Kidney 293T/17 (HEK293T17) cells were maintained in DMEM with 10% foetal bovine serum, 1% penicillin/streptomycin and incubated at 37°C and 5% CO2.



Serum Collection

Serum and plasma samples were obtained from HCWs and patients referred to the Royal Papworth Hospital, Cambridge, UK (RPH) for critical care (Table 2). COVID-19 patients hospitalised during the first wave and as well as NHS healthcare workers working at RPH served as the exposed HCW cohort (Study approved by Research Ethics Committee Wales, IRAS: 96194 12/WA/0148. Amendment 5). NHS HCW participants from the Royal Papworth Hospital were recruited through staff email over the course of two months (20th April 2020-10th June 2020) as part of a prospective study to establish seroprevalence and immune correlates of protective immunity to SARS-CoV-2. Patients were recruited in convalescence either pre-discharge or at the first post-discharge clinical review. All participants provided written, informed consent prior to enrolment in the study. Sera from NHS HCW and patients used in this study were collected between July and September 2020, approximately three months after they were enrolled in the study. Clinical assessment and WHO criteria scoring of severity for both patients and NHS HCW was conducted following the ‘COVID-19 Clinical Management: living guidance (https://www.who.int/publications/i/item/WHO-2019-nCoV-clinical-2021-1). Scoring is based on progression of respiratory disease and cardiovascular collapse: 1=asymptomatic, 2=mild disease, 3=moderate pneumonia, 4 = severe pneumonia, 5=adult respiratory distress syndrome, 6=sepsis, 7= septic shock.


Table 2 | Cohort demographic and severity score classification.



For cross-sectional comparison, representative convalescent serum and plasma samples from seronegative HCWs, seropositive HCWs and convalescent PCR-positive COVID-19 patients. The serological screening used to classify convalescent HCW as positive or negative was done according to the results provided by a CE-validated Luminex assay detecting N-, RBD- and S-specific IgG (30), a lateral flow diagnostic test (IgG/IgM) and an Electro-chemiluminescence assay (ECLIA) detecting N- and S-specific IgG. Any sample that produced a positive result by any of these assays was classified as positive. The clinical signs of the individuals from which the sample was obtained ranged from 0 to 7 according using the WHO classification described above. Thus, the panel of convalescent serum samples (3 months post-infection) were grouped in three categories: a) Patients (n=38); b) Seropositive Staff (n=24 samples); and c) Seronegative Staff (n=39). Age, sex and symptom severity score is shown in Table 1.



Generation of Spike Expression Plasmids

The ancestral strain SARS-CoV-2 Spike expression plasmid (pcDNA3.1+) is based on the Wuhan-Hu-1 sequence and was kindly gifted by Professor Xiao-Ning Xu, Imperial College, London. Mutations of each variant sequence were identified via website databases NexStrain (31), Pango Lineages (32, 33) and Centre for Disease Control (CDC) (34). The P.1 variant Spike expression plasmid (pEVAC) was synthesised commercially (GeneArt) with a 19 amino acid C-terminus truncation to increase yields in pseudotyped virus production. The Spike expression plasmids of B.1.1.7 (pI.18), B.1.351 (pI.18) and B.1.1.298 (pcDNA3.1+) were generated in-house by site directed mutagenesis. B.1.617.1 (pcDNA 3.1+) and B.1.617.2 (pcDNA 3.1+) Spike plasmids were kindly donated by Dalan Bailey, Pirbright Institute, G2P Consortium. B.1.617.2 K417N was generated in house by site directed mutagenesis. All plasmids were sequenced to verify successful generation of mutations.



Pseudotype Virus Generation

We generated pseudotyped viruses (PVs) bearing the Spike protein of the SARS-CoV-2 Wuhan Type and VOCs as previously described (35). Briefly 1000ng of p8.91 HIV Gag-pol, 1500ng of pCSFLW luciferase and 1000ng of SARS-CoV-2 Spike plasmids were resuspended in Opti-MEM and mixed with FuGENE HD (Promega) at a 1:3 ratio. Transfection complexes were then added dropwise in T-75 culture flasks containing HEK293T/17 cells with replenished fresh DMEM at 70% cell confluency. The culture media was harvested 48 hours post transfection and filtered through a 0.45µm cellulose acetate filters. PVs were then titrated and aliquoted for storage at -70°C.



Pseudotype Virus Titration

The day prior to titration, HEK293T/17 cells were transfected with human ACE-2 (pcDNA 3.1+) and TMPRSS2 (pcDNA 3.1+) expression plasmids using FuGENE HD, to render cells permissible to PVs bearing the SARS-CoV-2 Spike protein. On the day of titration, 100µL of undiluted PV supernatant was serially diluted 2-fold down white F-bottom 96-well plates in 50µL of DMEM. HEK293T/17 cells expressing ACE/TMPRSS2 were added at 10,000 cells per well. Plates were incubated for 48 hours at 37°C and 5% CO2. After incubation, the media was aspirated, and cells were lysed using Bright-Glo reagent (Promega) and luminescence was measured using a GloMax luminometer (Promega). PV entry was measured based on relative luminescence units per ml (RLU/ml).



Neutralisation Assays

Pseudotype microneutralisation assays (pMN) were carried out as previously described (36). Briefly, human convalescent serum was mixed with DMEM at a 1:40 input dilution and serially diluted 2-fold to 1:5,120 in a white F-bottom 96 well plate. PVs were added at a titre around 5x106 RLU/ml in each well. Plates were incubated for one hour at 37°C and 5% CO2, followed by addition of HEK293T/17 cells expressing ACE2/TMPRSS2 at 10,000 cells per well. Plates were incubated for 48 hours prior to assaying with Bright-Glo reagent. Each experiment was performed alongside either the NIBSC 20/162 calibrant, HICC-pool 2 and HICC-pool 3, internal calibrants generated from a pool of serum samples from patients. IC50 values below 1:40 dilution were considered negative.



Calculation of International Units From IC50 Values

IC50 values were calculated for the neutralisation assays based on 4-parameter log-logistic regression dose response curves. These curves were fit using AutoPlate (Palmer et al, under review) and the R package drc (37). Before converting IC50 values into International Units we demonstrated that the assumption of parallel lines was met for different calibrants against each tested variant. For each variant we fit two models one allowing each calibrant to have its own IC50 value and its own gradient and one where a single gradient was shared between calibrants. These two models were compared using an ANOVA test.

After demonstrating parallelism between internal calibrants and the WHO International Standard, we calculated the units of our calibrants. The WHO International Standard (NIBSC code 20/136) has a potency of 1000 IU/ml for neutralising antibody activity after reconstitution. We determined the International Units of our internal calibrants against the ancestral virus and VOCs as a ratio of the calibrant’s potency relative to 20/136.

	

To convert the IC50 of samples to International Units, we calculated the sample’s potency as a ratio relative to that determined for the internal calibrant.

	

For measurements where the IC50 dilution was less than the minimum tested dilution (1:40) the IC50 value was set to zero. To avoid these samples dominating calculation, 1 was added to all values when calculating geometric means for IC50 dilutions and International Units.

International Units allow neutralisation measured in one laboratory against a specific strain to be compared with that measured in a different laboratory. However, it cannot be used to compare neutralisation between different variants.



Statistical Methods

Dose response curves were fit to pMN data using AutoPlate software (Palmer et al, under review). To identify escape mutants, we compared how easily different variants could be neutralised by convalescent sera from patients and previously infected HCWs. Sample potency (IC50) was compared between each variant and the ancestral strain using a paired one-sided Wilcoxon signed rank test in R (38, 39). Our one-sided test assumed that the ancestral strain was more potently neutralised than the other VOCs.

We compared neutralisation (IU/ml) by our patient and previously infected HCW cohorts of each VOC using an unpaired test, Wilcoxon rank sum test (38, 39). We used a one-sided test which assumed that patients would show greater IC50 values.

We also tested whether the difference in IC50 between patients and previously infected HCWs was the same for different variants. For this we fit a linear mixed model in `lme4` (40) predicting the natural log of the IC50 based on cohort and the variant being neutralised. A random intercept was used to account for measuring each sample against five variants. Only measurements with detectible neutralisation were included in this analysis. After filtering out non-neutralising measurements and log transformation, visual investigation of the residuals showed no trends or violations of the assumption of normality. We also fit a second model with an interaction to allow the effect of cohort to differ between variants. The significance of this interaction was assessed by comparing the two models using an F-test based on the Kenward-Rodger correction (41).

Finally, we investigated how disease severity was related to IC50 in all variants for samples with detectible neutralisation. For this we used a linear mixed model similar to the one described above but using WHO clinical COVID-19 severity scores on the combined group of HCWs and patients.




Results


Neutralisation Responses to Circulating SARS-CoV-2 Variants

To assess the neutralisation activity of antibodies in convalescent serum from patients (n=38) and previously infected, seropositive HCWs (n=23), pMN were conducted with PVs bearing the ancestral Spike or VOCs (Figure 2). Compared to the neutralisation titres against PVs bearing the ancestral Spike, we observed the following geometric mean fold changes in neutralisation titres: B.1.1.298: 1.1 fold decrease, B.1.1.7: 1.8 fold decrease, B.1.617.2 K417N: 3.1 fold decrease, B.1.617.2: 4.8 fold decrease, B.1.617.1: 4.9 fold decrease, P.1: 8.2 fold decrease and lastly, B.1.351: 8.3 fold decrease. Our data shows that VOCs P.1 and B.1.351 have the greatest decrease in neutralisation, consistent with previous reports (12). We also report that the VOI B.1.617.1 and B.1.617.2 VOC are similarly neutralised. Lastly, we found that the K417N mutation in the B.1.617.2 Delta Plus increased the neutralisation titres compared to B.1.617.2 delta VOC.




Figure 2 | Neutralisation of SARS-CoV-2 pseudotypes by convalescent Serum from seropositive hospital patients and health care workers. Neutralisation assays were carried out using pseudotypes expressing either ancestral spike or B.1.1.298, B.1.1.7, B.1.617.2 K417N, B.1.617.2, B.1.617.1, P.1 and B.1.351. Data is presented in order of increasing fold changes (values in brackets) against the ancestral strain, revealing that VOCs B.1.351 and P.1 have the largest fold decreases (8.2 and 8.3 fold decrease respectively. Wilcoxon signed rank tests were used for statistical analysis between ancestral strain and each VOC (p = <0.001). Black lines denote geometric means. Blue circles represent samples derived from patients, red circles represent samples derived from previously infected healthcare workers. ***p=<0.001).





Sub-Cohort Analysis Reveals Increased Antibody Neutralisation Titres in Patients

Sub-cohort analysis was used to evaluate antibody titre between patients and healthcare workers (HCWs). The results reveal that the patients (n=38) had more potent neutralising antibodies against all variants that previously infected HCWs (n=23) (Figure 3) (p<0.001). The geometric mean of IC50 values of previously infected HCWs against the ancestral strain was closest to that of non-infected HCWs (n=36) for B.1.351 and P.1 variants. These data suggest that VOC B.1.351 and P.1 are less sensitive to neutralising antibodies found in individuals with a history of asymptomatic infection or mild disease. We used the WHO International Standard to convert all IC50 values into IU/ml to allow for inter-laboratory comparison (Table 3). Due to differing immunoreactivities, each of the variants were independently calibrated to the International Standard. VOI B.1.617.1 and VOCs B.1.617.2 and VOC B.1.617.2 K417N IC50 values were not calibrated as we were unable to demonstrate parallelism between the curves as described in the methods section.




Figure 3 | Neutralisation titres split by well defined patient and healthcare worker cohorts. When neutralisation titres were split into cohorts of patients, previously infected HCWs and non-infected HCWs, we observe higher neutralisation titres amongst patients across all variants. ANOVA tests were used for statistical analysis between the cohort groups (p = <0.001). Black lines denote geometric means. Geometric means are reported above the datasets. ***p=<0.001.




Table 3 | Sub-cohort geometric means and interquartile ranges expressed in international units (IU/ml).





Disease Severity Correlates With Antibody Neutralisation Titres

We wanted to observe the correlations between disease severity of infected individuals and antibody neutralisation titres against the ancestral strain of SARS-CoV-2. The IC50 titres were converted into IU/mL and graphed against the clinical COVID-19 severity scores to allow for reproducibility and to compare against an estimated 50% protective threshold defined in literature at 54 IU/mL (95% CI 30-96 IU/mL) (23). Our data shows a clear relationship between disease severity and neutralisation potency against SARS-CoV-2 (Figure 4A and Table 4). We also observed 23 samples having neutralising antibody titres below the predicted 50% protective threshold, most of which have a disease severity score from 1 to 3. All samples tested above 4 on the severity score have neutralising antibody titres above the predicted 50% protective threshold.


Table 4 | COVID-19 disease severity scores geometric means and interquartile ranges expressed in International Units (IU/ml).





Disease Severity Correlates With Higher IC50 Titre Across the VOIs and VOCs

Finally, we tested whether IC50 was correlated with the WHO clinical criteria of COVID-19 severity and if this relationship was the same for all VOCs (Figure 4B). COVID-19 severity was significantly correlated with IC50, although this relationship did not differ between VOCs (severity F(1, 43.2)=18.5, p<0.0001; interaction F (7, 249)=1.29, p=0.26). As before the IC50 values were log transformed. Note that this means we tested proportionate, rather than absolute decrease in neutralising IC50.




Figure 4 | COVID-19 disease severity is associated with increased neutralising antibody titres. IC50 titres from patients and HCWs were converted into IU/ml and plotted against the severity of COVID-19 disease using a scoring system. Using pseudoviruses expressing the ancestral spike, we observed a correlation between severity of COVID-19 and neutralisation potency, reaching a plateau at severity scores 4 (severe pneumonia) to 7 (septic shock) (A). Asymptomatic individuals had the lowest titres of nAbs. Blue circles represent samples derived from patients, red circles represent samples derived from previously infected healthcare workers. To compare IC50 titres from pseudotypes expressing all VOCs spike, IC50 was used as the units of neutralisation as IU/ml does not allow for comparisons against variants (B).






Discussion

The COVID-19 pandemic has resulted in multiple nationwide lockdowns and renewed efforts to accelerate vaccination programs around the globe. There is a strong urge to return to normality to mitigate further damage to livelihood and economies. Several governments have lowered or dropped COVID-19 restrictions, such as mandatory masks and reopening of bars and restaurants, instead relying on the high vaccination rate of their population to keep cases and hospitalisations low. While there is growing evidence that in the few countries with progressive immunisation programmes there is currently decreasing clinical cases and hospitalisation, relieving pressure on health care infrastructure, there remains a concern that the VOCs may continue to circulate and evolve resistance to vaccine induced immunity. Several reports from Israel found an increased incidence of vaccine breakthrough by the B.1.351 amongst vaccinees (42) and also by B.1.1.7 (43), of which the latter VOC accounted for 94.5% of SARS-CoV-2 isolates in Israel. As a result, understanding the role of pre-existing natural immunity in reducing disease severity is a key factor for informing policies of governments eager to reopen their economies.

The emergence of variants has become a significant issue. One of the first variants, B.1.1.298 also known as the mink variant, contained a unique mutation, Y453F, in the RBD, which was found to enhance ACE2 binding affinity (44). There are several reports that showed a decrease in neutralisation capabilities of antibodies generated by either infection or vaccination with the ancestral wild type against the B.1.1.298 variant, which is consistent with our data (45, 46). Nevertheless, due to the massive culling of mink in farms in Denmark, it is widely believed that the incidence of spillover of this variant from mink to humans has been largely eliminated.

The B.1.1.7 variant was the most prevalent circulating VOC in the United Kingdom, until being recently surpassed by B.1.617.2 (20). The clinical significance of B.1.1.7 was initially uncertain (46–49). Several studies have investigated whether B.1.1.7 escapes immune evasion from antibodies generated by vaccination (50, 51). Overall, most studies have shown a modest decrease in neutralisation from single and double vaccinations against B.1.1.7 (46, 47, 49, 51, 52). In our study, the largest reduction in neutralising antibody titres were with P.1 and B.1.351 variants, both of which have a mutational landscape comprising of several amino acids known to affect ACE2 binding and neutralisation (9, 12, 46, 47, 53, 54). This substantial reduction in neutralisation titres displayed by P.1 and B.1.351 remains to be of concern. This level of immune evasion may lead to susceptibility of reinfection, as has been reported in 3 patients from Brazil with respect to the P.1 variant (11, 13, 18), and increased likelihood of vaccine breakthrough (42, 55). For now, these two VOCs remain to be the most evasive variants to neutralising antibodies.

The rise of new B.1.617 lineage has resulted in the detection of several sublineages; B.1.617.1, B.1.617.2 and B.1.617.3, of which B.1.617.2 has become the dominant variant in circulation. More recently the K417N mutation was detected in B.1.617.2 in several sequences from Nepal. Our results show that convalescent sera from first wave infected individuals were able to neutralise, albeit with reduce titres, B.1.617.1, B.1.617.2 and B.1.617.2 K417N. In addition, the K417N mutation appears to increase the neutralisation efficiency compared to the original B.1.617.2. The degree of protection against infection to these variants by antibodies derived from ancestral SARS-CoV-2 infection is difficult to gauge, as the neutralising titres were closer to that of B.1.351 or P.1, known to have had reinfection cases, compared to B.1.1.7. Furthermore, several studies have reported similar reductions in neutralisation against variants from the B.1.617 lineages (21, 22, 56–58). One study has reported significant numbers of vaccine breakthroughs by B.1.617.2 in fully vaccinated HCW in three different hospitals in Dehli, India (22). The authors also observed an increased viral load in these cases, highlighting the fact that the rapid replication rate of B.1.617.2 variant may contribute to vaccine breakthrough by overwhelming an already established immune response.

Standardisation in the reporting of data is critical for comparison of data in different populations and countries and to harmonise assay to assay and lab to lab variability, which will be vital in informing national and international public health policies around the world (59). Here we report our findings in International Units through the use of the WHO International Standard for anti-SARS-CoV-2 Immunoglobulin (NIBSC code: 20/136) comprising a pool of 11 convalescent plasma sourced from the first wave of global infections, when the circulating SARS-CoV-2 sequences were relatively genetically homogeneous. These sera were also analysed in a previous study, that aimed to assess a multitude of different binding assays of which the results were then standardised using the WHO International Standard (60). One of the main questions regarding the antiviral neutralising antibody responses remains: what are the immune correlates of protection against SARS-CoV-2 infection? One study has estimated a neutralisation level of approximately 54 IU/mL based on vaccinated populations which was denoted in Figure 4A (23). Whilst severity of COVID-19 disease has already been correlated with neutralising antibody titres (61–66), a lack of a standardised unitage for neutralisation titres means that it is not possible to compare the datasets with current or future correlate of protection predictions. In contrast to those studies, we standardised our neutralisation results into IU/mL, using sera obtained from first wave of SARS-CoV-2 infections in the UK of which each donor had been assigned a WHO COVID-19 clinical score, allowing us to observe neutralisation titres from each grade of the clinical score. After standardisation, our data in IU/mL was compared with the estimated 54 IU/mL provided by Khoury et al. (23), which revealed that asymptomatic and several mild cases from first wave infections are below the estimated 50% level of protection. This does not necessarily mean that these individuals would be reinfected, but rather that their risk of reinfection may be more elevated.

There are several limitations and caveats that are important to mention. Most notably, Khoury et al. clearly stated that the 54 IU/mL estimate, the first of its kind for SARS-CoV-2, was based on aggregation of datasets using diverse neutralisation assays and vaccine clinical trial designs which did not use calibrated assays, and asserted that future standardisation was key to defining correlates of protection (23, 67). Whilst studies have analysed the degree of correlation between different assays, it is difficult to account for inter-laboratory variation (60). Furthermore, our study only examines a single component of the immune response, and several other markers can be used as correlates of protection such as T cell or B cell responses, of which currently there is no estimated nor defined unitage that correlates with protection. Lastly, a limitation of the WHO International Standard is that it cannot be used to compare data derived from neutralisation assays against different variants due to their individual calibration to the International Unit, based on differing immunoreactivities of the viruses. Whilst calibration can be carried out for variants, assuming parallelism is met during calibration of the curves, the data would be considered standardised and remains comparable to data generated from other laboratories against the same variant. For these reasons, our neutralisation data is kept in IC50 when comparisons between variants were made.

In summary, this data, expressed in IU/ml, represents a benchmark “pre-vaccine” standardised dataset comparing infected individuals with different disease outcomes. This will allow multiple laboratories to compare neutralisation potencies calibrated against the WHO International Standard for each studied variant. The continual use of the Standard by various laboratories could greatly increase our ability to establish benchmarks, or thresholds of correlates of immunity against different variants. The next steps involve expanding this standardised data to immunised individuals for comparison of neutralising antibodies in convalescent, versus infected and vaccinated individuals against the different VOCs and establishing thresholds of protection against circulating variants to inform national and international vaccine programmes.
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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), that spread around the world during the past 2 years, has infected more than 260 million people worldwide and has imposed an important burden on the healthcare system. Several risk factors associated with unfavorable outcome were identified, including elderly age, selected comorbidities, immune suppression as well as laboratory markers. The role of immune system in the pathophysiology of SARS-CoV-2 infection is indisputable: while an appropriate function of the immune system is important for a rapid clearance of the virus, progression to the severe and critical phases of the disease is related to an exaggerated immune response associated with a cytokine storm. We analyzed differences and longitudinal changes in selected immune parameters in 823 adult COVID-19 patients hospitalized in the Martin University Hospital, Martin, Slovakia. Examined parameters included the differential blood cell counts, various parameters of cellular and humoral immunity (serum concentration of immunoglobulins, C4 and C3), lymphocyte subsets (CD3+, CD4+, CD8+, CD19+, NK cells, CD4+CD45RO+), expression of activation (HLA-DR, CD38) and inhibition markers (CD159/NKG2A). Besides already known changes in the differential blood cell counts and basic lymphocyte subsets, we found significantly higher proportion of CD8+CD38+ cells and significantly lower proportion of CD8+NKG2A+ and NK NKG2A+ cells on admission in non-survivors, compared to survivors; recovery in survivors was associated with a significant increase in the expression of HLA-DR and with a significant decrease of the proportion of CD8+CD38+cells. Furthermore, patients with fatal outcome had significantly lower concentrations of C3 and IgM on admission. However, none of the examined parameters had sufficient sensitivity or specificity to be considered a biomarker of fatal outcome. Understanding the dynamic changes in immune profile of COVID-19 patients may help us to better understand the pathophysiology of the disease, potentially improve management of hospitalized patients and enable proper timing and selection of immunomodulator drugs.
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Introduction

Since late 2019, COVID-19 pandemic has spread all around the world, causing over 5,5 million deaths (1). Despite extensive vaccination efforts, the limited vaccine supply in low-income countries, the vaccine hesitancy, the emergence of new virus variants and the waning of postvaccination protection leave the world still far from reaching herd immunity (2–4). Consequently, the healthcare system of many countries is seriously overwhelmed by recurrent pandemic waves of the virus.

The clinical spectrum of COVID-19 can range from asymptomatic cases (tested positive for SARS-CoV-2 without clinical symptoms), through mild (various mild symptoms without dyspnea or signs of pneumonia on chest imaging) and moderate cases (signs of pneumonia without the need of oxygen supplementation), to severe (signs of pneumonia with oxygen saturation < 94% on room air, PaO2/FiO2 < 300 mmHg, respiratory rate > 30 breaths/minute, or lung infiltrates affecting more than 50% of the lung parenchyma) and critical cases (respiratory failure, septic shock, multiple organ failure) (Table 1) (5). A model of 3 stages of COVID-19 was suggested (6). Stage I represents early infection, that can progress to stage II, i.e., pulmonary stage without (IIa) or with hypoxia (IIb), and in a minority of patients further progressing into the most severe stage (III) associated with systemic hyperinflammation (6).


Table 1 | Categories of COVID-19 disease course in relation to the severity of the illness.



Although several risk factors are recognized to be associated with severe or critical disease due to SARS-CoV-2 infection, COVID-19 may occasionally threaten the life of previously healthy young people. In general, patients with advanced age, men, those with chronic diseases (especially arterial hypertension, diabetes, obesity, chronic lung disease, heart, liver and kidney diseases, malignant tumors, selected immunodeficiencies) and pregnant women, are more prone to develop severe or critical COVID-19 (7).

Furthermore, a spectrum of biochemical and hematological parameters was suggested as markers of disease progression. Poor clinical outcome was associated with lymphopenia, thrombocytopenia, neutrophilia, elevated neutrophil-to-lymphocyte ratio, elevated D-dimer, CRP, PCT, CK, AST, ALT, creatine and LDH (8, 9). Longitudinal changes in energy metabolism were also described as a factor of disease progression (10).

The immune system plays a crucial role in the pathogenesis and pathophysiology of COVID-19. In early stages, its role is indisputable in the host defense against the virus, while it acts as an important driver of worsening and progression of the disease to the most severe stages. Therefore, early recognition of COVID-19 symptoms as well as the immune response (dysfunction) could be important for proper timing and the choice of adequate treatment (6).

In search of potential biomarkers and to better understand the immunological and pathophysiological mechanisms driving the disease, several authors have analyzed the immune profile of COVID-19 patients (11–18). As a follow-up on our previous observations (11), we analyzed the differences in the immune profile of hospitalized COVID-19 patients in relation to the disease course and the clinical outcome. We focused on longitudinal changes in the expression of activation and inhibitory molecules, including rarely reported NKG2A on CD8+ and NK cells.



Patients and Methods

This was a single-center observational study. We analyzed the immune profile of 823 adult COVID-19 patients (Table 2) hospitalized in the Martin University Hospital, Martin, Slovakia, during the period March 2020 – August 2021. Assessed parameters included differential blood cell counts, serum concentration of immunoglobulins IgG, IgA, IgM, IgE and complement components C3 and C4, flow cytometric phenotyping of lymphocyte subsets (CD3+, CD4+, CD8+, CD19+, NK), IRI (immunoregulatory index, CD4+/CD8+), expression of selected activation markers (CD38 on CD8+ cells, HLA-DR on CD3+ cells, CD38 and HLA-DR co-expression on CD8+ cells) and inhibitory markers (CD159/NKG2A) on CD8+ and NK cells) (Figure 1).


Table 2 | Characteristics of patients included in the study and the summary of the therapeutic approaches.






Figure 1 | Representative flow cytometry plots of lymphocyte activation and inhibitory markers expression. Expression of CD38 and HLA-DR on CD8+ cells (A), expression of NKG2A/CD159 on NK cells (B), expression of NKG2A/CD159 on CD8+ cells (C).



The conventional flow cytometry was used according to the following procedure. The full blood of all patients was collected in collection tubes with EDTA. Fluorescence labeled monoclonal antibodies against selected antigens were added to cell suspensions: tetraCHROME 1 (CD45-FITC/CD56-RD1/CD19-ECD/CD3-PC5), tetraCHROME 2 (CD45-FITC/CD4-RD1/CD8-ECD/CD3-PC5), CD16-PE, CD3-FITC, anti-HLA-DR-PE, CD4-PC5, CD45-FITC, CD45RO-PE, CD8-ECD, CD38-PC5, CD159A-PC7) (Beckman Coulter, CA, USA) and samples were incubated in the dark at optimal laboratory temperature for 30 minutes. Analysis of the cell surface expression was performed using a DxFLEX flow cytometer (Beckman Coulter, CA, USA). Isotype controls with irrelevant specificities were used as negative controls.

All parameters were examined on admission and after one week (except for serum concentration of immunoglobulins and complement, which were measured on admission only). Patients were enrolled continuously without any selection bias, enrolled patients were not aware of previous SARS-CoV-2 infection. The period of the patient enrolment corresponded to the circulation of the wild-type virus, Alpha, Beta, Gamma and Delta variant strains in Europe (19). Wild-type and especially Alpha variants were dominant in Slovakia during the whole period, except for July and August 2021, when Delta variant spread in Slovakia (20).

Patients were divided into 5 groups according to the severity of their COVID-19 (5). Group A (n=103) consisted of patients with mild to moderate COVID-19 course (without the need of oxygen supplementation), group B (n=383) included patients with severe COVID-19 (bilateral pneumonia with hypoxemic respiratory failure), group C (n=90) comprised patients with critical course of COVID-19 (hospitalization in ICU with invasive or non-invasive ventilation support), group D (n=206) consisted of deceased COVID-19 patients and group E (n=41) included patients tested positive for SARS-CoV-2 hospitalized for a different non-respiratory condition. Median time to death from admission to the hospital in group D was 10 days (IQR 5, 15). All patients were followed until recovery and the classification was made with respect to the overall course of hospitalization.

For each parameter, we analyzed differences among groups A – E, differences between survivors hospitalized due to COVID-19 (groups A – C) and non-survivors (group D) and the changes over time in survivors (groups A – C) and non-survivors (group D). We did not include patients of group E in comparisons between survivors and non-survivors due to the heterogeneity within this group and a potentially significant impact of the main comorbidity, which lead to the hospitalization, both on the immune profile as well as on the clinical outcome. In addition, ROC curves and multiple logistic regression analyses were performed to examine if any of the parameters could be considered as (an) independent risk factor(s) for the fatal outcome of COVID-19.

Results were calculated with GraphPad Prism version 9.2.0 for Mac, GraphPad Software, San Diego, California USA, www.graphpad.com. Non-parametric versions of statistical tests were applied (Kruskal-Wallis, Mann-Whitney test, and Wilcoxon rank-sum test).

The study was approved by the local Ethical Committee (Decision No. EK UNM 77/2020, EK JLF UK 74/2021).



Results


COVID-19 Non-Survivors Have Significantly Lower Concentration of IgM and C3 on Admission to the Hospital

As compared to groups A and B, patients in group C had significantly decreased concentration of IgG on admission (Figure 2A). No further differences were observed in serum IgG, IgA, IgM, IgE or C3, C4 concentration across the different patient groups on admission. However, comparisons between survivors (groups A – C) and non-survivors (group D) revealed significantly lower concentrations of IgM and C3 in non-survivors on admission. (Figures 2B, C).




Figure 2 | Differences in the serum concentration of IgG (A) among groups A – E (Kruskal-Wallis test), differences in the serum concentration of IgM (B) and C3 (C) between survivors [S] and non-survivors [N] (Mann-Whitney test) on admission to the hospital. *p < 0.05.





Fatal Outcome Is Associated With a Further Decrease in the NK Cell Counts

On admission, COVID-19 severity correlated with leukocytosis, neutrophilia, lymphopenia, thrombocytopenia and eosinopenia (Figures 3A–H and Table 3). Over time, survival was accompanied by a significant increase in the total number of platelets and all leukocyte subsets, except for neutrophils. In contrast, fatal outcome was associated with a significant increase only in the number of platelets and neutrophil, eosinophil and basophil counts, while the total number of lymphocytes remained low during the first week of hospitalization (Figures 4A–H and Table 3).




Figure 3 | Differences in the total number of leukocytes (A), concentration of hemoglobin (B), total number of platelets (C), neutrophils (D), lymphocytes (E), monocytes (F), eosinophils (G) and basophils (H) among groups A – E on admission to the hospital, Kruskal-Wallis test. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.




Table 3 | Results of differential blood cell counts and basic lymphocyte subsets in survivors (groups A – C) and non-survivors (group D) on admission to the hospital and after one week of hospitalization.






Figure 4 | Differences in the total number of leukocytes (A), concentration of hemoglobin (B), total number of platelets (C), neutrophils (D), lymphocytes (E), monocytes (F), eosinophils (G) and basophils (H) among groups A – E after one week of hospitalization, Kruskal-Wallis test. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



Severity of lymphopenia on admission reflected in the depletion of all lymphocyte subsets, mostly CD3+, CD4+ and CD8+ cells (Figures 5A–F and Table 3). Over time, there was a significant increase in all lymphocyte subsets, except for NK cells in survivors. In contrast, only CD19+ cells increased in non-survivors, while NK cell counts further decreased (Figures 6A–F and Table 3).




Figure 5 | Differences in the total number of lymphocyte subpopulations measured by flow cytometry – CD3+ cells (A), CD19+ cells (B), CD4+ cells (C), CD8+ cells (D), IRI (immunoregulatory index CD4+/CD8+) (E), NK cells (F) among groups A – E on admission to the hospital, Kruskal-Wallis test. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.






Figure 6 | Differences in the total number of lymphocyte subpopulations measured by flow cytometry – CD3+ cells (A), CD19+ cells (B), CD4+ cells (C), CD8+ cells (D), IRI immunoregulatory index CD4+/CD8+) (E), NK cells (F) among groups A – E after one week of hospitalization, Kruskal-Wallis test. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.





Non-Survivors Have Higher Proportion of CD8+CD38+ Cells and Lower Expression of CD159/NKG2A on CD8+ and NK Cells on Admission

On admission, as well as after one week of hospitalization, there were no significant differences in the expression of the activation marker HLA-DR on CD3+ cells nor in the co-expression of HLA-DR and CD38 on CD8+ cells between survivors and non-survivors. Similarly, no significant differences were observed in the proportion of CD4+CD45RO+ cells.

Non-survivors had a significantly higher proportion of CD8+CD38+ cells on admission as well as after the first week of hospitalization (Figures 7A, D) and significantly lower expression of CD159/NKG2A on CD8+ and NK cells on admission, when compared to survivors (Figures 7B, C), however, no significant differences in CD159/NKG2A expression were seen after the first week (Figures 7E, F).




Figure 7 | Differences in the proportion of CD8+CD38+ cells on admission (A) and after one week (D), CD8+NKG2A+ cells on admission (B) and after one week (E) and NK NKG2A+ cells on admission (C) and after one week (F) between survivors [S] and non-survivors [N], Mann-Whitney test. **p < 0.01; ***p < 0.001; ****p < 0.0001.



While the proportion of CD3+HLA-DR+ and CD8+CD38+ HLA-DR+ cells (Figures 8A, B) significantly increased in survivors over time, the proportion of CD8+CD38+ cells significantly decreased (Figure 8C). Although changes in these parameters in the group of non-survivors followed the same trend, they were not significant (Figures 8D–F).




Figure 8 | Changes over time in the proportion of CD3+HLA-DR+ cells (A), CD8+CD38+HLA-DR+ cells (B) and CD8+CD38+ cells (C) in survivors; and changes over time in the proportion of CD3+HLA-DR+ cells (D), CD8+CD38+HLA-DR+ cells (E) and CD8+CD38+ cells (F) in non-survivors during the first week of hospitalization, Wilcoxon rank-sum test. **p < 0.01; ****p < 0.0001.





Combinations of Selected Variables Have Better Prognostic Potential

We further investigated the prognostic potential of the examined parameters (survival versus death). To this end, we analysed ROC and calculated the AUC values for each parameter on admission and after one week of hospitalization. Except for several parameters measured after one week (the total number of lymphocytes, CD3+ and CD4+ cells), AUC values for other examined parameters were low both on admission as well as after one week (Table 4). Better results were achieved with combinations of selected variables (Tables 5, 6).


Table 4 | Area under the ROC curve (AUC) values for examined parameters on admission and after one week.




Table 5 | Area under the ROC curve (AUC) values for combination of selected variables on admission.




Table 6 | Area under the ROC curve (AUC) values for combination of selected variables after one week.






Discussion

In the present study, we focused on the analysis of the immune profile in hospitalized COVID-19 patients on admission and its changes over time. Except for already well described observations in the blood cell counts and basic lymphocyte subsets (11, 12, 15, 18, 21–35), we examined the expression of selected activation and inhibitory markers. We found a significantly lower expression of CD159/NKG2A on CD8+ and NK cells and a significantly higher expression of CD38 on CD8+ cells on admission in COVID-19 non-survivors. Over the first week of hospitalization in survivors, we observed a significant increase in HLA-DR expression on CD8+ and CD3+ cells and a significant decrease in the expression of CD38 on CD8+ cells. We did not find any prediction markers of fatal outcome.

Although COVID-19 predominantly affects the respiratory system, various other organs can be affected, associated and/or reflected in changes in humoral, immunological as well as hematological parameters. Leukocyte count abnormalities are commonly reported in COVID-19 patients (21, 24–30). Our findings concerning differential blood cell counts are in accordance with previously published data (11, 12, 15, 21–33). Severity of COVID-19 correlated mostly with the severity of thrombocytopenia, leukocytosis/neutrophilia, and lymphopenia. While eosinopenia is one of the laboratory hallmarks of COVID-19 infection (27), unlike our results, a pooled analysis (36) did not observe any difference in eosinophil count between severe and non-severe COVID-19 patients. Lymphopenia reflects in the depletion of lymphocyte subsets to various extent. The decrease in the total number of all lymphocyte subsets correlating with increasing severity of the disease is in line with other published results (34, 35).

Several authors suggested that COVID-19 is associated with dysregulated immune response. With respect to this, not only changes in the absolute count of lymphocyte subsets, but also differences in their functional status must be considered (11, 12, 15, 17). Dysregulated and uncoordinated innate immune response in older age (37, 38) might be associated with unsuccessful virus elimination in early stages of infection and subsequent excessive inflammation (15). Persistent excessive inflammatory responses with overactivation of lymphocyte subsets and subsequent cell exhaustion, anergy and apoptosis could explain the disease course in patients with critical disease (39). While increased expression of inhibitory molecules in cancer and chronic infection is referred as immune paralysis, their role in acute infection is still unclear and may potentially have both harmful and beneficial effects. Well-established balance between the expression of activation and inhibitory markers might be crucial (40). Mathew et al. (17) described prolonged T-cell activation during COVID-19 compared to other viral infections, what might reflect failing down-regulation of immune responses and possibly lead to cytokine storm.

NK cells and CD8+ cells, being responsible for killing virus-infected cells, represent an essential part of anti-viral immunity. If not appropriately regulated, their response can lead to the serious tissue damage. Several mechanisms, including expression of activation and inhibitory molecules, are responsible for such regulation (41).

NKG2A is a cell surface molecule expressed mostly by NK cells and activated CD8+ cells. As a heterodimer NKG2A/CD94, it binds to HLA-E and transduces inhibitory signals (42), its blockade was therefore considered in cancer treatment (43). Although inhibitory receptors in chronic viral infections are in general associated with T cell exhaustion and viral spreading (44), it was shown, that during an acute viral infection, NKG2A is necessary to counterbalance overactivation, prevent apoptosis, sustain the specific CD8+ cell response (45), and has tissue-protective effects (41).

CD38 and HLA-DR are, besides their other functions, associated with cell activation during immune response. The level of CD8+ cell activation depends on their combination (46). Co-expression of HLA-DR and CD38 in acute viral infection is associated with high proliferation, cytotoxicity and viral clearance (47). However, during chronic infection, this highly activated phenotype is later related to the loss of their functions, immune exhaustion and activation-induced cell death. In contrary, CD8+CD38–HLA-DR+ cells, despite their lower activation status, were associated with increased ability to suppress viral replication and overall better control in HIV patients (46). In relation to COVID-19, it was shown, that two different subpopulations of CD8+CD38+HLA-DR+ cells are present in COVID-19 patients. The subset of CD8+CD38hiHLA-DR+ T cells was considered overactivated with diminished effector function, prone to apoptosis, related to immune dysregulation, systemic inflammation and tissue injury in severe COVID-19 patients (48).

We found a significantly higher proportion of CD8+CD38+ cells in non-survivors compared to survivors both on admission and after one week. At the same time, proportions of CD8+NKG2A+ cells as well as NK NKG2A+ cells on admission were significantly lower in patients with fatal outcome. During hospitalization, we observed a significant increase in HLA-DR expression on both CD3+ and CD8+ cells in survivors, while the proportion of CD8+CD38+ cells in this group significantly decreased. Although such trend was also seen in non-survivors, differences were not significant. These results might point to unbalanced inhibition – activation status in patients with fatal outcome of COVID-19.

To date, little attention has been paid to CD159/NKG2A in relation to COVID-19. Increased expression of CD159/NKG2A in COVID-19 patients compared to healthy controls was reported by Zheng et al. (49), proportion of CD8+ and NK cells expressing CD159/NKG2A decreased during the disease course (49). Based on Zheng’s results (49), it was speculated that functional exhaustion of cytotoxic cells is responsible for impaired anti-viral response (50). Our results, pointing to better outcome of COVID-19 in individuals with higher expression of CD159/NKG2A on CD8+ and NK cells, support rather its protective role than functional exhaustion in acute viral infections.

The expression of various other inhibitory receptors on different lymphocyte subpopulations was studied in detail in COVID-19 patients (40). In general, upregulation of PD-1, TIM-3 and LAG-3 correlated with the disease severity in COVID-19 patients and was assigned to the lymphocyte exhaustion (11, 13, 39, 51–54). Less consistent evidence of association with COVID-19 disease severity is available for other inhibitory receptors TIGIT, BTLA, CTLA-4, VISTA and CD224 (52, 55–58). Importantly, increased expression of inhibitory receptors on lymphocytes in acute infection does not necessarily negatively affect their functionality and it also correlates with expression of activation markers (59, 60). The consequences of upregulation of inhibitory receptors may reflect compensatory counterbalance and should therefore be carefully considered in a complex way.

The possible role of CD38 in the pathogenesis of COVID-19 was recently highlighted by Horenstein et al. (61). CD38 has multiple functions. It induces secretion of various cytokines and regulates the migration of immune cells to the site of inflammation. In addition to operating as a signalling receptor and a marker of immune cell activation, CD38 possesses a nucleotidase enzymatic activity. The products of its enzymatic activity can contribute to the cytokine storm and lung immunopathology. It is also involved in cell adhesion and uncontrolled activation of immune cells could therefore contribute to lymphopenia and thrombosis (61).

Several studies examined T cell activation in the settings of various acute viral infections. In addition to the activation of virus-specific T cells, acute viral infections trigger the activation of T cells specific to persistent herpesvirus infection, that might contribute to both anti-viral immune response and virus associated immunopathology (62).

The peak of CD38 and HLA-DR expression corresponded to expected culmination of adaptive immune response during acute HBV, dengue and influenza infection (62). While increased T cell activation was reported in more severe disease (63, 64), the adenoviral infection was associated with only a slight increase in the activation of T cells (3.5%) compared to healthy controls (2.5%) (62). In contrast to mild influenza patients, T cell activation (expression of CD38 and HLA-DR) in severe influenza patients was delayed and/or exaggerated and associated with accumulation of partially differentiated cells suggesting disturbed migration of the effector cells to the site of infection (63).

Proportions of CD8+CD38+ HLA-DR+ and CD8+CD38+ cells were significantly increased in dengue fever patients compared to healthy controls. During the convalescent phase, CD8+CD38+HLA-DR+ cells, but not CD8+CD38+ cells, significantly decreased. Interestingly, despite maintaining their effector functions, impaired in vitro production of IFN- γ was detected and attributed to prevention of excessive inflammation (64).

Increased proportion of CD8+CD38+ cells on admission and after the first week of hospitalization in non-survivors in our study could potentially result from initial higher viral load. Both direct virus damage and exaggerated CD8+ activity can contribute to excessive tissue damage with further consequences. Thevarajan (65) described an increase in the co-expression of HLA-DR and CD38 on CD8+ T cells before clinical recovery in a patient with COVID-19 (65), what is in line with our findings of a significant increase in HLA-DR expression on CD3+ and CD8+ cells over the first week in survivors and suggests the importance of HLA-DR in reaching the control over acute viral infections. Conflicting results regarding the expression of activation markers were published by other authors (39, 66), what could possibly be explained by differences in compared groups, captured disease stage, therapeutic approaches, as well as various definitions of severity of the disease.

We observed significantly lower serum concentrations of IgM and C3 in non-survivors compared to survivors. Similarly to our previous study (11), there was a decreasing trend towards lower serum IgG concentration with increasing severity of COVID-19, deceased patients had surprisingly higher concentrations of IgG compared to critically ill patients. Lower concentration of IgM and significantly higher concentration of IgG and C3 in severe compared to non-severe cases were reported previously (15, 34).

Although severe COVID-19 elicited robust production of specific IgM and IgA antibodies in both COVID-19 survivors and non-survivors, decreased IgG response with impaired function of these antibodies was seen in non-survivors (67). In contrast, a meta-analysis found significantly higher specific IgG and IgA antibodies and slightly lower specific IgM in patients with severe COVID-19 (18). Disproportionate IgG subclass response with an increased binding to the inflammatory receptor FcγRIIIa was also reported (68).

Overactivation of the complement system, mainly C3a and C5a, participates in the pathophysiology of severe COVID-19 and is expected to contribute to the development of the cytokine storm, endothelitis as well as thromboembolic events (69). Patients, whose disease was associated with uncontrolled complement activation and consumption of C3, were more likely to die compared to patients with complement activation without consumption (70).

Although several reports of favorable outcome of COVID-19 in patients with primary antibody deficiency were published (71, 72), IgG-deficient patients presented with a more severe disease course and a higher risk of complications and death in a German study (73). Low IgG levels could be associated with an increased risk of nosocomial superinfections complicating disease course.

It was shown, that selected parameters of immune profile (total number of lymphocytes, CD4+, CD8+, CD19+) might be used as predictors of severe COVID-19, with AUC values > 0,75 (34, 74). In our study, none of examined parameters alone had sufficient sensitivity nor specificity to discriminate between survivors and non-survivors, the highest AUC values were obtained for lymphocyte and neutrophil counts and the total number of CD3+, CD4+ and CD8+ cells. However, unlike other studies (34, 74), we focused on discrimination between COVID-19 survivors and non-survivors, not severe and non-severe COVID-19 cases. As we have reported, patients with critical (group C) and fatal (group D) disease course did not differ significantly in most examined parameters. The lack of significant differences between these two groups let us speculate about possible space for therapeutic intervention.

Several applied therapeutic approaches could have an impact on observed immune signatures and the disease outcome. Although first samples were collected on admission, prior to administration of medications with such potential, samples after one week are expected to be affected. Moreover, due to evolving recommendations, some of therapeutic approaches changed over time. Regarding therapeutic strategy, major differences were seen when comparing groups A, E with groups B, C and D (Table 2). Although relatively high proportion of group A and E patients were treated with systemic corticosteroids, which are, in general, indicated for severe and critical COVID-19 (75), they were used for various different indications (e.g.asthma or COPD exacerbations) in these two groups.

Antivirals can decrease the viral load (76) and therefore impact the whole interaction of the virus and the immune system. Selected immunomodulators (e.g systemic corticosteroids, interleukin-1, interleukin-6 and JAK-inhibitors) were gradually added to the COVID-19 therapeutic repertoire and are used to mitigate excessive inflammatory responses associated with the disease progression (75). Among our patients, we mostly used dexamethasone and baricitinib.

In a French study, a low dose of dexamethasone in COVID-19 patients with ARDS was associated with more profound immune dysfunction on day 1 (lower expression of HLA-DR on monocytes and lower CD4+ cell counts) but also prevented fever and shortened the mechanical ventilation duration. Over the first week, the lymphocyte and CD4+ cell counts significantly increased in patients treated with dexamethasone. No significant increase in these cell counts and a significant decline in monocyte HLA-DR expression was confirmed in dexamethasone untreated group (77). Another transcriptomic preprint study analyzed the bronchoalveolar lavage fluid in ARDS patients with or without COVID-19, treated or untreated with dexamethasone. The use of dexamethasone in COVID-19 ARDS did not affect the expression of key pro-inflammatory genes, however interferon-stimulated genes were particularly upregulated in COVID-19 ARDS patients untreated with dexamethasone. Administration of dexamethasone in COVID-19 ARDS patients on the other hand lead to upregulation of genes related to B-cell and complement activation, antigen presentation, phygocytosis and FC-gamma receptor signalling (78).

The impact of baricitinib use on immune profile in COVID-19 patients provided Bronte et al. (79) Baricitinib restored the total number of circulating T and B cells and increased antibody production against the SARS-CoV-2 protein, but did not affect NK cells, neutrophils nor activated CD8+ cells (79).

However, our study was not designed to assess the influence of immunomodulator medication, which was administered to our patients at different time points during the hospitalization with respect to current guidelines, availability of the medication and the progression of the disease, regardless collection of the initial and control blood samples.

Among limitations of this study, we can mention the absence of the non-infected healthy control group, unbalanced group sizes, lacking group of non-hospitalized COVID-19 patients and the fact, that only two measurements (on admission and after one week) were included. Moreover, the time between the onset of the infection and hospital admission was variable, what could potentially impact results. It could be beneficial to correlate immune profile with viral load, however, but this information was not available for all patients.

COVID-19 pandemic allowed the scientists worldwide to study innate and acquired immune responses towards natural viral infection in details. Our results show that analysis of the immune profile on admission may be helpful in monitoring and prediction of the disease course in hospitalized COVID-19 patients. As none of examined parameters alone was able to predict the disease outcome with sufficient sensitivity and specificity, it is necessary to assess immune parameters in a more complex way, together with another clinical and laboratory predictors.
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A relevant portion of patients with disease caused by the severe acute respiratory syndrome coronavirus 2 (COVID-19) experience negative outcome, and several laboratory tests have been proposed to predict disease severity. Among others, dramatic changes in peripheral blood cells have been described. We developed and validated a laboratory score solely based on blood cell parameters to predict survival in hospitalized COVID-19 patients. We retrospectively analyzed 1,619 blood cell count from 226 consecutively hospitalized COVID-19 patients to select parameters for inclusion in a laboratory score predicting severity of disease and survival. The score was derived from lymphocyte- and granulocyte-associated parameters and validated on a separate cohort of 140 consecutive COVID-19 patients. Using ROC curve analysis, a best cutoff for score of 30.6 was derived, which was associated to an overall 82.0% sensitivity (95% CI: 78–84) and 82.5% specificity (95% CI: 80–84) for detecting outcome. The scoring trend effectively separated survivor and non-survivor groups, starting 2 weeks before the end of the hospitalization period. Patients’ score time points were also classified into mild, moderate, severe, and critical according to the symptomatic oxygen therapy administered. Fluctuations of the score should be recorded to highlight a favorable or unfortunate trend of the disease. The predictive score was found to reflect and anticipate the disease gravity, defined by the type of the oxygen support used, giving a proof of its clinical relevance. It offers a fast and reliable tool for supporting clinical decisions and, most important, triage in terms of not only prioritization but also allocation of limited medical resources, especially in the period when therapies are still symptomatic and many are under development. In fact, a prolonged and progressive increase of the score can suggest impaired chances of survival and/or an urgent need for intensive care unit admission.
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Introduction

A new strain of coronavirus is responsible for the outbreak of a pandemic that, by January 6, 2022, has caused 5,462,631 deaths worldwide and reached over 296 million cases of infection (1). The disease caused by severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2), known as coronavirus disease 2019 (COVID-19), is the third documented spillover of an animal coronavirus to humans in the last two decades causing serious disease (2). It created an emergency that, at the beginning, was especially difficult to control in highly prevalent areas, including the Lombardy region in Italy. On February 21, 2020, the first SARS-CoV-2-infected patients were admitted to Luigi Sacco hospital in Milan, one of the two national reference centers for infectious disease. The dramatic increase in new infections and subsequent hospitalizations urgently required a drastic reorganization of the healthcare system, especially the need to admit the growing number of patients in the intensive care unit. The medical emergency continued during patient hospitalization as no effective specific treatment approaches were and are available yet. In the middle of the fourth wave of the COVID-19 pandemic, even though various preventive measures including effective vaccines and improved therapeutic management have been developed, we see the emergence of multiple SARS-CoV-2 variants and a non-reassuring picture of hospital admission rise. Now, as before, SARS-CoV-2-infected patients may be asymptomatic or may present mild symptoms such as fever, dry cough, nausea, asthenia, dysgeusia, anosmia, and myalgia (3–5). About 15% of them, however, can progress to a severe or critical form of the disease with an atypical pneumonia and a progressive respiratory impairment, which can eventually lead to a full-on acute respiratory distress syndrome and an overall fatal outcome (6).

One of the characteristic changes that were observed soon after the pandemic started is the atypical, for the viral infection, distribution of blood cell types in COVID-19 patients especially evident in those who are in severe or critical clinical conditions. Modifications of the number, size, shape, and nuclear and cytoplasmic composition detected in cellular populations of the peripheral blood of COVID-19 patients have been shown to be very dynamic and rapidly occur (7–9). Indeed, among laboratory tests for monitoring hospitalized COVID-19 patients, blood cell count (BCC) is frequently requested and modern hematological analyzers, besides well-known routine parameters, give access to novel ones, potentially useful for rapid monitoring of blood cell changes (10, 11). Brisou et al. (12) in 2014 reported that the LY-Y parameter seems to be crucial in B-cell disorders. Later, in 2017, Fundarena et al. (13) demonstrated the usefulness of lymphocytes’ (LY) positional parameters included in Sysmex XN to differentiate lymphoproliferative disorders. The parameters investigated, LY-X, LY-Y, LY-Z, LY-WX, LY-WY, and LY-WZ, were found to be very useful in detecting disease-associated hematological changes. Recently, several authors documented multi-lineage, morphological changes in circulating blood cells in COVID-19 patients (14). Lymphocytopenia was extensively reported by many as a feature of COVID-19 and a prolonged decline in the absolute LY count has been associated with disease severity and mortality (15). Fahlberg et al. (16) argued if changes in monocyte (MO) or neutrophil (NE) populations precede severe outcomes and if this could direct clinicians to select patients at risk of clinical deterioration. Martens et al. (17) investigated patients with COVID-19 in comparison with COVID-19-negative hospitalized patients affected by respiratory disorders. The former showed both quantitative and qualitative differences in leukocyte populations and a general increase of all hemocytometric markers of activation. In particular, in patients with COVID-19, in addition to an evident imbalance of the LY and NE counts, both cell populations demonstrate enhanced fluorescence signal, which, for NE, is expressed by the NE-SFL (side fluorescent light) parameter, and highly fluorescent lymphocyte cell (HFLC) is the parameter for LY. In both cell populations, enhanced fluorescence activity reflects their status of activation, the measure of which in COVID-19 patients seems to be promising in the prediction of adverse outcome and an independent predictor for mechanical ventilation and death (18). In addition to NE and LY changes, it was observed that in some COVID-19 patients rapid mobilization of neutrophils creates a great demand of new mature cells at the cost of shortening the maturation time of myeloid progenitors (19) and spill-over of immature granulocytes (IG) into the peripheral blood (20).

Overall, this evidence supports a panhemocytometric approach to COVID-19 monitoring: lymphopenia, neutrophilia, and abnormal/activated cells are observed from the onset and appear to have discriminatory capabilities to target patients in mild or critical conditions. More important, their temporal changes may predict disease trajectory.

Armed with this knowledge, we have hypothesized if and what peculiar changes of blood cell parameters could be used in the development of the statistical model for monitoring and predicting COVID-19 severity and outcome in hospitalized patients. To confirm or reject the clinical relevance of this scoring model, we sought to determine whether the score can predict, the outcome, as well as the severity of the disease, referred by the type of the oxygen (OXY) therapy (symptomatic treatment) applied.

We show that the statistical model that we developed and the estimated cutoff severity score can be important and valuable elements in the clinical management of COVID-19 hospitalized patients, readily applicable in many diagnostic laboratories equipped with modern hematological analyzers.



Results


Characteristics of Study Cohorts

Table 1 displays demographic and medical history data for the evaluated populations. In addition to the male proportion, significantly lower in the validation cohort, this group showed a longer hospital stay (on average, 3 weeks vs. 2 weeks) and a 2-day later admission to the hospital from symptom onset. For the rest of the characteristics evaluated, no significant differences were found between the two cohorts.


Table 1 | Baseline characteristics of the evaluated cohorts.





Selection of Predictors

The final selection included the following parameters: LY%, HFLC%, IG_ABS, NE-SFL, and LY-Y (for a detailed description of the statistical analysis, see SupplMat 001). All the selected variables show a peculiar fluctuation over time in patients who survived in comparison with non-survivors (Figure 1), and except for HFLC%, all meet statistical significance. LY% is the most significant (p < 0.0001) parameter associated with the clinical status of patients during hospitalization. Median values and distribution of WBC-related parameters considered for establishing the model according to COVID-19 outcome are shown in Table 2.




Figure 1 | Moving averages of median of multiple measurements of LY%, IG_ABS, HFLC%, the fluorescent light intensity of the neutrophil area on the leukocyte differential (WDF) scattergram (NE-SFL), and the fluorescent light intensity of the lymphocyte area on the WDF scattergram (LY-Y), measured in COVID-19 patients according to days from symptom onset. Solid blue triangles and empty orange squares indicate non-survivors and survivors, respectively. ch, channel-arbitrary units of light scattering.




Table 2 | Comparison of all leukocyte-derived parameters evaluated in the study according to the outcome of COVID-19 patients in the development cohort.





Model Derivation, Best Score Cutoff, and Validation of the Predictive Score

Score computing coefficients were based on a logistic regression analysis as follows: linear predictor (LP) = −9.807 + 3.776*IG_ABS − 0.141*LY% − 0.541*HFLC% + 0.224*NE-SFL −0.008*LY-Y, and the score was derived accordingly:

	

The ability of the score to correctly classify patient outcome (survivors vs. non-survivors) was evaluated using all patients’ daily data. At the receiver operating characteristic (ROC) analysis, the area under the curve (AUC) was 0.903 (95% CI: 0.887–0.919), and at a score cutoff of 30.6, a 82.0% sensitivity (95% CI: 78–84) and a 82.5% specificity (95% CI: 80–84) were obtained. The same score cutoff at the day of outcome showed a sensitivity of 95.8% (95% CI: 83–98) and a specificity of 96.0% (95% CI: 92–98). By applying the best cutoff value derived by the ROC curve, we found that the score could start to predict the poor outcome on average 2 weeks before the end of the hospitalization period. Figure 2A displays all daily scores for all patients included in the derivation cohort according to the outcome. Since the hospitalization period among patients was different, the daily scores were depicted in relation to the outcome day (death or hospital discharge). The estimated score trajectories for survivors and non-survivors did not overlap, and approximately 2 weeks before the outcome started to diverge. We evaluated the difference between the score trends of the two groups of patients by means of an individual growth model estimated with random-intercept mixed models. Particularly, the significance of the difference between the two curves was estimated as the simple effect of group at −30, −15, and 0 days to outcome. Results confirmed that curves were statistically different (p < 0.001) in all three moments [−30, F(1, 1,595.3) = 32.9, −15, F(1, 365.1) = 37.9, and outcome day, F(1, 336.2) = 540.3]. Figure 2B displays score results in the validation cohort. In this group, score trajectories did not show statistical difference 30 days before the outcome [F(1, 673.5) = 0.11, p = 0.742], but showed a marked statistical difference at −15 [F(1, 219.5) = 41.6, p < 0.001] and at the outcome day [F(1, 213.2) = 320.2, p < 0.001]. In particular, in the validation cohort, the curves started to become statistically different 24 days before the outcome [F(1, 333.7) = 4.1, p = 0.044]. Based on these results, the score could effectively predict the patient’s outcome at least 2 weeks before the end of the hospitalization period.




Figure 2 | Dynamic profiles of proposed laboratory score in COVID-19 patients according to days to the outcome in the derivation (A) and in the validation cohort (B). Symbols indicate single patients’ daily score in survivors (empty orange squares) and non-survivors (solid blue triangles), respectively. Blue and orange lines represent trajectories of daily average score values in non-survivors and survivors, respectively, with the 95% confidence intervals displayed by the shaded area. The dashed line indicates the best cutoff for score (30.6).





Analysis of Severity

The score progression over time was compared across severity groups classified into “mild”, “moderate”, “severe”, and “critical” conditions according to the OXY therapy administered by first fitting an individual growth model estimated with random-intercept mixed models (Figure 3). The individual growth model was implemented with linear, quadratic, and cubic trend of days to outcome, and their interaction with severity group. The score progression over time was compared across severity groups (for a detailed description of the statistical analysis, see Supplementary Material). Groups were compared at 5, 15, and 30 days to outcome, estimating the overall differences due to the group variable. As regards cohort 1, at 5 and 30 days to outcome, we found a severity level overall effect to be statistically significant. As regards cohort 2, at 5 days to outcome, we found a severity level overall effect to be statistically significant and multiple comparisons showed that “critical” was statistically different from all the other three groups (all p < 0.001).




Figure 3 | Moving averages of median of score progression over time across severity groups for the assessment of the score values with the severity of patients based on the OXY therapy. Trend lines represent all the time points score measured in patients of the validation cohort according to the OXY therapy. Red line is for “critical” OXY therapy, which is continuous positive airway pressure (CPAP) or mechanical ventilation; green line is for “severe” OXY therapy, which is Venturi mask or reservoir mask; light blue line is for “moderate” OXY therapy, which is nasal-cannula; and purple line is for absence of OXY therapy, which is “mild”.






Discussion

In the first months of 2020, the epidemiological scenario of SARS-CoV-2 infection rapidly changed and eventually turned into a pandemic. Soon after the start of the outbreak, it became evident that for proper management of the hospitalized COVID-19 patients, a method was needed to assess the severity of the disease and the outcome. One of the characteristic changes for COVID-19 patients is the atypical, for the viral infection, distribution of cell types in peripheral blood. Taking into the consideration these changes and the availability of conventional and advanced parameters in modern hemoanalyzers, we aimed to develop an easy laboratory score based on both standard and novel hematological parameters to offer a fast predictor of the disease evolution in hospitalized patients and an efficient tool to sort patients into priority groups to determine how best to use scarce resources.

Preliminary data have suggested that the unusually high morbidity and mortality among SARS-CoV-2-positive patients could be associated with the deregulation of host immune responses, the biomarker of which is the dramatic drop of blood LY counts (21). Consistent with the observation that an effective immune response is crucial to counteract the infection, we focused on the hematological parameters reflecting the status of the immune system. To develop the COVID-19 severity prediction model, we took into consideration only the WBC-related parameters known to reflect their activation status or association with infection and/or inflammation: LY%, IG_ABS, HFLC%, NE-SFL, and LY-Y. As shown in Figure 1, all the selected variables show a peculiar fluctuation over time in patients who survived in comparison with non-survivors. LY% was found to be the most significant (p < 0.0001) parameter associated with the clinical status of patients during hospitalization. It is not a surprise, since LY play a pivotal role in clearing the virus and findings show that SARS-CoV-2-infection can lead to T-cell exhaustion, of which the LY% parameter is the direct reflection (22–24). The detection of IG in the peripheral blood of adults is always associated with the adverse effects of the infection, and it is indicative of an insult to the bone marrow caused by inflammatory reactions (25). We found that from the second week after the onset, IG_ABS was not only always higher in COVID-19 non-survivors in comparison with survivors but peaked several times in the former group. The parameter named HFLC% represents an abnormal cell population placed in the area above the MO and LY region, with high fluorescence intensity. In comparison with normal MO and LY, the increased size and fluorescence, which is a sign of high RNA content, both indicate an “atypical-reactive” population. Their detection in peripheral blood during infectious diseases mirrors the immune response and activation of the immune-competent cells. Previous studies (26, 27) showed the correlation between HFLC and activated B LY, and between HFLC and plasma cells in peripheral blood. By reflecting the activity of B cells, the parameter HFLC% was significantly increased in survivors in the second week after symptom onset, showing the potential for differentiating survivor vs. non-survivor patients.

The evident changes in the HFLC% parameter may reflect not only the intensity of the antibody production but also changes during which B cells become antigen-presenting cells (28). B cells are indeed fundamental in mounting rapid and efficient responses to soluble antigens and in promoting T-cell proliferation and cytokine production. The reason for which there is a lack of statistical significance in HFLC% parameter between survivors and non-survivors is the Cox model we used, which is more sensitive to variations close to the day of outcome. Although, in this way, the relevance of HFLC% parameter was likely to be underestimated in the model, its inclusion is important not only statistically but also biologically. NE are the most abundant circulating WBC and are regarded as the first line of defense of the innate arm of the immune system. However, these cells can also exhibit strong pro-inflammatory reactions if left uncontrolled (29, 30). The formation of granules and vacuoles rich in toxic mediators, closely related to the NE activity, significantly affects cellular changes in complexity and, therefore, the position of the population cluster in the BCC graph distribution, of which the NE-SFL value is the reflection. The signal SFL used by the hemoanalyzer indicates the amount of nucleic acids present in the cell and, as for the parameter HFLC, allows one to distinguish between resting cells from activated cells. Activated cells have a different membrane lipid composition and a greater activity in the cytoplasm, which, in turn, is due to an increase in nucleic acid content that gives a more intense fluorescent staining.

Our data have shown that COVID-19 patients who died experienced a significant increase (p < 0.004) in NE-SFL parameter, especially in the last days before death. In addition to the NE-associated parameter, NE-SFL, LY-Y also showed an increase in non-survivors 1 week before the patient’s death. The parameter LY-Y is the equivalent in LY of SFL for NE and, as the last one, it also reflects enhanced nucleic acid synthesis in LY that could be associated with the phenomenon called “cytokine storm” (31). The LY-Y value proportionally increases with the nucleic acid amount, which is the hallmark of activated/abnormal LYs and lymphoblasts, such that Cho et al. proposed this parameter to develop reflex testing rules for screening samples for microscopic examination and to facilitate the detection of abnormal lymphoid cells (32). Thus, it is not surprising that the LY-Y parameter increased the predictive ability of the score when included in the model.

Using the previously described parameters, we developed a model for deriving a laboratory score for predicting COVID-19 severity. By applying the best cutoff value derived by the ROC curve, we found that the score could start to predict the poor outcome on average 2 weeks before the end of the hospitalization period. It should be noted that, in the validation cohort, we found higher score values than the study cohort (Figure 2). This can be explained by the time during the pandemic when these patients were admitted to the hospital, i.e., the end of March. By that time, new daily cases in Milan started to suddenly increase, and this trend continued until May 2020. During the same period, thousands of patients were in need of intensive care. In this scenario, in contrast with the previous weeks, more critical cases were admitted to our reference hospital explaining the increase in average score values in hospitalized patients and the longer hospital stay as well as the slight but significant delay in hospital admission. Based on these results, we can argue that our model could effectively predict the patient’s outcome at least 2 weeks before the end of the hospitalization period.

The aim of our study was to develop a score that can predict not only the final outcome; we sought to develop the score that could be applied as a routine test able to reflect and anticipate the improvement or the worsening of the disease at any moment during the hospitalization. It is known that the most common COVID-19 symptom is dyspnea, which is often accompanied by hypoxemia. Patients with severe disease typically require supplemental OXY and should be monitored closely for worsening respiratory status. Enhanced respiratory support encompasses different OXY strategies from mild to severe according to OXY needs. Most hospitalized COVID-19 patients, in fact, did not have the same level of OXY support needed throughout the whole period of their hospitalization; instead, they went through “critical”, “severe”, “moderate”, and/or “mild” phases according to the symptomatic OXY therapy. In some cases, mild onset evolved into an acute, severe, or critical condition, which eventually improved, leading to a complete recovery, or remained critical until a fatal outcome is reached. As shown in one of the cases retrospectively analyzed (Figure 4), over the period of 45 days of hospitalization, the said COVID-19 patient went through different phases of disease severity, each of which had its corresponding type of OXY therapy. The graph shows that for the span of time it took the patient to clinically improve according to the OXY symptomatic therapy, the score was always above the calculated cutoff while it permanently gave values below the cutoff when the OXY symptomatic therapy was reduced. The patient, even if critical for several days, eventually recovered and the score could accurately predict the outcome. We can argue that from day 16, when the score started to be below or near the cutoff, reducing the OXY therapy and avoiding switching between continuous positive airway pressure (CPAP) and Venturi mask after several days could be considered. For the same reason, on day 24, when the score started to be half of the cutoff, further downgrading OXY therapy to the use of nasal-cannula only could be considered.




Figure 4 | Graphical representation of a COVID-19 patient over the time of 45 days of hospitalization that went through different phases of the disease severity according to the OXY therapy. The patient was considered to be in critical condition upon admission to the hospital and, according to this, supported by CPAP OXY therapy for 16 days (17 score time points—1 day had two BCC and then two scores). After clinical improvement, for the next 9 days (9 score time points), the OXY therapy was alternated between CPAP and a lower grade of support, as Venturi mask is. The patient further improved, and accordingly, the type of the OXY therapy changed to the nasal-cannula on day 28 till 5 days before the discharge when the patient did not require any OXY support. Score values are reported as labels. M. ventilation, mechanical ventilation; CPAP, continuous positive airway pressure.



This conclusion is supported by the results of the analysis of the relation between the OXY therapy and the score we measured in all patients of the validation cohort (Figure 4). Interestingly, we obtained four different trend lines that match the type of the OXY symptomatic therapy required, and the score calculated in that phase. It is important to underline that the trend lines do not reflect single specific patients but all the score values of all the patients investigated, classified according to the severity based on the OXY therapy applied. It can be noted that only “mild” and “critical” trend lines reach “day 0”, which represents the day of discharge or death, respectively. “Moderate” and “severe” trend lines stop a few days before the outcome because they reflect a transition to a different phase (lighter or heavier) of the disease, which precedes the outcome. Apparently, the “mild” and “moderate” trend lines show score values constantly below the cutoff, while the “critical” trend line is separate from the other three lines with score values almost always doubling the cutoff. The peculiar shape of the “critical” and “severe” trend lines combines and depicts two different groups of patients. The first half decreasing trend represents those patients who were, from the start, severely ill and who eventually improved and switched to a less aggressive OXY support till total recovery. The second half increasing trend represents those patients who, regardless of the medical approach, remained seriously ill or who suddenly worsened until a fatal outcome is reached. In order to catch these dramatic but very meaningful fluctuations, we did not base the scoring model on only one or a few time point measurements but all the available ones for each patient.

Even if major risk factors for COVID-19 severity have been determined, namely, advanced age, male sex, and presence of comorbidities such as cardiovascular disease, hypertension, diabetes, and obesity (33), when we included age in the model, the prediction ability of the score did not significantly improve. Also, pre-existing pathologies, comorbidities, or drug administration was deliberately not taken into consideration because we showed that the modeled score may provide independent information as it strongly reflects changes in immune-competent cells, which are mainly caused by the virus itself rather than by concomitant clinical conditions. For these reasons, our score has been developed without taking into consideration preexisting pathological conditions or other important variables like age and ongoing therapeutic interventions.

From March 2020, we constantly and repeatedly evaluated the association of the score with clinical conditions of COVID-19 patients admitted to our hospital. As expected, the score was predictive independently of the pandemic waves. In fact, regardless of new emerging variants or the introduction of vaccines, COVID-19 patients continue to suffer from the same respiratory, cardiovascular, renal, digestive, and neuronal virus-related problems, which, in turn, can all be ascribed to uncontrolled immune response (34). Since the combination of cellular parameters on which the score is based can reflect the capability of the immune system to respond to the infections, a high score always reflected a patient in critical condition and a low score always reflected a patient under mild conditions.

Similar to our approach, the use of novel hematological parameters in predicting COVID-19 severity was published (35–43). However, only few authors considered dynamic blood cell changes over different time points crucial in understanding, monitoring, and predicting the severity of the disease. Linssen and co-workers developed a prognostic score based on hematological parameters, but they model the score on the patients’ results during the first 3 days from the admission only to identify critical illness patients irrespective of the final outcome. The aim of our study was to develop a score that, regardless of BCC, could reflect and possibly anticipate any change occurring during the disease and that could modulate and detect the above-described meaningful fluctuations, as well as the final outcome. Additionally, our model combines the chosen variables into an algorithm that eventually releases a score value from 0 to 100, providing clinicians with a modulation of levels of seriousness that can also be translated into different levels of OXY support. In Figure 5, we graphically summarize the entire logical hypothesis of the study starting from the typical abnormal scattergram of a COVID-19 positive patient from which have been selected the 5 predictors of the score. The fluctuations of the 5 predictors over the time, have been captured into the score algorithm and the score values have been calculate in all COVID-19 patients investigated. As an example, we show the graphical representation of the score in a COVID-19 patient over the time of 45 days of hospitalization that perfectly matches with the OXY therapy administered. Then we can conclude that the score we derived can precede and reflect the course of the disease from the immunological point of view. Given the above, no scoring systems have been developed to date to monitor daily the disease severity and the chance of survival of hospitalized COVID-19 patients solely based on hematological parameters. The application of the dynamic changes in blood cells that occur during COVID-19 progression and the development of the score that predicts the severity of the disease, as we demonstrated, could help better manage hospitalized patients, and help in the identification of therapeutic interventions and monitoring of their efficacy. In addition to the OXY saturation, the repeated assessment of the score can easily direct clinicians to re-triage patients in order to optimize medical resources. Readily accessible parameters from modern hematological analyzers and the laboratory automation make our test easy to be applied in many laboratories for routine diagnostics. Additionally, it has no additional cost as the extraction of new parameters has already been performed from routinely requested hematological analyses.




Figure 5 | Graphical representation of the entire logical hypothesis of the study starting from the typical abnormal scattergram of a COVID-19-positive patient from which have been selected the 5 predictors of the score. The analysis of data of the five parameters gave the moving averages of median that can clearly show differences between survivors and non-survivors. The accurate statistical analysis provided the final score that has been combined to the severity of patients according to the symptomatic OXY therapy administered. Finally, the combination of all what above described into the graphical representation of a COVID-19 patient over the time of 45 days of hospitalization that went through different phases of the disease severity according to the OXY therapy that show the solid power of the score in representing, preceding, and explaining the course of the disease from the immunological point of view.





Materials and Methods


Study Design and Participants

We used BCC data obtained on a SYSMEX XN-series automatic hemoanalyzer acquired from two independent retrospective cohorts to develop and validate a laboratory score model for prediction of the survival and clinical severity in hospitalized COVID-19 patients. For model development, we used data from 1,619 BCCs from 226 COVID-19 patients, consecutively admitted to the L. Sacco hospital from February 21, 2020, to March 29, 2020. SARS-CoV-2 infection was confirmed by reverse transcriptase polymerase chain reaction testing of nasopharyngeal swab. No preexisting pathologies, comorbidities, or therapy administration were considered as exclusion criteria. Data were collected from the electronic hospital database. Medical records were reviewed to confirm the hospitalization outcome and clinical severity. For model validation, a second, independent cohort of 140 consecutive COVID-19 patients, with a total of 1,387 BCCs, was tested. The time point scores of patients from the second cohort were also classified as “mild”, “moderate”, “severe”, and “critical” according to the OXY therapy applied during the hospitalization. More precisely, patients were classified as “mild” when they were normally and autonomously breathing, “moderate” when patients’ oxygenation was supported by nasal-cannula, “severe” when patients’ oxygenation was supported by Venturi mask or reservoir mask, and “critical” when patients’ oxygenation was supported by CPAP or mechanical ventilation. The Institutional Review Board approved the study. To develop the prediction model, we took into consideration only the WBC-related parameters known to reflect cellular changes associated with an infection and/or an inflammation.



BCC Procedure

All evaluated hematological parameters were measured on peripheral blood samples collected in EDTA-K3 tubes (Beckton Dickinson, Franklin Lakes, NJ, USA), processed within 2 h from the sample collection on a Sysmex XN-series hematology system (Sysmex Co., Kobe, Japan), based on a three-module configuration working in parallel on the same track. Standard and research hematological parameters were collected from the eIPU software for further analyses. The XN platform determines red blood cell and platelet counts, and hematocrit by impedance technology, while white blood cell (WBC) count, leukocyte differential, nucleated red blood cell (NRBC), reticulocyte, and optical platelet counts are measured by flow cytometry. White and nucleated red cell (WNR) channel is used for WBC, NRBC, and basophil counts, whereas the WBC differential (WDF) channel is used for NE, LY, MO, eosinophils, and IG counts. Cells are also classified according to side scattered light (SSC) for cell complexity (NE-SSC, LY-X, and MO-X); side fluorescent light (SFL) for DNA or RNA content (NE-SFL, LY-Y, and MO-Y); and forward scattered light (FSC) for cell size (NE-FSC, LY-Z, and MO-Z). The obtained information based on SSC, SFL, and FSC is related to morphological and functional characteristics of the leukocyte subpopulations, such as cell proliferation and protein production, helpful to monitor blood cells’ response during immuno-inflammatory reactions. In our laboratory organization, the hematology test workflow relies on rule-based technical validation of results by means of a software component provided by Sysmex, named “extended information-processing unit” (eIPU). When fulfilling the rule set validation criteria, results are automatically released to the laboratory information system and then immediately forwarded to the clinical wards. All results not meeting the software-based validation criteria require the supervision of a hematologist who eventually confirms by microscopy the results obtained by the automatic analyzer.



Model Development

Standard and research hematological parameters were collected from the eIPU software for further analyses. To develop the prediction model, we took into consideration only the WBC-related parameters, known to reflect an infection and/or an inflammatory condition. These parameters included the following: NE absolute count and percentage (NE_ABS and NE%); LY absolute count and percentage (LY_ABS and LY%); MO absolute count and percentage (MO_ABS and MO%); IG absolute count and percentage (IG_ABS and IG%); highly fluorescent LY cell absolute count and percentage (HFLC_ABS and HFLC%); and parameters dealing with morphological and functional characteristics of the WBC subpopulations (NE-SSC, LY-X, MO-X, NE-SFL, LY-Y, MO-Y, NE-FSC, LY-Z, and MO-Z). All the WBC parameters dealing with the dispersion of median values related to the internal complexity (WX), RNA/DNA content (WY), and size (WZ), namely, NE-WX, LY-WX, MO-WX, NE-WY, LY-WY, MO-WY, NE-WZ, LY-WZ, and MO-WZ, were not considered. They denote the dispersion width of the cellular population with regard to size, cellular complexity, and fluorescence intensity, being a marker of coexistence of cells at different stages of differentiation.



Statistical Analysis

The proposed score was evaluated according to the following outcome: death during hospitalization (non-survivors) vs. hospital discharge after clinical recovery (survivors). Demographic, clinical, and laboratory characteristics were compared between patients classified into these two categories. Data were reported as percentages for categorical variables and median with interquartile range limits for quantitative variables. Differences between variables in different categories were assessed by applying chi-square test (categorical) and Mann–Whitney rank-sum test (quantitative). A Cox proportional hazard model with time-varying covariates was used to investigate the predictive ability of the selected parameters. To reduce the influence of random fluctuations in the parameters, the entire hospitalization period of each patient was divided into three intervals of equal length. Time periods were identified by days of stay for each patient. For patients with length of hospitalization shorter than 1 week, only one interval was defined. The score coefficients were obtained by using a logistic regression with the clinical outcome as dependent variable and the set of markers as independent variables. Logistic regression was used because it yields coefficients that are like the Cox hazard model but offers an easier way to compute a risk score on a daily basis. The overall statistical significance of the model was investigated by the likelihood ratio (LR) test and the Akaike’s information criterion (AIC), the former providing a test of the null hypothesis for the full model, and the latter giving information about the goodness of the fit of the model itself. To understand the stability of the scores, we performed a bootstrap re-sampling approach and computed the bootstrap percentile confidence intervals (CI). Each interval was at 95% confidence, using the 2.5th and 97.5th percentile of the bootstrap distribution obtained with 1,000 bootstrap samples. The best cutoff value for the score for predicting death was obtained from a ROC analysis, by choosing the value that maximized diagnostic accuracy. Trend lines, depicting dynamic changes of the scores calculated per day and per patient in the two groups (survivors vs. non-survivors) of both cohorts, were derived. Differences between the score curves of the two groups of patients were evaluated by an individual growth model estimated with random-intercept mixed models. The individual growth model was implemented with linear and quadratic trend of days to outcome, and their interaction with patient group. The score progression over time was compared across severity groups by first fitting an individual growth model estimated with random-intercept mixed models. The individual growth model was implemented with linear, quadratic, and cubic trend of days to outcome, and their interaction with severity group. Groups were compared at 5, 15, and 30 days to outcome estimating the overall differences due to the group variable. Each overall difference effect at different days to outcome was probed with Bonferroni correction pairwise comparisons. A p-value <0.05 denoted statistical significance. All statistical analyses were done using R software, version 3.6.3 (R Foundation for Statistical Computing, Vienna, Austria).
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Although it is now widely accepted that host inflammatory response contributes to COVID-19 immunopathogenesis, the pathways and mechanisms driving disease severity and clinical outcome remain poorly understood. In the effort to identify key soluble mediators that characterize life-threatening COVID-19, we quantified 62 cytokines, chemokines and other factors involved in inflammation and immunity in plasma samples, collected at hospital admission, from 80 hospitalized patients with severe COVID-19 disease who were stratified on the basis of clinical outcome (mechanical ventilation or death by day 28). Our data confirm that age, as well as neutrophilia, lymphocytopenia, procalcitonin, D-dimer and lactate dehydrogenase are strongly associated with the risk of fatal COVID-19. In addition, we found that cytokines related to TH2 regulations (IL-4, IL-13, IL-33), cell metabolism (lep, lep-R) and interferons (IFNα, IFNβ, IFNγ) were also predictive of life-threatening COVID-19.
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Introduction

The clinical phenotypes of severe acute respiratory syndrome type 2 (SARS-CoV-2) infection spans from asymptomatic or paucisymptomatic infection to critical or lethal Coronavirus disease 2019 (COVID-19). Epidemiological studies showed that being male or being elderly and certain medical conditions and co-morbidities, including obesity and hypertension, are risk factors for life-threatening COVID-19 (1, 2). However, even considering these factors, there is still a huge variability in the clinical outcome across infected individuals.

Multiple studies suggest that uncontrolled inflammation contributes to disease severity (3–5). Indeed, high levels of inflammatory markers, including D-dimer, which is a product of fibrin degradation, and lactate dehydrogenase have been observed in patients with severe disease (6). As a further proof that dysregulated inflammation contributes to disease severity, plasma levels of anti-inflammatory cytokines such as interleukin (IL)-1RA, IL- 10 and IL-19, were increased in pregnant women with asymptomatic or paucisymptomatic SARS-CoV-2 infection (7).

Nonetheless, in severe disease the levels of erythrocyte sedimentation rate (ESR) and C-reactive protein (CRP) were increased regardless of disease severity or presence of comorbidities (6). Procalcitonin was elevated in severe and critical patients. Neutrophilia was present in patients who progressed to acute respiratory distress syndrome (ARDS), and total lymphocyte count, and CD4+ T cells decreased in severe or critical patients (6). In addition, reduced monocyte counts, reduced T-cell functionality, monocyte dysfunctions, increased neutrophil-to-lymphocyte ratio have been described as important features of severe and critical COVID-19 (5, 8–10). However, routine clinical data are not yet sufficient to completely distinguish among COVID-19 severities and among COVID-19 and influenza or other similar respiratory diseases (4).

Alterations in plasma concentration of multiple cytokines, i.e. those released during the so-called cytokine storm, or hypercytokinemia, heavily contributes to disease progression (9–15). It has been shown that patients who did not survive presented significantly higher levels of interleukin (IL)-15 than those who recovered (16). Granulocyte-macrophage colony stimulating factor (GM-CSF) and IL-1α allowed to distinguish fatal COVID-19 from fatal influenza (4).

Since measuring an extended number of cytokines represents the best strategy to investigate complex pathologic conditions (17), the aim of our study was to evaluate the prognostic value of an extensive set of 62 plasma biomarkers measured at hospital admission to predict the risk of mechanical ventilation or death by day 28.



Methods


Study Design

This is a single-centre study, approved by the local Ethical Committee (Comitato Etico dell’Area Vasta Emilia Nord, protocol number 177/2020, March 11th, 2020) and by the University Hospital Committee (Direzione Sanitaria dell’Azienda Ospedaliero-Universitaria di Modena, protocol number 7531, March 11th, 2020). Eighty patients with severe or critical COVID-19 admitted at the Infectious Disease Clinics or Intensive Care Unit at University Hospital in Modena (Italy) in March-May 2020 were included in this study. Each participant provided informed consent according to Helsinki Declaration, and all uses of human material have been approved by the same Committees.



Blood Collection

Blood samples (up to 20 mL) were obtained, at hospital admission, after informed consent. Plasma was collected, centrifuged at 800 rpm for 20 minutes and stored at -80°C until use.



Quantification of Cytokine Plasma Levels

The plasma levels of 62 molecular species were quantified by using the Luminex platform (Human Cytokine Discovery, R&D System, Minneapolis, MN) and the following kits: Human XL Cytokine Luminex Performance Panel Premixed Kit (cat.no FCSTM18), Human Luminex Discovery Assay (cat.no LXSAHM-13), Human Luminex Discovery Assay (cat.no LXSAHM-05), all manufactured and distributed by R&D systems. The following molecules were quantified: APRIL, B-cell activating factor (BAFF), bone morphogenetic protein (BMP) 2, BMP4, BMP7, CD40L, C-C Motif Chemokine Ligand (CCL) 2, CCL3, CCL4, CCL5, CCL11, CCL19, CCL20, C-X-C Motif Chemokine Ligand (CXCL) 1, CXCL2, CXCL10, CX3CL1, epidermal growth factor (EGF), fibroblast growth factor basic (FGF basic), granulocyte-colony stimulating factor (G-CSF), granulocyte-macrophage colony stimulating factor (GM-CSF), interferon (IFN)-α, IFN-β, IFN-γ, IL-1α, IL-1 receptor antagonist (IL-1RA), IL-1β, IL-2, IL-3, IL-4, IL-5, IL-6, IL-6RA, IL-7, IL-10, IL-11, IL-12p70, IL-13, IL-15, IL-17, IL-17C, IL-17E, IL-18, IL-19, IL-23, IL-27, IL-33, FAS, FASL, FLT-3 ligand, granzyme B (GRZB), leptin (lep), leptin R (lep-R), osteopontin (OPN), programmed death ligand-1 (PD-L1), platelet derived growth factor (PDGF)-AA, PDGF-AB/BB, transforming growth factor (TGF)-α, transmembrane activator and CAML interactor (TACI), tumour necrosis factor (TNF), TNF-related apoptosis-inducing ligand (TRAIL), vascular endothelial growth factor (VEGF), according to the manufacturer’s instruction. Molecules were classified into 12 functional groups as follows: anti-inflammatory response (IL-10, IL-19, IL-1RA, IL-6RA), apoptosis (FASL, FAS, PD-L1), B cell regulation (APRIL, BAFF, IL-5, TACI, CD40L), cell metabolism (lep, lep-R), chemotaxis/activation/recruitment (CCL2, CCL3, CCL4, CCL5, CCL11, CCL19, CCL20, CXCL1, CXCL2, CXCL10, CX3CL1, OPN), cytotoxicity (GRZB, TNF, TRAIL), T cell differentiation (IL-12p70, IL-15, IL-27, IL-2, IL-7), growth factors (EGF, FGF basic, FLT-3 ligand, GM-CSF, G-CSF, IL-11, IL-3, PDGF-AA, PDGF-AB/BB, VEGF), inflammation (IL-17C, IL-17E, IL-17, IL-18, IL-1β, IL-1α, IL-23, IL-6), interferons (IFN-α, IFN-β, IFN-γ), morphogenetic factors (BMP2, BMP4, BMP7, TGF-α) and TH2 regulation (IL-4, IL-13, IL-33).

While acknowledging that there is considerable overlap in cascading immunological relationships, and downstream effects among many of these biomarkers, for ease of comparison the 62 markers are displayed by broadly grouping them into 12 functional categories, that were defined as previously indicated.



Statistical Analysis

The primary outcome was the clinical severity binary endpoint of experiencing invasive mechanical ventilation (IMV) or death during hospitalization (cases) vs. hospital discharge (controls) by day 28 from hospital admission. Main demographic characteristics were compared between cases and controls by means of chi-square test (for categorical variables) and Mann-Whitney test (for numeric variables). The association of each of the 62 biomarkers measured at hospital admission and clinical severity was assessed in separate comparisons of biomarker levels between cases and controls; an advantage of such prospective comparisons is that the temporality of the biomarker level and disease severity is known (i.e., an elevated value for the biomarker was observed before and not after the progression of the disease). Historically, temporality together with a plausible hypothesized biological mechanism has helped to establish causal links when trials could not be performed (e.g. smoking and risk of lung cancer). To reduce the impact of outliers and to account for the positively skewed distribution of the biomarkers, values were categorized in tertiles and log10 transformed. Data were shown using dot-plots indicating median and IQR. Median levels of biomarkers between cases and controls were compared using the Mann-Whitney test. A logistic regression was used to evaluate the association of each biomarker with the clinical severity outcome. Odds ratios (ORs) for the upper tertile versus the lowest tertile are cited along with 95% confidence intervals (CIs) and p-values. Analyses that used the log10 transformed biomarkers as a continuous covariate were also carried out and ORs per 1 log10 difference in the biomarker shown; multivariable estimates were adjusted for gender, age and extent of co-morbidity (age-unadjusted CCI). To determine the relationship of multiple biomarkers with clinical severity, we took advantage of the functional groupings listed in the previous paragraph. A global non-parametric test procedure proposed by O’Brien for multiple endpoints was used (18). With this approach, each marker in the raw scale within each of the functional grouping is ranked from lowest to highest, the ranks of the individual markers are summed for each patient. We refer to the sum of the ranks as the “biomarker score”. This biomarker score is then compared for patients who experienced IMV/death vs. those who were discharged with logistic regression models as described above. Advantages of this procedure are simplicity and increased power if the biomarkers within a category all trend in the same direction. A disadvantage is that while the global test identifies biomarker groupings that are significant, it does not provide information on which markers are driving the statistical significance. However, the information of the importance of single markers were additionally obtained by the likelihood ratio test that tested the significance of adding all the markers (in the log10 scale) in a functional category to a base model that only included gender, age and age-unadjusted CCI. Statistical analyses were performed using SAS (Version 9.4, Carey NC, USA).




Results

Eighty patients with severe or critical COVID-19 admitted at the Infectious Disease Clinics or Intensive Care Unit at University Hospital in Modena (Italy) in March-May 2020 were included in this study. Age, gender, race/ethnicity and comorbidities were all collected on admission. Several laboratory variables, such as blood cell count, alanine-aminotransferase (ALT), international normalized ratio (INR), creatinine, estimated glomerular filtration rate (eGFR), CRP, interleukin (IL)-6, procalcitonin, D-dimer, haemoglobin, lactate dehydrogenase were also measured at hospital entry.

By day 28, fifty-three patients were discharged after recovery whereas twenty-seven received mechanical ventilation and/or died during the observation period. Our data confirm that older age is a risk factor for mechanical ventilation and/or death, as these patients had a median age of 72 when compared to discharged patients who had a median age of 60 (P=0.008) (Table 1). There was no evidence for a difference in the prevalence of comorbidities at admission between cases and controls. These include obesity, ischemic cardiomyopathy, COPD, connective tissue disease, cerebro-vascular disease, mild liver disease, diabetes, chronic kidney failure, solid tumors, liver failure, haematologic diseases, peptic ulcer diseases, dementia, arterial hypertension, chronic heart failure, peripheral vascular disease (Table 1). This univariable analysis also showed that the proportion of neutrophils was higher in cases vs. controls (89.2% vs 74.6%; P<0.001) and patients who underwent mechanical ventilation and/or died had a lower number of lymphocytes (930.0 vs 1,891/mm3; P=0.045) when compared to discharged patients. Cases also had a higher level of procalcitonin (0.3 vs 0.1 ng/mL; P=0.004), D-dimer (2,165 vs 1,040 ng/mL; P=0.001), lactate dehydrogenase (762.0 vs 603.0 U/L; P=0.044). In contrast, there was no evidence for a difference in leukocyte count (p=0.234), platelet count (p=0.281) and creatinine concentration (p=0.1365) by groups (Table 1).


Table 1 | Demographic, clinical characteristics and baseline laboratory parameters of patients involved in the case-control study.



We quantified plasma levels of 62 cytokines, chemokines and other soluble factors involved in the regulation of the immune system. Considering single biomarkers, we found that patients who received mechanical ventilation or died presented significantly higher levels of FAS, lep-R, CCL20, CXCL10, CX3CL1, OPN, IL-27, GM-CSF, IL-11, IL-18, and decreased levels of FASL, IL-5, CCL11, CXCL1, TRAIL, IL-15, IL-2, EGF, PDGF-AA; PDGF-AB/BB, IL-1α, IL-17, IFN-β, IFN-γ, IL-4 and IL-13 (Figures 1, 2).




Figure 1 | Quantification of cytokines and other biomarkers involved in anti-inflammatory responses, apoptosis, B cell regulation, cell metabolism, chemotaxis/activation/recruitment, cytotoxicity and T cell differentiation, in plasma obtained from controls (n=57) and cases (n=23). Data represent mean and standard deviation of the mean. Mann-Whitney test was used for statistical analysis.






Figure 2 | Quantification of cytokines and other biomarkers involved in growth factors, inflammation, interferons, morphogenesis, TH2 regulation, in plasma obtained from controls (n=57) and cases (n=23). Data represent mean and standard deviation of the mean. Mann-Whitney test was used for statistical analysis.



To get further insight, we performed a principal-component analysis (PCA) of cytokines/chemokines/soluble molecules across the cohort. We only considered two components as these already explained 36% of the total variability. The first principal component (PC1) was mostly responsible for the stratification of cases and controls (Figure 3, upper panel). A graph displaying the contribution of the different molecules on the principal components as arrows revealed that the most important contributors to PC1 and PC2 were the levels of CCL2, CCL19, CCL20, CXCL10, CX3CL1, IFNγ, IL-2, IL-13, IL-1α and EGF (Figure 3, lower panel). Notably, these molecules, that contribute to patients’ stratification in PCA, are also the main contributors their respective functional group.




Figure 3 | Plasma level of several cytokines and chemokines stratified controls and cases. Upper panel: principal-component analysis (PCA) analysis of cytokines, chemokines and other soluble molecules quantified across the cohort. Lower panel: a plot displays the variables as vectors, indicating the direction of each variable to the overall distribution. The strength of each variable is represented by colors: orange colour represents a strong contribution, light blue colour represents a milder contribution.



Concerning the results of the logistic regression analysis, higher levels of FASL, FLT3 ligand, IFNβ, IL-1α, IL-5, IL-13, IL-17, TRAIL, EGF, CCL11, PDGF-AB/BB, IFNγ were associated with protection against mechanical ventilation or death, whereas higher levels of lep-R, CX3CL1, OPN, BMP-4, FAS, CCL2, CCL19, CCL20, IL-18, IL-27, CXCL10 were associated with higher risk of mechanical ventilation or death (Table 2).


Table 2 | Odds ratio (OR) of invasive mechanical ventilation (IMV)/death from fitting a logistic regression model - log10 scale analysis.



When analysis was performed using the O’Brien method and the functional groupings described in the Methods, we found that groups related to TH2 regulations (IL-4, IL-13, IL-33), cell metabolism (lep, lep-R) and interferons (IFNα, IFNβ, IFNγ) were also predictive of life-threatening COVID-19. Specifically, patients who underwent mechanical ventilation or who died showed higher ranks of molecules involved in cell metabolism (p=0.0265), lower ranks for interferon response (p=0.0155) and lower ranks for TH2 regulation (p=0.0439) when compared to discharged patients (Table 3).


Table 3 | Adjusted O’brien method analysis by groupings.



Considering that when analysis performed by Mann-Whitney test and logistic regression, FAS, FAS-L, IL-5, Lep-R, CCL11, CCL20, CXCL1, CXCL10, CX3CL1, OPN, TRAIL, IL-27, IL-2, EGF, PDGF-AB/BB, IL-1α, IL-17, IL-18, IFNβ, IFNγ, and IL-13 were significantly different with both tests, and that Lep-R, IFNβ, IFNγ and IL-13 are collected in the group related to interferons and TH2 regulation which are predictive of life-threatening COVID-19, we could conclude that the levels of these molecules are the most important factors, at least in our cohort, in determining the risk for mechanical ventilation and/or death in our cohort of patients with COVID-19.



Discussion

Our analysis, based on the fine and simultaneous quantification of 62 soluble molecules, suggests that besides known risk factors, such as age and comorbidities, altered levels of several cytokines, chemokines were also independently associated with the risk of IMV or in-hospital death. A central question in COVID-19 is to figure out how SARS-CoV-2 elicits heterogeneity in disease severity and immunopathology. Here, we aimed at deciphering, at least in part, the prognostic role of several cytokines and chemokines to predict a clinical outcome. Besides examining the association with each molecule individually, because of the relatively small sample size and limited number of participants with an unfavourable outcome, we also took a more comprehensive approach by stratifying molecules according to a pre-specified functional grouping (17).

We found that soluble lep-R was increased in patients who received mechanical ventilation or died. This receptor has the main lectin-binding activity in human blood, forming complexes with free leptin and preventing its degradation (19). Although lep-R could represent a potential reservoir of bioactive lep, it could also suppress leptin action through inhibition of its binding to the membrane-bound receptor (19). As a result, a full comprehension of its function in physiological and pathological is still missing. Lep is secreted by adipocytes, and acts as a hormone regulating appetite and energy (20). It shares structural homology with IL-6, IL-11, IL-12 and oncostatin M, and stimulates the proliferation of several types of immune cells, including monocytes, natural killer cells and T helper cells. For these reasons it can be considered a proinflammatory cytokine (20). Previous reports indicate that lep dysregulation is linked to cytokine storm in COVID-19, and that in obese patients with COVID-19 the interplay between lep and inflammatory cytokines is linked with high morbidity and mortality (21). Here, we show that lep-R is elevated in patients who received mechanical ventilation or who died. In this setting, the lep-R could trigger a mechanism that counteracts inflammation and prevents the proliferation of inflammatory cells.

Cytokines coordinating TH2 response, including IL-13, were also modified in patients with clinical deterioration. Previous reports on immune response to SARS-CoV-2 have shown that T cell response is greatly diverse, as T cells from COVID-19 patients can secrete TH1 cytokines, including IFN-γ and TNF, TH17 cytokines, including IL-17A, TH2 cytokines, including IL-4, and others, including IL-2 and CD107a (9, 22). This heterogeneity makes it demanding to find specific indicators of disease and to select possible therapies. In this study, we found that IL-13 is associated with severe outcomes. In line with this, using a mouse model of COVID-19, it has been shown that IL-13 promotes severe disease, and that this response is likely to be mediated by the deposition of hyaluronan in lungs (23). TH2 cytokines, in particular IL-4 and IL-13, have also a role in the differentiation of M2 macrophages, that in turn have a role in the development of pulmonary fibrosis through the secretion of TGF-β (24). Higher expression of TGF-β, IL-13 and IL-4 has been described also in post-mortem lung biopsies obtained from two patients who died for COVID-19 (25). Few data are available on the quantification of IL-13 in plasma from COVID-19 patients. We found that IL-13 was reduced in plasma from patients who received mechanical ventilation or who died. IL-13 positively regulates the profibrotic actions of TGF-β. Unfortunately, in our study we could not measure TGF-β1, -β2, -β3 due to lack of biological material required to activate samples for their quantification.

The functional grouping including IFN-γ was also associated with the higher risk of a worse clinical outcome. Type I IFNs have an important role during viral infections and in the immunobiology of COVID-19 (26, 27). Indeed, loss-of-function mutations in genes involved in type I IFNs pathways have been described in a proportion of patients with severe COVID-19 (2). In addition, autoantibodies with neutralizing capacity against type I IFNs have been detected in patients with life-threatening COVID-19 (28). Here, we found that IFN-β and IFN-γ were decreased in COVID-19 patients who underwent mechanical ventilation or who died when compared to discharged patients. High levels of IFN-γ, which is crucial for T and NK cell activation, were detected in patients with clinical deterioration. This is in agreement with previous data showing that higher levels of IFN-γ were related to a poorer prognosis (29).

We observed that chemokines, i.e. crucial biomarkers needed during immune responses for chemotaxis, activation and recruitment of immune cells, were altered at hospital admission in patients who eventually required intubation or died for the disease. During SARS-CoV-2 infection, the virus life cycle causes the release of a variety of inflammatory molecules such as those containing damage associate molecular patterns (DAMPs) from the host cells. DAMPs include ATP, oligomers and nucleic acids which induce lung epithelial cells, endothelial cells and alveolar macrophages to secrete cytokines and chemokines to recruit monocytes, macrophages and T cells which in turn release IFN-γ and other pro-inflammatory cytokines that further boost inflammation, so generating an activatory loop which end up in lung injury (30). Elevated levels of these molecules in the circulation could be responsible, at least in part, for multiple organ damage in fatal COVID-19 (31). Among these chemokines, CXCL10 is of particular interest because of its high plasma level, even in the presence of lower IFN-γ levels, and for its well-known association with increased viral load, lung deterioration and a fatal outcome (32, 33). Our data show that higher levels of CXCL10 are associated with a 2.2-fold increase risk of unfavourable clinical outcome in our sample. CXCL10, together with CXCL9 and CXCL11, is the ligand of CXCR3 receptor (34), whose expression on immune cells is relevant for homing to the lung (35). Interestingly, in acute respiratory distress (ARDS) models, CXCL10 and/or CXCR3 knock-out mice showed decreased lung injury severity and increased survival in response to both viral and non-viral lung injury (36). Our analysis also shows that elevated levels of CCL2 were present in patients who underwent IMV or who died for the disease. This result is consistent with those of other studies showing increased levels of CCL2 in patients with COVID-19 pneumonia (9). CCL2 is known for its ability to regulate the chemotaxis of both myeloid and lymphoid cells, in physiological and pathological conditions (37). However, emerging evidences suggest that the functions of CCL2 could be expanded beyond its original characterization as a chemoattractant. Indeed, data show that it can drive leukocyte behavior, influencing adhesion, polarization, effector molecule secretion, autophagy, killing, and survival. Therefore, its involvement in COVID-19 deserves further studies and renders it an interesting therapeutic target (37).

One limitation of our study is the lack of non-COVID-19-related ARDS disease groups that would facilitate direct comparison between different infections. However, since few cases of these diseases have been reported during COVID-19 pandemic, it would be extremely difficult to find a similar number of patients comparable to that of COVID-19. Secondly, quantifications were performed at a single time-point, i.e. at hospital admission, and were not performed over time, namely during recovery. This could limit interpretations for clinical implementation. Further, all analyses were controlled only for age, gender and extent of comorbidities, so we cannot rule out bias due to other confounding factors. In any case, to our knowledge, this is one of the first studies in COVID-19 disease which uses a global, non-parametric approach to analysis.

In conclusion, we have identified a number of plasma biomarkers and their combination that change in patients with clinical deterioration and that, if confirmed in other cohorts, may help identifying patients with life-threatening COVID-19. It is now clear that the action of a single mediator of the immune system (a given cytokine, chemokine, or a soluble factor) is not sufficient to fully unfold the immunopathogenesis of fatal COVID-19. In fact, we believe that the interplay of different components could be of paramount importance for driving the final detrimental effect. However, further studies on larger groups of patients are needed to better clarify the exact prognostic value of these biomarkers.
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Early indications of the likelihood of severe coronavirus disease 2019 COVID-19 can influence treatments and could improve clinical outcomes. However, knowledge on the prediction markers of COVID-19 fatality risks remains limited. Here, we analyzed and quantified the reactivity of serum samples from acute (non-fatal and fatal) and convalescent COVID-19 patients with the spike surface glycoprotein (S protein) and nucleocapsid phosphoprotein (N protein) SARS-CoV-2 peptide libraries. Cytokine activation was also analyzed. We demonstrated that IgM from fatal COVID-19 serum reacted with several N protein peptides. In contrast, IgM from non-fatal serum reacted more with S protein peptides. Further, higher levels of pro-inflammatory cytokines were found in fatal COVID-19 serum compared to non-fatal. Many of these cytokines were pro-inflammatory and chemokines. Differences in IgG reactivity from fatal and non-fatal COVID-19 sera were also demonstrated. Additionally, the longitudinal analysis of IgG reactivity with SARS-CoV-2 S and N protein identified peptides with the highest longevity in humoral immune response. Finally, using IgM antibody reactivity with S and N SARS-CoV-2 peptides and selected cytokines, we have identified a panel of biomarkers specific to patients with a higher risk of fatal COVID-19 compared with that of patients who survive. This panel could be used for the early prediction of COVID-19 fatality risk.
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Introduction

A local outbreak of a severe pneumonia of unknown etiology in Wuhan, China, spread rapidly and was declared a pandemic in 2020; since then, there have been hundreds of millions of cases and over four million deaths worldwide (1). A novel member of the beta-coronavirus family, severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) was isolated early during the outbreak and it was found to cause coronavirus-induced disease (COVID)-19 (2). A large proportion of COVID-19 cases are asymptomatic, while disease severity is mostly linked with cases in older patients and those with underlying conditions (3–6). Infection is characterized by early activation of humoral immune responses where IgM and IgG peak at week five of the disease (7). Conversely, Iyer et al. have shown that IgM, IgG, and IgA levels reach the highest levels between 14 and 28 days followed by a gradual decline (8). SARS-CoV-2 Spike (S) and nucleocapsid (N) proteins have been identified as major immunogens (9) with IgG antibodies against the N and S proteins detected at the same time, supporting their highly immunogenic status (10).

Anti-SARS-CoV-2 antibodies contribute to severity and recovery from COVID-19. Sun et al. reported high anti-S protein IgG antibodies in non-intensive care unit (ICU) patients, while high anti-N protein IgG antibodies have been found in ICU patients (9). In addition, Röltgen et al. demonstrated a higher ratio of anti-S IgG/anti-N IgG antibodies in outpatients with mild COVID-19 (11). These data suggest differences in the antibody immune response to SARS-CoV-2 which may contribute to differences in severity of COVID-19. However, there is limited knowledge on how reactivity with SARS-CoV-2 S and N protein peptides differs between COVID-19 patients who require ICU treatment and those with only mild COVID-19.

Multiple S and N protein epitopes have been identified through COVID-19 patient serum reactivity studies conducted globally, including in China and the United States 12–14). These data will help to determine common peptides in the immune response to SARS-CoV-2 around the world. Upon identification of immunogenic regions of S and N proteins, they can be used to design subunit vaccines against SARS-CoV-2 infection. In addition, immunogenic peptides identified in COVID-19 sera could be used to determine the similarity of the immune recognition between SARS-CoV-2-infected and vaccinated individuals.

It is documented that antibody levels in response to SARS-CoV-2 infection decline over time (15, 16). This decline in antibody titer could contribute to COVID-19 reinfection (17). Ibarrondo et al. have reported that antibody titer declines rapidly with the half-life of 36 days in mild form cases of COVID-19 (18). Authors express concern about the duration of antibody responses to SARS-CoV-2 after infection and, as a result, the extent of lasting immunity following natural infection. Data on antibody response in COVID-19 are mainly based on the analysis of reactivity to whole S and N proteins and their peptides (12–14). This immune response analysis recognizes multiple epitopes across these proteins. However, the extent of lasting reactivity to specific peptides after infection remains largely unknown. By identifying peptides containing epitopes inducing long circulating antibodies, it may be possible to achieve better selection of strong and long-lasting targets for vaccination.

In the present study, we have further advanced our understanding of the biomarkers of fatal COVID-19 outcomes by examining serum reactivity with S and N protein peptides as well as cytokine activation. We show that in fatal cases, IgM reactivity is greater with N peptides than with S peptides but higher with S peptides in milder cases of COVID-19. Further, higher serum levels of pro-inflammatory cytokines were found in fatal COVID-19 cases. Among these cytokines, increased interleukin (IL)-18 and IL-6 appear to be the most significant observation, confirming the role of these cytokines in fatal COVID-19. Additionally, the increased serum level of chemokines and cytokines activating macrophages and neutrophils was demonstrated in fatal COVID-19 cases. We also observed differences in IgG reactivity between fatal and non-fatal COVID-19 sera. Additionally, the longitudinal analysis of IgG reactivity with SARS-CoV-2 S and N proteins identified peptides having the highest longevity in humoral immune response. We also identified S and N protein peptides and cytokines which could be used as early indicators of fatal COVID-19 outcomes.



Materials and Methods


Subjects

Acute serum samples were collected from 88 (70.8 ± 10.3 years old) COVID-19 patients (37 males and 51 females). Out of these acute samples, 62 and 26 samples were collected from non-fatal and fatal COVID-19, respectively. We also collected samples from 18 controls (65.3 ± 9.1 years old, 7 males and 11 females) which were age-matched to acute COVID-19. These age-matched control samples were used to analyze the acute serum data.

Additionally, 44 samples (37.7 ± 13.4 years old; 12 male and 32 female) were collected between 32 and 65 days (median days 42.0 ± 11.1; D42) and 32 serum samples (42.9 ± 13.5 years old; 8 male and 24 female) between 280 and 363 days (median days 306.0 ± 21.1; D306) after having positive SARS-CoV-2 RNA qPCR results and/or symptoms. D42 and D306 are herein referred to as early and late convalescent samples, respectively. To match the age of convalescent COVID-19 patients, serum samples from 27 controls were collected (47.1 ± 13.7 years old; 11 males, 16 females). This age-matched control group was used to analyze the convalescent data.

Clinical records were also collected for all patients. The diagnosis of COVID-19 was established based on clinical presentation and was confirmed by qPCR. All control serum samples were tested for anti-SARS-CoV-2 antibodies using the SARS-CoV-2 CoronaPass ELISA Kit (Genetico, Moscow, Russia). Only samples that are negative based on ELISA results were included as controls. Serum samples were stored at -80°C until used.



Ethics Statement

The ethics committee of the Kazan Federal University approved this study, and signed informed consent was obtained from each patient and controls according to the guidelines adopted under this protocol (protocol 4/09 of the meeting of the ethics committee of the KSMA dated September 26, 2019). Sample collection in 2015–2016 was done according to a protocol approved by the Institutional Review Board of the Kazan Federal University, and informed consent was obtained from each respective subject according to the guidelines approved under this protocol (Article 20, Federal Law “Protection of Health Right of Citizens of Russian Federation” N323-FZ, 11.21.2011).



COVID-19 Peptides

S and N protein peptides (20 aa) with 3-aa overlaps for SARS-CoV-2 were synthesized by Genscript (Jiangsu, China). SARS-CoV-2 S and N protein peptide aa sequences (purity >95%) are summarized in Table 1.


Table 1 | Sequence and position of SARS-CoV-2 S and N protein peptides.





COVID-19 ELISA

The SARS-CoV-2-CoronaPass ELISA Kit (Genetico, Moscow, Russia) was used to determine SARS-CoV-2-specific antibodies IgM, IgG, and IgA according to the manufacturer’s instructions. The specificity and sensitivity of the SARS-CoV-2-CoronaPass ELISA Kit are 100% and 98.7%, respectively (19). Briefly, COVID-19 and control sera were mixed with conjugate-1 at a 1:10 ratio and incubated for 30 min at 37°C in a 96-well plate with pre-adsorbed SARS-CoV-2 antigens. Inactivated human serum without antibodies to SARS-CoV-2 served as a negative control (provided within the kit). Following washes (3×; 0.5% Tween 20 in PBS, PBS-T), wells were incubated with anti-human-IgG+IgM+IgA-HRP-conjugated antibodies for 30 min at 37°C. Post incubation and washes (3×; 0.5% Tween 20 in PBS), wells were incubated with 3,3′,5,5′-tetramethylbenzidine (Chema Medica, Moscow, Russia). The reaction was stopped by adding an equal amount of 10% phosphoric acid (TatKhimProduct, Kazan, Russia). Data were measured using a Tecan 200 microplate reader (Tecan, Switzerland) at OD450 with reference OD650. The result was considered as positive when the ratio of the tested sample OD450 to the negative control OD450+0.15 was greater than 1.



Peptide Reactivity With Serum Antibodies

Several peptides were analyzed for reactivity with COVID-19 sera as well as controls. Peptide sequences are summarized in Table 1. Each peptide (1 μg/100 μl) was added into a 384-well plate and incubated at 4°C for 18 h. The washed plates were incubated with serum samples (1:100; 50 μl American Qualex Technologies, San Clemente, CA, USA) at 4°C for 18 h. Following washes [3×; 0.5% Tween 20 in PBS (PBS-T)], wells were incubated with anti-human-IgG-HRP-conjugated antibodies (1:10,000 in PBS-T, American Qualex Technologies, USA) for 30 min at 37°C. The washed (3×; 0.5% PBS-T) wells were incubated with 3,3′,5,5′-tetramethylbenzidine (Chema Medica, Moscow, Russia). The reaction was stopped by adding an equal amount of 10% phosphoric acid (TatKhimProduct, Kazan, Russia). Data were captured using a microplate reader Tecan 200 (Tecan, Switzerland) at OD450 with reference OD650.



Multiplex Analysis

Serum cytokine levels were analyzed using the Bio-Plex (Bio-Rad, Hercules, CA, USA) multiplex magnetic bead-based antibody detection kit following the manufacturer’s instructions. The Bio-Plex Pro Human Cytokine 48-Plex Screening Panel (12007283, Bio-Rad, Hercules, USA) was used for detection of serum cytokines. Serum aliquots (50 μl) were analyzed with a minimum of 50 beads per analyte acquired. Median fluorescence intensities were collected using a MAGPIX analyzer (Luminex, Austin, TX, USA). Each sample was analyzed in triplicate. Data collected were analyzed with MasterPlex CT control software and MasterPlex QT analysis software (MiraiBio, San Bruno, CA, USA). Standard curves for each cytokine were generated using standards provided by the manufacturer.



Statistical Analysis

Statistical analysis was performed in the R environment (20). Statistically significant differences between comparison groups were accepted as p < 0.05, assessed by the Kruskal–Wallis test with Benjamini–Hochberg (BH) adjustment for multiple comparisons. Correlations were analyzed using the R psych package (21) (based on Spearman’s rank correlation coefficient, p-values were adjusted with the Benjamini–Hochberg method).




Results


Clinical Presentation of COVID-19

There were 88 acute and 76 convalescent serum samples collected. The convalescent samples were split into early (median 42.0 ± 11.1 days) or late (median 306.0 ± 21.1 days) convalescence based on number of days after the first symptoms of COVID-19 and/or positive SARS-CoV-2 PCR test. Diagnosis of COVID-19 was established based on epidemiological anamnesis and clinical presentation and confirmed by SARS-CoV-2 qPCR analysis of nasopharyngeal swab. Clinical manifestation included mild (60 cases), moderate (51 cases), and severe (53 cases) forms. Out of 88 acute COVID-19 cases, 62 samples were from non-fatal and 26 samples were fatal COVID-19. These fatal cases had a severe form of COVID-19. The scale of lung damage of less than 20%, 20–40%, and more than 40% was found in 137, 23, and 4 patients, respectively. Fever was detected in all patients (37.92 ± 0.66°C) with a duration 6.31 ± 4.04 days. None of the COVID-19 convalescent patients required artificial ventilation or were hospitalized in an ICU.



Analysis of S and N SARS-CoV-2 Peptide Reactivity in Acute COVID-19 Sera

Analysis of anti-SARS-CoV-2 IgM reactivity with S and N peptides revealed distinct patterns between cases of acute non-fatal and fatal COVID-19 (Figure 1A). COVID-19 serum reactivity was significantly increased with a total of eight S [S3 (p < 0.0001), S4 (p < 0.0001), S6 (p < 0.0001), S9 (p = 0.022), S10 (p = 0.046), S14 (p = 0.018), S19 (p = 0.018), and S20 (p = 0.028)] and five N peptides [N6 (p < 0.0001), N8 (p < 0.0001), N13 (p < 0.0001), N14 (p < 0.0001), and N19 (p < 0.0001)] compared to controls. However, when samples were analyzed based on patient outcome, reactivity with the five N peptides was only significantly higher [N6 (p < 0.0001), N8 (p < 0.0001), N13 (p < 0.0001), N14 (p < 0.0001), and N19 (p < 0.0001)] in cases of fatal COVID-19. These fatal cases also only showed higher reactivity with three of the S peptides [S3 (p < 0.0001), S4 (p < 0.0001), and S6 (p < 0.0001)]. In contrast, five S peptides (S9, S10, S14, S19, and S20) and none of the N peptides had increased reactivity with non-fatal COVID-19 serum compared with controls (Figure 1B).




Figure 1 | Serum IgM reactivity with S and N SARS-CoV-2 peptide in non-fatal and fatal COVID-19. Serum from acute COVID-19 was used to determine IgM reactivity with SARS-CoV-2 S and N protein peptides using ELISA. (A) Bar graph of serum reactivity with SARS-CoV-2 S and N peptides in non-fatal and fatal COVID-19. Data is presented as mean±SEM (standard error of mean). Red brackets indicate statistically significant differences (p < 0.05, Kruskal-Wallis test with BH adjustment). (B) Nightingale rose plots demonstrating SARS-CoV-2 S and N peptides differentially reactive with serum from non-fatal and fatal COVID-19 cases. Red and blue – statistically significant reactivity between COVID-19 and control samples in fatal and non-fatal COVID-19 cases, respectively (p < 0.05, Kruskal-Wallis test with BH adjustment); Grey – reactivity does differ significantly between COVID-19 and control samples. Data is presented as fold change – mean value of reactivity to peptide in COVID-19 sera divided by mean of reactivity to the same peptides in control sera.



Collectively, analysis of IgM revealed more frequent reactivity of acute fatal COVID-19 with N protein peptides, while non-fatal COVID-19 sera had more reactivity with S protein peptides. When the locations of the reactive peptides were analyzed, we found that all S peptides identified by acute fatal IgM were in the N-terminal domain (NTD) of the S protein (Figure 2). In contrast, S peptides highly reactive in non-fatal COVID-19 were located in the NTD and receptor-binding domain (RBD) (Figure 2A). Increased reactivity with N protein peptides was only found in fatal cases of COVID-19. These peptides were located in the NTD, linked region (LKR), and C-terminal domain (CTD) of N protein (Figure 2B).




Figure 2 | Schematic presentation of S and N protein peptides location reacting with non-fatal and fatal COVID-19. (A) Location of S protein peptides reacting with non-fatal and fatal COVID-19 IgM; (B) Location of N protein peptides reacting with fatal COVID-19 IgM. Red color – peptides reacting with fatal COVID-19 IgM; Green color – peptides reacting with non-fatal COVID-19 IgM. S1, Spike 1; S2, Spike 2; TM, Transmembrane; SP, Signal Peptide; NTD, N-terminal Domain; RBD, Receptor Binding Domain; FP, Fusion Peptide; HR1, Heptad Repeat 1; HR2, Heptad Repeat 2; IDR, Intrinsically Disordered Region; NDT, N-terminal Domain; LKR, Linked Region; CTD, C-terminal Domain.





IgG Antibody Reactivity

Analysis of acute IgG reactivity with S and N peptides revealed a difference in S peptide reactivity between serum samples from fatal and non-fatal COVID-19 cases (Figures 3A, B). Fatal COVID-19 sera significantly reacted with S34 (p < 0.0001) and S53 (p < 0.0001), while non-fatal COVID-19 significantly reacted with S34 (p < 0.0001), S53 (p = 0.008), and S68 (p = 0.032) peptides. There was no reactivity of IgG with N peptides from both COVID-19 serum groups.




Figure 3 | COVID-19 serum IgG reactivity with S and N SARS-CoV-2 peptides. Nightingale rose plots demonstrating reactivity of acute (non-fatal and fatal) COVID-19 and convalescent serum (early and late convalescent) with SARS-CoV-2 S and N peptides. IgG reactivity with SARS-CoV-2 S and N protein peptides was analyzed using ELISA. (A) IgM reactivity with S and N SARS-CoV-2 peptides in fatal COVID-19; (B) IgM reactivity with S and N SARS-CoV-2 peptides in non-fatal COVID-19; (C) IgM reactivity with S and N SARS-CoV-2 peptides in early convalescent COVID-19; (D) IgM reactivity with S and N SARS-CoV-2 peptides in late convalescent COVID-19. Red, blue, orange and yellow – statistically significant IgG reactivity in COVID-19 as compared to control (p < 0.05, Kruskal-Wallis test with BH adjustment). Data is presented as fold change – mean value of reactivity to peptide in COVID-19 divided by mean of reactivity to the same peptides in control.



In contrast, multiple peptides of SARS-CoV-2 were found to be significantly reactive with convalescent COVID-19 IgG (Figure 3) compared to uninfected controls. Only three peptides were found to be significantly [S34 (p < 0.0001), S53 (p = 0.008), and S68 (p = 0.032) reactive in the acute non-fatal COVID-19 cases (Figure 3B), whereas more peptides (18 peptides) were found to be reactive in early convalescence (S3 (p = 0.007), S6 (p = 0.018), S9 (p = 0.042), S15 (p = 0.014), S23 (p = 0.0005), S28 (p = 0.034), S29 (p < 0.0001), S30 (p = 0.014), S31 (p = 0.0008), S34 (p = 0.038), S45 (p < 0.0001), S51 (p = 0.007), S62 (p = 0.0001), S68 (p = 0.018), S70 (p = 0.013), S71 (p < 0.0001), N6 (p = 0.042), and N13 (p = 0.033)] and late convalescence (12 peptides) [S6 (p = 0.007), S20 (p < 0.0001), S28 (p = 0.002), S29 (p = 0.001), S31 (p < 0.0001), S34 (p = 0.001), S51 (p = 0.020), S53 (p = 0.0008), S62 (p < 0.0001), S69 (p = 0.0006), S70 (p = 0.0007), and S71 (p < 0.0001)] when compared to controls. Three features of the convalescent serum reactivity were recognized; firstly, more peptides were reactive following recovery compared to the acute COVID-19 stages (Figures 3B, C). Secondly, peptides S34, S53, and S68 were consistently significantly reactive during acute and either the early or late convalescent COVID-19 when compared to controls (Figures 3B, C). Additionally, peptides S6 (p = 0.018, p = 0.007), S28 (p = 0.034, p = 0.002), S29 (p < 0.0001, p = 0.001), S31 (p = 0.0008, p < 0.0001), S34 (p = 0.038, p = 0.001), S51 (p = 0.007, p = 0.020), S62 (p = 0.0001, p < 0.0001), S70 (p = 0.013, p = 0.0007), and S71 (p < 0.0001, p < 0.0001) were significantly reactive in the early and late convalescent COVID-19 stages when compared to controls (Figures 3C, D). Some peptides remained reactive up to 12 months postinfection with 12 peptides showing increased reactivity with late convalescence serum in contrast to only three peptides in acute serum samples (Figures 3B, D). Finally, the number of reactive peptides declined with months postinfection with 18 peptides in early convalescence samples vs. 12 in late convalescent samples (Figures 3B, D). Interestingly, at the early convalescent phase, two N protein peptides (N6 (p = 0.042) and N13 (p = 0.033) were significantly reactive with COVID-19 IgG, while reactivity to N proteins was absent in late convalescence as compared to controls.

We have also found a difference in the dynamics of reactivity with SARS-CoV-2 S and N peptides (Figure 4 and Table 2). There were three groups of peptides identified based on longevity of the reactivity with SAR-CoV-2 peptides. Group 1 contained peptides with which reactivity with COVID-19 convalescent serum declined between early and late convalescence. The peptide with the greatest decline in reactivity from early to late convalescence was S45 (Figure 4A). Other peptides possessing declined reactivity were S3, S9, S15, S23, S29, S30, N6, and N13. Group 2 included peptides whose reactivity with COVID-19 convalescent serum remained mostly unchanged (S6, S34, S51, S62, S68, S70, and S71) (Figure 4B). Peptides in group 3 were more reactive in late compared to early convalescence samples. These peptides were S20, S28, S31, S53, and S69 (Figure 4C).




Figure 4 | Dynamics of convalescent COVID-19 IgG antibody reactivity with SARS-CoV-2 S protein peptides. Serum from early (median 42.0±11.1) and late (median 306.0±21.1) convalescent COVID-19 was used for analysis. IgG reactivity with SARS-CoV-2 S protein peptides was analyzed using ELISA. (A) IgG reactivity decreased in 5 out of 7 COVID-19 convalescent serum with time post infection; (B) reactivity with peptides remained mostly unchanged; (C) IgG reactivity increased in 5 out of 7 COVID-19 convalescent serum with time post infection. Lines represent individual COVID-19 convalescent sample. S6, S15, S20, S31, S34 and S45 – are SARS-CoV-2 S protein peptides.




Table 2 | Analysis of longitudinal reactivity of COVID-19 serum with SARS-CoV-2 S and N protein peptides.



Peptides reacting with early and late convalescent serum samples were mapped to different domains of the S protein (Figure 5). We found that reactivity of peptides in the N-terminal domain (NTD), receptor-binding domain (RBD), and heptad repeat 2 (HR2) was high in both early and late convalescence samples, whereas peptides in the Spike 2 (S2) domain, namely, the fusion peptide (FP), were only highly reactive in early convalescence samples. We also examined the location of the N protein peptides with high reactivity in convalescent samples. Reactivity of peptides in the NTD and linker region (LKR) of the N protein was found in early convalescence samples but only located in the NTD in late convalescence samples. These data suggest that during the convalescent phase, there are still antibodies circulating, which could have a potential to neutralize the virus.




Figure 5 | Schematic presentation of S and N protein peptide locations that are reactive with fatal and non-fatal COVID-19 sera. (A) Location of S protein peptides reacting with IgG serum from early convalescent COVID-19; (B) Location of N protein peptides reacting with IgG serum from early convalescent COVID-19; (C) Location of S protein peptides reacting with IgG serum from late convalescent COVID-19; (D) Location of N protein peptides reacting with IgG serum from late convalescent COVID-19; Orange color – peptides reactive with early (1-2 months) convalescent COVID-19 IgG sera; Blue color – peptides reacting with late (10-12 months) convalescent COVID-19 IgG sera.





Serum Cytokine Analysis in COVID-19

We analyzed serum levels of cytokines in cases of fatal and non-fatal COVID-19. We first observed a significantly elevated level of 7 serum cytokines (IL-1Ra, IL-2, IL-3, IL-10, IL-12p40, CXCL10, and HGF) in all COVID-19 cases when compared with controls (Figure 6A). Of these cytokines, a greater number [20 cytokines: IL-1Ra (p = 0.0006), IL-1α (p = 0.003), IL-2 (p = 0.038), IL-2Ra (p = 0.0001), IL-3 (p < 0.0001), IL-6 (p = 0.002), IL-10 (p = 0.006), IL-12p40 (p < 0.0001), IL-16 (p = 0.008), IL-18 (p = 0.001), CCL2 (p = 0.017), CCL7 (p < 0.0001), CCL27 (p = 0.004), CXCL10 (p < 0.0001), bFGF (p = 0.031), HGF (p = 0.0001), LIF (p = 0.0002), M-CSF (p = 0.030), SCF (p = 0.028), and SCGF-b (p = 0.029)] were significantly elevated in fatal cases than in non-fatal cases [7 cytokines; IL-1Ra (p = 0.006), IL-2 (p = 0.0003), IL-3 (p < 0.0001), IL-10 (p = 0.014), IL-12p40 (p = 0.022), CXCL10 (p = 0.01)] (Figures 6A, B). We also compared the levels of cytokines in fatal to those in non-fatal cases. There were 15 cytokines [IL-1α (p = 0.002), IL-2Ra (p = 0.0008), IL-6 (p = 0.004), IL-12p40 (p = 0.004), IL-16 (p = 0.008), IL-18 (p = 0.0008), CCL2 (p = 0.01), CCL7 (p = 0.001), CXCL10 (p = 0.002), bFGF (p = 0.01), HGF (p = 0.020), LIF (p = 0.002), M-CSF (p = 0.019), SCF (p = 0.002), and SCGF-b (p = 0.049)] with significantly higher levels in fatal cases compared with non-fatal cases (Figures 6A, B).




Figure 6 | Serum cytokine level in fatal and survived COVID-19. Violine plot demonstrating serum cytokines level in acute COVID-19 analyzed using Bio-Plex (Bio-Rad, Hercules, CA, USA) multiplex magnetic bead-based antibody detection kit. (A) Cytokines upregulated in non-fatal and fatal COVID-19 compared to controls; (B) Cytokines upregulated only in fatal COVID-19 compared to controls; Data is presented as violin plots with boxplots of Log2 of cytokines concentration.*p < 0.05 (Kruskal-Wallis test with BH adjustment). (C) Nightingale rose plots demonstrating serum cytokine level in non-fatal and fatal COVID-19 using the Bio-Plex (Bio-Rad, Hercules, CA, USA) multiplex magnetic bead-based antibody detection kit. Purple –increased reactivity in fatal COVID-19 compared to non-fatal COVID-19 samples (p < 0.05, Kruskal-Wallis test with BH adjustment). Dotted line – fold change = 1. Data is presented as fold change – mean value of cytokines in fatal COVID-19 divided by mean of cytokines in non-fatal COVID-19.



As expected, significantly increased activation of pro-inflammatory cytokines (IL-1α, IL-2Ra, IL-6, IL-8, and IL-18) in fatal COVID-19 compared to non-fatal COVID-19 sera was measured (Figure 6C). Additionally, the level of multiple chemokines (IL-12p40, CCL2, CCL7, CXCL10, and M-CSF) was significantly increased in fatal COVID-19 cases. These data support previous evidence that highly elevated cytokines and the “cytokine storm” contribute to fatal COVID-19 pathogenesis (22–24).



Diagnostic Value of Peptide Reactivity and Cytokine Activation

Using the data presented here on IgM SARS-CoV-2 peptide reactivity and serum cytokine levels of IL-1α, IL-6, and IL-18, we have identified a unique biomarker panel which could be used for early identification of COVID-19 patients with increased risk of severe and potentially fatal disease (Figure 7).




Figure 7 | Diagnostic panel for early identification of fatal COVID-19. Serum cytokine (IL-1α, IL-6 and IL-18) level and reactivity of anti-SARS-CoV-2 IgM and IgG with S and N protein peptides selected for a diagnostic panel for early identification of fatal COVID-19. Red – cytokine level and SARS-CoV-2 peptide reactivity in fatal COVID-19; Blue – cytokine level and SARS-CoV-2 peptide reactivity in non-fatal COVID-19. Dotted line – fold change = 1, level in control. Data is presented as fold change – mean value of cytokines in COVID-19 divided by mean of cytokines in control.






Discussion

Distinct immune responses and patterns of cytokine activation previously documented have uncovered several biomarkers associated with COVID-19 severity (25–27). Our data provide a more comprehensive picture and significantly advance the current understanding about the humoral immune response in fatal and non-fatal COVID-19 cases through identification of a distinct pattern of antibody recognition of S and N protein peptides. The most striking difference was a lack of IgM antibody reactivity with N protein peptides in non-fatal patients. Also, we report that the panels of S protein peptides reacting with fatal and non-fatal COVID-19 differ. Specifically, only non-fatal COVID-19 sera had reactive peptides located in the RBD of S protein. Importantly, the RBD is one of the targets for neutralizing antibodies (28) and anti-RBD antibody levels have been shown to correlate with neutralizing activity (18). Our analysis revealed that S20, a peptide exclusively reacting with non-fatal acute IgM, contains neutralizing epitopes identified by Barnes et al. (28), thus supporting previous observations that development of neutralizing antibodies is delayed in fatal COVID-19 compared to non-fatal COVID-19 cases (29). In addition to the RBD, the NTD can be targeted by neutralizing antibodies (30), although there is higher potency of RBD-recognizing antibodies demonstrated by Graham et al. (31). Therefore, we suggest that a larger number of peptides recognized by survivor IgM antibodies on the RBD and the NTD regions contribute to convalescence.

Evidence shows that the immune response to SARS-CoV-2 infection contributes to COVID-19 outcomes (32, 33). Reactivity to S and N proteins appears to differ between non-fatal and fatal cases (34); however, little is known about the location of immunogenic regions in these proteins. We identified multiple N protein peptides reacting with fatal COVID-19 IgM. These peptides were located in the NTD and LKR and C-terminal domain (CTD) regions of the N protein. These regions were previously shown to contain immunogenic epitopes (35–37). Similarly, Heffron et al. identified N protein peptides located in the CTD which highly correlated with intubated patients, when compared with non-hospitalized patients (37). Multiple epitopes in the NTD and LKR regions have also been identified as reacting with severe COVID-19 patient sera (14). This commonly observed reactivity to N protein in severe and fatal patients suggests that early screening for the presence of anti-N protein antibodies could be a prognostic factor for clinical outcome, helping to identify patients for high risk of developing severe and fatal COVID-19 during admission (38). The role of anti-N protein antibodies in pathogenesis of severe COVID-19 remains largely unknown. Recently, Batra et al. have suggested that SARS-CoV-2 N protein could contribute to the severity of the disease by inducing non-neutralizing antibodies with the ability to induce an antibody-dependent enhancement (ADE) response (38). This assumption is supported by the high homology between N protein from SARS-CoV-2 and other coronaviruses (38). It was suggested that previous exposure could lead to the circulation of the large quantity of cross-reacting anti-coronavirus N protein antibodies capable of ADE (38, 39).

We have also found that peptides recognized during early and late convalescence differ following two major trends: firstly, the number of reactive peptides declined with time post convalescence, and secondly, the overall intensity of antibody binding to peptides declined from early to late convalescence. These data corroborate previous observations that the humoral immune response declines with time post recovery (15, 40). Substantial reduction in the number of peptides and reaction intensity to NTD and RBD peptides of the S protein was found in late convalescence. Similarly, reactivity to N peptides was reduced as time passed such that there was no reactivity to these peptides by 306 days after recovery. These data are in agreement with previous reports showing that anti-S protein IgG levels remained elevated for longer compared to anti-N protein IgG levels (41, 42). Therefore, it could be suggested that anti-S protein antibodies are the optimal markers of an anti-SARS-CoV-2 immune response.

Changes in serum cytokine levels were also examined as these factors were identified early during the pandemic outbreak in playing a central role in COVID-19 pathogenesis (27). The “cytokine storm” and its major contributor IL-6 (43) have been highlighted as potential therapeutic targets (44). We have identified multiple cytokines known to induce and maintain inflammation as activated in fatal but not non-fatal COVID-19 cases. Among these cytokines was IL-6, confirming previous observations of its role in severe COVID-19 pathogenesis (45). Additionally, we found an increased level of M-CSF in fatal COVID-19 but not non-fatal COVID-19 sera. This inflammatory mediator has overlapping functions with GM-CSF, another cytokine previously identified as being highly upregulated in fatal COVID-19 (46). The “cytokine storm” hypothesis is further supported by our findings given that an increased level of two powerful pro-inflammatory cytokines, IL-1α and IL-18, were found in fatal, not in non-fatal, COVID-19. These are IL-1 family cytokines with distinct functions. IL-1α is a principal cytokine maintaining inflammatory moiety in necrotic tissue (23). Therefore, a substantial increase in the level of this cytokine could indicate necrosis in COVID-19 patients. IL-18 is also a pro-inflammatory cytokine, produced by activated inflammasomes (47). This cytokine is released by activated macrophages and synergizes with IL-12 to activate T cell immune response which can induce fatal inflammation through activation of natural killer (NK) cells (22, 48, 49).

In addition to pro-inflammatory cytokines, we have found an increased level of multiple chemokines capable of attracting activated leukocytes to the site of infection. These chemokines, CCL2, CCL7, CCL27, and CXCL10, were shown to stimulate chemotaxis of monocytes, CD8 T cells, and NK cells which were identified as infiltrating tissues in COVID-19 (50, 51). Our data also confirm the role of CCL2 and CXCL10 in severe COVID-19 as these chemokines were found to be increased in serum of patients admitted to ICU (46, 52). Additionally, our data further support the hypothesis of dysregulation of mononuclear phagocytes (52, 53), as CCL2, increased in COVID-19, promotes macrophage migration and differentiation (54). The role of neutrophils in the pathogenesis of fatal COVID-19 could also be suggested as CCL7 contributes to the accumulation of these granulocytes in the lung (55). Interestingly, Xie et al. (52) showed that neutralization of CCL7 attenuated angiotensin II-induced macrophage infiltration. This role of macrophages in pathogenesis of COVID-19 is supported by an increased level of M-CSF found in fatal cases. Together, excessive M-CSF-driven monocyte/macrophage proliferation and CCL2/CCL7 activation and chemotaxis could be the mechanism of severe and fatal COVID-19 pathogenesis.

Levels of IL-1β were not affected, while, in contrast, serum IL-18 was increased in fatal COVID-19 cases. A previous study using an animal model of acute respiratory distress syndrome (ARDS), that is frequently diagnosed in critical COVID-19 cases (56), demonstrated that serum levels of IL-18 could serve as a biomarker of severity and mortality (57). A similar conclusion was presented by Satis et al., who showed that higher levels of IL-18 were found in serum of COVID-19 with worse outcomes (58).

We have identified SARS-CoV-2 S and N peptides that can be used for early prediction of fatal COVID-19 outcomes. Our data confirm that reactivity with N protein peptides is more prevalent in fatal than non-fatal COVID-19 sera. Additionally, we have found higher levels of pro-inflammatory cytokines and chemokines in fatal COVID-19 sera, supporting the role of “cytokine storm” in the pathogenesis of severe COVID-19. Among these cytokines, IL-18 appears to have a special role as it can be released by activated macrophages and neutrophils and, thus, combined with IL-12, could contribute to COVID-19 fatality. Higher levels of CCL2 and CCL7 chemokines as well as M-CSF also implicate the role of macrophages and neutrophils in pathogenesis of cytokine storm. From these data on S and N protein peptide reactivity and cytokine activation, we provide a panel of clinically significant biomarkers which could be used for early prediction of COVID-19 fatality.

In conclusion, we have identified several markers that could be used for the early prediction of fatal COVID-19 outcomes. We also confirm the prediction value of antibody reactivity with SARS-CoV-2 N protein and the high serum levels of IL-6 in COVID-19 patients. Moreover, we have identified novel markers, including N and S protein peptides, that are reactive in the case of fatal COVID-19. Higher levels of IL-1α and IL-18 pro-inflammatory cytokines were also found in fatal COVID-19 serum. Using these novel markers, we have developed a panel of biomarkers that could be used for the early prediction of COVID-19 fatality risk.
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Coronavirus disease 2019 (COVID-19) is caused by SARS-CoV-2. During T-cell activation, the immune system uses different checkpoint pathways to maintain co-inhibitory and co-stimulatory signals. In COVID-19, expression of immune checkpoints (ICs) is one of the most important manifestations, in addition to lymphopenia and inflammatory cytokines, contributing to worse clinical outcomes. There is a controversy whether upregulation of ICs in COVID-19 patients might lead to T-cell exhaustion or activation. This review summarizes the available studies that investigated IC receptors and ligands in COVID-19 patients, as well as their effect on T-cell function. Several IC receptors and ligands, including CTLA-4, BTLA, TIM-3, VISTA, LAG-3, TIGIT, PD-1, CD160, 2B4, NKG2A, Galectin-9, Galectin-3, PD-L1, PD-L2, LSECtin, and CD112, were upregulated in COVID-19 patients. Based on the available studies, there is a possible relationship between disease severity and increased expression of IC receptors and ligands. Overall, the upregulation of some ICs could be used as a prognostic biomarker for disease severity.
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Introduction

Coronavirus disease 2019 (COVID-19) is a pandemic disease from December 2019 (1). Since the initial wave of cases appeared in Wuhan, China, over 260 million individuals worldwide have been infected with COVID-19, resulting in about six million deaths until now. Most infected patients are without any symptoms or have mild symptoms, but some patients become severely ill and need to be admitted to the hospitals (1, 2). This unexpected outbreak has highlighted the necessity to develop new vaccinations and different therapies to combat COVID-19 (3). Importantly, there are new approved direct antiviral medications for COVID-19 patients (4). For example, remdesivir, a nucleoside analog, is incorporated into the SARS-CoV-2 viral RNA-dependent RNA polymerase (RdRp) complex and prevents its translocation (5). The US Food and Drug Administration (FDA) has authorized it for the treatment of hospitalized COVID-19 patients (5, 6). Furthermore, molnupiravir, a nucleoside analogue, is the first orally taken direct-acting antiviral drug that has been shown to be effective in the eradication of viral RNA, while maintaining high safety and tolerability profiles (4, 7).

COVID-19 could be an immune-related disorder, characterized by lymphopenia, increased proinflammatory cytokines, and abnormal T-cell responses (3, 8, 9). It can stimulate both innate and adaptive immune responses. Later, this causes severe inflammatory reactions leading to systemic cellular damaging (10). However, the transition from innate to adaptive immune responses is crucial in defining the clinical implications of COVID-19 infections. First responses are often protective, whereas later leads to a reduction in viral clearance and a low survival rate (8, 11). Tissue injury observed in acute COVID-19 infections is mediated primarily by the hyperreactivity of lymphocyte responses (8).



T Cells in COVID-19 Patients

Lymphopenia is a general characteristic of many respiratory viral diseases such as human rhinovirus and influenza (12). COVID-19-associated lymphopenia could be more severe and persistent, compared with other respiratory infections (12, 13). Although lymphopenia is not fully understood in COVID-19, the decline in T-cell numbers is a common symptom among patients with severe diseases (14). Recent studies showed a decline in the total number of T cells, as well as a negative relationship between T-cell depletion and prognosis, particularly in COVID-19 patients who require admission to the ICU (15, 16). Moreover, COVID-19 can be more severe in patients who arrive at the hospital with low CD4+ and CD8+ T cell numbers, which can lead to worse clinical outcomes (17). Clearly, these patients should be monitored for any changes in levels of T cells (18). In severe cases of COVID-19, it has been shown that CD8+ T cells and natural killer (NK) cells were reduced in numbers, but they were hyperactive (19). The number and immunological status of GrA+CD8+ T cells and NK cells were recovered after the patients’ condition improved (19). According to this study, perforin+ NK cells and GrA+CD8+ T cells could be useful for the diagnosis of COVID-19 patients. Memory T cells are essentially important to fight against SARS-CoV-2 reinfection and to determine the duration of vaccine protection (20). A study demonstrated that virus-specific T cells induced by betacoronaviruses are long-lasting, suggesting that COVID-19 patients will develop a long-term T-cell immunity, which may be able to protect against SARS-CoV-2 (21). In addition, Odak et al. found that hospitalized COVID-19 patients showed altered effector/effector memory and naïve T-cell frequencies, compared with healthy controls (22). Also, they found that T regulatory cells were significantly lower in both severe and mild COVID-19 patients, compared with healthy controls (22). Moreover, they observed increased levels of effector and memory T-cell populations in mild disease but not in severe disease (22).



Inhibitory Immune Checkpoints in COVID-19

During T-cell activation, the immune system uses checkpoint pathways to maintain co-stimulatory and co-inhibitory signals. As a result, a disturbance in the function of ICs may lead to autoimmune diseases. Some cytokines regulate the expression of immune checkpoint proteins. As an example, transforming growth factor-β1 (TGF-β1) increases the expression of the programmed cell death-1 (PD-1) receptor by enhancing antigen-driven PD-1 gene transcription through Smad3 transcriptional activation in T cells in vitro and in tumor-infiltrating lymphocytes in vivo (23). Moreover, Schlichtner et al. found that VISTA upregulation is regulated by the TGF-β1-Smad3 signaling pathway (24). However, in T cells, TGF-β regulate the expression of VISTA only on T cells lacking granzyme B expression (24). Indeed, they also reported that TGF-β may regulate galectin-9 (Gal-9) expression by the Smad3 pathway in tumor cells (24).

Many pathogens are able to induce overexpression of these checkpoint molecules in different immune cells, leading to increases in IC inhibitory signals and immune evasion (25, 26). As a consequence of IC expression, T cells are exhausted, leading to viral escape from immune monitoring (26, 27). Table 1 summarizes IC receptors and ligands covered in this review.


Table 1 | Summary of immune checkpoint receptors (A) and ligands (B) covered in this review.




Programmed Cell Death-1

PD-1 works by inhibiting innate and adaptive immune responses (28, 29). It is expressed on B cells, T cells, activated monocytes, natural killer T (NKT) cells, natural killer cells (NK), and dendritic cells (DCs) (28, 30–33). PD-1 modulates T-cell function and tolerance, as well as immune-mediated tissue injury (34, 35). There are two known ligands for the PD-1 receptor: PD-L1 and PD-L2. In normal circumstances, the PD-1/PD-L1 pathway plays a crucial role in the modulation of immune function and preventing autoimmunity by inhibiting T-cell activation (34, 36, 37). PD-1 is elevated during acute and chronic viral diseases, such as HCV, HBV, or HIV (31, 38). T-cell depletion and disease progression are linked to PD-1 expression in HIV-specific CD4+ and CD8+ T cells (31, 32, 38, 39).

In COVID patients, PD-1 was shown to be overexpressed on both peripheral blood CD4+ and CD8+ T cells, compared with healthy controls (40). Some studies indicate that PD-1 is thought to have a role in T-cell exhaustion and disease progression (31, 39, 41, 42). The observed PD-1 expression was higher in peripheral blood CD4+ and CD8+ T lymphocytes in COVID-19 patients of all ages, compared with healthy controls (26, 39, 43). PD-1 was found to be upregulated on both peripheral blood CD8+ and CD4+ T cells in severe compared with mild and moderate diseases (Figure 1) (40, 43). Moreover, Kong et al. observed a significant increase in serum levels of soluble PD-1 (sPD-1) in severe COVID-19 patients, compared with mild disease (44). Jeannet et al. reported that the expression of PD-1 was increased exponentially with the period of illness in COVID-19 patients in the ICU, thus reducing the effectiveness of immune responses to viral infections (45). However, according to Rha et al., peripheral blood CD8+ T cells expressing PD-1 during COVID-19 infection are not exhausted but rather functional (46). In line with these findings, Shahbaz et al. found that the overexpression of PD-1 in peripheral blood was not associated with exhaustion and impairment of T-cell function (40).




Figure 1 | Expression of immune checkpoint receptors on T cells and their respective ligands on APCs and/or cancer cells in severe COVID-19 patients. Some ICs including PD-1, TIGIT, TIM-3, VISTA, LAG-3, and CTLA-4 are upregulated on both CD4+ and CD8+ T cells in severe COVID-19 patients, compared with mild/moderate patients. Various IC ligands including PD-L1, PD-L2, CD155, CD112, Gal-9, Gal-3, and LSECtin are upregulated on APCs in severe COVID-19 patients.





Cytotoxic T Lymphocyte-Associated Antigen-4

Cytotoxic T lymphocyte-associated antigen (CTLA-4) works by suppression of T-cell stimulatory signals (47–49). It binds both B7 family members (B7-1 and B7-2) with considerably higher affinity than CD28 (50). As a result, the CD28 receptor is excluded from the immunological synapse (50). This receptor also sends inhibitory signals to T cells, limiting their activation and finally leading to the depletion of its ligands via endocytosis on antigen-presenting cells (51, 52). CTLA-4 is hypothesized to control T-cell proliferation early in the immune responses, mainly in lymph nodes, while PD-1 inhibits T cells later, mainly in the peripheral tissues (53, 54).

Zheng et al. showed that the increased expression of CTLA-4 in severe symptomatic COVID-19 patients leads to CD8+ T-cell exhaustion in peripheral blood and impairs their specific immune activity (43). Moreover, Kong et al. found a significant increase in serum levels of soluble CTLA-4 (sCTLA-4) in severe COVID-19 patients compared with mild disease (44). Another study found that the upregulation of CTLA-4 in blood and bronchoalveolar lavage fluid (BALF) CD8+ and CD4+ T cells is due to viral invasion and excessive immune responses (55). Some recent studies reported that CTLA-4 is upregulated in peripheral blood CD8+ T cells in severe disease, compared with mild and moderate diseases (Figure 1) (40). Moreover, a specific upregulation of CTLA-4 was seen in BALF CD8+ T cells isolated from severe COVID-19 patients (56). Hou et al. showed that the expression of CTLA-4 on CD4+ T cells was dramatically elevated in patients with COVID-19 after 1 year of recovery (57). A study indicated that the presence of CTLA-4 and PD-1 on T cells was not associated with a T-cell inhibition, but rather with a strong activation (40). Other studies demonstrated that the presence of CTLA-4 and PD-1 on T cells may modulate the immune response and protect the vital organ from an excessive inflammatory environment in severe COVID-19 patients (51, 58).



T-Cell Immunoglobulin and Mucin Domain-Containing Protein 3 and Lymphocyte-Activation Gene 3

T-cell immunoglobulin and mucin domain-containing protein 3 (TIM-3) is expressed on CD8+ T cells and T helper 1 (Th1) cells, serving as a potent immune inhibitor (35, 38, 49, 59). It is also detected on monocytes, dendritic cells, and macrophages (38, 60, 61). Lymphocyte-activation gene 3 (LAG-3) expression is increased on activated CD4+ T cells, CD8+ T cells, B cells, and NK cells (35, 49, 62, 63). Some studies have shown that LAG-3 and TIM-3 are strongly upregulated on T cells in COVID-19 patients (62, 64, 65). Importantly, TIM-3 and LAG-3 could be utilized to identify COVID-19 patients with bad prognoses (66–68). Furthermore, Shahbaz et al. found significant upregulations of TIM-3 on both peripheral blood CD4+ and CD8+ T cells in COVID-19 patients, compared with healthy controls (40). Other studies reported significant upregulations of TIM-3 and LAG-3 on both peripheral blood CD4+ and CD8+ T cells in severe compared with mild and moderate diseases (Figure 1) (40, 62). Another study observed significant elevations of soluble TIM-3 (sTIM-3) and soluble LAG-3 (sLAG-3) in severe COVID-19 patients, compared with mild disease (44). Furthermore, Chen et al. found that the plasma level of sTIM-3 was significantly higher in severe COVID-19 patients, compared with healthy controls (69). Moreover, Diao et al. showed a significant increase in TIM-3 expression on peripheral blood CD4+ T cells in COVID-19 patients, which could contribute to the functional exhaustion of these cells (67). Also, they found a correlation between TIM-3 expression and the severity of the disease in COVID-19 patients (67). In line with these findings, Modabber et al. identified higher TIM-3 expression on peripheral blood CD4+ T cells in critical COVID-19 patients than in moderate and severe diseases (60). Furthermore, some COVID-19 inpatients from Nanjing Hospital/China were evaluated, and it was found that the majority of exhausted T cells expressed LAG-3 (70). Another study found that NK cells from the majority of COVID-19 patients appeared exhausted based on the expression of LAG-3 (71). Therefore, exhaustion of these cells could be associated with serious illness and weak antiviral immune responses.



T-Cell Immunoreceptor With Immunoglobulin and ITIM Domain

T-cell immunoreceptor with immunoglobulin and ITIM domain (TIGIT) is expressed on activated T cells, as well as NK cells, and Tregs (72–74). In severe viral diseases, the sustained expression of TIGIT in response to persistent antigen can result in T-cell exhaustion (8, 43). Shahbaz et al. found a significant upregulation of TIGIT on peripheral blood CD8+ and CD4+ T cells in COVID-19 patients, compared with controls (40). In line with these observations, TIGIT expression on peripheral blood CD8+ T cells was higher in severe compared with mild patients (Figure 1) (40, 43, 75). Conversely, Herrmann et al. observed no significant differences in TIGIT expression in COVID-19 patients but substantially lower than that of controls (62). In addition, Hsieh et al. found that higher frequencies of NK cell subsets expressing TIGIT eliminated the viruses faster than cells with lower levels of TIGIT in COVID-19 patients (76). Moreover, Shahbaz et al. indicated that overexpressions of TIGIT, TIM-3, and CTLA-4 were not associated with exhaustion and impairment of peripheral blood T-cell functions. More accurately, these expressions on activated T cells are to avoid harmful hyper-immune reactions (40).



V-Domain Ig Suppressor of T-Cell Activation

V-domain Ig suppressor of T-cell activation (VISTA) is an immune checkpoint receptor that regulates T-cell function (77). It is expressed in significant levels on T cells and myeloid cells (78). In contrast to other IC receptors that are expressed after immune-cell activation, VISTA is expressed in stable conditions on both T cells and myeloid cells (79). Overexpression of VISTA leads to increase in T-cell exhaustion and reduction in their proliferation (77, 80). Some studies found that V-set and immunoglobulin domain-containing 3 (VSIG-3) is a ligand of VISTA, and its interaction can inhibit T-cell proliferation (79, 81, 82). Moreover, another study found that VISTA interacts with Gal-9 secreted by tumor cells as a ligand in acute myeloid leukemia (83).

In COVID-19, VISTA was highly expressed on peripheral blood T cells (40, 84). Shahbaz et al. reported a significant upregulation of VISTA on peripheral blood CD8+ and CD4+ T cells in COVID-19 patients, compared with controls (40). Furthermore, VISTA expression levels on T cells were found to be considerably greater in severe COVID-19 patients versus those with mild diseases (Figure 1) (40). Another study found that overexpression of VISTA on exhausted T cells can occur in chronic viral illnesses like COVID-19 (85). As a result, viral multiplication is likely to be uncontrollable (85).



B- and T-Lymphocyte Attenuator

B- and T-lymphocyte attenuator (BTLA), a member of the CD28 Ig-superfamily, is structurally and functionally similar to CTLA-4 and PD-1 (86–89). BTLA is mostly expressed on B cells and both CD4+ and CD8+ T cells (90–93). Also, it can be expressed on DCs and monocytes (88). BTLA expression is reduced rapidly upon T-cell activation (89). BTLA differs from the rest of the Ig superfamily because it can bind to the herpesvirus entry mediator (HVEM), one of the TNFR superfamily members (35, 86–88). In COVID-19 patients, the BTLA was significantly elevated on peripheral blood CD4+ and CD8+ T cells, when compared to the normal group (90). This elevation of BTLA serves to counteract the initial activation of T cells (94). Another study observed a significant elevation of soluble BTLA (sBTLA) in severe COVID-19 patients, compared with mild disease (44). Moreover, Sharif-Askari et al. found a link between BTLA upregulation and COVID-19 severity (56). Moreover, Schultheiß et al. reported a significant upregulation of BTLA on both CD8+ and CD4+ T cells in COVID-19 patients, compared with healthy controls (90). In an in vitro study, Sumida et al. found that production of IFN-β during viral infection suppresses the expression of CD160, TIGIT, and BTLA on CD8+ and CD4+ T cells (95).



Other Immune Checkpoints

CD244 (2B4) is expressed on T cells, as well as NK cells, DCs, and monocytes (96). Also, CD160 is expressed on T cells, NK cells, and NKT cells (96, 97). In addition, NKG2A is expressed on T cells and NK cells (98). The expression of these ICs might lead to exhaustion of CD4+ and CD8+ T cells (99–101). Some studies have linked the increased expression of these inhibitory receptors to CD8+ T-cell exhaustion in chronic viral infections such as influenza, HIV, and HCV (31, 96, 100). In COVID-19 patients, Shahbaz et al. found an overexpression of 2B4 on peripheral blood CD4+ and CD8+ T cells; however, CD160 was upregulated on CD4+ T cells but not on CD8+ T cells, compared with controls (40). Additionally, NKG2A was upregulated on peripheral blood CD4+ and not on CD8+ T cells in severe COVID-19 patients, compared with mild and moderate diseases (Figure 1) (40). Despite previously reported associations between T-cell dysfunction and overexpression of these inhibitory receptors in viral infections (96, 98, 100), Shahbaz et al. showed that such overexpression was associated with functional T cells against SARS-CoV-2 (40). Furthermore, Zhang et al. showed that the expression of CD160 on NKT cells was increased significantly in moderate COVID-19 patients, compared with severe illness (97). This might imply that the presence of CD160 on NKT cells improves disease control through direct cytotoxicity (97, 102). On the other hand, Zheng et al. observed an overexpression of NKG2A on exhausted NK cells and CD8+ T cells in severe COVID-19 patients (98). Therefore, the upregulation of NKG2A could be associated with functional exhaustion of cytotoxic lymphocytes at the early stage, which could result in progression of the disease (98).



Cross Talks Between Immune Checkpoints

Some of T-cell inhibitory receptors appear to be co-expressed during exhausted T-cell differentiation. Interestingly, Yang et al. showed that PD-1 binds to the TIM-3 ligand Gal-9, which attenuates Gal-9/TIM-3-induced cell death (103). Moreover, Baitsch et al. found that naive T cells are primarily controlled by BTLA and TIM-3 receptors, whereas effector cells interact via larger amounts of inhibitory receptors (104). Furthermore, Okazaki et al. demonstrated that a synergistic effect was found between LAG-3 and PD-1 in the regulation of T-cell function (105). Indeed, Koyama et al. observed an upregulation of TIM-3 in tumor tissues following anti-PD-1 treatment. Consequently, adaptive resistance to anti-PD-1 therapy was acquired (106). It is possible that blocking several immune checkpoints with particular monoclonal antibodies may lead to improvements in the outcomes of various chronic viral infections, as well as in several types of cancer (107).




Immune Checkpoint Ligands in COVID-19

Binding of IC receptors with their ligands suppresses T-cell activity and function, helping in the regulation of immunity (108). Viral infections induce the overexpression of some IC ligands in different immune cells, resulting in a decrease of the viral clearance and increased mortality (109, 110). Herein, we present the few available studies that investigated IC ligands in COVID-19 patients.


PD-L1 and PD-L2

PD-L1 is broadly expressed on hematopoietic and non-hematopoietic cells (111). PD-L2 (also known as B7-DC) is mostly expressed in macrophages, activated DCs, Th2 cells, bone marrow-derived mast cells, and peritoneal B1 cells (112). Importantly, PD-1 and its ligands PD-L1 and PD-L2 were elevated during acute viral infections and after sustained viral infections (111). The expression of PD-L1 on basophils and eosinophils was associated with COVID-19 severity (Figure 1) (113). In COVID-19, dendritic cells and monocytes lack maturation markers and have elevated levels of PD-L1 (114). Moreover, Monaghan et al. reported a significant overexpression of PD-L1 and PD-L2 in peripheral blood of patients who died from COVID-19 (115). SARS-CoV-2 induced an overexpression of PD-L1 in epithelial cells, and it was dysregulated in a variety of immune cells including neutrophils, gamma delta T cells, monocytes, and CD4+ T cells of COVID-19 patients (116). These results indicate that PD-L1 has a prognostic role in COVID-19 patients (116). Blood levels of pro-inflammatory cytokines IL-6, IL-17, and IL-8 were markedly elevated in severe COVID-19 patients, together with elevated macrophage and neutrophil activity (117, 118). Therefore, overexpression of PD-L1 on the surface of immune cells in COVID-19 patients could be due to the presence of these pro-inflammatory cytokines (118). In other studies, it has been reported that PD-L1 was overexpressed on monocytes, and the plasma of COVID-19 patients contains higher levels of soluble PD-L1 (sPD-L1), compared with healthy controls (119, 120). Moreover, another study found that the serum level of sPD-L1, but not sPD-L2, was significantly higher in severe COVID-19 patients (44).



Galectin-9

Galectin-9 (Gal-9) is a galactoside-binding protein expressed by different types of immune cells including T cells, B cells, macrophages, and mast cells, and it is involved in the regulation of overactive immune responses (121). Gal-9 is a ligand for TIM-3, and their interactions induce apoptosis and reduce T-cell activity (121). Gal-9 is significantly expressed on immune cells in viral infections, and autoimmune and malignant diseases (109). Soluble Gal-9 (sGal-9) was increased in the plasma during chronic viral disease, and it may suppress the immune activity against the viral infection (109). A recent investigation reported that circulating Gal-9 levels were elevated in humans infected with various viruses (122). These findings imply that viral infections induce Gal-9 overexpression. Schultheiß et al. reported that sGal-9 was significantly increased in severe COVID-19 patients, compared with patients after recovery and healthy controls (90). Moreover, Bozorgmehr et al. found that plasma Gal-9 concentrations were significantly greater in patients with severe COVID-19, compared with those with mild/moderate disease (Figure 1) (123). Plasma levels of the full-length and truncated forms of Gal-9 and Osteopontin (OPN) could serve as representative inflammatory biomarkers. In severe patients, cleavage of Gal-9 and OPN was found to be related to lung function and inflammation, but not the full length of Gal-9 and OPN (124). Therefore, the cleaved forms of OPN and Gal-9 could be useful in monitoring inflammation in COVID-19 patients with pneumonia (124, 125). In another study, COVID-19 patients were shown to have higher levels of Gal-9, Gal-3, and Gal-1, compared with healthy controls (120). Another study reported that Gal-9 was overexpressed on T cells in severe patients, compared with healthy controls (40). Gal-9 has been associated with a cytokine storm in COVID-19 (123). Furthermore, it has a positive correlation with pro-inflammatory cytokines such as IL-6 and tumor necrosis factor-α (TNF-α), suggesting that Gal-9 inhibition could be a potential therapeutic approach in COVID-19 patients (123).



Galectin-3

Galectin-3 (Gal-3) is a galactoside-binding protein expressed by all types of immune cells (126). Gal-3 has been related to several inflammatory diseases (126). A recent study reported that Gal-3 levels in macrophages, monocytes, and dendritic cells were increased in patients with severe COVID-19, compared with mild diseases (Figure 1) (127). Moreover, the serum level of Gal-3 was significantly higher in severe COVID-19 patients, compared with healthy controls (69, 128). It has been reported that Gal-3 was upregulated in proliferating T cells in severe cases of COVID-19, and frequently the hyperinflammation phase involves the overexpression of Gal-3, TNF-α, and IL-6 (129). Therefore, inhibition of Gal-3 could be a helpful approach in the treatment of COVID-19 by lowering the inflammatory reaction and preventing viral adherence to host cells (126, 127, 130). Additionally, a recent study reported higher levels of Gal-3, and Gal-1 in COVID-19 patients, compared with healthy controls, implying that Gal-3 could be a useful biomarker for disease prognosis (131). Another study reported that COVID-19 patients with serum levels of Gal-3 more than 35.3 ng/ml were associated with higher mortality, ICU hospitalization, and severe acute respiratory syndrome, implying its importance as a prognostic biomarker for mortality and disease severity (132).



B7-H3 (CD276)

B7-H3 (CD276) has both co-stimulatory and co-inhibitory roles (133). It interacts with the TLT-2 receptor to enhance T-cell activation, whereas binding to unknown receptors results in co-inhibition of T cells (133, 134). It is expressed on activated DCs, NK cells, T cells, B cells, and monocytes (135). There are very limited studies investigating B7-H3 in COVID-19 patients. A recent study reported that CD276 was upregulated in the lung during COVID-19 (136).



CD155 and CD112

CD155 (PVR) and CD112 (PVRL2, nectin-2) have both co-stimulatory and co-inhibitory roles. Both are expressed on monocytes, and DCs (137, 138), and they are recognized by a different group of receptors expressed on T cells and NK cells, namely, DNAM-1 (CD226), TIGIT, and TACTILE (CD96) (139, 140). During the activation process, CD155 and CD112 interact with DNAM-1 to enhance NK- and T-cell activity (141). On the other hand, TIGIT interacts with these ligands to inhibit the activation of NK and T cells (72, 140–142). With regard to COVID-19, Hsieh et al. reported that SARS-CoV-2 induced the overexpression of CD155 on infected cells, which binds to its receptor TIGIT on NK cells, resulting in decreased immune responses and viral clearance (76). Additionally, Wilk et al. reported a significant expression of CD112 on monocytes of hospitalized COVID-19 patients, compared with mild disease and healthy controls (Figure 1) (143).



LSECtin

Lectin (LSECtin), also known as CLEC4G, is a co-inhibitor of human T-cell immunity (144). A recent study showed that LSECtin suppresses human T-cell activation and proliferation via the butyrophilin family receptor BTN3A1 (144). Lu et al. reported that analysis of pulmonary cells from COVID-19 patients showed an overexpression of different C-type lectins such as L-SIGN, LSECtin, DC-SIGN, ASGR1, and CLEC10A on myeloid cells (145). Although these receptors do not promote active multiplication of SARS-CoV-2, they generate pro-inflammatory responses in myeloid cells, which are associated with COVID-19 severity (145).




Perspective

The expression of ICs in COVID-19 patients is an important manifestation, contributing to worse clinical outcomes. Most available studies evaluated IC receptors/ligands individually or in small combinations. Comprehensive co-expression and cross talk investigations of multiple IC receptors or ligands on specific immune-cell subpopulations in COVID-19 patients are lacking. Identification of the specific immune-cell subpopulations expressing IC receptors or ligands in severe versus mild/asymptomatic COVID-19 patients is critical for prognostic purposes and therapeutic targeting. Overall, few studies investigated different receptors/ligands in the same COVID-19 patients. Based on these studies, there are some evidence supporting the use of a panel of IC receptors/ligands as prognostic biomarkers in severe COVID-19 patients; this panel could include upregulations of PD-1, CTLA-4, TIM-3, PD-L1, Gal-3, and Gal-9. Further and well-designed studies are still needed to investigate expression profiles and functions of IC receptors and ligands in severe, compared to mild and asymptomatic COVID-19 patients.



Conclusion

COVID-19 is a pandemic disease that is impacting people all over the world. The severity of the disease is determined by the signs and symptoms that individuals exhibit. An enhanced expression of immune checkpoint molecules can result in stimulation of the apoptosis of T cells, decline in the number of T cells, and lymphopenia. Some studies reported a relationship between upregulation of IC receptors on T cells and the severity of COVID-19. Specifically, when immune cells are overactivated, ICs are upregulated and inflammatory cytokines are produced in excessive amounts, which increases the disease severity. Therefore, IC overexpression in COVID-19 patients might not be due to T-cell exhaustion with impaired antiviral responses. Some studies found that the overexpression of IC receptors on T cells may modulate the immune response and protect vital organs from an excessive inflammatory response in severe COVID-19 patients. Overexpression of some of these IC receptors can be used as prognostic biomarkers for COVID severity. Clearly, targeting inhibitory ICs should be carefully considered because the efficacy and safety of blocking inhibitory ICs in COVID-19 patients have not yet been fully elucidated.

Few studies have investigated the expression level of IC ligands in COVID-19 patients. Based on the few available studies, there is a relationship between disease severity and increased expression of IC ligands. However, there are no available studies investigating the expression levels of some IC ligands including B7-H4, B7-H5, and B7-H6 in COVID-19 patients, and it would be interesting to do that.

Cancer patients receiving immune checkpoint inhibitors (ICI) may have greater immunological competence as a consequence of their reactivated T cells. However, this may lead to an increase in the risk of cytokine release syndrome (CRS), a vital manifestation in COVID-19 patients (146, 147). Few studies found a high percentage of ICI-related CRS cases following ICI administration in cancer patients (147, 148). However, other studies found that there were no associations between administration of ICI with mortality in cancer patients with COVID-19 (149, 150). Recently, ICI could be used as a potential therapeutic approach against COVID-19 in non-cancer patients (26). The majority of the concerns regarding ICI administration are related to an increase in inflammatory cytokine secretion as a consequence of reactivated of exhausted T cells, which might lead to organ damage (147). However, another study found that organ damage in COVID-19 patients is caused by virus infection itself rather than cytokine storm (151). Additionally, Yatim et al. demonstrated that ICI therapy was not associated with severe COVID-19, rather it increases specific anti–SARS-CoV-2 T-cell immunity (152). Furthermore, another study found that the PD-1 inhibitor is able to enhance the specific T-cell immune response to SARS-CoV-2 antigens (153). In addition, TGF-β and IL-6 were upregulated in COVID-19 patients, suggesting that targeting these cytokines may improve COVID-19 outcomes (154–156).

Most of the available studies on COVID-19 patients who have undertaken ICI are concentrated on PD-1 inhibition. Other ICIs in this setting should be studied as well. More studies are needed to evaluate the safety of ICI in cancer and non-cancer COVID-19 patients.

Currently, there are different COVID-19 vaccinations including BNT162b2 (BioNTech, Pfizer), AZD1222 (Oxford, AstraZeneca), Ad26.CoV2.S (Janssen), mRNA-1273 (Moderna), BBIBP-CorV (Sinopharm), Sinovac-CoronaVac, BBV152 COVAXIN (Bharat Biotech), and NVX-CoV2373 (Covovax). Unfortunately, there are no available studies investigating IC receptors and/or ligands in individuals following any of the different COVID-19 vaccinations. Comprehensive studies are required on patients receiving COVID-19 vaccines to determine any changes in the expression and function of IC receptors and ligands on different immune cells following these vaccinations.
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Background

CD163, a haptoglobin-hemoglobin scavenger receptor mostly expressed by monocytes and macrophages, is involved in the regulation of inflammatory processes. Following proteolytic cleavage after pro-inflammatory stimulation, CD163 is shed from the cell surface and its soluble form in plasma, sCD163, is a biomarker of monocyte/macrophage lineage activation.

The assessment of sCD163 plasmatic levels in an early stage of the disease could have clinical utility in predicting the severity of COVID-19 pneumonia. The use of tocilizumab (monoclonal antibody anti-IL-6 receptor) in COVID-19 patients reduces lethality rate at 30 days. The aim of the study was to investigate the effect of tocilizumab on sCD163 plasmatic levels in a cohort of COVID-19 patients.



Methods

In COVID-19 patients, on hospital admission (T0), after 7 days from hospitalization (T7) and after 45 days from discharge (T45) sCD163 plasmatic levels were evaluated, along with other laboratory parameters. COVID-19 patients were stratified into tocilizumab (TCZ) and non-tocilizumab (non-TCZ) groups. TCZ group was further divided into responder (R) and non-responder (NR) groups. Patients who died or required mechanical ventilation were defined as NR. As control group, healthy donors (HD) were enrolled.



Results

Seventy COVID-19 patients and 47 HD were enrolled. At T0, sCD163 plasmatic levels were higher in COVID-19 patients compared to HD (p<0.0001) and the longitudinal evaluation showed a reduction in sCD163 plasmatic levels at T7 compared to T0 (p=0.0211). At T0, both TCZ and non-TCZ groups showed higher sCD163 plasmatic levels compared to HD (p<0.0001 and p=0.0147, respectively). At T7, the longitudinal evaluation showed a significant reduction in sCD163 plasmatic levels (p=0.0030) only in the TCZ group, reaching levels comparable to those of HD. Conversely, not statistically significance in non-TCZ group was observed and, at T7, a statistically significance was found comparing non-TCZ group to HD (p=0.0019). At T0, R and NR groups showed not statistically significance in sCD163 plasmatic levels and both groups showed higher levels compared to HD (p=0.0001 and p=0.0340, respectively). The longitudinal evaluation showed significant reductions in both groups (R: p=0.0356; NR: p=0.0273) independently of the outcome. After 45 days of follow-up sCD163 plasmatic levels remain stable.



Conclusion

sCD163 plasmatic levels are increased in COVID-19 pneumonia and is efficiently down-regulated by tocilizumab treatment regardless of the clinical outcome.





Keywords: monocytes/macrophages, sCD163, IL-6, tocilizumab, SARS-CoV-2, ELISA



Introduction

The current COVID-19 pandemic which originated in December 2019 and is still actively spreading at a rapid and mass scale has managed to grab enormous attention from researchers globally providing great insights into a deeper analysis emphasizing on the SARS-COV-2 genome, immunopathogenesis and vaccine development (1, 2). One of the strongest components of immune response studies are cytokines, immune cells and blood biomarkers (2–5).

Cytokines are low molecular weight immunomodulating proteins that operate by coordinating communication between cells and cooperating among inflammation and immunity (3). In this context, circulating cytokines can play an important role as biomarkers and can be used in the diagnosis, and response to treatment in infectious diseases (6). The proliferation and activation of monocytes/macrophages is the most significant step in the initiation of the immunopathogenesis of a wide range of infections and is thought to contribute to the pathogenesis of COVID-19 pneumonia concomitantly with the cytokine storm (4, 7).

In particular, soluble CD163 (sCD163) is a soluble form of CD163, a protein biomarker for the activation of monocyte/macrophage cell lineage which basically is a scavenger receptor for hemoglobin haptoglobin complex possessing very high affinity (8). This soluble inflammatory cytokine is generally found in the plasma, serum, and cerebrospinal fluid of all healthy individuals in a normal range (9). An upregulation in the concentration of sCD163 is indicative of a strong immune response in individuals suffering from many viral and bacterial infections such as HCV, HIV, CMV, HPV (10–14). sCD163 is generally considered to be a result of proteolytic cleavage of monocyte bound CD163 by matrix metalloproteinases (MMPs) (9). A high oxidative stress is supposed to be a driving force for the release of sCD163. As a result of the shedding, during inflammation and activation of macrophages, the extracellular portion of CD163 circulates in the blood as sCD163 (9). Elevated CD163 expression on alveolar macrophages has been reported in patients with chronic obstructive pulmonary disease (BPCO) and in idiopathic pulmonary fibrosis (9). Several authors reported an increment of sCD163 plasmatic levels with worsening COVID-19 severity, underlining a preponderant role for monocyte-macrophage activation in the development of immunopathology of COVID-19 patients (6, 15–17).

An ongoing decline in sCD163 plasmatic levels with respect to effective therapy has been reported in other viral infections (18). Several immunomodulator compounds have been tested against COVID-19 pneumonia by disrupting the phenomenon of cytokine storm (4, 19, 20). Moreover, specific immune modulators include anti-IL-6 and IL-1 receptor antagonists (tocilizumab, sarilumab, anakirna) and Janus kinase (JAK1/JAK2) inhibitors, that determine a dose-dependent inhibition of IL-6-induced STAT3 phosphorylation (baricitinib) (20–26).

Although many proinflammatory cytokines are involved in cytokine release syndrome (CRS), interleukin-6 (IL-6) is the most important one (4, 19). Anti-IL-6 agents have been proposed as a promising treatment regimen for COVID-19 pneumonia (27). Tocilizumab is a humanized monoclonal antibody that can target both membrane-bound and soluble forms of the IL-6 receptor, and several studies have evaluated its efficacy in treating severe COVID-19 pneumonia (19, 20, 27, 28). The effectiveness of tocilizumab in down regulating the concentration of cytokines such as IL-6, IL-17 is well studied and understood (29).

The aim of this study was to investigate the effect of tocilizumab in sCD163 plasmatic level at different time points in a cohort of hospitalized COVID-19 patients.



Materials and Methods


Study Design and Participants

From March 2020 to June 2020, patients with COVID-19 pneumonia admitted to S.M Goretti Hospital of Latina, were enrolled. COVID-19 related pneumonia was diagnosed by computed tomography (CT scan) of the chest associated with SARS-CoV-2 RNA detection from a nasopharyngeal swab through a commercial reverse transcription polymerase chain reaction (RT-PCR) kit, following manufacturer’s instructions (RealStar® SARS-CoV-2 Altona Diagnostic, Germany).

On hospital admission, clinical information, and routine laboratory exams, including demographics, respiratory parameters with arterial oxygen partial pressure/fraction of inspired oxygen (PaO2/FiO2) ratio, lactate dehydrogenase (LDH), C-reactive protein (CRP), ferritin, D-dimer, blood neutrophil, lymphocyte and monocyte absolute counts were collected.

All patients have received as standard of care (SoC) a combination of lopinavir/ritonavir, hydroxychloroquine, steroids (methylprednisolone), low-weight molecular heparin (LWMH) as prophylaxis, and oxygen support depending on degree of respiratory failure.

Tocilizumab was administered intravenously (8 mg/kg) according to availability and following physician decision.

According to tocilizumab treatment, COVID-19 patients were stratified into tocilizumab (TCZ) and non-tocilizumab (non-TCZ) groups. Moreover, TCZ group was further stratified into responders (R) for those who responded to therapy and non-responders (NR) for those who failed to respond to tocilizumab therapy. Failure was defined when death or intubation occurred after treatment.

Finally, as control group, healthy donors (HD) matched for age and sex distribution, without any symptom, and with a negative nasopharyngeal swab for SARS-CoV-2 RNA detection and undetectable anti-SARS-CoV-2 specific IgG, were enrolled.



Measurement of sCD163 Plasmatic Levels

On hospital admission, during routine clinical testing, peripheral whole blood samples, collected in heparin tubes, were drawn in hospitalized COVID-19 patients at different time-points: on hospital admission (T0), after 7 days from hospitalization (T7) and at follow-up after 30-45 days discharge (T45).

Plasma was obtained after centrifugation and immediately stored at -80°C until use. sCD163 plasmatic level was quantified using enzyme-linked immunosorbent assay (ELISA) kits (Quantikine, R&D Systems, Minneapolis, Minnesota, USA). Standard curves and samples were tested in duplicate. The limit of detection for sCD163 was 0.177 ng/ml.



Statistical Analysis

All statistical analyses were performed using GraphPad Prism v.9 software and two-tailed p ≤ 0.05 was considered statistically significant. Values are represented as median and interquartile range (IQR).

The nonparametric comparative Mann-Whitney test and the nonparametric Kruskal-Wallis test with Dunn’s post-test were used for comparing medians between groups. Longitudinal evaluation of sCD163 plasmatic levels was performed using the nonparametric Wilcoxon test. Spearman rank correlation analysis was used to assess the relation between clinical and laboratory data and sCD163 plasmatic levels (Spearman coefficient [ρ] and statistical significance [p] are reported in the graphics). Linear correlation was evaluated using the regression test.




Results


Demographic and Clinical Laboratory Parameters of Study Population

Seventy hospitalized COVID-19 patients (41 males and 29 females, median age [IQR] of 66 [54-77] years) and 47 HD (24 males and 23 females, median age [IQR] of 61 [55-67] years) were enrolled. None of the COVID-19 patients enrolled in the present study was infected with HIV.

According to chest CT scan findings, all COVID-19 patients showed sign of interstitial pneumonia. Concerning comorbidities, 66% of COVID-19 patients had at least one coexisting illness and the prevalent were hypertension (41.4%), cardiovascular disease (29.0%), and diabetes (26.0%). Among all COVID-19 patients, 20% died due to worsening of their condition (Table 1).


Table 1 | Demographic and clinical features of study population on hospital admission.



On hospital admission, median (IQR) values of plasmatic ferritin (394 [179-653] ng/mL), LDH (272 [224-380]) U/L), D-dimer (0.8 [0.3-1.5] µg/mL) and CRP (4.1 [0.7-10.6] mg/mL) were higher in COVID-19 patients compared to the normal range (Table 1).

Overall, 34 COVID-19 patients developed a severe form of COVID-19 pneumonia with acute respiratory distress syndrome (ARDS group) while 36 showed a COVID-19 pneumonia without ARDS (non-ARDS group) (Table 1).



Longitudinal Evaluation of sCD163 in COVID-19 Patients

Overall, sCD163 plasmatic levels were higher in COVID-19 patients compared to HD (1209 [863-1563] and 777 [458-1169], respectively; p<0.0001) (Figure 1A) as well as in ARDS group compared to non-ARDS one (1359 [967-1814] and 1126 [819-1381], respectively; p=0.0230) (Figure 1B). Both ARDS and non-ARDS groups showed higher sCD163 plasmatic levels compared to HD (p<0.0001 and p=0.0154, respectively) (Figure 1B).




Figure 1 | Evaluation of sCD163 plasmatic levels and correlations with clinical data. (A) sCD163 plasmatic levels were evaluated in 70 COVID-19 patients and 47 HD. The differences were evaluated using the nonparametric Mann-Whitney test. Data are shown as median (lines). (B) sCD163 plasmatic levels were evaluated in 34 patients with ARDS (ARDS group) and 36 patients without ARDS (non-ARDS group) using the nonparametric Mann-Whitney test. Both ARDS and non-ARDS groups were compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). (C) sCD163 plasmatic levels were longitudinal evaluated in 70 COVID-19 patients at two time-points: at T0 (on hospital admission) and T7 (after seven days from hospital admission) using Wilcoxon test. Both T0 and T7 were compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). (D) Positive correlation between sCD163 plasmatic levels and absolute neutrophil count on 70 COVID-19 patients. Linear correlation was evaluated by using the regression test, R2 = 0.0696, p=0.0273. (E) Negative correlation between sCD163 plasmatic levels and absolute lymphocytes count on 70 COVID-19 patients. Linear correlation was evaluated by using the regression test, R2 = 0.0702, p=0.0290. (F) Positive correlation between sCD163 plasmatic levels and neutrophil/lymphocyte ratio (NLR) on 70 COVID-19 patients. Linear correlation was evaluated by using the regression test, R2 = 0.0843 p=0.0171. All correlations were performed using Spearman test. Spearman coefficient (ρ) and statistical significance (p) are reported in the graphics. **** p> 0.0001; **0.01 < p < 0.001; *0.05 < p <0.01.



The longitudinal evaluation performed in 70 COVID-19 patients showed a significant decrease in sCD163 plasmatic levels at T7 compared to T0 (1060 [766-1350] and 1209 [823-1563], respectively; p=0.0211). Both at T0 and T7 COVID-19 patients showed significantly higher sCD163 plasmatic levels compared to HD (p<0.0001 and p=0.0071, respectively) (Figure 1C).

Considering all COVID-19 patients, at T0 we observed positive correlations between sCD163 plasmatic levels and absolute neutrophil count (ρ=0.3402, p=0.0040) as well as between sCD163 plasmatic levels and neutrophil/lymphocytes ratio (ρ=0.4122, p=0.0005) (Figures 1D, F). Conversely, a negative correlation between sCD163 plasmatic levels and absolute lymphocyte count was found (ρ=-0.2819, p=0.0199) (Figure 1E). There was no correlation between monocyte absolute count and sCD163 plasmatic levels. Moreover, no association between sCD163 plasmatic levels and age of the COVID-19 patients was observed nor differences between males and females.



Evaluation of sCD163 According to Tocilizumab Treatment

To evaluate if the longitudinal decrease in sCD163 plasmatic levels observed was due to tocilizumab treatment, COVID-19 patients were stratified according to tocilizumab treatment.

Forty-five COVID-19 patients were treated with tocilizumab (TCZ group) while 25 were not treated with tocilizumab (non-TCZ group). No statistically difference was observed between TCZ and non-TCZ groups concerning age, gender, and coexisting illness. On hospital admission, TCZ group showed significantly lower absolute lymphocyte count (p=0.0009) and higher plasmatic levels of CRP (p=0.0007), LDH (p<0.0001), ferritin (p=0.0018) compared to non-TCZ group (Table 1). A higher percentage of deaths in non-TCZ group compared to TCZ one was observed, although not statistically significant (28.0% and 15.6%, respectively). Finally, a significantly higher percentage of patients who developed ARDS during hospitalization was found in non-TCZ group compared to TCZ one (84.0% and 16%, p<0.0001) (Table 1).

At T0, comparing TCZ and non-TCZ group no statistically significant difference in sCD163 plasmatic levels was observed (1211 [913-1664] and 1195 [793-1478], respectively) (Figure 2A). Both TCZ and non-TCZ groups showed higher sCD163 plasmatic levels compared to HD (p<0.0001 and p=0.0147, respectively) (Figure 2A).




Figure 2 | Evaluation of sCD163 plasmatic levels in tocilizumab and non-tocilizumab groups. (A) sCD163 plasmatic levels were evaluated in 45 tocilizumab treated patients (TCZ) and 25 tocilizumab untreated patients (non-TCZ). The differences were evaluated using the nonparametric Mann-Whitney test. Data are shown as median (lines). Both TCZ and non-TCZ groups were compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). (B) sCD163 plasmatic levels were evaluated in tocilizumab treated (TCZ) and tocilizumab untreated (non-TCZ) patients stratified according to the development of ARDS. The differences were evaluated using the nonparametric Mann-Whitney test. Data are shown as median (lines). (C) sCD163 plasmatic levels were longitudinal evaluated in 45 tocilizumab treated patients at two time-points: at T0 (on hospital admission) and T7 (after seven days from hospital admission) using Wilcoxon test. Both T0 and T7 were compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). (D) sCD163 plasmatic levels were longitudinal evaluated in 25 tocilizumab treated patients at two time-points: at T0 (on hospital admission) and T7 (after seven days from hospital admission) using Wilcoxon test. Both T0 and T7 were compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). ****p > 0.0001; **0.01 < p < 0.001; *0.05 < p <0.01.



Stratifying TCZ and non-TCZ groups according to the development of ARDS, higher sCD163 plasmatic levels were observed in ARDS groups compared to respectively non-ARDS groups (TCZ group: 1573 [1141-1911] and 1185 [822-1443], respectively; p=0.0178. non-TCZ group: 1240 [998-1739] and 835 [426-1056], respectively; p=0.0122) (Figure 2B). No significant differences were observed comparing ARDS group from TCZ group to ARDS group from non-TCZ one as well as comparing non-ARDS group from TCZ group to non-ARDS group from non-TCZ one (Figure 2B).

At T7, the longitudinal evaluation in TCZ group showed a significant reduction of sCD163 plasmatic levels compared to T0 (1211 [913-1664] and 895 [657-1338], respectively; p=0.0030) (Figure 2C). Moreover, no significant difference was found comparing T7 to HD (Figure 2C).

Regarding non-TCZ group, no significant difference in sCD163 plasmatic levels was observed comparing T0 to T7, while a significant difference in sCD163 plasmatic levels was found comparing T7 to HD (1196 [793-1478] and 1192 [921-1395], respectively; p=0.0019) (Figure 2D).



Evaluation of sCD163 According to Response to the Therapy

According to response to therapy, TCZ group was further stratified into R (n=35), who recovered after therapy, and NR (n=10), who died because of COVID-19 due to worsening of condition even after therapy.

At T0, the evaluation of sCD163 plasmatic levels showed no significant difference in sCD163 plasmatic levels comparing R and NR groups (1224 [893-1593] and 1119 [924-1784], respectively) (Figure 3A). However, at T0, both R and NR groups showed significantly higher sCD163 levels compared to HD (p=0.0001 and p=0.0340, respectively) (Figure 3A).




Figure 3 | Evaluation of sCD163 plasmatic levels according to response to tocilizumab treatment. (A) sCD163 plasmatic levels were evaluated in 35 responder (R) and 10 non-responder (NR) patients. The differences were evaluated using the nonparametric Mann-Whitney test. Data are shown as median (lines). Both R and NR groups were compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). (B) sCD163 plasmatic levels were longitudinal evaluated in 35 responder (R) patients at two time-points: at T0 (on hospital admission) and T7 (after seven days from hospital admission) using Wilcoxon test. Both T0 and T7 were compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). (C) sCD163 plasmatic levels were longitudinal evaluated in 10 non-responder (NR) patients at two time-points: at T0 (on hospital admission) and T7 (after seven days from hospital admission) using Wilcoxon test. Both T0 and T7 were compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). (D) sCD163 plasmatic levels were longitudinal evaluated in 22 responder (R) patients at three time-points: at T0 (on hospital admission), T7 (after seven days from hospital admission) and T45 (30-45 days from discharge) using Friedman test with Dunn’s post-test. Each time-point (T0, T7 and T45) was compared to HD using the nonparametric Kruskal-Wallis test with Dunn’s post-test. Data are shown as median (lines). ***0.0001<p<0.001; *0.01<p<0.05.



At T7, the longitudinal evaluation of sCD163 plasmatic levels in R and NR group showed a significant reduction of sCD163 plasmatic levels compared to T0 (R group: 1224 [893-1593] and 988 [722-1343], respectively; p=0.0356. NR group: 1119 [924-1784] and 831 [615-1149], respectively; p=0.0273) (Figures 3B, C). At T7, both NR and R groups showed no significant difference compared to HD (Figures 3B, C).

Finally, for 22 COVID-19 patients of R group, a further evaluation of sCD163 plasmatic levels was performed at T45 showing a significant reduction compared to T0 (T0: 1179 [812-1412], T7: 868 [588-1141] and T45: 807 [486-1059], p=0.0475). At T45 COVID-19 patients showed sCD163 plasmatic levels comparable to those of HD (Figure 3D).




Discussion

Here, we assessed the effect of tocilizumab on sCD163 plasmatic levels in a cohort of hospitalized COVID-19 patients evaluating the dynamic changes between hospital admission and after 7 days from hospitalization. Moreover, in a subgroup of COVID-19 patients we evaluated sCD163 plasmatic levels after 45 days from discharge.

Several studies have described the evaluation of sCD163 plasmatic levels at an early stage of the disease and have demonstrated its utility in predicting the severity of COVID-19 pneumonia (6, 15, 16). Although sCD163 plasmatic level is not a routine evaluation in COVID-19 patients, all these reports suggest that sCD163 plasmatic levels could represent a useful and easily assessable biomarker of disease progression underlining its clinical utility.

Different immunomodulator compounds explicate their effects disrupting the phenomenon of the cytokine storm involved in the immunopathogenesis of COVID-19 (15–19). Currently, anti-IL-6 agents have been proposed as a promising therapy for COVID-19 (16, 20). Specifically, tocilizumab, an anti-IL-6 receptor monoclonal antibody, has been found to be effective in regulating the levels of cytokines such as IL-6 and IL-17 and its administration in COVID-19 patients has been shown to reduce the lethality rate at 30 days (15, 21).

The idea that in COVID-19 patients tocilizumab may suppress the cytokine storm by decreasing the activity of IL-6, is corroborated by the findings of Zarinsefat et al., who speculated on the mechanistic/biologic effects of this drug on immune system cells using an in vitro cytokine storm model of peripheral blood mononuclear cells (PBMC) (30). Specifically, the authors comparing single-cell RNA sequencing (scRNA-seq) of stimulated PBMC from kidney transplant recipients with subclinical rejection with and without tocilizumab treatment, showed that tocilizumab-treated PBMC had reduced expression of inflammatory-mediated genes and biologic pathways, particularly amongst monocytes (30, 31). Similarly, Guo et al., performing a scRNA-seq of two patients with severe COVID-19 pre- and post-treatment with tocilizumab, observed a reduced enrichment of inflammatory pathways as well as a reduced expression of IL-6 receptor related pathways genes in tocilizumab-treated cells. Moreover, the authors showed an enrichment in CD14 expression associated with the presence of non-inflammatory classical monocytes, in tocilizumab-treated cells (30, 31). All these findings, together with the available clinical data, support the belief that tocilizumab may be effective in reducing the monocytes-related inflammatory burden that results in the adverse outcomes of COVID-19.

In line with previously reports (6, 15, 32), in our cohort, on hospital admission, COVID-19 patients showed higher sCD163 plasmatic levels compared to HD, especially those who developed ARDS during hospitalization. These findings highlight the activation of the monocytic/macrophage system during COVID-19 pneumonia and underline how the evaluation of sCD163 plasmatic level could be a valuable predictive marker of severe disease in COVID-19 patients. These data are corroborated by the positive correlations between sCD163 plasmatic levels and absolute neutrophil count, and neutrophil-lymphocytes ratio as well as the negative correlation between sCD163 plasmatic levels and absolute lymphocytes count observed. Indeed, several authors showed that leukocytosis and an increase of neutrophil-lymphocytes ratio are associated with worsen outcome in COVID-19 pneumonia (33–36).

Considering all COVID-19 patients, the first main result of our study was a significant reduction in sCD163 plasmatic levels after seven days from hospitalization compared to the time of hospital admission without reaching HD plasmatic levels. To verify whether the reduction of sCD163 plasmatic levels observed depended on tocilizumab treatment, COVID-19 patients were stratified into two groups: TCZ and non-TCZ. On hospital admission, sCD163 plasmatic levels were comparable in both groups and each of them showed significantly higher sCD163 plasmatic levels compared to HD. However, during hospitalization the longitudinal evaluation of sCD163 plasmatic levels showed a significant reduction only in TCZ group. Moreover, in TCZ group it was observed that, after the treatment, sCD163 plasmatic levels were comparable with those of HD, supporting the hypothesis of a specific modulation of sCD163 plasmatic levels mediated by tocilizumab. These data suggest a role of tocilizumab in modulating sCD163 plasmatic levels and are in line with those of Hashimoto et al., in which a group of COVID-19 patients exhibited a reduction in serum levels of different inflammatory cytokines after tocilizumab administration (32).

The second main result was obtained stratifying TCZ group according to therapy response into R and NR groups. On hospital admission, no significant difference in sCD163 plasmatic levels was observed comparing the two groups. However, the longitudinal evaluation of sCD163 plasmatic levels showed a statistically significant reduction in both groups, independently of the outcome. These results show a tendency for tocilizumab to reduce sCD163 plasmatic levels. Thus, the negative outcome observed in NR group could be associated with factors that should be clarified, since no significative difference was found neither in demographic nor laboratory findings, although these were notably higher in NR group. Finally, in R group, the reduction observed seven days from hospitalization is steady after 30-45 days from discharge.

Our study suffers from the limitation to include a low sample size and the lack of evaluation of sCD163 plasmatic levels for all patients included in R group. Hence, further extensive studies are needed to validate our preliminary data and draw firm conclusions.

Overall, our study provides a detailed examination of sCD163 plasmatic levels evolution over time and, to the best of our knowledge it is one of the first that performs a careful longitudinal evaluation of the effect of tocilizumab on sCD163 plasmatic levels in COVID-19 patients.

It supports the hypothesis that sCD163 plays a significant role in eliciting an immune response in COVID-19 infected population and hence, it is also associated with the phenomenon of cytokine storm.

Therefore, tocilizumab therapy can be an effective method to control the heightened immune response and it has a substantial beneficial effect in majority of COVID-19 patients.
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SARS-CoV-2 infects cells via binding to ACE2 and TMPRSS2, which allows the virus to fuse with host cells. The viral RNA is detected in the placenta of SARS-CoV-2-infected pregnant women and infection is associated with adverse pregnancy complications. Therefore, we hypothesize that SARS-CoV-2 infection of placental cells induces pro-inflammatory cytokine release to contribute to placental dysfunction and impaired pregnancy outcomes. First, expression of ACE2 and TMPRSS2 was measured by qPCR in human primary cultured term cytotrophoblasts (CTBs), syncytiotrophoblast (STBs), term and first trimester decidual cells (TDCs and FTDCs, respectively), endometrial stromal cells (HESCs) as well as trophoblast cell lines HTR8, JEG3, placental microvascular endothelial cells (PMVECs) and endometrial endothelial cells (HEECs). Later, cultured HTR8, JEG3, PMVECs and HEECs were treated with 10, 100, 1000 ng/ml of recombinant (rh-) SARS-CoV-2 S-protein ± 10 ng/ml rh-IFNγ. Pro-inflammatory cytokines IL-1β, 6 and 8, chemokines CCL2, CCL5, CXCL9 and CXCL10 as well as tissue factor (F3), the primary initiator of the extrinsic coagulation cascade, were measured by qPCR as well as secreted IL-6 and IL-8 levels were measured by ELISA. Immunohistochemical staining for SARS-CoV-2 spike protein was performed in placental specimens from SARS-CoV-2–positive and normal pregnancies. ACE2 levels were significantly higher in CTBs and STBs vs. TDCs, FTDCs and HESCs, while TMPRSS2 levels were not detected in TDCs, FTDCs and HESCs. HTR8 and JEG3 express ACE2 and TMPRSS2, while PMVECs and HEECs express only ACE2, but not TMPRSS2. rh-S-protein increased proinflammatory cytokines and chemokines levels in both trophoblast and endothelial cells, whereas rh-S-protein only elevated F3 levels in endothelial cells. rh-IFNγ ± rh-S-protein augments expression of cytokines and chemokines in trophoblast and endothelial cells. Elevated F3 expression by rh-IFNγ ± S-protein was observed only in PMVECs. In placental specimens from SARS-CoV-2-infected mothers, endothelial cells displayed higher immunoreactivity against spike protein. These findings indicated that SARS-CoV-2 infection in placental cells: 1) induces pro-inflammatory cytokine and chemokine release, which may contribute to the cytokine storm observed in severely infected pregnant women and related placental dysfunction; and 2) elevates F3 expression that may trigger systemic or placental thrombosis.
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Introduction

Coronaviruses (CoV) family members are large, enveloped, single-stranded, and positive sense RNA viruses that present in many avian and mammalian species. In humans, CoV usually causes mild to moderate upper-respiratory tract illnesses. However, Severe Acute Respiratory Syndrome (SARS)-CoV and Middle East Respiratory Syndrome (MERS)-CoV can have fatal outcomes (1, 2). A novel SARS-like CoV, SARS-CoV-2, was identified in Wuhan, China, in December 2019, and rapidly spread and mutated (3–5), producing the current prolonged pandemic of coronavirus disease 2019 (COVID-19) (6). The SARS-CoV-2 virus primarily infects the respiratory tract (7), and infected patients exhibit a wide range of symptoms from mild to severe respiratory distress (1, 8). However, SARS-CoV-2 infection can result in additional disease-associated symptoms in different organ systems such as poor appetite, nausea, vomiting, and diarrhea in the digestive system, headache and confusion in the nervous system, and chest distress and cardiac injury in the cardiovascular system (1, 8).

SARS-CoV-2 infects host cells that express angiotensin-converting enzyme 2 (ACE2) mainly located in lung, heart, ileum, and kidney (9). The initial step of viral entry is mediated by spike (S) protein on the viral surface. The S-protein binds to its ACE2 receptor via its receptor-binding domain (9), and is proteolytically activated by type II transmembrane serine protease (TMPRSS2), present on the surface of the host cell (10). S-proteins activation leads to conformational changes that allow viral entry, release the viral RNA into cytoplasm to generate new viral particles (11). SARS-CoV-2 entry into host cells is a crucial factor for viral permissiveness and pathogenesis.

Pregnant women represent a vulnerable population for COVID-19 infection. Moreover, SARS-CoV-2 infection in pregnant women results in more severe symptoms compared with non-pregnant women, although pregnancy does not increase susceptibility to infection (12, 13). Recent studies reported that SARS-CoV-2 infected pregnant women are more likely to be hospitalized with increased risk for intensive care unit admission and higher mortality rates versus infected non-pregnant women (12, 14, 15). Furthermore, SARS-CoV-2 infection increases rates of cesarean delivery and preterm birth (PTB) and/or other pregnancy outcomes including low birth weight, stillbirth, abruption, and preeclampsia (13, 16, 17), especially when women are infected in the third trimester (18, 19). These complications may be related to the unique adaptation of the maternal immune system at different stages of pregnancy: a pro-inflammatory state that enhances implantation and the initiation of labor in the 1st and 3rd trimesters, respectively and an anti-inflammatory state facilitating fetal growth in the 2nd trimester (20). Although, vertical transmission of SARS-CoV-2 remains highly debated, viral RNA is detected in placental villi, predominantly in syncytiotrophoblasts, cytotrophoblasts, villous fibroblasts, Hoffbauer cells, and endothelial cells (21, 22).

Therefore, we hypothesized that SARS-CoV-2 induces utero-placental pro-inflammatory cytokine and chemokine release, as well as activation of the coagulation cascade, consistent with the cytokine storm and prothrombotic state associated with severe infections. This, in turn, places pregnant women and their fetuses at higher risk for severe complications. Thus, we initially compared expression levels of potential viral entry receptors in maternal (decidual), fetal (trophoblastic), and endothelial cell cultures, and then explored the expression levels of pro-inflammatory cytokines, chemokines, and coagulation factor III (F3; aka tissue factor) in recombinant (rh-) spike (S)-protein of SARS-CoV-2-treated trophoblast and endothelial cell cultures.



Materials and Methods


Cell Culture and Recombinant Proteins

This study was approved by the University of South Florida Institutional Review Boards (Pro00019480). Human first trimester immortalized extravillous trophoblast cells (HTR8/SVneo) and choriocarcinoma trophoblast cells (JEG3) (ATCC, Manassas, VA) were cultured in phenol-free basal medium (DMEM/F12, Thermo Fisher Scientific, Waltham, MA) with 10% fetal bovine serum (Thermo Fisher Scientific) and 1% antibiotic-antimycotic complex (Gibco, Thermo Fisher Scientific). We chose human placental microvascular endothelial cell (PMVEC), which is an excellent in vitro model to study vascularization in the placenta (23), to evaluate fetal microvascular endothelial responses against SARS-CoV-2 S-protein, whereas human endometrial endothelial cells (HEECs) were chosen to evaluate maternal microvascular endothelial responses against SARS-CoV-2 S-protein. Frozen PMVECs is a kindly gift from Dr. Hana Totary-Jain (USF), purchased from ScienCell Research Laboratories (Carlsbad, CA). According to the manufacturer’s instruction, PMVECs are obtained from healthy pregnant women and characterized by immunofluorescence with antibodies specific to vWF/Factor VIII. As characterized previously (24), frozen HEECs were isolated from endometrial biopsies obtained from healthy women, who were not under hormonal treatment. Frozen PMVECs and HEECs were thawed and cultured in EGM-2 medium supplemented with low serum growth supplement (Gibco, Thermo Fisher Scientific) with 1% antibiotic-antimycotic complex. SARS-CoV-2 rh-S-protein was provided by BEI Resources (Manassas, VA). Human recombinant interferon gamma (rh-IFNγ) was purchased from R&D systems (Minneapolis, MN).



Experimental Design

Confluent HTR8, JEG3, HEECs and PMVECs cultures were trypsinized and seeded in 6-well culture plates (1×105 cells/well). The next day, the cells were exposed to either mock (control) or rh-S-protein at concentrations of 10, 100 and 1000 ng/ml, or 10ng/ml rh-IFNγ ± 10 ng/ml rh-S-protein in 500 µl serum free media and then shaken every 15 min to enhance rh-S-protein binding to cells at 37°C for 1 hour. Thereafter, 1500 µl fresh media with serum was added into cells. After 24 hours, plates were washed 3 times with ice-cold PBS and stored at −80°C for further RNA extraction.



RNA Isolation, Reverse Transcription, and qPCR

Total RNAs from HTR8, JEG3, PMVECs and HEECs cultures were isolated using RNeasy Mini Kit (Qiagen, Germantown, MD) followed by DNase I treatment (Qiagen) to eliminate genomic DNA contamination. To compare endogenous expression of SARS-CoV-2 entry molecules, ACE2 and TMPRSS2 in fetal and maternal cells, previously isolated RNAs from primary cultured term cytotrophoblasts, syncytiotrophoblasts, term decidual cells, first trimester decidual cells and human endometrial stromal cells were employed (25). Reverse transcription using RETROscript kit (Ambion, Austin, TX) was performed as described (26) and qPCR performed using TaqMan gene expression assays to detect gene expression levels of: 1) pro-inflammatory cytokines interleukin (IL)-1β, IL-6, and IL-8; 2) chemokines C-C motif chemokine ligand (CCL)2 -5 as well as C-X-C motif chemokine ligand (CXCL) 9 and 10; and 3) tissue factor (F3) (Applied Biosystems, Grand Island, NY, TaqMan assay ID given in Supplementary Table 1). All reactions were performed in duplicate. Expression of the target genes was normalized to β-actin levels, and the 2−ΔΔCT method was used to calculate relative expression levels (27).



Enzyme-Linked Immunosorbent Assay

Media from HTR8 and PMVEC cultures treated with vehicle 10 or 1000 ng/ml rh-S-protein or 10 ng/ml IFNΥ ± 10 ng/ml rh-S-protein for 24 hours were collected, centrifuged and the resultant supernatants were stored at -800C. Secreted IL-6 and IL-8 levels were measured using specific enzyme-linked immunosorbent assay (ELISA) kits (R&D Systems; Minneapolis, MN). Briefly, 96-well ELISA microplates were coated with a capture antibody; after blocking with 5% BSA, 1:4 diluted samples were added to the coated plates for 2 h, followed by a biotin-conjugated detection antibody. Antibody binding was measured with horseradish peroxidase-conjugated avidin along with a soluble colorimetric substrate. The absorbance was read at 450 nm using a microplate reader (Bio-Rad). Each sample was measured in duplicate



Immunohistochemical Staining

After receiving IRB approval, placental specimens from SARS-Cov-2 infected mothers (n=3) who tested positive for COVID-19 in the third trimester and gestational age-matched normal pregnancies (n=3) were obtained from Clinical Pathology Laboratories at Tampa General Hospital. 5 μm formalin-fixed paraffin embedded placental sections were processed for immunohistochemistry as described previously (28). Briefly, after deparaffinization and rehydration, paraffin-embedded sections were boiled in 10 mM citric acid solution (pH: 6.0) for antigen retrieval for 20 min and incubated in 3% H2O2 for endogenous peroxidase quenching for 10 min. The slides were incubated with 10% goat serum (Vector Labs, Burlingame, CA) for 30 min at room temperature, then overnight with mouse monoclonal anti-SARS-Cov-2 Spike RBD (monoclonal mouse IgG2A, clone no. 1035423, 10µg/ml dilution; R&D Systems, Minneapolis, MN). For negative control, placental sections were incubated with non-immune mouse IgG2a in place of primary antibody at the same concentration. All sections were washed in PBS containing 0.1% Tween-20 (PBS-T) and incubated with biotinylated anti-mouse IgG antibody (1/400 dilution; Vector Labs) for 30 min. Following several rinses in PBS-T, the sections were incubated in streptavidin–peroxidase complex (Elite ABC Kit, Vector Labs) for 30 min. After washing, slides were exposed to diaminobenzidine tetrahydrochloride dehydrate (Vector Labs) as a chromogen for 3 min and counterstained with hematoxylin before permanent mounting.



Statistical Analysis

Results were analyzed by One-Way ANOVA followed with a post-hoc Tukey test if normally distributed or using the Kruskal-Wallis test followed by the post-hoc Student-Newman-Keuls’ test if non-parametrically distributed using SigmaStat version 3.0 software (Systat Software, San Jose, CA), P<0.05 was considered statistically significant.




Results


Expression of ACE2 and TMPRSS2 Viral Entry Molecules in Fetal and Maternal Cells

To elucidate SARS-CoV-2 cell tropism in the placenta, we first investigated the expression levels of the cell entry receptor, ACE2, and priming protease, TMPRSS2 at the maternal-fetal interface including primary cultured term cytotrophoblasts, syncytiotrophoblasts, term decidual cells, and first trimester decidual cells as well as human endometrial stromal cells obtained from non-pregnant women. qPCR analysis revealed that ACE2 mRNA levels are significantly higher in both cytotrophoblasts and syncytiotrophoblasts (Ct < 30) vs. term or first trimester decidual cells as well as endometrial stromal cells (Ct > 33) (Figure 1A). While both trophoblastic cells displayed weak TMPRSS2 expression (Ct > 33), maternal stromal decidual cells did not express TMPRSS2 (Figure 1B). Subsequently, we compared ACE2 and TMPRSS2 levels in trophoblastic cell lines HTR8, and JEG3, and detected significantly higher ACE2 (~ 4.9-fold) and TMPRSS2 (~9-fold) levels in JEG3 than HTR8 cells (Figure 1C). In addition to trophoblast cells, we also compared ACE2 and TMPRSS2 levels in fetal and maternal endothelial cell types PMVECs from placental specimens and HEECs, respectively to explain COVID-19 severity in pregnancy. qPCR results revealed weak ACE2 mRNA levels in both cell types and a slightly higher in HEECs (Mean ± SEM; 1.02 ± 0.13) compared to PMVECs (0.52 ± 0.08) (Figure 1D). In contrast, TMPRSS2 levels were undetectable in both endothelial cell types.




Figure 1 | Comparison of SARS-CoV-2 entry receptor ACE2 and TMPRSS2 mRNA levels among various decidual (maternal) and placental (fetal) cell types at the maternal-fetal interface. Expression levels of ACE2 (A) and TMPRSS2 (B) in human term cytotrophoblast (CTBs), syncytiotrophoblast (STBs), term decidual cell (TDCs), first trimester decidual cell (FTDCs), and human endometrial stromal cell (HESCs) cultures; Expression levels of ACE2 and TMPRSS2 in trophoblastic cell lines HTR8 and JEG3 (C); as well as expression levels of ACE2 in placental microvascular endothelial (PMVECs) and human endometrial endothelial cell (HEECs) cultures (D) by qPCR. Bars represent mean ± SEM, n=4; * P<0.05 vs. CTB or STB (A); * P<0.05 vs. HTR8 (C); * P<0.05 vs. HEECs (D).





Increased Inflammatory Cytokine Expression Induced by rh-S-protein in Trophoblast and Endothelial Cells

To mimic inflammatory changes induced by SARS-CoV-2 in the placenta, and to explore virus-induced pregnancy outcomes, HTR8 and JEG3 cell lines as well as PMVECs and HEECs were treated with 10, 100, 1000 ng/ml rh-S-protein for 24 hours and the expression of pro-inflammatory cytokine genes IL-1β, IL-6, and IL-8 measured by qPCR. In HTR8 cells, rh-S-protein treatment significantly increased levels of IL-1β and IL-6 vs. controls, displaying a clear dose-response effect to increasing concentrations of rh-S-protein, whereas only 1000 ng/ml rh-S-protein significantly induced mRNA expression of IL-8 (Figure 2A). In contrast, in JEG3 cells, IL-1β and IL-8 mRNA levels were undetectable in all groups (not shown); additionally, no rh-S-protein concentration altered basal IL-6 levels (Figure 2B). In PMVECs, IL-1β and IL-6 levels were significantly elevated by rh-S-protein again with a clear dose response evident, while only highest concentration of rh-S-protein significantly induced IL-8 levels (Figure 2C), similar to the pattern seen with HTR8. However, in HEECs, IL-1β levels increases did not attain statistical significance; while IL-6 levels were significantly induced by 100 and 1000ng/ml of rh-S-protein, and IL-8 levels were only elevated by the highest concentration of rh-S-protein (Figure 2D). Similarly, ELISA analysis revealed significantly higher levels of IL-6 and IL-8 secretion in culture supernatants of HTR8 (Figure 2E) and PMVECs (Figure 2F) treated with 1000 ng/ml rh-S-protein vs. control, validating S-protein mediated increase in IL-6 and IL-8 transcription in HTR8 and PMVECs. However, 10 ng/ml rh-S-protein treatment did not induce secretion levels of either cytokine in these cell types. These findings indicate: 1) low concentrations of S-protein appear sufficient to induce of IL-1β and IL-6 levels, but a higher concentration is required to induce IL-8 levels in HTR8, PMVECs and HEECs; 2) only higher concentration of rh-S-protein induces secretion of IL-6 and IL-8 levels in HTR8 and PMVECs; and 3) there is a clear inflammatory response to COVID-19 in vascular endothelial cells, potentially contributing to viral pathogenesis in pregnant women.




Figure 2 | Induction of pro-inflammatory cytokine in trophoblast and endothelial cell cultures by rh-S-protein. SARS-CoV-2 induced expression of pro-inflammatory cytokines IL-1β, IL-6 and IL-8 mRNA levels in trophoblastic cells HTR8/SVNeo (A) and JEG3 (B) as well as PMVEC (C) and HEEC cultures (D) treated with 10, 100, or 1000 ng/ml rh-S-protein vs. mock-treated control treatment. Bars represent mean ± SEM, n=4; * P<0.05 vs. control; and IL-8 mRNA * P<0.05 vs. control or 10 or 1000 ng/ml rh-S protein (A, C, D). Secreted IL-6 and IL-8 protein levels in culture supernatants of HTR8 (E) and PMVECs (F) treated with control or 10 or 1000 ng/ml rh-S-protein. Bars represent mean ± SEM, n=3; * P<0.05 vs. control (E, F).





Enhanced Chemokine Expression by rh-S-Protein in Trophoblast and Endothelial Cells

Following confirmation that rh-S-protein treatment resulted in an alteration of pro-inflammatory gene expression, we compared mRNA expression levels of chemokines CXCL9, CXCL10, CCL2, and CCL5 in HTR8, JEG3, PMVECs, and HEECs cultures. The qPCR analysis revealed that compared to mock-treated cells, levels of CCL2 and CCL5 in both HTR8 (Figure 3A) and JEG3 cells (Figure 3B) were not altered by any rh-S-protein exposure. Moreover, levels of CXCL9 and CXCL10 were undetectable and not induced by any rh-S-protein concentration in both HTR8 and JEG3 cells. In contrast, in PMVECs cultures, CCL2 levels were significantly induced by all rh-S-protein concentrations in a dose-response fashion, while CCL5 levels were only significantly increased at concentrations of rh-S-protein of 100 or 1000 ng/ml and whereas basal CXCL9 and CXCL10 levels were unchanged (Figure 3C). Again, in contrast to PMVECs, rh-S-protein did not affect expression of these cytokines in HEECs (Figure 3D).




Figure 3 | Expression chemokines mRNA in trophoblastic and endothelial cells cultures treated by rh-S-protein. qPCR analysis revealed to measure of expression levels of CCL2, CCL5, CXCL9 and CXCL10 in HTR8/SVNeo (A), JEG3 (B), PMVEC (C) and HEEC (D) cultures treated with 10, 100, or 1000 ng/ml rh-S-protein vs. control. Bars represent mean ± SEM, n=4; * P<0.05 vs. control.





Elevated Tissue Factor (F3) Expression by rh-S-protein in Endothelial Cells, but Not Trophoblasts

Thrombotic complications are frequent in COVID-19 patients and are associated with disease severity and mortality (29). F3 that is the primary initiator of coagulation is not normally expressed by endothelial cells or trophoblast, though its expression can be induced by proinflammatory cytokines. Thus, we evaluated expression levels of F3 in cells treated with 10, 100, and 1000 ng/ml rh-S-protein to explore potential etiologies of placental thrombosis in SARS-CoV-2 infected pregnant women. After 24 hours treatment, qPCR results displayed no significant difference in mRNA expression levels of F3 in either HTR8 (Figure 4A) or JEG3 (Figure 4B). However, 1000 ng/ml of rh-S-protein significantly increased F3 levels in PMVECs (Figure 4C), whereas all concentrations induced F3 levels in HEECs compared to control groups (Figure 4D).




Figure 4 | Increased tissue factor mRNA levels by rh-S-protein in endothelial cell, but not in trophoblast cell cultures. qPCR analysis measured tissue factor (F3) mRNA expression in trophoblast cell lines HTR8/SVNeo (A) and JEG3 (B) as well as endothelial PMVEC (C) and HEEC (D) cultures treated with mock-treated control or 10, 100, or 1000 ng/ml rh-S-protein. Bars represent mean ± SEM, n=3; * P<0.05 vs. control, 10 or 100 ng/ml rh-S-protein in PMVECs; and * P<0.05 vs. control in HEECs.





IFNγ Treatment in Combination With rh-S-Protein Augments Expression of Pro-Inflammatory Cytokines and Chemokines

To explore whether the immunological state of pregnancy can promote adverse pregnancy outcomes in SARS-CoV-2 infected pregnant women, HTR8, JEG3, PMVECs and HEECs cultures were treated with 10 ng/ml rh-IFNγ ± 10 ng/ml rh-S-protein since a significant positive correlation was reported between IFNγ levels and disease severity in pregnant women (30). The expression of pro-inflammatory cytokines and chemokines levels were then measured. The qPCR analysis revealed that compared to mock-treated controls: 1) in HTR8 cells, rh-IFNγ alone significantly increased mRNA levels of the pro-inflammatory cytokines IL-1β, IL-6, IL-8. However, the combination of rh-IFNγ with rh-S-protein further elevated IL-8 levels, but not IL-1β or IL-6 levels (Figure 5A); 2) in JEG3 cells, rh-IFNγ alone or in combination with rh-S-protein did not alter IL-6 levels, whereas IL-1β and IL-8 levels were undetectable (Figure 5B); 3) in PMEVCs, rh-IFNγ alone significantly increased IL-1β, IL-6 and IL-8 levels, which are further induced by the combination of rh-IFNγ and rh-S-protein (Figure 5C); and 4) rh-IFNγ alone enhanced IL-6 levels, and addition of rh-S-protein did not further induce cytokine mRNA levels in HEECs (Figure 5D). Further analysis by ELISA revealed that HTR8 (Figure 5E) and PMVEC cultures (Figure 5F) treated with 10 ng/ml IFNΥ displayed significantly higher IL-6 and IL-8 secretion levels, which are the further increased by the addition of rh-S-protein (Figures 5E, F).




Figure 5 | IFNγ with or without S-protein significantly increases expression of pro-inflammatory cytokines in trophoblastic and endothelial cell cultures. Expression of pro-inflammatory cytokines genes IL-1β, IL-6, IL-8 was measured in HTR8/SVneo (A), JEG3 (B), PMVECs (C), and HEECs (D) treated with either control or 10 ng/ml rh-IFNγ ± 10 ng/ml rh-S-protein by qPCR. Bars represent mean ± SEM, n=3; * P<0.05 vs. control and + P<0.05 vs. rh-IFNγ alone. ELISA results revealed to measure secreted IL-6 and IL-8 protein levels in HTR8 (E) and PMVECs (F) by treatment with 10 ng/ml rh-IFNγ or rh-IFNγ + 10 ng/ml rh-S-protein. Bars represent mean ± SEM, n=3; *P<0.05 vs. control. + P<0.05 vs. IFNγ alone. C, Control; I, rh-IFNγ; and I+S, rh-IFNγ + rh-S-protein.



Following the same protocol with Figure 5, we evaluated the impact of rh-IFNγ on chemokine expression in these cells by qPCR and noted that mRNA levels of CXCL9, CXCL10 (Figure 6A), and CCL2 and CCL5 (Figure 6B) were significantly enhanced by rh-IFNγ, but not further altered by addition of rh-S-protein in HTR8. In JEG3 cells, only CCL5 levels were induced by rh-IFNγ, but again not further increased by adding rh-S-protein, whereas CCL2 levels did not attain significance in any incubation condition (Figure 6C). Interestingly, in JEG3 cells, CXCL9 and CXCL10 levels were undetectable in both the control and rh-IFNγ treatment groups. Finally, rh-IFNγ significantly induced expression of CXCL9, CXCL10 (Figures 6D, F), and CCL2 and CCL5 (Figures 6E, G) in both PMVECs and HEECs, and rh-S-protein further elevated their expression in PMVECs, but not HEECs (Figures 6D–G).




Figure 6 | Recombinant IFNγ with or without S-protein significantly increases mRNA levels of chemokines in trophoblastic and endothelial cell cultures. Expression of chemokines CXCL9, CXCL10 (A); CCL2 and CCL5 (B) in HTR8/SVneo, expression of chemokines CCL2 and CCL5 (C) in JEG3; expression of chemokines CXCL9, CXCL10 (D), CCL2 and CCL5 (E) in PMVECs; expression of chemokines CXCL9, CXCL10 (F), CCL2 and CCL5 (G) in HEECs treated with either control or 10 ng/ml rh-IFNγ ± 10 ng/ml rh-S-protein treated cells. Bars represent mean ± SEM, n=3; *P<0.05 vs. control. + P<0.05 vs. IFNγ alone. C, Control; I, rh-IFNγ; and I+S, rh-IFNγ + rh-S-protein.





Elevated F3 Expression by rh-IFNγ in Combination With rh-S-Protein in Only PMVEC Cultures

We next investigated whether enhanced rh-IFNγ contributes to the risk of thrombosis by measuring F3 expression in trophoblastic HTR8 and JEG3 as well as endothelial PMVECs and HEECs cultures. Figure 7 shows that F3 mRNA levels are not induced by either rh-IFNγ alone or in combination with rh-S-protein in both HTR8 (Figure 7A) and JEG3 cells (Figure 7B). However, compared to control, F3 mRNA levels were significantly higher in PMVECs treated with 10ng/ml rh-IFNγ and the combination of rh-IFNγ +10 ng/ml rh-S-protein further increased F3 expression in PMVECs (Figure 7C). Interestingly, F3 expression was not induced by either rh-IFNγ alone or in combination with rh-S-protein in HEECs, suggesting that interferon blocked spike protein induction of tissue factor (Figure 7D).




Figure 7 | IFNγ with or without S-protein significantly increases tissue factor (F3) levels in only PMVECs. Expression of F3 was measured in HTR8/SVneo (A), JEG3 (B), PMVECs (C), and HEECs (D) treated with either control or 10 ng/ml rh-IFNγ alone or in combination with 10 ng/ml rh-S-protein. Bars represent mean ± SEM, n=4 * P<0.05 vs. control. + P<0.05 vs. rh-IFNγ alone. C, Control; I, rh-IFNγ; and I+S, rh-IFNγ + rh-S-protein.





Detection of SARS-CoV-2 Spike Protein Expression in Placenta

Analysis of placental sections immunostained with anti-SARS-CoV-2 spike RBD revealed that endothelial cells as well as trophoblast layer displayed immunoreactivity in placental villi obtained from mothers who tested COVID-19 positive in the third trimester (Figure 8), whereas no reaction was detected in either endothelial cells or other cells in the placental villi obtained from gestational age-matched normal pregnancies (Figure 8).




Figure 8 | SARS-CoV-2 spike protein immunostaining in placental villi from women tested positive for Covid-19. Endothelial cells and trophoblastic layers display strong to weak SARS-CoV-2 spike protein immunoreactivity in placental sections from COVID-19 infected mothers (n=3), but not in cells in placental sections from non-infected mothers (n=3). Inset picture represents negative control incubated with non-immune IgG2a at the same monoclonal IgG2a primary antibody concentration. PS, Placental specimen; Original magnification: 40X.






Discussion

Viral infections are a major cause of global morbidity and mortality. During pregnancy, viral infections that breach the placental barrier are frequently responsible for devastating effects on fetal development and maternal health (31). Pregnant women are more susceptible to several viral infections related to pregnancy-specific immune adaptation, which promotes maternal tolerance of the semi-allogenic fetus and enables viral infections (20, 32). Therefore, pregnant women represent a vulnerable population that has been carefully monitored during the COVID-19 pandemic. Several studies have reported that compared to non-pregnant reproductive age women, COVID-19 infected pregnant women are at higher risk for: 1) severe illness; and 2) preterm birth and cesarean delivery as well as other adverse pregnancy outcomes (12, 13, 18). Therefore, this study evaluated the underlying mechanism(s) associated with the placental pathology observed in these women (33) to help explain both disease severity and adverse human pregnancy outcomes.

The presence of COVID-19 infection in pregnant patients raises the question concerning vertical transmission of SARS-CoV-2 to the fetus (21). Although rare, vertical transmission of SARS-CoV-2 has been reported with detectable SARS-CoV-2 in the placenta, predominantly in syncytiotrophoblasts (22, 34, 35). These findings indicate the importance of identifying cellular tropisms for SARS-CoV-2 at the maternal-fetal interface. Therefore, we first examined the cell specific expression of the documented viral entry receptors, ACE2 and TMPRSS2, in primary cultured cells from the maternal-fetal interface. Our results reveal high expression of ACE2 and TMPRSS2 in syncytiotrophoblasts, and cytotrophoblasts compared to maternal first and third trimester decidual cells, consistent with the pathological detection of SARS-CoV-2 viral RNA in the placenta. Surprisingly, these expression profile for SARS-CoV-2 viral entry receptors are the opposite of those found with Zika virus infection since Zika virus viral entry molecules are highly expressed in maternal decidual cells compared to trophoblast (25), indicating the importance of confirming individual virus-specific mechanisms in the placenta. Previous studies demonstrated ACE2 expression in syncytiotrophoblasts, cytotrophoblasts, endothelial and vascular smooth muscle cells in placenta villi (36, 37). These data were further supported by recent studies using single cell RNA-sequence analysis (15, 38). However, co-expression of both entry molecules was observed only in the chrorioamnionic membranes, whereas TMPRSS2 levels were not detected in several placental cells (38). Similarly, we detected ACE2, but not TMPRSS2 expression in decidua cells, PMVECs and HESCs, suggesting the likelihood that SARS-CoV-2 could infect placental cells by using alternative host entry molecule(s) recently identified by Gordon et al. (39). Thus, further studies are required to identify other molecules that play a role in host infection, for example, cathepsin L and furin are other candidate proteases that prime the S-protein of SARS-CoV-2 (40).

An excessive inflammatory response to SARS-CoV-2 is a major cause of disease severity as well as mortality in COVID-19 patients and is associated with high levels of circulating cytokines i.e., IL-1β, IL-6, IL-7, IFNγ and TNFα and chemokines i.e., CCL2, CLL3 and CXCL10 (1, 41, 42). Maternal infection and inflammation associated with COVID-19 could prompt potential pregnancy complications through this “cytokine storm”. Several studies reported increased expression of inflammatory biomarkers in pregnant women with COVID-19 (21, 30, 43). Thus, we assessed the impact of SARS-CoV-2 infection during pregnancy on placental inflammation as a potential cause of adverse pregnancy outcomes. We found that rh-S-protein treatment triggers increase of pro-inflammatory cytokines IL-1β, IL-6, IL-8 and chemokines CXCL9, CXCL10, CCL2, CCL5 in a cell-type specific manner. The increase levels of these inflammatory markers could exaggerate the fetal and maternal immune system that is associated with stillbirth, fetal growth restriction, preeclampsia and/or PTB. COVID-19 has been linked to an increase occurrence of preeclampsia (44) as well as a preeclamptic-like illness (45). Preeclampsia is also associated with increased IL-6 levels (46). Interestingly, we found elevated IL-6 levels in HTR8 and endothelial cells, suggesting a potential similar pathogenesis.

Also, we previously reported that IL-1β and IL-6 are responsible for chorioamnionitis-associated PTB and weakened fetal membrane through intense generation of extracellular matrix degrading metalloproteases (26, 47, 48). In addition, IL-1β is a potent inhibitor of decidual cell progesterone receptor expression, which accompanies chorioamnionitis (48). Therefore, the higher pro-inflammatory cytokine and chemokine responses observed in SARS-CoV-2 infected pregnant women may help explain the association between SARS-CoV-2 infection and inflammation-associated PTB. COVID-19 infected pregnant women are potentially at increased risk of developing coagulopathy and/or thromboembolic complications since pregnancy represents a physiological pro-thrombotic stage (49). A recent study found that the placentas from women infected with COVID-19 displayed a type of injury associated with uteroplacental vascular insufficiency which has been associated with stillbirth, fetal growth restriction, preeclampsia, abruption and preterm birth (50). Therefore, we investigated F3 levels in rh-S-protein treated endothelial and trophoblast cell cultures and found rh-S-protein induced F3 levels in only endothelial PMVEC and HEEC cells.

F3 initiates the coagulation process by binding to activated factor VII to activate factor IX and X, and subsequently generate thrombin, which activates endothelial cells, platelets, leukocytes and propagates microvascular thrombosis (51). Our previous studies reported decidual cells generate tissue factor during decidualization contributing uterine and placental hemostasis (52, 53). Decidual hemorrhage induces significant thrombin from decidual cell tissue factor accounting for the associated consumptive coagulopathy as well as the link between abruption and development of preterm premature rupture of membranes and spontaneous preterm birth. Thrombin promotes the production of decidual cell-derived pro-inflammatory cytokines, and matrix-degrading metalloproteinases (54, 55) and inhibits decidual cell progesterone receptor expression by activation of the ERK1/2 pathway (56). Thus, these findings provide clear evidence of potential molecular mechanisms to account for the observed histopathological changes in the placenta from women infected with COVID-19.

IFNγ, a pleiotropic lymphokine, exerts important regulatory effects on many cell types, and is essential for the initiation of uterine vascular modifications, directly and through the recruitment of Natural Killer (NK) cells and maintenance of decidual integrity (57). Conversely, excess decidual IFNγ expression may inhibit uterine NK cell migration (58). Recently, Tanacan et al., reported significantly higher levels of IFNγ in COVID-19 infected pregnant women, most prominently in the third trimester samples (30). Therefore, we investigated the impact of rh-IFNγ on SARS-CoV-2 placental pathogenesis and observed that rh-IFNγ treatment significantly increased mRNA levels of pro-inflammatory cytokines IL-1β, IL-6, IL-8, chemokines CXCL9, CXCL10, CCL2, CCL5 and F3 in both trophoblast and endothelial cell lines. Moreover, rh-IFNγ in combination with rh-S-protein further induces the expression of pro-inflammatory cytokines, chemokines and F3 in placental endothelial cells PMVECs, but not in HEECs isolated from the endometrium of non-pregnant women. Combination of results showing in vitro and in situ detection of SARS-Co-V-2 spike protein expression in endothelial cells in placental villi suggest that IFNγ and S-protein synergistically induce inflammation and vascular thrombosis specifically in placenta endothelial cells, which likely play an important role in linking COVID-19 infections with adverse pregnancy outcomes.

In conclusion, our results revealed that in placental cells, SARS-CoV-2 S-protein induces release of pro-inflammatory cytokines and chemokines, which likely contributes to the “cytokine storm” in pregnant women and potential cause of placental dysfunction as well as elevated F3 levels that may trigger the vascular thrombosis seen in the placentas of women infected with COVID-19. These findings also support the concept that SARS-CoV-2 infection in the presence of enhanced IFNγ levels amplifies pro-inflammatory cytokine release from placenta to cause utero-placental and/or feto-placental endothelial dysfunction, contributing to SARS-CoV-2-associated adverse pregnancy outcomes such as PTB, abruption, still birth, fetal growth restriction, and/or preeclampsia.
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Patients with coronavirus disease 2019 (COVID-19) frequently develop acute encephalopathy and encephalitis, but whether these complications are the result from viral-induced cytokine storm syndrome or anti-neural autoimmunity is still unclear. In this study, we aimed to evaluate the diagnostic and prognostic role of CSF and serum biomarkers of inflammation (a wide array of cytokines, antibodies against neural antigens, and IgG oligoclonal bands), and neuroaxonal damage (14-3-3 protein and neurofilament light [NfL]) in patients with acute COVID-19 and associated neurologic manifestations (neuro-COVID). We prospectively included 60 hospitalized neuro-COVID patients, 25 (42%) of them with encephalopathy and 14 (23%) with encephalitis, and followed them for 18 months. We found that, compared to healthy controls (HC), neuro-COVID patients presented elevated levels of IL-18, IL-6, and IL-8 in both serum and CSF. MCP1 was elevated only in CSF, while IL-10, IL-1RA, IP-10, MIG and NfL were increased only in serum. Patients with COVID-associated encephalitis or encephalopathy had distinct serum and CSF cytokine profiles compared with HC, but no differences were found when both clinical groups were compared to each other. Antibodies against neural antigens were negative in both groups. While the levels of neuroaxonal damage markers, 14-3-3 and NfL, and the proinflammatory cytokines IL-18, IL-1RA and IL-8 significantly associated with acute COVID-19 severity, only the levels of 14-3-3 and NfL in CSF significantly correlated with the degree of neurologic disability in the daily activities at 18 months follow-up. Thus, the inflammatory process promoted by SARS-CoV-2 infection might include blood-brain barrier disruption in patients with neurological involvement. In conclusion, the fact that the levels of pro-inflammatory cytokines do not predict the long-term functional outcome suggests that the prognosis is more related to neuronal damage than to the acute neuroinflammatory process.




Keywords: COVID-19, encephalitis, neurofilaments, neuronal antibodies, SARS-CoV-2, neuro-COVID, encephalopathy, inflammatory cytokines



Introduction

The frequency and spectrum of neurologic manifestations of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection have been described, but many questions remain unsolved regarding the underlying pathogenic mechanisms related to central nervous system (CNS) involvement (1). Patients with severe coronavirus disease 2019 (COVID-19) develop a syndrome that overlaps with encephalopathy of the critically ill patient at a higher frequency than expected (2, 3). Less frequently, patients develop an acute encephalitis (4). It is unclear if these neurologic syndromes are due to direct infection of the CNS by SARS-CoV-2 given that demonstration of the virus in the brain or cerebrospinal fluid (CSF) has been inconsistent (5). It is possible that these complications are secondary effects resulting from viral-induced mechanisms yet to be elucidated. It has been suggested that CNS disorders associated with COVID-19 may be the result of a cytokine storm syndrome. It is known that the viral infection activates inflammatory, prothrombotic and endothelial pathways that can lead to systemic inflammatory response syndrome (SIRS), in which cytokines are released and may affect the brain function (6, 7). There have been a few observational reports looking at levels of proinflammatory cytokines in patients with both central and peripheral nervous system complications associated to COVID-19. However, sample sizes were small, control groups were missing, CSF analyses were often lacking and follow up was limited, resulting in heterogeneous findings of unclear practical implications. In addition, it is unknown whether cytokine changes might reflect or have predictive or prognostic value. Another possibility could be that SARS-CoV-2 is a trigger of brain autoimmunity, as has been described for other viruses such as herpes simplex virus unleashing autoimmune encephalitis (8).

In this study, we aimed to characterize serum and CSF biomarkers of inflammation (cytokines, antibodies against neural antigens and IgG oligoclonal bands) and neuroaxonal damage (14-3-3 protein and neurofilament light-NfL) in patients with COVID-19 and acute neurologic conditions (neuro-COVID). We compared the profiles of these biomarkers with healthy controls, and among COVID-19 patients with different phenotypes, including those who developed encephalitis, encephalopathy or no CNS complications. We also evaluated the correlation of these biomarkers with the severity of the process at the time of acute COVID-19 and with patients’ long-term functional outcome. We hypothesized that distinct profiles of systemic and intrathecal proinflammatory cytokines and markers of neuroaxonal damage would help to differentiate phenotypes and assess severity in order to select a more appropriate therapeutic strategy, as well as to predict long-term neurologic disability.



Materials and Methods


Patients and Controls

All patients with neurologic manifestations associated with COVID-19 whose serum and/or CSF were examined at the Hospital Clínic of Barcelona, Spain, between March 2020 and August 2020, were considered candidates for this study. All cases had definite COVID-19 as confirmed by positive SARS-CoV-2 RNA quantitative reverse transcription polymerase chain reaction (RT-PCR) test on nasopharyngeal swab. We included consecutive patients who provided informed consent for the use of clinical data and sample leftovers for research purposes. Serum and CSF were obtained during the acute stage of COVID-19 for diagnostic purposes as part of standard clinical care.

Clinical information regarding sex, age, past medical history, premorbid functional status (rated with the modified Rankin scale [mRS]) (9), presence or absence of neurological symptoms and signs (Supplemental Table 1), intensive care unit (ICU) admission, COVID-19 severity (according to the respiratory status: (a) mild: non- or mild pneumonia or systemic disease, and without supplementary oxygen requirements, (b) moderate: hypoxemia requiring non-invasive supplementary oxygen, and (c) severe: critically ill patients in respiratory failure requiring assisted ventilation, septic shock and/or multi-organ dysfunction), treatments during the acute phase and diagnoses at hospital discharge was obtained by the authors or referring physicians through a structured written questionnaire.

Brain magnetic resonance imaging (MRI), electroencephalogram (EEG) and routine CSF findings were also registered. In all cases, a wide microbiological screening with PCR array and cultures ruled out other infectious diseases in both serum and CSF. Functional outcome at 18 months of follow-up from neurologic symptom onset was assessed with the mRS based on a telephone interview with patients or caregivers conducted by the authors.

For this study, encephalopathy was defined as diffuse brain dysfunction including decreased level of consciousness, cognitive impairment and/or behavioral alterations without signs of acute CNS inflammation, such as CSF pleocytosis and/or brain MRI changes. A diagnosis of encephalitis was given if the patient had decreased level of consciousness, cognitive impairment, behavioral alterations and/or focal abnormalities, along with CSF pleocytosis, inflammatory brain MRI changes and/or new epileptic activity.

Forty-six serum samples from age-matched healthy subjects and 24 CSF samples from age-matched subjects with mild subjective cognitive complaints recruited and followed-up in our institution served as healthy controls (HC). They had objective cognitive performance within the normal range in all tests from a neuropsychological battery, no significant psychiatric symptoms or previous neurologic disease, and normal CSF core Alzheimer’s disease biomarkers, taking as reference the cut-off values described by Antonell et al. (10).



Laboratory Studies

Fraktalkine (CX3CL1), granulocyte colony stimulating factor (G-CSF), interferon γ (IFN-γ), IFNα2, interleukin (IL)-1β, IL-10, IL-17a, IL-18, IL-1 receptor antagonist (IL-1RA), IL-6, IL-8 (CXCL8), IFN-γ–induced protein 10 (IP-10/CXCL10), macrophage chemoattractant protein 1 (MCP-1/CCL2), MCP-3, monokine induced by interferon (IFN)-gamma (MIG/CXCL9) and tumor necrosis factor-α (TNF-α) levels were quantified in both serum and CSF with a Milliplex® (Merck KGaA, Darmstadt, Germany) custom MAP Human Cytokine/Chemokine/Growth panel and analyzed with LUMINEX® xMAP100. Both serum and CSF NfL concentrations were determined with Simple Plex™ Cartridge Kit containing NfL (ProteinSimple, CA, USA) on Ella™ instrument, according to the manufacturers’ instructions. 14-3-3 protein in CSF was measured by Circulex 14-3-3 Gamma Elisa Kit, MBL. IgG oligoclonal bands were detected by isoelectrofocusing and immunoblotting by Interlab CSF Isoelectrofocusing Kit. Intrathecal IgG synthesis was determined with the IgG/Albumin Ratio by nephelometry in serum and CSF. The following neuronal surface and synaptic antibodies were measured: AMPAR, amphiphysin, CASPR2, DNER, DPPX, GABAAR, GABABR, GluK2, GlyR, IgLON5, LGI1, mGluR1, mGluR2, mGluR3, mGluR5, neurexin 3α, and NMDAR. The following onconeural/intracellular and glial antibodies were determined: CV2, GAD, Hu, Ma1/Ma2, Ri, SOX1, Yo, AQP4, GFAP and MOG. The detection of neural antibodies (against neuronal surface antigens and onconeural antigens) was performed by tissue immunohistochemistry, as previously described (11). Samples that produced a neuropil or intraneuronal immunostaining on rat brain immunohistochemistry were subsequently examined with Indirect Immunofluorescence assay (IIFA) or Immunoblot, respectively, as previously described (12). CSF samples of patients with encephalitis were tested for SARS-CoV-2 by RT-PCR.



Statistical Analyses

All data are described as median and IQR (25th, 75th percentiles), or absolute frequency and percentage for quantitative and qualitative variables, respectively. Serum and CSF biomarkers’ levels were non-normally distributed as tested by the Shapiro-Wilk normality test. Comparisons between clinically defined groups for all biomarkers were performed using Mann-Whitney U test and Kruskal-Wallis test (post-hoc analyses between groups were carried out with Bonferroni correction for multiple comparisons). Correlations between serum/CSF biomarkers and the clinical outcome (measured by mRS) at 18 months of follow-up were analyzed by Spearman’s correlation coefficient. Relative cytokine expression between groups was evaluated by principal component analysis and heatmaps. All analyses were addressed considering a two-sided type I error of 5% (p-value <0.05), using SPSS (version 26; IBM Corp, Armonk, NY) and Prism (version 7; GraphPad Software, La Jolla, CA).



Standard Protocol Approvals, Registrations and Patient Consents

The Ethics’ Committee of Hospital Clínic de Barcelona approved the study. All patients or proxies gave written informed consent for the storage and use of serum and/or CSF leftovers and clinical information for research purposes.




Results

Clinical and demographic data of the 60 COVID-19 patients included in the study are summarized in Table 1. The median age of the patients was 66 years (range, 26-75 years), and 24 (40%) were women. All had new-onset neurological signs or symptoms within 30 days of the first respiratory or systemic COVID-19 symptoms, and required hospital admission. After comprehensive evaluation, patients were classified into the following diagnoses: 1) encephalopathy in 25 (42%) patients (Supplemental Table 1); 2) encephalitis in 14 (23%) (Supplemental Table 1); 3) peripheral nervous system disorder in 13 (22%, including myopathy in 11 and neuropathy in 2); 4) stroke in 7 (12%), and 5) transverse myelitis in 1 (2%) patient (Table 1). Sex and age were equally distributed among the neurologic diagnostic categories. Out of 27 patients who underwent a lumbar puncture, 14 (52%) had normal routine CSF analyses, 10 (37%) had pleocytosis (range 13-95 WBC/µL) and 7 (26%) had elevated protein concentration. Fourteen of 42 (33%) patients with available MRI studies had abnormalities that included multifocal cortical and/or subcortical T2/FLAIR hyperintense lesions in the cerebral hemispheres, basal ganglia and/or brainstem in 3 (7%), mesial temporal T2/FLAIR hyperintense abnormalities in 2 (5%), lesions compatible with stroke in 7 (17%; 5 ischemic and 2 hemorrhagic), and leptomeningeal enhancement and dorsal spinal cord T2/FLAIR hyperintense lesion in one each.


Table 1 | Demographic and disease characteristics of the 60 patients with COVID-19 and neurologic manifestations.



At 18 months of follow-up, the neurological status of the patients was: 24 (49%) with almost complete or totally complete recovery (mRS 0-1), 15 (31%) with mild-moderate neurological disability (mRS 2-3), 2 (4%) with severe functional dependence (mRS 4-5). Eight (16%) patients had died, all due to COVID-related complications; 11 (18%) cases were lost to follow-up.

Seventy-five samples from 60 patients were collected and analyzed. Fifteen patients had paired serum/CSF samples, 30 only serum, and 15 only CSF. Eleven of 14 (79%) CSF samples of patients with COVID-19 associated encephalitis were tested for SARS-CoV-2 PCR and all were negative. Compared to HC, the COVID cohort had elevated IL-18, IL-6, and IL-8 levels in both serum and CSF, while IL-10, IL-1RA, IP-10, MIG and NfL were elevated only in serum, and MCP1 only in CSF (Figure 1). In contrast, G-CSF, IL-1RA, IL-17a, IL-1b, INFγ, MCP3 and TNFα were undetectable or negligible in the serum and CSF of both the HC and the COVID-19 group. Antibodies against neural antigens (including intracellular, cell-surface, synaptic and glial antibodies) were negative in serum and CSF in all cases.




Figure 1 | Cytokine and NfL levels in the CSF and serum of patients with COVID-19 and neurological manifestations compared with healthy controls (HC). Comparative analyses were performed using Mann-Whitney U test. CSF, cerebrospinal fluid; IL, interleukin; IP, IFN-γ–induced protein; MCP, macrophage chemoattractant protein; NfL, neurofilaments; MIG, monokine induced by interferon (IFN)-gamma. (*) p<0.05; (**) p<0.01; (***) p<0.001; (****) p<0.0001.



No differences were found in the serum and CSF levels of cytokines, NfL or 14-3-3 protein when comparing patients according to their neurologic diagnosis as classified in the 5 groups (Table 2). Automatic clustering and heatmap analyses based on neurologic diagnoses did not reveal specific biomarker profiles (Supplemental Figure 1).


Table 2 | Serum and CSF biomarkers of inflammation and neuronal damage in 36 patients with COVID-19 associated encephalopathy and encephalitis.



Compared to HC, patients with encephalitis or encephalopathy presented elevated IL-6 and IL-8 in both serum and CSF, whereas IL-10, IL-1RA, IL-1b and MIG were elevated only in serum, and MCP1 only in CSF (data not shown). However, when specifically compared to HC, patients with encephalopathy had significantly increased levels of IP-10 in serum, and NfL levels in serum and CSF, and lower levels of IL-10 in CSF. In contrast, compared to HC, patients with encephalitis had elevated serum levels of IL-1b and CSF levels of G-CSF, IL-18 and MIG (Table 2 and Figure 2). When we compared patients with inflammatory (encephalitis and myelitis, n=15, 25%) with non-inflammatory (45, 75%) neuro-COVID based on CSF and MRI findings, a significant increase of G-CSF was found in the serum of the patients with inflammatory neuro-COVID (median 17.7 [IQR 4.8-31.7] vs 4.8 [4.8-6.2]; p=0.049).




Figure 2 | Levels of biomarkers that were found significantly different when comparing patients with COVID-19 associated encephalitis and encephalopathy with healthy controls (HC). Comparative analyses were performed using Mann-Whitney U test. IL, interleukin; IP, IFN-γ–induced protein; NfL, Neurofilaments; MIG, monokine induced by interferon (IFN)-gamma. (*) p<0.05; (**) p<0.01; (****) p<0.0001; ns, not significant.



The severity of the acute COVID-19 systemic disease according to the respiratory status was associated with CSF levels of 14-3-3 (ρ=0.689; p=0.018) and NfL (ρ=0.45; p=0.043), and serum levels of IL-18 (ρ=0.498; p=0.005), IL-1RA (ρ=0.487; p=0.025), IL-8 (ρ=0.367; p=0.014) and serum NfL (ρ=0.677; p<0.001). Finally, the long-term functional outcome, as measured by the mRS, significantly correlated with CSF levels of 14-3-3 protein (ρ=0.719; p=0.001) and CSF NfL (ρ=0.583; p=0.006), but not with serum NfL levels (ρ=0.199; p=0.244) (Figure 3).




Figure 3 | Correlation of (A) 14-3-3 protein and (B) NfL in CSF with functional outcome assessed with mRS at 18 months follow-up. CSF, cerebrospinal fluid; mRS, modified Rankin Scale.





Discussion

In this prospective cohort of 60 patients with COVID-19 and associated neurologic manifestations, we confirmed the presence of increased levels of several proinflammatory cytokines in both CSF and serum. This study also showed the association of neuroaxonal damage markers 14-3-3 and NfL, and proinflammatory cytokines IL-18, IL-1RA and IL-8 with COVID-19 severity in the acute phase, and interestingly, the significant association of CSF 14-3-3 and CSF NfL levels with the long-term functional outcome. In contrast, we did not detect the presence of antibodies against neural antigens in any of the patients who developed neurologic manifestations, including those with encephalitis and encephalopathy syndromes.

Previous studies (13–15) analyzing serum and CSF inflammatory markers in COVID-19 patients with neurologic manifestations have shown contradictory results, although most studies reported increased levels of IL-6 in serum and CSF (16), which has been used to justify, in part, the use of tocilizumab in those COVID-19 patients with a more severe inflammatory response. In one study, the demonstration that patients with COVID-19 associated encephalitis and encephalopathy had different serum and CSF individual cytokines levels compared to HC led to the suggestion that these cytokines might be useful for distinguishing between inflammatory neurologic syndromes and encephalopathy (13). However, no direct comparison between the encephalitis and encephalopathy groups was done. In our study, although we also found differences in serum and CSF cytokine profiles when comparing the encephalitis or encephalopathy cohorts with HC, it is important to note that no significant differences were observed in the direct comparison between encephalitis and encephalopathy groups. Thus, our findings do not support the diagnostic utility of measuring cytokines to distinguish between inflammatory CNS syndromes and encephalopathy, and suggest that COVID-19-related encephalopathy likely has a cytokine-mediated inflammatory pathogenesis similarly to what has been observed in other conditions such as CAR-T neurotoxicity or ICANS (17, 18). In contrast to previous reports (13), we detected higher levels of MCP-1/CCL-2 in the CSF of patients with neuro-COVID as compared with HC. Recent evidence has shown that MCP-1/CCL2 is involved in disruption of the blood-brain barrier in the context of cerebral damage, such as intracerebral hemorrhage (19). Therefore, it has emerged as an important chemokine that plays a pivotal role in many CNS disorders, especially those related to -inflammation (20). For example, it has been recently described (21) that MCP-1/CCL2 overexpression worsens tau pathology by an inflammatory response mediated by microglial activation. Our results would support the involvement of MCP-1 in the inflammatory process promoted by SARS-CoV-2 infection in patients with neurological involvement.

Regarding neuronal damage in neuro-COVID-19 patients, we found increased levels of both the neuroaxonal marker NfL and the synaptic marker 14-3-3. Interestingly, unlike previous small cohort studies that focused primarily on the role of NfL as a biomarker of disease severity (16, 22, 23), we have seen that both CSF NfL and 14-3-3 levels significantly correlate with neurological status at 18 months of follow-up. That is, higher basal levels of these neuronal damage markers were correlated with a poorer clinical outcome. In contrast, the functional outcome was not predicted by the levels of pro-inflammatory cytokines, suggesting that long-term functional prognosis is more closely related to neuronal damage rather than the acute neuroinflammatory process, similar to other neuroinmunological diseases (24, 25).

Lastly, the fact that none of the patients harbored antibodies against neural antigens at the onset of neurologic involvement by acute COVID-19, including those patients who presented with inflammatory features of the CSF and/or brain MRI, would suggest that the infection by SARS-CoV-2 is unlikely to trigger an intrathecal B-cell-specific autoimmune response. This could be due to its low neurovirulence and the lack of viral-induced release of neural proteins during the acute CNS dysfunction, making cytokine storm the most likely cause of inflammatory CNS injury. However, we do not know whether a delayed neural autoimmune response may occur in some patients with persisting neurologic symptoms.

There are a number of limitations to this study. Sample size, even though greater than previous studies, is still relatively small and limits the statistical analyses. The study did not include a control group of patients with COVID-19 without neurologic manifestations or a control group with a different viral infection. Another possible selection bias is the enrollment of patients with available serum/CSF samples, and that lumbar punctures for CSF examination were performed based on standard clinical indication (not systematically in all neuro-COVID patients). However, the study included a comprehensive serum and CSF testing at disease onset, and prolonged clinical follow-up. Further longitudinal studies with larger samples sizes are needed to confirm the correlations of CSF 14-3-3 and NfL levels in patients that progress to a long-standing neuro-COVID disease.

In summary, this study provides further evidence of distinct systemic and intrathecal proinflammatory cytokine profiles in patients with acute neurologic manifestations associated with COVID-19, unrelated to neural autoimmunity. We also show that increased CSF levels of markers of neuronal damage during the acute phase of COVID-19 are associated with worse long-term clinical outcome of the patients, supporting their potential use as prognostic markers.
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Supplementary Table 1 | Clinical features of patients with encephalopathy and encephalitis syndromes associated to COVID-19. EEG, electroencephalogram; ICU, intensive care unit; IQR, interquartile range; MRI, magnetic resonance imaging; mRS, modified Rankin Scale; WBC, white blood cells. (A) Two cases compatible with acute disseminated encephalomyelitis (ADEM) and 2 with limbic encephalitis, but none with acute necrotizing encephalopathy (ANE). (B) Three with multifocal myoclonus and 1 with akinetic-rigid syndrome. (C) Three with multifocal cortical/subcortical T2/FLAIR hyperintense lesions in the cerebral hemispheres, basal ganglia and/or brainstem; 2 with mesial temporal T2/FLAIR hyperintense abnormalities; and 1 with leptomeningeal enhancement. (D) One in focal status epilepticus. (E) According to the respiratory status, using same criteria as Table 1.

Supplementary Figure 1 | Hierarchical clustering of patients according to cytokine levels in CSF (A) and serum (B) using ClustVis (https://biit.cs.ut.ee/clustvis/).
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Background

Almost 2 years from the beginning of the coronavirus disease 2019 (COVID-19) pandemic, there is still a lot unknown how the humoral response affects disease progression. In this study, we investigated humoral antibody responses against specific SARS-CoV2 proteins, their strength of binding, and their relationship with COVID severity and clinical information. Furthermore, we studied the interactions of the specific receptor-binding domain (RBD) in more depth by characterizing specific antibody response to a peptide library.



Materials and Methods

We measured specific antibodies of isotypes IgM, IgG, and IgA, as well as their binding strength against the SARS-CoV2 antigens RBD, NCP, S1, and S1S2 in sera of 76 COVID-19 patients using surface plasmon resonance imaging. In addition, these samples were analyzed using a peptide epitope mapping assay, which consists of a library of peptides originating from the RBD.



Results

A positive association was observed between disease severity and IgG antibody titers against all SARS-CoV2 proteins and additionally for IgM and IgA antibodies directed against RBD. Interestingly, in contrast to the titer of antibodies, the binding strength went down with increasing disease severity. Within the critically ill patient group, a positive association with pulmonary embolism, d-dimer, and antibody titers was observed.



Conclusion

In critically ill patients, antibody production is high, but affinity is low, and maturation is impaired. This may play a role in disease exacerbation and could be valuable as a prognostic marker for predicting severity.





Keywords: COVID-19, viral infection, antibodies, immunoassay, infectious diseases, SPRi (surface plasmon resonance imagery)



Introduction

The coronavirus disease 2019 (COVID-19) pandemic has disrupted global society, critically stressed healthcare systems, and resulted in a relatively high mortality and morbidity with continued high need for patient care (1). Even after 1½ years of intensive international (scientific) effort, many questions remain about the underlying pathology (2), distinctive patient factors determining severity (3), and on the protective or damaging role of humoral immune system (4).

A striking characteristic of COVID-19 is the large heterogeneity in patient response to the viral infection (5). A large group of patients suffers mild or even asymptomatic disease (6), but in a smaller group, the infection progresses and escalates, resulting in hospitalization and potential death (7). Clear risk factors are (old) age, gender, obesity, and underlying morbidities (8). However, how associated immune characteristics contribute to this susceptibility is still largely unknown (3, 9).

The immune system is heavily involved in battling the virus, and patients with COVID-19 generally develop strong cellular and humoral responses (10). Within 1 to 2 weeks, increasing antibody titers are found in most patients, regardless of disease severity (11), with neutralizing capacity (12, 13). However, disease severity generally does not quickly resolve as a result of the presence of these neutralizing antibodies (13, 14). In fact, there is emerging evidence of a potential deleterious role of the humoral response in the severity of the disease (15). Therefore, there appears to be a delicate balance of a protective effect and hyperreaction of the immune system leading to organ/tissue damage and potential death (16, 17).

Yet, the factors determining the balance between disease attenuation and disease amplification are not well understood (11). For example, most articles focus on single viral proteins [in particular spike (S) or nucleocapsid (NCP)]. Therefore, there is limited information on the dynamics of the antibody response toward specific viral targets [e.g., receptor-binding domain (RBD), S1, S2, or NCP] and the ratio of the response to these viral proteins. Moreover, several studies contradict each other regarding the longitudinal trends in antibody production (13, 18) and titer in mild versus severe disease (19). These limitations and contradictory results are partly caused by the lack of consistency in comparison groups, study design, the heterogeneity of assays that were used, and by indirect antibody measurements.

Antibody measurements are typically performed using enzyme-linked immunosorbent assay (ELISA) or related immunoassays. In addition to relative long assay times, testing of IgM, IgG, and IgA isotopes requires individual assays. Furthermore, standard immunoassays provide only indirect information on antibody kinetics and affinities. An attractive alternative is surface plasmon resonance imaging (SPRi). In previous studies, we have demonstrated a high-throughput SPRi assay for the quantitative measurement of IgM, IgG, and IgA antibodies and their apparent polyclonal affinity in the sera of COVID-19 patients in one single experiment with a run time of less than 30 min (20, 21). This method is ideally suitable for measuring concentrations of antibodies in patients as well as determining their strength of binding.

In this article, we applied the high-throughput SPRi assay for a detailed and comprehensive characterization of patient humoral response and study its relationship with COVID severity. With this approach, we measured total antibody response and concentrations of specific IgG, IgM, and IgA isotypes against the most important SARS-CoV2 viral proteins, that is, RBD, NCP, S1, and S1S2. We subsequently determined the affinity of these antibodies toward the individual proteins. Finally, based on the RBD sequence, we developed a peptide epitope mapping assay on SPRi to characterize antibody responses in more detail. The results of the antibody and peptide experiments were compared with clinical information, such as disease severity and patient characteristics.



Materials and Methods


Patient and Control Serum Samples

Residual serum samples were obtained from 76 unique COVID-19 patients confirmed by reverse transcriptase–quantitative polymerase chain reaction and computed tomography (CT) scans and collected from March to December 2020. Eight samples from cases were collected within 10 days after the first symptoms (range, 5–9 days); 68 were collected 10 or more days after the first symptoms (range, 10–70 days).

Disease severity of the SARS-CoV2 infection was classified according to the World Health Organization criteria (22) as either mild, moderate, severe, or critical. Patients with mild disease severity did not show abnormal CT imaging. Moderate patients had fever and/or classical respiratory symptoms and typical CT images of viral pneumonia. Severe patients met at least one of the following additional conditions: (1) shortness of breath with respiratory rate ≥30 times/min, (2) oxygen saturation (Spo2, resting state) ≤93%, or (3) Pao2/Fio2 ≤39.9 kPa (299.3 mm Hg). Critically ill patients met at least one of the extra following conditions: (1) respiratory failure that required mechanical ventilation, (2) shock, or (3) multiple organ failure that required admission to intensive care unit (ICU). Details on included patients can be found in Table 1.


Table 1 | Clinical Characteristics of Included Patients.





Surface Plasmon Resonance Imaging and Spotting Instruments

The IBIS MX96 instrument (IBIS Technologies) applies a valve-less consecutive injection of samples with “back-and-forth” flow [1]. The continuous flow microspotter (Wasatch Microfluidics) enables high-reliability printing of ligand molecules under flow conditions [2]. SensEye® sensors (gel-type E2S, Ssens) using preactivated surface chemistry or streptavidin coated sensors were applied for printing an array of ligand samples. The instrument enables multiplex, up to 96 spots, kinetic analysis of interactions.



Immune Response Characterization of COVID-19 Patients Using SPRi

The IgM, IgG, and IgA isotype antibody response to RBD, NCP, S1S2 (full length spike protein), and S2 antigen was determined for the included patient sera as described previously (21) (Figure 1A). Briefly, an SPRi sensor of a specific antigen was prepared; patient sera were spotted unto this sensor in duplicates for 3 min. In the IBIS MX96, subsequently anti-IgM, anti-IgG, and anti-IgA were injected, and maximal binding was determined (dRU).




Figure 1 | Infographics outlining the experimental design for using SPRi to characterize patient samples for the presence of SARS-CoV2 antibody responses. (A) IgM, IgG, and IgA antibody response toward RBD, NCP, S1S2, and S2 proteins is measured sequentially using SPRi. First patient plasma is incubated on a specific protein coupled sensor, and then anti-IgM, anti-IgG, and anti-IgA are sequentially injected, and association signal is measured in real time. (B) Affinity of patients’ polyclonal antibody pools toward RBD, NCP, S1S2, and S2 proteins is determined. Patient plasma is injected on protein coupled sensor, and interactions are measured in real time. The koff constant determines strength of binding and is determined in dissociation phase. (C) Binding epitopes of patients’ antibody pools toward RBD are determined using a 24-peptide array on SPRi.





Multiplex Measurements to SARS-CoV2 Antigens to Determine Polyclonal Affinity

Antibody interaction affinity with SARS-CoV2 antigens was determined as described previously (21) (Figure 1B). Briefly, patient sera were injected under flow to a multiplex-coated SARS-CoV2 antigen sensor, with a 3-min association and 1-min dissociation time. The association rate constant ka (abbreviated to on-rate) is the reaction rate of the antibody–antigen complex formation on the sensor surface, giving the number of complexes formed per time at unit concentration of antibody and antigen. As soon as the complex is formed on the sensor surface, dissociation of the complex can commence. The dissociation rate constant kd (abbreviated to off-rate) expresses the number of complexes dissociating per unit of time. Equilibrium is reached, when the rates of the association and dissociation reactions are equal. When the concentration of the antibodies is equal to KD, then 50% of the molecules are bound to the ligands on the sensor surface. The association and dissociation rates of the antibodies binding to the SARS-CoV-2 proteins were calculated in Scrubber (BioLogic Software, Australia) with a 1:1 fitting algorithm. In our assay, the exact value of the dissociation constant (kd, s−1) for the overall binding antibodies can be determined after 30 s in the dissociation phase because the ligand density (in RU) can be measured accurately by dividing the slope with the response. This dissociation constant (kd) directly correlates to the value of the equilibrium dissociation constant [KD; Schasfoort et al. (21)].



Epitope Mapping of Antibody Response Toward RBD

Interactions of patient sera with RBD peptides were determined to map-binding epitopes (Figure 1C). A peptide library of 24 peptides, 15-mer in length with 4-mer overlap of the RBD, starting from spike protein amino acid 339 to 505 was synthesized by Pepscan b.v. (peptide sequences in Supplemental Table 1). The peptides were biotinylated at the N-terminus using a 7-amino-3-hydroxyethyl-coumarin (AHC) linker and were spotted in duplicate on a streptavidin modified SensEye G-Strep sensor (48 × 2 spots) for 30 min. The sensor was blocked with SensEye Strep Blocking solution for 30 min in the IBIS MX96.

Patient sera were injected with 15-min association and 12-min dissociation time, after which the sensor was regenerated with a 30-s pulse of 200 mM phosphoric acid at pH 1.5. Each sensor was used for 20 patient samples, to avoid excessive sensor degradation. Positive epitopes were selected on a per-patient basis, by an automated MATLAB script (available upon request) using the criteria that interaction signal (dRU) of specific epitopes exceeds three times the standard deviation of mean of all epitopes (dRU >3 * SD).



Statistical Analysis

Continuous variables were expressed as median and interquartile range. Nonparametric data consisting of more than two groups were analyzed using a Kruskal–Wallis test, followed by Mann–Whitney U test with a Bonferroni–Holm correction. Nonparametric data with two groups were analyzed using Mann–Whitney U test. Spearman correlation analysis was used to analyze the correlation of the different antibody specificities. A two-sided α of <0.05 was considered to be statistically significant. Statistical analyses were performed using OriginPro 2019b (Academic) 64-bit. Multivariate analysis was performed using SPSS software (version 28).




Results


Immune Response Characterization of COVID-19 Patients Using SPRi

We have developed assays to characterize the immune response using SPRi (Figure 1). With these assays, we measured total IgM, IgG, and IgA response simultaneously (Figure 1A); we measured affinity of polyclonal response (Figure 1B) and interaction with RBD epitopes (Figure 1C).



Antibody Immune Response Toward SARS-CoV2 Antigens Per Patient Subgroup

The multiplex SPRi measurement of four SARS-CoV2 antigens was used to determine the antibody immune response (IgM, IgG, IgA) per patient. The assay had good analytical sensitivity toward RBD for all isotypes (IgM, IgG, and IgA) and toward NCP, S1S2, and S2 for IgG isotype (CV <20%). Sensitivity was moderate toward NCP, S1S2, and S2 for IgM and IgA isotypes (CV >20%, CV <30%); therefore, these data were excluded from analysis. Figure 2 shows the antibody responses stratified by mild, hospitalized, or critical disease severity. Patients with hospitalized or critical disease severity showed significantly higher responses of IgM, IgG, and IgA against RBD and IgG response against NCP, S1S2, and S2 than patients with mild disease. In addition, IgM and IgG versus RBD and IgG versus S1S2 was significantly higher in critical disease compared with patients with hospitalized disease severity. Thus, increased disease severity was positively associated with an increased titer of IgG antibodies toward all measured SARS-CoV2 antigens and with increased titer of IgM and IgA toward the RBD.




Figure 2 | Multiplex measurement of antibody responses to four antigens of SARS-CoV2. (A) Total immune response (IgM, IgG, IgA) SPRi measurement of COVID-19–positive sera on RBD antigen. (B) IgG immune response SPRi measurement of NCP, S1S2, and S2 antigen. The boxplot represents the median, p25, and p75 values, and the black dot represents the mean SPRi RU value Comparability of groups was analyzed by Mann–Whitney U test. A Bonferroni–Holm procedure was used to correct for multiple comparisons between groups.



Furthermore, we found a specific subgroup of patients with critical disease with heightened RBD IgG response, with significantly increased S1S2 and S2 response (Supplemental Figure 4). This subgroup was characterized with a large significant increase in peak d-dimer and a lesser increase in lactate dehydrogenase (LDH) and C-reactive protein (CRP), whereas ferritin did not show a significant difference.

As expected, the titer of S1S2 IgG antibodies was correlated with the titer of S2 IgG antibodies (Spearman ρ = 0.92) and RBD IgG antibodies (Spearman ρ = 0.85). The correlation between the other antibodies was lower (S1S2 vs. NCP ρ = 0.657, S2 vs. RBD ρ = 0.781, S2 vs. NCP ρ = 0.639, and RBD vs. NCP ρ = 0.708).



Binding Strength of the Antibodies

The off-rate (kd) was determined to rank the binding strength of the polyclonal antibody pools reacting with the respective antigen. A higher kd correlates with a higher equilibrium dissociation constant (KD) and therefore a lower affinity (21). Figure 3 shows increasing kd with increasing disease severity, which was significant for critically ill patients versus mild for RBD and NCP, and critical versus hospitalized as well as mild for S1S2 and S2, suggesting decreased maturation toward antibodies with higher affinity. An exception to this is the lower measured antibody affinity toward S2, and in lesser extent toward S1S2, in mild compared with hospitalized patients and patients with critical disease. Multivariate analysis was performed on ln-transformed kd values. Neither gender, age, body mass index, peak LDH, peak CRP, peak ferritin, IC admission, nor pulmonary embolism (PE) was attributed to the observed differences in kd between the severity groups. The IgG response contributed significantly to the kd of RBD, S1S2, and S2 (p < 0.001), whereas the kd of NCP was unaffected by the IgG NCP. Days post onset infection (DPO) contributed also significantly to the kd of S1S2 and S2 (p < 0.001) independent of the IgG response.




Figure 3 | Binding strength measurements of four antigens of SARS-CoV2. The off-rate of the antibodies binding to the four antigens was determined for each severity group. The boxplot represents the median, p25, and p75 values, and the black dot represents the mean SPRi RU value. Comparability of groups was analyzed by Mann–Whitney U test. A Bonferroni–Holm procedure was used to correct for multiple comparisons between groups.





Association Between Gender and Immune Response

Already since the beginning of the COVID-19 outbreak, it was observed that men were more at risk for worse outcomes and death, independent of age (2, 3). Despite this, we have found no differences between men (n = 42) and women (n = 28) regarding the antibody titers (Supplemental Figure 1), specificity of antibodies, or their binding strength (data not shown). Only in the group with hospitalized disease severity the anti-RBD antibody pool in men had significantly lower binding strength than in women (Supplemental Figure 2). This indicates that the differences in disease severity between men and women cannot be explained only by the humoral antibody response.



Correlation between Pulmonary Embolism and SARS-CoV2 Antigens IgG Response

PE is reported frequently in COVID-19 patients and is correlated with disease severity and mortality (4). As only patients with critical disease developed PE in our cohort, we compared the immune response of patients with critical disease with and without PE (Figure 4). Interestingly, patients with PE had a significantly higher IgG antibody response against all antigens. Multivariate analysis showed a contribution of peak CRP to the higher IgG response to either RBD, S1S2, or S2 in patients with versus without PE. This contribution was significant for S2 (p = 0.013) and almost significant for RBD (p = 0.067) and S1S2 (p = 0.052). However, the higher IgG response in the PE-positive group remained significant (Supplemental Data Table 2). No other contributors were found. By comparing the binding strength data of the SARS-CoV2 antigens with the presence of PE, we found no significant differences (Supplemental Figure 3). There was a moderate positive correlation of our kd data with the presence of PE for both RBD and NCP (resp. Spearman ρ = 0.33 and Spearman ρ = 0.42).




Figure 4 | Occurrence of pulmonary embolism (PE) in IgG immune response measurement for patients with critical disease and the d-dimer peak values. N= 28 patients. The boxplot represent the median, p25 and p75 values and the black dot the mean SPRi RU value.





Epitope Mapping of Antibody Response Toward RBD

The antibody response toward specific epitopes on the RBD was characterized using a peptide library spotted on an SPRi sensor (Figure 5). Interestingly, of 77 patients measured, only 36 patients (47%) showed antibody responses to the peptide epitopes that spanned the entire receptor-binding motif (RBM) (Figure 5A). The antibody responses tended to be directed to peptides encoding amino acid residues that are involved in the interaction with the ACE2 receptor [i.e., peptides 9–15 and 23,24, Figure 5B green highlights (23)]. This was particularly prominent for the IgM response, to a lesser extent for the IgG response and least clear for the IgA response. These antibodies are likely neutralizing, that is, blocking the interaction of the RBD of the spike protein with the receptor. Antibodies were also directed to peptides 3 and 4 (IgM and IgG, respectively), which encode amino acids that are not in direct contact with the ACE2 receptor (23), suggesting that these epitopes are exposed and antigenic. We plotted the responders and sorted them based on disease severity (Figure 5C). In the IgM response, there seems to be a strong relationship between number of epitopes recognized and disease severity, but not with total Ig response to RBD. In addition, patients with critical disease show robust IgA responses, in contrast to mild or hospitalized patients. Interestingly, there is no relationship between IgG responses to the peptides and disease severity.




Figure 5 | Epitope mapping of antibody response toward RBD. (A) A peptide library of 24 peptides was created with four-amino-acid overlap between sequential peptides. These peptides are located at exposed moieties of the RBD and concentrated on the receptor-binding motif (RBM). The known binding motifs between the RBM and ACE2 receptor are highlighted in green. (B) Frequency of positive antibody responses toward specific peptides IgM, IgG, and IgA. (C) Heatmap of epitope interaction intensity in responder patients. Patients are clustered based on severity and ordered based on total Ig response versus RBD. Heatmap color coding depicts log10 transformed Ig dRU signal.






Discussion

COVID-19 patients demonstrate large heterogeneity in disease severity as result of SARS-CoV-2 infection. Literature suggests the humoral immune response is implicated in the disease severity (15, 16, 24, 25), yet the relationship is not fully understood. We have developed a number of assays based on SPRi to more broadly characterize patients’ humoral response and increase our understanding of its contribution to disease progression. We have previously shown SPRi can be used to detect the composition and affinity of the antibody response to SARS-CoV-2 in patients (20, 21). Most studies are performed with commercial ELISAs or immunoassays, and per isotype, a test has to be run. In contrast, the high-throughput SPRi platform is able to measure all three isotypes of immunoglobulins to viral antigen in 96 sera simultaneously. Furthermore, most studies do not include sera from nonhospitalized patients with mild disease. Our study compares three patient groups: nonhospitalized mild disease, moderate disease (hospitalized), and critically ill patients.

In this study serum samples from 76 SARS-CoV-2 patients were analyzed with SPRi using the viral antigens NCP, S1S2, S1, and RBD. For all antigens, significantly higher titers were found in the patients with hospitalized or critical disease severity versus the patients with mild disease. The data further show significant differences between the categories critical, hospitalized, and mild for IgM, IgG, and IgA isotypes. Our results confirm similar findings as reported in other serological studies on SARS-CoV-2 patient cohorts (19, 26–29). In addition to measuring the immune response, SPRi enables us to measure the strength of antibody binding. Recently, we demonstrated that the off-rate (kd) correlated well with the affinity equilibrium constant (KD) and as such can be used to rank the antibody response in terms of binding strength (28). Remarkably, patients with critical disease had significantly lower strength of binding antibodies to the RBD in comparison to patients with mild disease, and low-strength antibodies to NCP were seen in the hospitalized patients and patients with critical disease only. This contrasted with binding strength data toward S1S2 and S2, which show higher binding strength toward hospitalized and critical versus mild. An important consideration here, however, is that the patients with mild diseases have rather small antibody responses, making affinity measurements less precise. When we compared the data between critical and hospitalized patients only, we saw that affinity toward all antigens was lower with increasing disease severity. Thus, although in critically ill patients more antibodies to RBD, S1S2, S2, and NCP are produced than in hospitalized patients, their binding strength is lower. As the affinity of the RBD domain for ACE2 receptor is very high [~10 nM (30)], this lower affinity is likely to have severe consequences for the effective neutralization, potentially resulting in more severe disease (30–32). Multivariate analysis showed that the found differences between classes had a contribution of the amount of IgG (RBD, S1S2, or S2) and DPO (S1S2, S2). The kd is experimentally independent on the Rmax, and therefore on the IgG, the found correlation indicates a clinical relationship. This confirms the finding that the more critical groups with higher IgG responses have larger kd, showing a relation between those two parameters. The fact that DPO contributed to the kd has to be regarded with consciousness as the samples from the group with mild disease had longer DPO than the other groups. As stated previously, this group had also small antibody responses, making the affinity measurements less precise.

We found significant correlation between d-dimer levels and antibody response. In addition, the patients with PE showed higher IgG antibodies to all four tested viral antigens in comparison to the patients without PE. Coagulation pathways and immune system are strictly linked as a physiologic response to contain inflammatory activity at the site of the injury. However, as shown in acute respiratory distress syndrome, pulmonary inflammation-induced coagulopathy may aggravate lung injury and as such contribute to the disease (33). In COVID-19 patients, the hypercoagulable state is reflected by higher levels of d-dimer, fibrinogen, and fibrinogen degradation products (34) and is thought to be exacerbated by a cytokine storm that may be driven among others by activation of macrophages by immune complexes (15). Interestingly, a subgroup of patients with critical disease showed significantly higher immune responses to RBD, S1S2, and S2 antigens, while this subgroup also had significantly higher d-dimer, LDH, and CRP values. These biochemical parameters belong to the biomarkers that are associated with severe and possibly fatal COVID-19 (35).

To elucidate the humoral response in more detail, we developed a peptide library spanning the RBD and analyzed interactions with patients’ sera using SPRi. Our cohort shows a subgroup of patients with antibodies that respond to peptides in the RBD library (47%), equally divided over the severity groups. This could be a limitation of using linear peptides and contrasts with previous research (36). It suggests a subgroup of patients recognizes only conformations epitopes, which should be compared in future work. In patients with antibodies against the peptides, a targeting was observed toward peptides that are associated with ACE2 binding separated over IgM, IgG, and IgA isotypes, indicating an enrichment in potentially neutralization antibodies.

We found an increase in peptide epitopes for IgM isotype in patients with critical disease versus hospitalized patients and patients with mild disease, indicating a broad humoral response. However, we did not find a similar pattern in IgG epitopes. This might indicate an ineffective maturation in the important neutralization epitopes. Furthermore, we found binding of IgA only in critically ill patients supporting an association of prolonged IgA response with unfavorable clinical outcomes (36).

We generally observed a stronger focus of IgM isotype antibodies than IgG or IgA toward the RBD epitopes. As we are looking at unfiltered patient sera, it is possible that the isotypes are competing for binding spots on the peptides. Steric hindrance effects and higher avidity of IgM isotype could potentially skew our data. However, contradicting this, we do not see similar effects between the larger IgA and smaller IgG isotypes.

Men appear to be more at risk for severe disease, worse outcome, and death (37). However, in our cohort, the antibody response of men and women was equal. Similarly, the binding strength of the antibodies in men and women with critical disease did not differ. Only in the hospitalized group, the binding strength of anti-RBD antibodies in male was lower than that in women. This indicates that the primary antibody response between male and female is not solely responsible for the difference in disease severity. It is possible that downstream sex differences in innate immune system responsiveness, for instance, the complement system, might play a critical role (37–39).

The SPRi assays allowed us to characterize the details of the humoral response, including isotype, affinity, and epitopes on a single platform. We applied this to characterize COVID-19 patients; however, this could be applied to any infectious disease. We showed a strong correlation between antibody concentration and disease severity. Yet, these antibodies are of reduced affinity, and maturation on neutralization epitopes might be dysfunctional.

We hypothesize that given the increase in kd with increasing disease severity of specific antibodies and incomplete isotype switching, in a subset of patients, antibody production and maturation are ineffective, resulting in a polyclonal antibody pool of lower affinity. As a result, neutralization of SARS-CoV2 is less effective, leading to a higher viral load and increased inflammation. Moreover, in an attempt to effectively neutralize the higher viral count, antibody production increases, and serum levels rise. In neutralization assays, higher antibody titers may compensate for lower affinity, but this comes at the expense of antibody-induced side effects, as these antibodies will find abundant targets potentially leading to Fc-mediated immune responses (40), including activation of complement cascades, increased coagulation, and activation of innate immune cells. Together, this contributes to a hyperinflammatory state and might be implicated in the disease severity of COVID-19 patients.

Limitations of this study concern the number of samples distributed over the groups and the heterogeneity in DPO in the groups. The group with patients with mild infection was relatively small, a direct consequence of the fact that the disease was mild and there was no reason to draw blood. Also, the DPO in the mild group was larger than that in the other groups; this means that IgM responses are not expected anymore. Although multivariate analysis showed no contribution of the DPO to the immunoglobulin responses of either isotype, it is probable that the significantly higher IgM response in the hospitalized and critical groups versus the mild group is a direct effect of the DPO. In addition, there are eight samples taken with a DPO under 10 days, meaning that these samples possibly do not show specific IgG antibodies. The higher IgG response to RBD and S1S2 in patients with critical disease versus the hospitalized group was still statistically significant when the samples with a DPO under 10 days were removed (data not shown).

In conclusion, we have developed multiple assays to broadly characterize humoral responses on a single SPRi platform. We observed significantly larger antibody responses to all SARS-CoV-2 antigens with higher disease severity, yet these antibodies show lower binding affinity in patients with critical disease. Furthermore, while patients with critical disease recognize RBD epitopes associated with ACE2 interaction with IgM isotypes, this is reduced in the case for IgG isotypes. This suggests inadequate isotype switching and maturation. We hypothesize patients with critical disease have large, but ineffective humoral responses to SARS-CoV-2 infection. It remains to be elucidated whether this ineffective humoral response is the result of disease severity or an important driver in COVID-19.
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Sardinia has one of the lowest incidences of hospitalization and related mortality in Europe and yet a very high frequency of the Neanderthal risk locus variant on chromosome 3 (rs35044562), considered to be a major risk factor for a severe SARS-CoV-2 disease course. We evaluated 358 SARS-CoV-2 patients and 314 healthy Sardinian controls. One hundred and twenty patients were asymptomatic, 90 were pauci-symptomatic, 108 presented a moderate disease course and 40 were severely ill. All patients were analyzed for the Neanderthal-derived genetic variants reported as being protective (rs1156361) or causative (rs35044562) for severe illness. The β°39 C>T Thalassemia variant (rs11549407), HLA haplotypes, KIR genes, KIRs and their HLA class I ligand combinations were also investigated. Our findings revealed an increased risk for severe disease in Sardinian patients carrying the rs35044562 high risk variant [OR 5.32 (95% CI 2.53 - 12.01), p = 0.000]. Conversely, the protective effect of the HLA-A*02:01, B*18:01, DRB*03:01 three-loci extended haplotype in the Sardinian population was shown to efficiently contrast the high risk of a severe and devastating outcome of the infection predicted for carriers of the Neanderthal locus [OR 15.47 (95% CI 5.8 – 41.0), p < 0.0001]. This result suggests that the balance between risk and protective immunogenetic factors plays an important role in the evolution of COVID-19. A better understanding of these mechanisms may well turn out to be the biggest advantage in the race for the development of more efficient drugs and vaccines.
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Introduction

Sardinia is the second largest island of the Mediterranean Sea and has always been considered an outlier in the genetic landscape of the European continent (1–3). The genetic structure of its population probably stems from the unprecedented influx of migrants arriving on the island from Southeastern Europe during the Neolithic Era (4, 5). This Neolithic founder population remained genetically isolated for a few thousand years from the later Bronze Age expansions occurring across Europe (6, 7).

Despite more than a century of linguistic and cultural Italianization and the more recent globalization, the unique genetic heritage of the inhabitants of Sardinia continues to survive today, as was witnessed once again during the Coronavirus disease 2019 (COVID-19) pandemic. Despite the emergence of different SARS-COV-2 variants, the Sardinian population continued to register one of the lowest rates of intensive care unit admissions and the lowest incidence of mortality with respect to the remaining Italian regions (8, 9).

It is well known that advanced age, male gender, obesity, diabetes, and other comorbidities (10, 11) are all well-established risk factors but are not sufficiently predictive of progression to the severe and often fatal forms of COVID-19 infection. This evidence suggests that among the factors that contribute to determining the severity of the disease, one of the main ones is certainly the role of genetic variability in individual susceptibility and response to viral infections (12–15).

Within this context, an important role is played by the human leucocyte antigen (HLA) class I and class II molecules which are critical components of the antigen presentation pathway involved in alerting the immune system of virally infected cells. A large variety of alleles and/or haplotypes have been found either associated with an increased risk for the more severe clinical manifestations of SARS-CoV-2 or capable of exerting a protective effect against the disease (16, 17). This multitude of studies is mainly the result of differences in the frequencies of HLA alleles and haplotypes observed across ethnicities (18). In Sardinia, for example, the HLA system exhibits a relatively low level of polymorphism, so much so that the ten most frequent HLA extended haplotypes correspond to approximately half of the haplotypes present in the entire population (19). One of these is represented by the extended HLA haplotype HLA A*02:05, B*58:01, C*07:01, DRB1*03:01 which seems to exert a protective effect against SARS-CoV-2 (12).

Further protection could derive from interactions between killer-cell immunoglobulin-like receptors (KIRs), expressed on the surface of natural killer (NK) cells and their cognate human leukocyte antigen (HLA) Class I ligands (20, 21). A recent study performed on the population of central southern Sardinia showed that KIR2DS2 in combination with HLA-C alleles of the C1 group exerts a potent protective effect against the adverse outcomes of COVID-19 (22).

Other studies have recently produced evidence for association of a Neanderthal haplotype with an increased risk of severe COVID-19. Among 13 loci found to be associated with infection, the 3p21.31 locus conferred the highest risk for a serious outcome (23–25). This locus spans 49.4 thousand kilobases (kb) and contains several genetic variants located on the leucine zipper transcription factor-like 1 (LZTFL1) gene which are all in high linkage disequilibrium and constitute a specific haplotype, similar to the corresponding genomic region of the Vindija 33.19 Neanderthal (26, 27).

The Neanderthal haplotype (chr3:45,859,651-45,909,024, hg19), which is most strongly associated with the risk of developing a severe form of COVID-19, is present at a frequency of approximately 30% in South Asia and 8% in Europe and contains four SNPs (rs35044562, rs73064425, rs34326463, rs67959919) (26, 27).The significant differences observed for the carrier frequencies have previously been studied in Bangladesh where more than half the population (63%) carries at least one copy of the Neanderthal risk haplotype and a further 13% are homozygous as a consequence of positive selection (23, 28). It can therefore be estimated that individuals of Bangladeshi descent are at least twice as likely to die from COVID-19 in comparison to individuals of the general population lacking these Neanderthal-inherited gene segments (28).

Conversely, a Neanderthal haplotype of ∼75 kb on chromosome 12 (chr12: 113,350,796 to 113,425,679; hg19) has been reported as having a protective effect against the more severe forms of SARS-CoV-2 infection (29, 30).

This haplotype - which is fairly common in all world regions outside Africa - spans the OAS1, OAS2, and OAS3 genes encoding oligoadenylate synthetases (29). The 2’-5’-oligoadenylate synthetase family of interferon-induced, double-stranded RNA-dependent enzymes is well known for its important role in immune-mediated host defense mechanisms against viral infections (29–32).

Given the numerous genetic peculiarities of the Sardinian population deriving from founder effects and genetic drift (33), we decided to search for protective factors capable of counteracting the high risk of developing severe COVID-19 exerted by the Neanderthal haplotype which could possibly explain the lower impact of the disease on the island during the pandemic.

We studied the frequency of rs35044562, which Zeberg et al. identified as the major risk allele (23), in both COVID-19 patients and the general population of Southern Sardinia. We also focused on the frequency of the rs1156361 allele, which seems to exert a protective effect against severe COVID-19 (29). Subsequently, we analyzed these Neanderthal polymorphisms in combination with a series of immunogenetic factors previously found to have a major influence on the clinical progression of SARS-CoV-2 infection in Sardinia: β°39 C>T thalassemia mutation (rs11549407), HLA and KIR genes and combinations of KIRs and their HLA-C ligands (12, 22).

We demonstrated that the severe clinical course of COVID 19 infection predicted for Neanderthal haplotype carriers was effectively counteracted by the protective effect exerted by the three-locus extended haplotype HLA-A*02, B*18, DRB1*03, once again confirming the crucial role of HLA molecules in immune response mechanisms, including those responsible for the different infection rates of SARS-COV-2 variants.



Materials and Methods

Patients were recruited and enrolled in the study at the Department of Medical Sciences and Public Health of the University of Cagliari, the University Hospital of Cagliari (AOUCA), and the SS. Trinità Hospital of the Sardinian Regional Company for the Protection of Health (ATS Sardegna).

Written informed consent was obtained prior to the study from all patients and controls in accordance with national and institutional ethical standards of the local human research committee and in conformity with the ethical guidelines of the Declaration of Helsinki. The study was approved by the responsible ethics committee (Ethics Committee of the Cagliari University Hospital; date of approval: May 27, 2020; protocol number GT/2020/10894). Records of written informed consent are kept on file and in the clinical record of each patient.

A total of 358 unvaccinated COVID-19 patients were recruited into the study over a period of 6 months starting from the month of June 2020. All patients were diagnosed with SARS-CoV-2 by reverse transcriptase-polymerase chain reaction (RT-PCR) from a nasopharyngeal swab and assigned to one of four groups based on disease severity. According to WHO classification, patients with severe disease are those who need invasive mechanical ventilation or high-flow nasal oxygen in a hospital setting, while those classified as having moderate symptoms do not require oxygen. Pauci-symptomatic patients only have mild symptoms such as fever, malaise, cough, sore throat, muscle pain, gastrointestinal complaints, loss of taste and/or smell but do not have breathing problems or abnormal results on chest imaging.

All 358 patients enrolled in the study, were evaluated according to the severity of the clinical manifestations: 120 were asymptomatic, 90 were pauci-symptomatic, 108 presented a moderate disease course and 40 were severely ill.

The relative genotype frequencies in the general population were studied on a cohort of 314 individuals who were selected from the Sardinian voluntary bone marrow donor register in order to avoid any possible correlation with SARS-CoV-2 infection. The control population adequately represented the male to female ratio and was taken from the same geographical areas in central southern Sardinia as the patients. Overall, it was considered to be highly representative of the genetically homogeneous insular population.

All 358 patients were investigated for the presence of the risk alleles at rs35044562, rs73064425, rs34326463, rs67959919 and the protective allele at rs1156361. Other immunogenetic factors previously found associated with SARS-CoV-2 infection in the Sardinia population were also investigated: β°39 C>T Thalassemia variant (rs11549407), HLA haplotypes, KIR genes, KIRs and their HLA class I ligand combinations (12, 22).


DNA Extraction and Quantification

Genomic DNA was extracted from EDTA anticoagulated blood using QIAamp DNA blood mini kit (Qiagen, Hilden, NW, Germany) according to the manufacturer’s instructions. Genomic DNA was eluted in 200 μl of Elution Buffer H2O. DNA was quantified using the Qubit 3.0 fluorimeter (Life Technologies, Carlsbad, California, USA), following the manufacturer’s instructions (Qubit dsDNA BR and Qubit dsDNA HS Assay Kits).



DNA Amplification

Primer pairs for each region of interest were designed using Primer3 (34). The annealing temperature was optimized for each forward and reverse primer set. The four SNPs located within the LZTFL1 gene (rs35044562, rs73064425, rs34326463, rs67959919), one SNP on OAS3 (rs1156361), and the rs11549407 within the HBB gene are reported in the Supplementary Table S1. The PCR reaction was performed according to the protocol supplied with AmpliTaq Gold™ DNA Polymerase (Applied Biosystems/Thermo Fisher Scientific, Waltham, MA).



Sanger Sequencing

Sequencing was performed using the BigDye™ Terminator v3.1 Cycle Sequencing Kit (Applied Biosystems, USA), with the same primers described previously and cleaned up with CleanSEQ Dye-Terminator Removal Kit (Beckman Coulter, Inc.). Capillary electrophoresis was performed on the ABI 3500 Genetic Analyser (Applied Biosystems) and sequences were analyzed with Sequencher 5.3 (© 2017 Gene Codes Corporation).



HLA and KIR Genotyping

Class I and class II alleles were typed in patients and the control population using a next generation sequencing (NGS) platform. Class I (HLA-A,-B, and -C) and Class II (HLA-DRB1, HLA-DQA1, HLA-DQB1 and HLA-DPB1) genotyping was performed using commercially available NGS 7-Lociamplificationkit (OmixonHolotypeHLA™, For MiSeq Illumina), according to the protocol supplied by the manufacturer.

Genotype assignment was performed using HLATwinsoftware (Omixon, Inc). Any HLA alleles resulting to be rare or ambiguous were systematically re-typed according to the Sanger sequencing-based typing (SBT) method with the following kits: AlleleSEQR®HLA for the HLA-A, -B, -C and -DRB1 loci and SBTexcellerator® for the HLA-DQA1, -DQB1 and -DPB1 loci (GenDx&GenDx Products, Utrecht, The Netherlands).

HLA-C alleles were assigned to the C1 or C2 ligand category by evaluating the dimorphism (asparagine or lysine) at position 80 of the HLA-C molecule. The HLA-B alleles were divided into 2 groups according to the expression of the HLA-Bw4 or HLA-Bw6 epitopes. The two isoforms of HLA-Bw4 were discriminated by the presence of leucine (Bw4Ile80) or threonine (Bw4Thr80) in position 80. HLA-A23, -A24, and -A32 pertain to the HLA-Bw4Ile80 group of serological epitopes (35).

The presence of the 14 KIR genes (KIR2DL1, KIR2DL2, KIR2DL3, KIR2DL4, KIR2DL5, KIR3DL1, KIR3DL2, KIR3DL3, KIR2DS1, KIR2DS2, KIR2DS3, KIR2DS4, KIR2DS5 and KIR3DS1) was determined in patients and the control population using PCR-SSP with primers specific for each locus according to a previously reported method (36–39).

To confirm and validate our results, KIR gene typing was repeated on a total of 120 randomly selected samples among patients and controls using an alternative method: PCR-SSP (Olerup SSP® KIR Genotyping). The concordance between the two methods was 99.8%.



Statistical Analysis

Continuous variables were expressed as mean ± standard deviation. IBM SPSS Statistics for Windows, version 20.0 (IBM, Armonk, NY, USA) was used to calculate the odds ratios (ORs) and 95% confidence intervals (CIs). The χ2 test was used to compare the distribution of genotype and allele frequencies between the four different groups of COVID-19 patients and the population-control groups. Deviation from Hardy–Weinberg equilibrium was performed using Haploview 4.0 software (Broad Institute, Cambridge, MA, USA) (40). All tests were two-sided and only values of p < 0.05 were accepted as being statistically significant.




Results


Neanderthal-Derived Genetic Variant Frequencies in Sardinian COVID-19 Patients and Controls

We evaluated a total of 672 blood samples of the southern Sardinian population, corresponding to 358 COVID-19 cases (166 females and 192 males) and 314 individuals of the control population (139 females and 175 males). Patient mean age was 57.4 ± 16.9 years and the control population mean age was 45.5 ± 8.9 years. Four single nucleotide polymorphisms (SNPs) in strong linkage disequilibrium (rs35044562, rs73064425, rs34326463, rs67959919) were evaluated, considering rs35044562 as the index risk variant for severe COVID-19 infection. The index risk (rs35044562) and protective (rs1156361) Neanderthal variants revealed a distribution in Hardy–Weinberg equilibrium (HWE) both in SARS-CoV-2 patients and the control population. Indeed, the   p-values for the rs35044562 and rs1156361 variants did not reach statistical significance in the control population (  = 0.82, p = 0.37and   = 0.13, p= 0.72, respectively). Also, in the patient group, these two variants were confirmed to be in HWE (  = 0.57, p= 0.45and   = 0.004, p= 0.95 respectively). The distribution of the allele and genotype frequencies are shown in Table 1.


Table 1 | Allele and Genotype distribution of rs35044562 and rs1156361 in the control population and COVID-19 patients.



No significant differences were observed between patients and the control population for the A and G allele frequencies or the AA, AG and GG genotype frequencies of the rs35044562 high risk variant.

Similar results were obtained for the T and C allele frequencies and the TT, TC and CC genotype frequencies of the rs1156361 protective variant (Table 1).



Correlation Between rs35044562 (LZTFL1 Gene) and rs1156361 (OAS3 Gene) and the Severity of Clinical Manifestations in SARS-CoV-2 Infection

The patients were then divided into two groups based on disease severity: Group 1 contained asymptomatic, pauci-symptomatic and moderately ill SARS-CoV-2 patients, whereas group 2 contained severely ill patients.

Patients with severe clinical manifestations had significantly higher allele and genotype (AG and GG) frequencies for the rs35044562/G variant compared to the group of asymptomatic, pauci-symptomatic and moderately ill SARS-CoV-2 patients (22.5% vs 7.9%; ORG = 3.40, 95% CI = 1.46 – 7.94; p = 0.007) and (45% vs 14.7%; ORG = 4.72, 95% CI = 2.35 – 9.46; p < 0.0001) respectively.

Conversely, the allele and genotype (TC and CC) frequencies of the rs1156361/C variant were similar in the two groups of patients divided according to disease severity (Table 2).


Table 2 | Allele and Genotype distribution of rs35044562 and rs1156361 in SARS-CoV-2 patients.



The frequencies of the two allelic variants analyzed, rs35044562 and rs1156361, were consistent with the HWE in both groups of patients divided according to the severity of the clinical manifestations: X2HWE = 0.0007, p = 0.979 for rs35044562 and X2HWE = 0.019, p = 0.890 for rs1156361 in the first group of patients; X2HWE = 3.372, p = 0.066 for rs35044562 and X2HWE = 0.026, p = 0.872 for rs1156361 in the second group of severely ill patients.

The distribution of the alleles and genotypes observed for the two SNPs (rs35044562 and rs1156361) were also determined in the four distinct groups of patients, stratified according to their disease severity: asymptomatic (n = 120), pauci-symptomatic (n = 90), moderate (n = 108) and severe (n = 40). The statistically significant differences observed for rs35044562 are reported in Table 3.


Table 3 | Association of severe COVID-19 with LZTFL1 polymorphisms in an allele model.



The G allele of rs35044562 significantly increased the risk of developing severe COVID-19. This allele frequency was significantly reduced in the asymptomatic (13.3% vs 45%; ORG = 5.32, 95% CI = 2.53 – 12.01; p< 0.0001) and pauci-symptomatic (11.1% vs 45%; ORG = 6.55, 95% CI = 2.65 – 16.19; p< 0.0001) groups of patients and in the third group of moderately ill patients (20.4% vs 45%; ORG = 3.20, 95% CI = 1.47 – 6.97; p = 0.003).

When these three groups were considered together for comparison with the more severe form of COVID-19, clear evidence of association emerged (17.8% vs 45%; ORG = 4.60, 95% CI = 2.29 – 9.22; p< 0.0001).

The protective effect against severe COVID-19 reported for the rs1156361 variant was also evaluated. However, we did not find any significative differences in the genetic distribution of this SNP among the four groups of patients (Table S2). Furthermore, we found no correlation for the contemporary presence of both the risk (rs35044562) and protective (rs1156361) SNPs.



Correlation Between rs35044562, rs1156361 and Immunogenetic Factors in the Different Clinical Forms of SARS-CoV-2 Infection

The next step was to try to understand why the rs35044562 high-risk variant, with such a high frequency in the Sardinian population, did not translate into an elevated incidence of severe clinical cases and mortality. We hypothesized that in Sardinia specific characteristics of the HLA system and/or other immunogenic factors could have a role in counteracting the negative effect exerted by the Neanderthal risk allele.

First of all, we examined the most frequent extended HLA haplotypes within the Sardinian population, and it readily became apparent that none of the 358 COVID-19 patients carried the extended haplotype HLA A*02:05, B*58:01, C*07:01, DRB1*03:01, which confirms the protective effect found for this extended haplotype in a previous study of 182 COVID-19 patients (12).

Among the remaining extended HLA haplotypes considered for correlation to the Neanderthal high-risk variant, the greatest difference between the two groups of SARS-CoV-2 patients was observed for the HLA-A*02:01, B*18:01, DRB1*03:01 three-loci haplotype which was significantly more frequent in the Neanderthal allele variant group (presence of rs35044562/G = Ne) than in the Wild Type allele variant group (homozygous for rs35044562/A = Wt) [15.2% vs 3.8%, OR 4.6 (95% CI 1.8 - 11.3), p = 0.002]. Figure 1 shows the frequencies of the main immunogenetic factors considered in the two groups of patients stratified according to the presence or absence of the Neanderthal high-risk variant (rs35044562/G = Ne) or Wild Type variant (rs35044562/A = Wt).




Figure 1 | Evaluation of differences in immunogenetic factors associated to SARS-CoV-2 infection in patients carrying either the Wild Type allele variant (homozygous for rs35044562/A = Wt) or Neanderthal allele variant (presence of rs35044562/G = Ne) of the leucine zipper transcription factor-like 1 (LZTFL1) gene: the β0-39 (C>T) mutation of the beta globin chain (thalassemia trait), the KIR2DS2/HLA-C1 functional unit and the HLA-A*02:01, B*18:01, DRB1*03:01 or HLA-A*30:02, B*14:02, C*08:02 three-loci extended haplotypes. P-values (p) were calculated using the two-tailed Fisher exact test.



The protective effect of the HLA-A*02:01, B*18:01, DRB1*03:01 haplotype became even more apparent when distinguishing between patients with asymptomatic/pauci-symptomatic/moderate and the severe forms of COVID-19 (Figure 2). In fact, pauci-symptomatic patients (Nep group) carrying the rs35044562/G variant allele had a very high frequency of HLA-A*02:01, B*18:01, DRB1*03:01 (29.2%) compared to pauci-symptomatic patients (Wtp group) carrying the rs35044562/A variant allele (2.6%) [OR 15.47 (95% CI 5.8 – 41.0), p < 0.0001].




Figure 2 | Frequencies of the HLA-A*02:01, B*18:01, DRB*03:01 or HLA-A*30:02, B*14:02, C*08:02 three-loci extended haplotypes in asymptomatic, pauci-symptomatic, moderate (A) and severely ill (B) patients subdivided according to the presence of the Wild Type allele variant (homozygous for rs35044562/A = Wt) or Neanderthal allele variant (homozygous or heterozygous for rs35044562/G = Ne) of the leucine zipper transcription factor-like 1 (LZTFL1) gene. P-values (p) were calculated using the two-tailed Fisher exact test. Wtp = pauci-symptomatic patients carrying the rs35044562/A variant allele; Nep = pauci-symptomatic patients carrying the rs35044562/G variant allele; Wts = severely ill patients with the rs35044562/A allelic variant; Nes = severely ill patients with the rs35044562/G variant allele.



No significant differences were observed for the HLA-A*30:02, B*14:02, C*08:02 haplotype between the two groups of patients divided according to the presence of the Wt (homozygous for rs35044562/A) or Ne (presence of rs35044562/G) variant of the LZTFL1 gene [5.6% Wtp vs 2.1% Nep, OR 2.7 (95% CI 0.4 – 21.4), p = 0.48 and 9.1% Wts (severely ill patients with the rs35044562/A allelic variant) vs 16.7% Nes (severely ill patients with the rs35044562/G variant allele), OR 2.0 (95% CI 0.3 – 13.5), p = 0.64 respectively].

It is interesting to note that although not reaching statistical significance, the frequency of the KIR2DS2/HLA-C1 functional unit was reduced in the Ne group in comparison to the Wt group of patients [28.8% vs 40.8%, OR 1.7 (95% CI 0.9 – 3.0), p = 0.09].




Discussion

A myriad of studies has been conducted to investigate the distribution, spread and rate of SARS-CoV-2 infection throughout the world, revealing differences in pandemic mitigation strategies between countries, populations, and regions that all urgently need to be addressed (41–44). Meanwhile, a multitude of factors contributing to the transmission of infection and disease outcomes continue to emerge. Many of these factors are likely influenced by genetic variations among populations (45, 46). The differences observed between Italian regions for the rate of SARS-CoV-2 transmission cannot simply be explained by geographical variations such as a low population density. Within this context, Sardinia has a lower infection rate than other Italian regions comparable for population density as well as the lowest incidence of hospital admissions for severe COVID 19 infection and mortality (Table S3) (8, 9). It would therefore seem that Sardinia offers a particularly useful population model from which to extrapolate some of the reasons behind the spread of infection. While insularity in certain situations may give rise to a population that is less susceptible to infection, it does not sufficiently explain why infection rates were so low on Sardinia throughout the pandemic. Despite the influx of millions of tourists during the summers of 2020 and 2021, there were fewer infections than in other regions (47).

The peculiar structure of the Sardinian population could account for one of the protective mechanisms. In fact, it has been shown that certain immunogenetic characteristics of the Sardinian population confer protection against the risk of severe COVID-19 infection. In particular, some conserved extended haplotypes of the major histocompatibility complex (MHC) and the presence of the killer cell immunoglobulin-like receptor (KIR) gene KIR2DS2 in combination with HLA-C alleles of the C1 group (HLA-C1) significantly counteract the risk of developing severe clinical manifestations in Sardinian COVID-19 patients (12, 22).

In Sardinia, the frequency of the rs35044562 Neanderthal variant deviates significantly from that observed in Europe and the Middle East, where homo neanderthalensis lived following the phase of greatest expansion of the species occurring approximately 200.000 – 100.000 years ago. In comparison to other Italian regions (Table S4), Sardinia appears to be the one with the highest frequency of this polymorphism. The significant deviation from European and Tuscany frequencies may possibly be explained by an important founder event and the subsequent Neolithic expansion in some areas of Sardinia (48). Conversely, we did not find significant differences for the distribution of the rs1156361 protective variant in Sardinia compared to other ethnicities (Table S5).

The main endpoint of this study was to find out why Sardinia has one of the lowest incidences of hospitalization and related mortality in spite of a very high frequency of the Neanderthal variant (rs35044562) considered to be a major risk factor for a severe SARS-CoV-2 disease course.

A protective factor could be the β0-39 (C>T) variant of the beta globin gene (beta–thalassaemia trait), present in about 8-10% of the Sardinian population (49). However, the frequencies of the β0-39 variant were similar among SARS-CoV-2 infected patients, regardless of the presence of the Ne or Wt variants (p = 0.16).

Another protective factor against severe SARS-CoV-2 infection in Sardinia is represented by the presence of the functional unit KIR2DS2 in combination with the HLA-C alleles of the C1 group (KIR2DS2/HLA-C1) (9, 22). Natural killer (NK) cells are vital to both anti-viral and anti-tumor immune response mechanisms. A plurality of NK cell functions is mediated by an array of inhibitory and activating killer-cell immunoglobulin-like receptors (KIR) expressed on the NK cell surface which predominantly bind to HLA-C ligands on target cells (50).

We could therefore plausibly expect the KIR2DS2/HLA-C1 functional unit to override the risk posed by the Neanderthal variant but once again no statistically significant differences (p = 0.09) were observed between patients carrying the Ne variant and those with the Wt variant (Figure 1).

Finally, we considered the HLA haplotypes present in all groups and found that the three-loci extended HLA haplotype HLA-A*02:01, B*18:01, DRB1*03:01 is associated with asymptomatic or pauci-symptomatic disease, while the HLA-A*30, B*14, C*08 haplotype is more frequently observed in patients with a severe or even fatal disease course (12). In fact, a marked difference was observed between the two groups of SARS-CoV-2 patients for the HLA-A*02:01, B*18:01, DRB1*03:01 three-loci haplotype which was significantly more frequent (15.2% vs 3.8%, p = 0.002) in the Ne group than in the Wt group (Figure 1). This three-loci extended haplotype has a relatively high frequency in the Sardinian population (51, 52) and is associated with asymptomatic or pauci-symptomatic disease (12).

The protective effect of the HLA-A*02:01, B*18:01, DRB1*03:01 extended haplotype in the Ne group of patients became even more apparent when distinguishing between patients with asymptomatic/pauci-symptomatic/moderate (Nep) or severe (Nes) forms of COVID-19 (Figure 2). Indeed, the Nep group had a very high frequency of HLA-A*02:01, B*18:01, DRB1*03:01 compared to the pauci-symptomatic patients of the Wtp group (29.2% vs 2.6%, p < 0.0001). Therefore, the high frequency of this haplotype in patients with the Neanderthal polymorphism (15.2%), particularly pauci-symptomatic patients (29.2%), supports the hypothesis that this specific HLA profile may confer a certain degree of protection against severe SARS-CoV-2 infection, even when challenged by the presence of this high-risk Neanderthal variant.

Despite the recent increases in cases attributable to the rapid spread of the Omicron variant, Sars-CoV-2 transmissibility indexes and intensive care admission rates in Sardinia continue to be among the lowest registered among the different Italian regions. Sardinia, with its low rate of hospital admissions and ICU occupancy levels, has also been confirmed as one of the areas in Europe with the lowest incidence of severe cases of SARS-CoV-2 infection (9). Hence, the protection conferred by the HLA-A*02:01, B*18:01, DRB1*03:01 three-loci extended haplotype against severe SARS-Cov-2 in the Sardinian population seems to efficiently contrast the high risk of a severe and devastating clinical course of the infection predicted for carriers of the Neanderthal haplotype.

Interestingly, two alleles (HLA-A*02:01, B*18:01) of this haplotype are also part of the HLA haplotype, HLA-A*02.01g-B*18.01g-C*07.01g-DRB1*11.04g, which in Italy has a regional distribution inversely correlated with both the incidence and mortality of COVID-19 (51). Although this protective haplotype is the second most prevalent haplotype in the Italian population (51), in Sardinia it is one of the haplotypes with the lowest frequency (19, 52). In fact, it was not present in our study population.

In our study the protection conferred by the HLA-A*02:01, B*18:01, DRB1*03:01 three-loci extended haplotype clearly outweighed the risk conferred by the high-risk variant inherited from Neanderthals. This finding strongly suggests that the balance between risk and protective immunogenetic factors is extremely important to the evolution of COVID-19.

There is an ongoing global hunt for people genetically resistant to SARS-CoV-2 infection in the hope of identifying genes or other immunogenetic factors that can be used for the development of drugs that can protect people and prevent them from transmitting the disease. In the search for resistance to HIV infection, researchers were able to identify a rare mutation capable of disabling the CCR5 receptor on white blood cells preventing the virus from infiltrating the immune system via this access point (53). In the same way, some people may possess specific haplotypes and/or variants in genes that could stop SARS-CoV-2 from entering cells or break down viral RNA within cells or even inhibit its replication and repackaging into new viral particles (19, 54–56).

The Island population of Sardinian has a relatively low level of genetic heterogeneity and has been considered by many researchers as an ideal ground for the study of genetic variants that may be linked to disease. However, we advocate the combined input of researchers worldwide to further uncover the immunogenetic mechanisms underlying inborn resistance to SARS-CoV-2 infection. A better understanding of these mechanisms may well turn out to be the biggest advantage in the race for the development of efficient drugs or vaccines against COVID-19.
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Since its emergence as a pandemic in March 2020, coronavirus disease (COVID-19) outcome has been explored via several predictive models, using specific clinical or biochemical parameters. In the current study, we developed an integrative non-linear predictive model of COVID-19 outcome, using clinical, biochemical, immunological, and radiological data of patients with different disease severities. Initially, the immunological signature of the disease was investigated through transcriptomics analysis of nasopharyngeal swab samples of patients with different COVID-19 severity versus control subjects (exploratory cohort, n=61), identifying significant differential expression of several cytokines. Accordingly, 24 cytokines were validated using a multiplex assay in the serum of COVID-19 patients and control subjects (validation cohort, n=77). Predictors of severity were Interleukin (IL)-10, Programmed Death-Ligand-1 (PDL-1), Tumor necrosis factors-α, absolute neutrophil count, C-reactive protein, lactate dehydrogenase, blood urea nitrogen, and ferritin; with high predictive efficacy (AUC=0.93 and 0.98 using ROC analysis of the predictive capacity of cytokines and biochemical markers, respectively). Increased IL-6 and granzyme B were found to predict liver injury in COVID-19 patients, whereas interferon-gamma (IFN-γ), IL-1 receptor-a (IL-1Ra) and PD-L1 were predictors of remarkable radiological findings. The model revealed consistent elevation of IL-15 and IL-10 in severe cases. Combining basic biochemical and radiological investigations with a limited number of curated cytokines will likely attain accurate predictive value in COVID-19. The model-derived cytokines highlight critical pathways in the pathophysiology of the COVID-19 with insight towards potential therapeutic targets. Our modeling methodology can be implemented using new datasets to identify key players and predict outcomes in new variants of COVID-19.




Keywords: COVID-19, RNA seq, transcriptomics, multiplex, ROC analysis, Aritficial Intelligence, Machine Learning



1 Introduction

The coronavirus disease (COVID-19) has been following a non-linear evolution through the pandemic, starting with one variant that mutated into at least four dominant subtypes. Early prediction of COVID-19 outcome is crucial to direct resource allocation by the health care system and to triage the patients to receive the optimum clinical management. Despite the broad spectrum of presentations, a significant turning point in the course of the disease is the development of abrupt systemic elevation of a myriad of inflammatory cytokines and chemokines (the cytokine storm- CS). In this phase of COVID-19, multiple organ failure progressing to circulatory shock is the leading cause of death. The CS is accompanied by a myriad of biochemical and radiological findings (1). A key determinant factor of COVID19 progression is the uncontrolled dysregulation production of cytokines and chemokines, resulting in the development of a cytokine storm, systemic inflammation, and consequently multi-organ failure (2). The presence of the cytokine storm was associated with COVID-19 severity as previously reported (3, 4), where the serum levels of cytokines in COVID-19 patients were significantly correlated with the severity of the disease and acted as warning indicators of the severity and progression of COVID-19.

Interpreting the role of cytokines, their predictive value and therapeutic potential is still a significant challenge in the context of COVID-19. An example of an incomplete understanding of CS and its pathogenesis is the uprise and drop of tocilizumab. As interleukin-6 (IL-6) is a critical cytokine in CS-induced mortality in patients receiving engineered T cell therapy, it was first suggested as a potential therapeutic target for COVID-19 CS. However, a randomized, double-blind Phase III COVACTA trial failed to reveal a significant reduction in mortality by using tocilizumab in COVID-19 (NCT04320615) (5), mandating further (re)search for additional key players in the CS pathogenesis.

The COVID-19 is an adaptive dynamic disease that has witnessed the SARS-CoV-2 mutated multiple times since March 2020. It is highly expected that SARS-CoV-2 will persist as an endemic infection, with epidemic peaks (6), as witnessed with the 4th and 5th waves in some countries. Many of the early models for COVID-19 failed to predict many aspects of the disease (7). Part of the issue is that COVID-19 is a non-linear disease. Many molecular studies were carried out to understand COVID-19 initiation and progression. However, such studies faced various challenges, including the curse of dimensionality (where the total number of severely infected patients is relatively low but each patient has a high number of data points) and inability to find optimal solutions across the general problem and thus end up with sub-solutions (local minima) (8). Artificial Intelligence (AI) is designed to find global solutions to multi-dimensional data. In the context of COVID-19, AI offers vital tools to find better predictors. However, AI has a few limitations in biomedical applications, mainly because AI solutions can be skewed by noise and thus requires well-annotated datasets with a clear understanding of the measured parameters. Integrating clinical, radiological and biochemical tests is highly recommended to achieve the ultimate benefit of modeling the disease.

Interestingly, stochastic modeling was previously used to model the human immune response to the yellow fever vaccine (9). Since COVID-19 is linked to immune response, modeling of the SARS-CoV-2 infection have been extensively published on different aspects of the disease, including the immune system using multiple ODEs to model immune cells, antibodies and cytokines (10–13), and on the clinical and radiological data (14–16). A few models on cytokine release syndrome in other diseases were also created (17–19). Investigating the immune response signature in COVID-19 yielded various biomarkers in different studies. A previous retrospective analysis suggested IL-6, IL-8 and TNF-α as independent predictors of patient survival (20). More recently, Perreau et al., 2021 suggested hepatic growth factor (HGF) and CXCL13 as predictors of severity and mortality of COVID-19 (21).

In the current study, we hypothesized that integrative analysis of pro-inflammatory, anti-inflammatory cytokines and checkpoint markers in addition to key clinical, biochemical, and radiological parameters could predict COVID-19 outcomes with higher predictive accuracy than individual parameters. Guided by the transcriptomics analysis of nasopharyngeal swabs, we curated a panel of 24 cytokines to be assayed using a multiplex assay with high intra- and inter-assay precision to reflect the immune response in our model, using a small amount of serum. Added to the 24 entries of cytokine levels, we also included 63 entries of clinical, biochemical and radiological parameters of well-characterized patients. In this study, we are introducing our clinically applicable integrative model as a predictive tool for COVID-19 severity and sequelae that will hopefully help guide clinical decision and management strategies. In addition, the study highlights potential therapeutic targets via identifying key players in the cytokine storm.



2 Patients and Methods


2.1 COVID-19 Patients’ and Healthy Controls’ Criteria

Nasal swab samples were collected from 50 COVID-19 patients (10 Asymptomatic, 11 mild, 13 moderate, and 16 severe patients; SARS-CoV-2 infections is confirmed by PCR), in addition to 11 healthy donors, at Rashid Hospital in Dubai, following the approval of the ethical committee at Dubai Health Authority (DSREC-04/2020_09). All patients were recruited between February-March 2020, and hence did not receive COVID-19 vaccine.

Peripheral venous blood samples of 37 COVID-19 patients were collected following the approval of the ethical committee at Rashid Hospital in Dubai (DSREC-04/2020_19), in addition to 40 healthy controls. All the included patients were recruited between June-July 2020, and hence did not receive COVID-19 vaccine.

Patients were classified into the respective group severity as follows: (A) Mild-moderate: no or mild pneumonia, (B) severe: patients with at least one of the following symptoms: shortness of breath (breathing rate ≥ 30/min), SaO2 at rest ≤ 93%, partial pressure of oxygen in arterial blood (PaO2)/inspired oxygen fraction (FiO2) ≤ 300 mmHg, or lung infiltrates > 50% within 24 to 48 h. Clinical and biochemical data were collected. Also, computed tomography (CT) imaging was performed, followed by an assessment using the COVID-19 Reporting and Data System (CO-RADS) as a standardized assessment of pulmonary involvement of COVID-19 (22). The Co-RAD categories correspond to the corresponding level of suspicion of pulmonary involvement in COVID-19. 0= scan is technically insufficient to assigning a score; 1=normal or non-infectious; 2= typical for other infection but not COVID-19; 3 = features are compatible with COVID-19 but also other diseases; 4 = highly suspicious for COVID-19; 5 = typical for COVID-19; and 6 = RT=PCR positive for SARS-COV-2.

The healthy controls (age: 47.18 ± 16.6 years, 24 males and 16 females, BMI: 25.9 ± 3.11 Kg/m2) were filtered from an initial cohort of 150 controls to include only those with a non-obese BMI and normal HbA1c to avoid having any confounding factors such as obesity or prediabetes.



2.2 Whole Transcriptome and Bioinformatics Analysis of Nasal Swab Samples From COVID-19 Patients and Healthy Controls

One ng of RNA of each sample was analyzed using targeted whole RNA-seq with AmpliSeq whole transcriptome on S5 system (Thermo Fisher Scientific), and RNA-seq data were analyzed using the Ion Torrent Software Suite version 5.4. Alignment was carried out using the Torrent Mapping Alignment Program (TMAP), as described in (23).

The expression counts of the nasal swap samples of COVID-19 patients and healthy controls were normalized across samples using the DESeq2 normalization method. Differentially expressed genes between each of the severity groups against the healthy control group were identified using the Bioconductor package DESeq2. Differentially expressed genes with adjusted p-value <0.05 and fold change >2 or <0.5 were considered statistically significant. The adjusted p-value was calculated using false discovery rate (FDR) according to Benjamini Hochberg method (24).



2.3 Bioinformatics Analysis of Publicly Available COVID-19 Whole Blood RNA-Seq Dataset

In addition, whole blood bulk RNA sequencing data (Normalized counts) deposited by Bernardes et al. (25) were retrieved from: https://github.com/Systems-Immunology-IKMB/COVIDOMICs/tree/main/TF_enrichment/TF_enrichment_analysis-main/data. The dataset included samples from 42 COVID-19 patients (12 asymptomatic, 11 mild, 6 complicated, 4 complicated incremental, 6 complicated hyper-inflammatory, and 3 critical patients), in addition to 14 healthy donors. Statistical significance of the differential expression of cytokines between the disease severity groups was analyzed using one-way ANOVA with post hoc Tukey’s multiple comparisons test in Graph Pad Prism (version 5.01). A p < 0.05 was considered statistically significant.



2.4 Collection of COVID-19 Patients’ Blood Samples

Peripheral Venous blood samples of 37 COVID-19 patients were collected following the approval of the ethical committee at Rashid Hospital in Dubai (DSREC-04/2020_19). Ethylene-diamine-tera-acetic Acid (EDTA) containing tubes were used to collect the blood samples. Then, serum was separated for the cytokine assays Forty blood samples were obtained from before the first case of COVID-19 infection in the UAE (MO-HAP/DXB/SUBC/No.14/2017).



2.5 Cytokine Assay

Given the results of previous steps, various cytokines of significance were assessed in the sera (50ul sample) of the COVID-19 patients and healthy controls using the Human Immunotherapy Magnetic Luminex Performance Assay 24-plex Fixed Panel (R&D systems, USA). The assessment was done using the Bioplex-200 system (Biorad, USA). A list of the curated cytokines is provided in Supplementary Table S1.



2.6 Statistical Analysis

Groups with different severity were compared after testing normality (Kolmogorov-Smirnov and Shapiro- Wilk tests). If the p-value is <0.05, non-parametric tests were used (Mann Whitney for comparing two groups, or Kruskal-Wallis to compare more than two groups). We grouped the mild and moderate as (non-severe). Of all variables, only age, BMI and platelet count followed normal distribution where the unpaired t-test was used. Power calculation was performed based on Wei et al. (26), setting the statistical power at 0.8, α = 0.05, and using the mean values of different cytokine levels in mild-moderate versus severe cases. The minimum number required in each group was estimated to be 15. The statistical package SPSS (v.28) was used for statistical analyses.



2.7 Machine Learning

Machine learning was used to reduce the set of clinical parameters and identify the optimal set of parameters to stratify the patients according to the different aspects of COVID-19 pathogenesis. A mixture of unsupervised hierarchical and K-means clustering analyses were performed in R (code in the Supplementary Material) to assess the separation of COVID-19 cases according to the blood protein expression levels of cytokine quantified using BIO PLEX-200. k = 6 was used as the number of clusters for the k-means clustering analysis. The k-means by storing all the labeled examples, and using them directly for inference on new data.



2.8 Mathematical Modeling

Mathematical modeling was used to identify key cytokines and biochemical markers that can stratify the clinical parameters collected in the study. The mathematical modeling was carried out using two models that were integrated subsequently. The first is ANOVA multivariate model with Bonferroni’s multiple testing. This is used to identify the variables that are significantly different amongst the various compared patients’ groups as well as different parameters denoting severity (e.g., mechanical ventilation, radiological findings, complications, e.g. liver injury).

The second model is the Stepwise linear regression model. This dynamic method systematically reduces the set of parameters (e.g., cytokines, biochemical parameters), depending on the significant interaction between the variables. The ANOVA multivariate model with Bonferroni’s multiple testing and the Stepwise linear regression model. Both models were applied to a combination of categorical (e.g., disease severity, oxygen support) and continuous data (e.g., protein expression and level of biochemical markers). Two-sided p <0.05 were considered to be statistically significant. ROC analysis was performed to assess the predictive efficacy of the predictors identified from the two mathematical models.

Different parameters were measured to check the model accuracy. if a is true positive, b is false positive, c is false negative, and d is true negative, the sensitivity was calculated as [a/(a+c)]×100; specificity as [d/(b+d)]×100; positive predictive value as [a/(a+b)]×100; and negative predictive value as [d/(c+d)]×100. Positive likelihood ratio was calculated as Sensitivity/(1-Specificity); negative likelihood ratio as (1- Sensitivity)/Specificity (26, 27).




3 Results


3.1 Nasopharyngeal Samples Identify Cytokines as Top Upregulated DEGs and Signaling Through Cytokines as Top Upregulated Pathway

Previous studies on nasopharyngeal swab samples were highly insightful on shifts in the immune landscape in association with COVID-19 (28), in contrast to the transcriptomic signature associated with different types of respiratory infections (29). However, general shifts in transcriptomic profiles associated with COVID-19 severity warranted further dissection and biological validation. Therefore, we carried out a transcriptomics analysis of nasopharyngeal samples collected from asymptomatic, mild, moderate, and severe patients using samples from healthy donors as a reference (Table 1). The upregulated transcriptome was significantly enriched in cytokine signaling and immune response pathways in moderate and severe COVID-19 patients (Figure 1 and Supplementary Figure S1), with several cytokines being in the top 100 DEGs. Our analysis revealed the significant upregulation of genes expressing IFN-γ, CXCL10, IL-33, Granzyme-B, and PD-L1 in moderate COVID-19 patients only and IL-8, IL-1Ra, IFN-α, CCL4, TNF, CCL3, and IL-1ß was in moderate and severe COVID-19 patients; in comparison, to healthy donors or asymptomatic patients (Figure 2A).


Table 1 | Demographic and Clinical data of the exploratory cohort (COVID-19 patients tested by transcriptomics analysis of nasopharyngeal swabs).






Figure 1 | Pathways Enrichment is the nasopharyngeal swab samples of moderate and severe COVID-19 patients. Functional clustering and pathway analysis of the significantly upregulated genes in the nasopharyngeal swab samples collected from (A) moderate and (B) severe COVID-19 patients in comparison to healthy patients. DEGs were identified using DESeq2 algorithm; the genes were filtered according to adjusted p-value of <0.05 and fold change >2 or <0.5. The functional clustering analysis was performed using Metascape; p-value cut-off for pathways inclusion was <0.01.






Figure 2 | Transcriptomics Analysis of nasopharyngeal swab samples and whole blood samples from COVID-19 patients. (A) Gene expression of cytokines and inflammatory mediators from the nasopharyngeal swap RNA-seq data compared across the different severity groups of COVID-19 cases (asymptomatic, mild, moderate, and severe) in reference to the non-COVID-19 control group. The data represented as log 2 normalized expression, where the normalized was performed using DESeq2 normalization approach across all the examined samples. (B) Gene expression of cytokines and inflammatory mediators from the whole blood RNA-seq dataset, compared across the different severity groups of COVID-19 cases (asymptomatic, mild, complicated, and critical) in reference to the non-COVID-19 control group. The data represented as log 2 normalized expression. * represents p-value < 0.05; ** represents p-value < 0.01; *** represents p-value < 0.001; analyzed using one-way ANOVA with post hoc Tukey’s multiple comparisons test.



To investigate whether the upregulation of these cytokines and inflammatory mediators is localized or systemic, the COVID-19 patients whole blood RNA-seq publicly available dataset (25) was analyzed. The analysis revealed the significant upregulation of IL-10 in mild, complicated and critical cases; IL-15 in mild and complicated cases; PD-L1 in complicated and critical cases; and IFN-γ in mild cases (Figure 2B).



3.2 Cross-Validation of Cytokines Using Bio-Plex


3.2.1 Recruited Patients

Based on previous findings and existing knowledge from previous publications, we examined the association of these cytokines with different clinical aspects of COVID-19 pathogenesis in a new cohort of 37 patients (on day 0-5 of admission, followed up for 4 weeks), and 40 age- and gender-matched healthy controls [Out of initial 150 control subjects, we selected 40, with a non-obese BMI (mean= 25.9 ± 3.11 Kg/m2) and normal HbA1c (<5.8%), to avoid having any confounding factors that may affect the cytokine levels, such as obesity or prediabetes]. Patients’ clinical data is provided in Table 2.


Table 2 | Demographic, Clinical and laboratory data of the validation cohort (COVID-19 patients tested for cytokine).





3.2.2 Cytokine Assay

In view of the transcriptomics analysis, the curated panel included cytokines (inflammatory and anti-inflammatory), chemokines and other immune-related molecules such as checkpoint markers, receptors and cytotoxic mediators (Supplementary Table S1). Out of the 24 investigated cytokines, 17 markers showed a differential pattern in COVID-19 patients compared to healthy controls (Figure 3).




Figure 3 | Cytokine assessment in healthy control subjects (n =40), mild-moderate COVID-19 (n= 20) and severe COVID-19 (n=17) patients. (A) Inflammatory, (B) anti-inflammatory cytokines, (C) chemokines, and (D) checkpoint markers, receptors and cytotoxic mediators were assessed in mild-moderate and severe COVID-19 patients and their levels compared to healthy controls. Data is expressed as mean ± standard error of mean (SEM). *p<0.05, ** p<0.01, ***p<0.001, and **** p<0.0001.



As shown in Figure 3A, the levels of the pro-inflammatory cytokines GM-CSF, IL-6, IL-15, and IFN-α were higher in mild-moderate COVID-19, compared to healthy controls, with a further increase in severe COVID-19. On another note, levels of TNF-α and IL-17A were similarly more elevated in the mild-moderate and severe COVID-19 patients than in healthy controls. Also, IL-1β levels were found to be increased in mild-moderate COVID-19 patients that were restored in severe patients. While the component IL-12p70 showed a reduction in the serum levels of COVID-19 patients with a significant observed decrease in the severe patients’ group, previous studies reported no difference in the plasma levels of IL-12p70 (30). On the other hand, anti-inflammatory cytokines such as IL-1Ra and IL-10 showed a sequential increase in mild-moderate and severe COVID-19, while IL-4 showed a significant increase in mild-moderate COVID-19 (Figure 3B).

The chemokines MCP-1 (CCL2) IP-10 (CXCL10) incrementally increased levels in mild-moderate and severe cases (contributors to pulmonary pathogenesis). MIP1β (CCL4) increased equally in mild and severe cases. IL-8 (CXCL8) increased mild-moderate cases and decreased in severe cases (but still significantly higher than normal controls), (Figure 3C). As illustrated in Figure 3D, PD-L1 was found to be higher in severe COVID-19 than healthy controls or mild-moderate COVID-19. The transmembrane glycoprotein CD40 ligand and the cytotoxic molecule granzyme B showed a significant increase in mild-moderate COVID-19 patients compared to healthy controls. However, they were reduced in the severe patients (but still significantly higher than normal controls).




3.3 Exploration of Cytokines Expression Levels in Association With COVID-19 Disease Severity Using Machine Learning Techniques

The protein expression data of the cytokines and inflammatory mediators were further explored with machine learning approaches to identify the optimal set of parameters to stratify the patients according to different aspects of COVID-19 pathogenesis. Initially, unsupervised hierarchical and k-means clustering were used to explore the general impact of cytokines expression on the clustering of the examined COVID-19 patient samples according to disease severity. The result of the unsupervised hierarchical and k-means clustering showed that the collective cytokines panel had little impact on the clustering of the samples according to disease severity, as cases of different degrees of severity were intermingled in both clustering approaches; suggesting an overlap in the signature of some cytokines across the different severity groups. However, the unsupervised clustering gave hints of separation between severe and moderate cases, suggesting that some of the cytokines might have the potential to stratify patients according to disease severity. Therefore, mathematical modeling was carried out to explore further and identify the cytokines that significantly associate with disease severity and other aspects of COVID-19 pathogenesis.



3.4 Optimal Parameter Selection Using Mathematical Modeling

To filter out the biological overlap between the severity groups in the data set and identify key cytokines and biochemical markers that can be used to stratify the clinical parameters collected in the study, an approach combining two mathematical models (multivariate ANOVA with Bonferroni’s stringent multiple testing and Stepwise linear regression) were used (Supplementary Table S2).


3.4.1 Mathematical Modeling Identifies IL-10 as a Biomarker of Severity

Multivariate ANOVA with Bonferroni’s stringent multiple testing was used to determine whether there were statistically significant differences in the expression of particular cytokines and biochemical markers between the COVID-19 severity groups (Figure 4A). The analysis revealed that the levels of IL-10, ANC, ALC, CRP, Ferritin, LDH, BUN, and WBCs were significantly higher in severe cases in comparison to mild-moderate cases. The stepwise linear regression model identified IL-10, PD-L1, TNF -α as potential predictors of COVID-19 disease severity. The data from these two mathematical models suggest a panel of cytokines and biochemical markers for stratifying COVID-19 patients according to disease severity, with the circulating marker IL-10 as the driver key marker.




Figure 4 |  Key driver predictors identified from Multivariate ANOVA with Bonferroni’s stringent multiple testing for (A) disease severity, (B) the requirement for oxygen support, (C) Radiological findings, and (D, E) abnormal liver function indicated by (D) ALT and (E) AST. Means of the predictors’ levels presented as a function of the target variables categories.





3.4.2 Mathematical Modeling Identifies IL-10 as a Biomarker of Oxygen Support Requirement

A similar analysis was performed to determine the potential association between the level of cytokines and biochemical markers and other aspects of COVID-19 pathogenesis, such as the need for oxygen support. Multivariate ANOVA testing suggested the significant association between the need for oxygen support and the levels of GM-CSF, IL-1β, IL-10, ANC, CRP, Ferritin, LDH, BUN, and WBC. Multivariate ANOVA with Bonferroni’s stringent multiple testing revealed the significant increase in the levels of IL-1β and IL-10 in patients requiring mechanical ventilation as opposed to patients depending on room air; and a significant increase in the levels of ANC, LDH, BUN, and WBCs in patients requiring invasive mechanical ventilation in comparison to patients requiring non-invasive forms of oxygen support (e.g., nasal cannula, high flow oxygen mask, and non-invasive positive pressure ventilation) (Figure 4B). The stepwise linear regression model identified IL-10 as a potential predictor of the need for oxygen support. Taken together, both mathematical models suggest IL-10 as a potential marker for the requirement for oxygen support in addition to its potential in stratifying disease severity.



3.4.3 Mathematical Modeling Identifies IL1Ra and IFN-γ as Biomarkers of COVID-19-Specific Radiological Findings

Analysis of the association between chest X-ray (CXR) findings and the levels of cytokines and biochemical markers using multivariate ANOVA with Bonferroni’s stringent multiple testing revealed the upregulated levels of IFN-γ and PD-L1 in normal cases as opposed to patients presenting with consolidation or ground-glass opacities (Figure 4C). On the other hand, IL-1Ra, IL-6, MCP-1, and D-dimer levels were elevated in cases presenting with pneumothorax compared to normal cases or cases presenting with consolidation or ground-glass opacities. Stepwise linear regression analysis proposed IL-1Ra, IFN-γ, and PD-L1 as potential predictors of radiological findings. Stepwise linear regression analysis of CORADs reports suggested IL1Ra and IFN-γ as predictors of radiological findings, further cross-validating the CXR analysis results. Taken together, these data suggest that IL-1Ra and IFN-γ might potentially be used to stratify patients according to radiological findings; IL-1Ra as a potential marker for the development of pneumothorax and IFN-γ as a potential marker predicting the absence of COVID-19 related chest abnormalities.



3.4.4 Mathematical Modeling Identifies IL-6 and Granzyme B as Biomarkers of Liver Injury and Dysfunction

The stepwise linear regression model identified IL-6 and granzyme B as potential predictors of liver injury and dysfunction (indicated by an elevation in the levels of ALT and/or AST). IL-6 and granzyme B levels were elevated in cases with abnormal ALT levels (Figure 4D), while IL-6 was elevated in patients with abnormal levels of AST (Figure 4E).

Intriguingly, Multivariate ANOVA with Bonferroni’s multiple testing revealed the significant reduction in the protein expression level of IL-6 in patients that received COVID-19 treatments (e.g., tocilizumab, lopinavir/ritonavir, favipiravir) in comparison to untreated patients. Treatment status associated significantly with reduced levels of other markers, including IL-1Ra, MCP-1, PD-L1, ALT, D-Dimer, and Albumin.




3.5 Validation of Predictor-Based Stratification of Severity Groups in COVID-19

Cytokines proposed as predictors of disease severity by the two mathematical models were used for model reduction to enhance patients’ clustering. The supervised hierarchical and k-means clustering revealed an enhanced clustering of patients according to disease severity (Figure 5A, B); where severe cases were enriched in the cluster indicated by the red brackets in the heat map (Figure 5A) and clusters 1, 4, and 6 in the k-means PCA plot (Figure 5B). Moreover, ROC curve analysis was used to assess the predictive efficacy of the predictors identified using the mathematical modeling approach to stratify patients according to disease severity. Analysis of the collectively identified cytokines from the two mathematical models (IL-1-α, IL-4, IL-10, IL-13, PD-L1, TNF-α) revealed a significant predictive efficacy with an area under the curve (AUC) value of 0.935. Similarly, assessment of the predictive capacity of the collective biochemical markers identified using multivariate analysis (ANC, Ferritin, LDH, BUN, and WBC) confirmed a significant predictive efficacy with an AUC value of 0.981, Supplementary Figure S2.




Figure 5 | (A) Heat map representation of the unsupervised hierarchical clustering and (B) Principal Component Analysis (PCA) plot representation of the k-means clustering analysis of cytokines protein expression in the blood samples of COVID-19 patients of different degrees of severity (3 mild, 17 moderate, and 17 severe). ROC analysis of the predictive capacity of the cytokines (AUC=0.93 ± 0.037, 95% CI=0.86-1, p<0.0001). ROC analysis of the predictive capacity of the biochemical markers (AUC=0.98 ± 0.02, 95% CI=0.94-1, p<0.0001), identified using the mathematical models to stratify COVID-19 patients according to disease severity.



ROC analysis of each cytokine and biochemical markers was performed to suggest potential cut-off values with high sensitivity and specificity and significantly high predictive efficacy accordingly. The analysis revealed a cut-off value of 204.5 pg/ml for IL-10, 117.27 pg/ml for PD-L1, 724.0 ng/mL for ferritin, 325.0 U/L for LDH, 10.25×103/μL for WBC, and 28.27mg/dL for BUN. Cutoff values of the identified predictors for other variables are listed in Supplementary Table S3.



3.6 Mapping of Significantly Differentiated Cytokines on the KEGG Pathways

We further mapped the “predictor” cytokines on several immune-related KEGG pathways, as well as the SARS-CoV2 entry pathway. Of interest, several significantly elevated cytokines in severe COVID-19 patients are remarkable key players along Natural Killer (NK) cell-mediated cytotoxicity pathway (Supplementary Figure S3). Figure 6 summarizes the workflow and the main results.




Figure 6 | Graphical Abstract of the work flow and the main results.






4 Discussion

In this study, we aimed to predict the outcome of COVID-19 using a non-linear mathematical model of serum cytokine changes, in addition to clinical, biochemical, and radiological parameters. Compared to previous studies, we used AI techniques to integrate data from different modalities (clinical parameters, biochemical tests, cytokine assays, and radiological data) for the first time. We included 87 parameters as input to our model, covering 24 cytokines classified as pro-inflammatory, anti-inflammatory, chemokines, checkpoint markers, receptors and cytotoxic mediators. Cytokines were selected based on an initial transcriptomics analysis of nasopharyngeal swabs of COVID-19 patients and control subjects. Although the unsupervised hierarchical and k-means clustering showed that the collective cytokines panel had little impact on the clustering of the samples, the supervised clustering gave hints of separation between severe and moderate cases, identifying the cytokines with potential predictive value for COVID-19 severity. Taking the initial large number of clinical parameters, biochemical markers and cytokines expression data that would result in a vast number of permutations, machine learning and mathematical modeling were used to filter the data to achieve model reduction and identify the optimum associations to stratify patients according to multiple aspects of COVID-19 pathogenesis. Given the emerging new variants of the virus, our modeling strategy can be applied to different datasets to predict outcomes in new cases of COVID-19 and identify fundamental immune-mediated mechanisms and potential therapeutic targets for such new variants.

Interestingly, in our study, there was a significant upregulation of IL-10 and IL-15, consistently associated with disease severity in both investigated COVID-19 whole blood dataset and our cytokine assays, suggesting the potential utility of these predictive cytokines as circulating biomarkers of severity. IL-10 was reported to contribute to the suppression of the immune system, viral control, and disease severity (31), and a predictor of poor outcomes in COVID-19 patients (32–34). This was possibly linked to its role as an anti-inflammatory cytokine, released as negative feedback in response to the rapid accumulation of pro-inflammatory cytokines (33, 34), and aids in alleviating the CS and preventing tissue damage (31).

Therefore, recombinant IL-10 has been suggested by some investigators for treating acute respiratory distress syndrome (ARDS) in COVID-19 patients based on its immune-regulatory and anti-fibrotic functions (32). Moreover, IL-15/IL-15R axis plays a pivotal role in the function of NK cells (35). IL-15 is produced by activated monocytes/macrophages and activates human NK cells through components of the IL-2R in a pattern similar to that of IL-2. IL-15 also induces IL-10 expression by the NK cells, enhancing its cytotoxic effect. The effect of IL-10 on NK cells is mediated through STAT3 signaling according to in-vitro studies (36). Furthermore, Wang et al., 2021, deciphered that IL-10 regulates metabolic reprogramming in NK cells, via stimulation of the mammalian target of rapamycin complex 1 (mTORC1). In that way, it upregulates glycolysis as well as oxidative phosphorylation in NK cells, thus might enhance the functions of the NK cells (37). Masselli E. et al. reported that the IL-15/IL-15R axis was among the top pathways associated with severe/fatal disease in the viral pandemic gene signature. This may shed some light on the mechanistic role of this axis in the immune NK cell response derangement, which leads to NK cells exhaustion, senescence, apoptosis, and viral persistence (38). Interestingly, severe COVID-19 resulted in an increase of “armed” NK cells containing high levels of cytotoxic proteins such as perforin (39). NK cells are obviously major players in the immune response during COVID-19 infection, but similar to hepatitis virus infections, they may become dysfunctional during severe disease, and their role in organ dysfunction (e.g., liver) requires further investigation (40). It was reported that NK cells might undergo pyroptosis, releasing inflammatory cytokines such as IL-1β (41). However, it is not clear yet whether elevation of IL-15 may activate NK cells, thus contributing to the cytokine burst observed in these patients. In addition, IL-15 was previously suggested to play a role in granulomatous pulmonary diseases through its stimulation of Th-1-driven inflammation (42). Recently, it was also reported to be involved in the development of rapidly progressive interstitial lung disease in polymyositis/dermatomyositis (43). Although reported to enhance NK-cell cytotoxicity, IL-10 elevation may be also a consequence of NK-cell stimulation in an attempt to ameliorate the prevalent hyper-inflammatory state of the CS.

The role of NK cells in COVID-19 infections has not been examined in detail, although it was suggested that they may be important participants (44). In this study we observed that the level of IL-15, a vital cytokine for NK-cell activity, is highly increased, suggesting that NK cells might play a role. It was previously reported that these cells secrete a variety of inflammatory cytokines and chemokines (45), which may contribute to the cytokine storm described in COVID-19 patients.

Several patterns of cytokine changes were identified across the severity levels of COVID-19. Our results showed significant changes in pro-inflammatory cytokines (GM-CSF, IL-6, IL-15, IFN-α, TNF-α, IL-17A) that play a crucial role in the CS (46). The SARS-CoV-2 infection causes local innate immune cells to produce such inflammatory cytokines upon infection of the respiratory epithelial tissue and cause the activation of the adaptive immune cells leading to respiratory epithelial damage (47). This is further supported by activating the inflammasome and NF-κB pathways, inducing the stimulation of several pro-inflammatory genes and immune cell hyperactivation, thus boosting systemic inflammation. In the setting of inflammation, IL-6, which is generated by macrophages and dendritic cells, is known to be a key activator of the JAK/STAT3 pathway (48). Also, IL-6 was reported to contribute to immune cell hyperactivation and target organ dysfunction in COVID-19. On the other hand, the destruction of epithelial cells in the alveolar space caused by SARS-CoV-2 triggers macrophages hyperactivation leading to the CS. IL-6 was found to suppress T lymphocyte activation, that could contribute to lymphopenia in COVID-19 patients. Also, low numbers of T lymphocytes were observed with ICU patients showing high IL-6 and TNF-α serological levels (49–51). Similarly, IL-17 was found to exacerbate lung injury and decrease the survival through the recruitment of neutrophils and stimulation of pro-inflammatory factors (52). GM-CSF also triggers myelopoiesis in order to recruit myeloid cells to the inflammatory sites (53). It was previously suggested as a potential therapy for the COVID-19 CS (47).

Noteworthy, the concurrent elevations in IL-10 and various pro-inflammatory cytokines, and the observed relationship between elevated IL-10 levels and disease severity, suggest that IL-10 is either failing to appropriately suppress inflammation (as observed in other inflammatory conditions (54, 55) or acting in a manner that deviates from its traditional role as an anti-inflammatory molecule, indicating the ability of IL-10 to have different functions under different conditions (32).

The anti-inflammatory IL-4, along with IL-13, mediate the Th2 cell response and M2 polarization, leading to consequent fibrosis and release of growth factors, such as transforming growth factor-β and platelet-derived factor (46, 56). IL-1Ra is known to control the inflammatory immune response by binding to the IL-1R and regulating the production of inflammatory cytokines such as IL-1 and TNF-α (57). In COVID-19 infection, IL-1Ra was suggested to affect the stimulation of pro-inflammatory and antiviral cytokines, where its high level could be an indication of an overactive immune response, thus leading to inflammation-induced tissue damage (34). Controversial patterns were reported regarding IL-4 in previous studies where some reported an increase in peripheral blood/serum of severe COVID-19 patients (30, 46, 58), while others claimed that it did not show any difference (34, 59).

We observed increased levels of chemokines MCP-1 (CCL2), IP-10 (CXCL10), MIP1β (CCL4) and IL-8 (CXCL8) in COVID-19 patients. These chemokines are known to be crucial contributors to pulmonary pathogenesis, such as that observed in COVID-19. CCL2 is known to be released by alveolar macrophages, T cells and endothelial cells in order to induce the migration of inflammatory monocytes and neutrophils along with procollagen synthesis by fibroblasts (60). CXCL10, a known chemoattractant for monocytes, NK and T cells (61), was also reported to play a crucial role in pulmonary neutrophil infiltration (62). Moreover, CXCL10/CXCR3 axis triggers the oxidative burst which promotes exacerbation of the pulmonary inflammation and progression to ARDS (62). CCL4 acts through CCR5 receptor to attract macrophages, dendritic cells, NK and T cells to the site of inflammation (63). Interestingly, the CCR5 antagonist, maraviroc (an antiretroviral medication) was repurposed for moderate to severe COVID-19 (NCT04435522 and NCT04441385). CXCL8 was reported to be responsible for the recruitment, activation, and accumulation of neutrophils (64). Furthermore, it induces the formation of neutrophil extracellular traps (NETs) that further promote inflammation and tissue injury (65). Elevated CXCL8 levels at the time of hospitalization, along with IL-6 and TNF-α, was previously suggested as strong and independent predictors of survival in COVID-19 (20).

PD-L1 was higher in severe COVID-19 patients, whereas the levels of CD40 ligand and granzyme B showed a significant increase in mild-moderate COVID-19 patients, but reduced in severe patients. PD-L1 induces inhibitory signals and apoptosis of CD8+ T cells. This is induced by binding of the pro-inflammatory cytokines to their respective receptors. Hence, the release of IL-6, IL-17, and TNF-α, along with the increased activity of macrophages and neutrophils, cause the increased expression of PD-L1 on the surfaces of immune cells in COVID-19 (66), through the STAT3, PI3K/Akt and NF-κB pathways. CD40L, a costimulatory molecule present on T cells, was found to be released by activated platelets in the serum, that may contribute to pulmonary thrombotic complications observed in COVID-19 as well as being associated with ARDS status (67, 68). Previously, studies have shown that PD-L1 could be a potential predictive factor in various types of cancer (69). The cytotoxic mediator, granzyme B, along with perforin, are the main mediators through which NK cells and cytotoxic T lymphocytes eliminate virally infected host cells, as in COVID-19 infection (70). Interestingly, NK cells from COVID-19 patients exhibit higher levels of granzyme B that is associated with the severity of the disease (71). To re-iterate, our study emphasizes the role of NK cells in COVID-19 infection, an enigma that was not previously resolved. In addition, previous reports revealed that IL-10 and PD-L1 suppress T-cell activity during persistent viral infection (72), thus giving mechanistic insight towards persistent COVID-19 and the potential role of targeting both cytokines to minimize the long-term sequelae of the disease.

Added to combining selective recognized biochemical markers of COVID-19 severity (ANC, CRP, LDH, BUN and ferritin), the triad of elevated serum IL-10, PD-L1 and TNF-α improved the current model accuracy to predict the severity of the disease, through the stepwise linear regression model. The results from these two mathematical models suggest the circulating marker IL-10 as a driving key marker for the stratification of COVID-19 patients according to disease severity. Noteworthy, IL-10 is elevated earlier than IL-6 in COVID-19 patients (32, 34).

Our mathematical model identified IL1-α, IL-4 as negative predictors of severity. As both are involved in adaptive immunity, highlighting its marked derangement in severe COVID-19. In contrast to our results, other reports showed elevated IL1-α in severe COVID-19 that was strongly associated with lung injury (preprint by Liu et al., 2020). Controversial patterns were reported regarding IL-4 plasma levels where some reported an increase in peripheral blood/serum of severe COVID-19 patients (30, 46, 58, 73), while studies show any difference (34, 59).

IL1Ra and IFN-γ were identified in our model, as biomarkers of COVID-19-specific radiological findings. The IL-1 superfamily was previously recognized as a key mediator of inflammation and fibrosis in different organs, with IL-1Ra as an antagonistic cytokine (74). The crucial balance between IL-1β and IL1Ra determines the resultant immune response in many tissues (74). In the severe COVID-19 cases in this study, IL-1β significantly decreased and IL1Ra significantly increased as a part of the marked immune dysregulation. This was associated with specific COVID-19 related radiological findings, as revealed by the mathematical model. IFN-γ mediates immune-mediated damage in acute lung injury (75).

In support of our findings related to IL-6 and granzyme B as biomarkers of liver injury, a recent study demonstrated that IL-6 trans-signaling drives COVID-19-associated hepatic endotheliopathy, which is suggested as a possible mechanism underlying the liver injury (29). Previous reports highlighted the role of NK cells and their enzymes (Granzyme B and perforin) in hepatic immune homeostasis (76). IL-6 was reported to suppress the NK cytotoxicity in-vitro and in-vivo (77). However, in view of the multiple cytokines affecting the NK cells in the CS context and the elevation of IL-15 (NK stimulator), the effect of IL-6 is surpassed, with a net result of increased granzyme B. Our model shows the high accuracy of liver injury prediction in severe COVID-19, by combining IL-6 and granzyme B as predictors.

We used a stochastic non-linear modeling approach to reduce the dataset for multi-dimensional data and to integrate data from different modalities. The non-linear ODE model is crucial to clearly reflect the dynamics of biological systems (78). To estimate the exact probabilities for biological systems, approaches are mainly based on Monte Carlo sampling (e.g. the Stochastic Simulation Algorithm) (79). To create a dynamic model of CS, Waito et al., 2016 used a nonlinear differential equation model, considering the cytokine production rate in relation to their interactions with one another. They adjusted the model by using the data from a CS mouse model (IFN type 1 receptor KO). Interestingly and concordant to our results, the model revealed that TNF-α, IL-10, IL-6, and MIP-1β, exerted the largest effects on the dynamics of the cytokine storm (17). In the current study, we used non-linear modeling that attempts to identify global solutions to integrate and explore biomarkers that can predict COVID-19 severity (8).

Our study sheds light on key immunological aspects of the COVID-19-CS that seem to significantly differ from the CS occurring in other diseases. Beyond its value as a biological predictive tool, our mathematical analysis poses important questions for future research.



5 Conclusions

Predictive modeling in COVID-19 has gained a high value, considering the complexity of the disease. Using a non-linear model for clinical, biochemical, immunological, and radiological data could achieve a high level of prediction accuracy. In our proposed integrative model, we validated a cytokine panel derived from transcriptomics analysis of nasopharyngeal swab samples of COVID-19 patients. Our model advocates the trio of IL-10, PD-L1 and TNF-α as an accurate predictor of severity, in addition to previously recognized ANC, CRP, LDH, BUN and ferritin, whereas IL-1α, IL-4 were negative predictors. IL-10 was shown to be a driving marker and a positive predictor of mechanical ventilation. Moreover, IFN-γ, IL-1Ra were predictors of remarkable radiological findings, whereas high IL-6 and granzyme B were found to predict liver injury in COVID-19 patients.

We identified key cytokines that were consistently associated with severity, like IL-10, an enhancer of NK cytotoxicity, and IL-15, a stimulator of NK cells, Obviously, the modeling methodology can be used to identify key players and predict outcome in new variants of COVID-19.



Data Availability Statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: https://figshare.com/articles/dataset/Transcriptome_COVID19_Cytokine_Mathmodel_xlsx/19386194.



Ethics Statement

The studies involving human participants were reviewed and approved by Approval of the Research and Ethics Committee at Dubai Health Authority (DSREC-04/2020_09) and (DSREC-04/2020_19). The patients/participants provided their written informed consent to participate in this study.



Author Contributions

Conceptualization: MS-A and RH. Data curation: NE, SH, LS, and MS. Formal analysis: NE, SH, PH, and MS. Funding acquisition: MS-A and RH. Investigation: NE, SH, and IT. Methodology: MS-A, RH, NE, and SH. Project administration: MS-A. Resources: LS, BM, HS, MS, KOH, OA-A, JT, NS, AM, and QH. Software and mathematical modeling: SH. Supervision: RH, BM, HS, and MS-A, Validation: NE. Visualization: NE, SH, and PH. Writing - original draft: NE, SH, IT, MS-A, JT, and RH. Writing - review and editing: HS, AM, and QH. All authors contributed to the article and approved the submitted version.



Funding

MS-A and RH are funded by the University of Sharjah Research Grants CoV-19 #0304 and CoV-19 #0308.



Acknowledgments

We would like to acknowledge the efforts and help of the COVID-lab team at the University of Sharjah, Prof. Rabih Halwani, Dr Abdul Wahid Ansari, Dr Narjes Saheb Sharif-Askari, and Dr Fatemeh Saheb Sharif-Askari.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.865845/full#supplementary-material



References

1. Fajgenbaum, DC, and June, CH. Cytokine Storm. N Engl J Med (2020) 383(23):2255–73. doi: 10.1056/NEJMra2026131

2. Xu, Z-S, Shu, T, Kang, L, Wu, D, Zhou, X, Liao, B-W, et al. Temporal Profiling of Plasma Cytokines, Chemokines and Growth Factors From Mild, Severe and Fatal COVID-19 Patients. Signal Transduct Targeted Ther (2020) 5(1):100. doi: 10.1038/s41392-020-0211-1

3. Guo, J, Wang, S, Xia, H, Shi, D, Chen, Y, Zheng, S, et al. Cytokine Signature Associated With Disease Severity in COVID-19. Front Immunol (2021) 12:681516. doi: 10.3389/fimmu.2021.681516

4. Ramatillah, DL, Gan, SH, Pratiwy, I, Syed Sulaiman, SA, Jaber, AAS, Jusnita, N, et al. Impact of Cytokine Storm on Severity of COVID-19 Disease in a Private Hospital in West Jakarta Prior to Vaccination. PloS One (2022) 17(1):e0262438-e. doi: 10.1371/journal.pone.0262438

5. Furlow, B. COVACTA Trial Raises Questions About Tocilizumab’s Benefit in COVID-19. Lancet Rheumatol (2020) 2(10):e592. doi: 10.1016/S2665-9913(20)30313-1

6. Telenti, A, Arvin, A, Corey, L, Corti, D, Diamond, MS, García-Sastre, A, et al. After the Pandemic: Perspectives on the Future Trajectory of COVID-19. Nature (2021) 596(7873):495–504. doi: 10.1038/s41586-021-03792-w

7. Ioannidis, J, Cripps, S, and Tanner, MA. Forecasting for COVID-19 has Failed. Int Institute Forecasters (2020) 38(2):423–38. doi: 10.1016/j.ijforecast.2020.08.004

8. Raue, A, Schilling, M, Bachmann, J, Matteson, A, Schelke, M, Kaschek, D, et al. Lessons Learned From Quantitative Dynamical Modeling in Systems Biology. PloS One (2013) 8(9):e74335. doi: 10.1371/journal.pone.0074335

9. Xavier, MP, Bonin, CRB, dos Santos, RW, and Lobosco, M eds. International Conference on Bioinformatics and Biomedicine (BIBM). Kansas City, MO: IEEE (2017).

10. Almocera, AES, Quiroz, G, and Hernandez-Vargas, EA. Stability Analysis in COVID-19 Within-Host Model With Immune Response. Commun Nonlinear Sci Numer Simul (2021) 95:105584. doi: 10.1016/j.cnsns.2020.105584

11. Du, SQ, and Yuan, W. Mathematical Modeling of Interaction Between Innate and Adaptive Immune Responses in COVID-19 and Implications for Viral Pathogenesis. J Med Virol (2020) 92(9):1615–28. doi: 10.1002/jmv.25866

12. Hernandez-Vargas, EA, and Velasco-Hernandez, JX. In-Host Mathematical Modelling of COVID-19 in Humans. Annu Rev Control (2020) 50:448–56. doi: 10.1016/j.arcontrol.2020.09.006

13. Xavier, MP, Reis, RF, dos Santos, RW, and Lobosco, M eds. International Conference on Bioinformatics and Biomedicine (BIBM). Seoul, South Korea: IEEE (2020). 

14. Mahboub, B, Bataineh, MTA, Alshraideh, H, Hamoudi, R, Salameh, L, and Shamayleh, A. Prediction of COVID-19 Hospital Length of Stay and Risk of Death Using Artificial Intelligence-Based Modeling. Front Med (2021) 8:389. doi: 10.3389/fmed.2021.592336

15. Shiri, I, Sorouri, M, Geramifar, P, Nazari, M, Abdollahi, M, Salimi, Y, et al. Machine Learning-Based Prognostic Modeling Using Clinical Data and Quantitative Radiomic Features From Chest CT Images in COVID-19 Patients. Comput Biol Med (2021) 132:104304. doi: 10.1016/j.compbiomed.2021.104304

16. Wang, JM, Liu, W, Chen, X, McRae, MP, McDevitt, JT, and Fenyö, D. Predictive Modeling of Morbidity and Mortality in Patients Hospitalized With COVID-19 and Its Clinical Implications: Algorithm Development and Interpretation. J Med Internet Res (2021) 23(7):e29514. doi: 10.2196/29514

17. Waito, M, Walsh, SR, Rasiuk, A, Bridle, BW, and Willms, AR eds. A Mathematical Model of Cytokine Dynamics During a Cytokine Storm. Mathematical and Computational Approaches in Advancing Modern Science and Engineering. Cham: Springer International Publishing (2016).

18. Yiu, HH, Graham, AL, and Stengel, RF. Dynamics of a Cytokine Storm. PloS One (2012) 7(10):e45027. doi: 10.1371/journal.pone.0045027

19. Rooney, C, and Sauer, T. Modeling Cytokine Release Syndrome. Nat Med (2018) 24(6):705–6. doi: 10.1038/s41591-018-0068-9

20. Del Valle, DM, Kim-Schulze, S, Huang, H-H, Beckmann, ND, Nirenberg, S, Wang, B, et al. An Inflammatory Cytokine Signature Predicts COVID-19 Severity and Survival. Nat Med (2020) 26(10):1636–43. doi: 10.1038/s41591-020-1051-9

21. Perreau, M, Suffiotti, M, Marques-Vidal, P, Wiedemann, A, Levy, Y, Laouénan, C, et al. The Cytokines HGF and CXCL13 Predict the Severity and the Mortality in COVID-19 Patients. Nat Commun (2021) 12(1):4888. doi: 10.1038/s41467-021-25191-5

22. Penha, D, Pinto, EG, Matos, F, Hochhegger, B, Monaghan, C, Taborda-Barata, L, et al. CO-RADS: Coronavirus Classification Review. J Clin Imaging Sci (2021) 11:9. doi: 10.25259/JCIS_192_2020

23. Hammoudeh, SM, Venkatachalam, T, Ansari, AW, Bendardaf, R, Hamid, Q, Rahmani, M, et al. Systems Immunology Analysis Reveals an Immunomodulatory Effect of Snail-P53 Binding on Neutrophil- and T Cell-Mediated Immunity in KRAS Mutant Non-Small Cell Lung Cancer. Front Immunol (2020) 11:569671. doi: 10.3389/fimmu.2020.569671

24. Benjamini, Y, and Hochberg, Y. Controlling the False Discovery Rate: A Practical and Powerful Approach to Multiple Testing. J R Stat Soc (Methodological) (1995) 57(1):289–300. doi: 10.1111/j.2517-6161.1995.tb02031.x

25. Bernardes, JP, Mishra, N, Tran, F, Bahmer, T, Best, L, Blase, JI, et al. Longitudinal Multi-Omics Analyses Identify Responses of Megakaryocytes, Erythroid Cells, and Plasmablasts as Hallmarks of Severe COVID-19. Immunity (2020) 53(6):1296–314.e9. doi: 10.1016/j.immuni.2020.11.017

26. Wei, C, Li, J, and Bumgarner, RE. Sample Size for Detecting Differentially Expressed Genes in Microarray Experiments. BMC Genomics (2004) 5:87. doi: 10.1186/1471-2164-5-87

27. Trevethan, R. Sensitivity, Specificity, and Predictive Values: Foundations, Pliabilities, and Pitfalls in Research and Practice. Front Public Health (2017) 5:307. doi: 10.3389/fpubh.2017.00307

28. Ziegler, CGK, Miao, VN, Owings, AH, Navia, AW, Tang, Y, Bromley, JD, et al. Impaired Local Intrinsic Immunity to SARS-CoV-2 Infection in Severe COVID-19. Cell (2021) 184(18):4713–33.e22. doi: 10.1016/j.cell.2021.07.023

29. McConnell, MJ, Kawaguchi, N, Kondo, R, Sonzogni, A, Licini, L, Valle, C, et al. Liver Injury in COVID-19 and IL-6 Trans-Signaling-Induced Endotheliopathy. J Hepatol (2021) 75(3):647–58. doi: 10.1016/j.jhep.2021.04.050

30. 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(10223):497–506. doi: 10.1016/S0140-6736(20)30183-5

31. Islam, H, Chamberlain, TC, Mui, AL, and Little, JP. Elevated Interleukin-10 Levels in COVID-19: Potentiation of Pro-Inflammatory Responses or Impaired Anti-Inflammatory Action? Front Immunol (2021) 12:2485. doi: 10.3389/fimmu.2021.677008

32. Lu, L, Zhang, H, Dauphars, DJ, and He, YW. A Potential Role of Interleukin 10 in COVID-19 Pathogenesis. Trends Immunol (2021) 42(1):3–5. doi: 10.1016/j.it.2020.10.012

33. Han, H, Ma, Q, Li, C, Liu, R, Zhao, L, Wang, W, et al. Profiling Serum Cytokines in COVID-19 Patients Reveals IL-6 and IL-10 Are Disease Severity Predictors. Emerg Microbes Infect (2020) 9(1):1123–30. doi: 10.1080/22221751.2020.1770129

34. Zhao, Y, Qin, L, Zhang, P, Li, K, Liang, L, Sun, J, et al. Longitudinal COVID-19 Profiling Associates IL-1RA and IL-10 With Disease Severity and RANTES With Mild Disease. JCI Insight (2020) 5(13):e139834. doi: 10.1172/jci.insight.139834

35. Fehniger, TA, Suzuki, K, VanDeusen, JB, Cooper, MA, Freud, AG, and Caligiuri, MA. Fatal Leukemia in Interleukin-15 Transgenic Mice. Blood Cells Mol Dis (2001) 27(1):223–30. doi: 10.1006/bcmd.2001.0379

36. Park, JY, Lee, SH, Yoon, S-R, Park, Y-J, Jung, H, Kim, T-D, et al. IL-15-Induced IL-10 Increases the Cytolytic Activity of Human Natural Killer Cells. Mol Cells (2011) 32(3):265–72. doi: 10.1007/s10059-011-1057-8

37. Wang, Z, Guan, D, Huo, J, Biswas, SK, Huang, Y, Yang, Y, et al. IL-10 Enhances Human Natural Killer Cell Effector Functions via Metabolic Reprogramming Regulated by Mtorc1 Signaling. Front Immunol (2021) 12:619195. doi: 10.3389/fimmu.2021.619195

38. Masselli, E, and Vitale, M. NK Cells on the ViP Stage of COVID-19. EBioMedicine (2021) 69:103458. doi: 10.1016/j.ebiom.2021.103458

39. Maucourant, C, Filipovic, I, Ponzetta, A, Aleman, S, Cornillet, M, Hertwig, L, et al. Natural Killer Cell Immunotypes Related to COVID-19 Disease Severity. Sci Immunol (2020) 5(50):eabd6832. doi: 10.1126/sciimmunol.abd6832

40. Highton, AJ, Schuster, IS, Degli-Esposti, MA, and Altfeld, M. The Role of Natural Killer Cells in Liver Inflammation. Semin Immunopathol (2021) 43(4):519–33. doi: 10.1007/s00281-021-00877-6

41. Hachim, MY, Khalil, BA, Elemam, NM, and Maghazachi, AA. Pyroptosis: The Missing Puzzle Among Innate and Adaptive Immunity Crosstalk. J Leukocyte Biol (2020) 108(1):323–38. doi: 10.1002/JLB.3MIR0120-625R

42. Hamid, Q, Ito, I, and Muro, S.  GJ Laurent, and SD Shapiro, editors. Encyclopedia of Respiratory Medicine. Oxford: Academic Press (2006). p. 385–90.

43. Schnabel, A, Reuter, M, Biederer, J, Richter, C, and Gross, WL. Interstitial Lung Disease in Polymyositis and Dermatomyositis: Clinical Course and Response to Treatment. Semin Arthritis Rheum (2003) 32(5):273–84. doi: 10.1053/sarh.2002.50012

44. Al-Ani, M, Elemam, NM, Hundt, JE, and Maghazachi, AA. Drugs for Multiple Sclerosis Activate Natural Killer Cells: Do They Protect Against COVID-19 Infection? Infect Drug Resist (2020) 13:3243–54. doi: 10.2147/IDR.S269797

45. Rolin, J, Sand, KL, Knudsen, E, and Maghazachi, AA. FTY720 and SEW2871 Reverse the Inhibitory Effect of S1P on Natural Killer Cell Mediated Lysis of K562 Tumor Cells and Dendritic Cells But Not on Cytokine Release. Cancer Immunol Immunother CII (2010) 59(4):575–86. doi: 10.1007/s00262-009-0775-7

46. Mehta, P, McAuley, DF, Brown, M, Sanchez, E, Tattersall, RS, Manson, JJ, et al. COVID-19: Consider Cytokine Storm Syndromes and Immunosuppression. Lancet (2020) 395(10229):1033–4. doi: 10.1016/S0140-6736(20)30628-0

47. Yang, L, Xie, X, Tu, Z, Fu, J, Xu, D, and Zhou, Y. The Signal Pathways and Treatment of Cytokine Storm in COVID-19. Signal Transduct Targeted Ther (2021) 6(1):255. doi: 10.1038/s41392-021-00679-0

48. Kang, S, Tanaka, T, Narazaki, M, and Kishimoto, T. Targeting Interleukin-6 Signaling in Clinic. Immunity (2019) 50(4):1007–23. doi: 10.1016/j.immuni.2019.03.026

49. Sarzi-Puttini, P, Giorgi, V, Sirotti, S, Marotto, D, Ardizzone, S, Rizzardini, G, et al. COVID-19, Cytokines and Immunosuppression: What can We Learn From Severe Acute Respiratory Syndrome? Clin Exp Rheumatol (2020) 38(2):337–42.

50. Ye, Q, Wang, B, and Mao, J. The Pathogenesis and Treatment of the `Cytokine Storm’ in COVID-19. J Infect (2020) 80(6):607–13. doi: 10.1016/j.jinf.2020.03.037

51. Diao, B, Wang, C, Tan, Y, Chen, X, Liu, Y, Ning, L, et al. Reduction and Functional Exhaustion of T Cells in Patients With Coronavirus Disease 2019 (COVID-19). Front Immunol (2020) 11:827. doi: 10.3389/fimmu.2020.00827

52. Muir, R, Osbourn, M, Dubois, AV, Doran, E, Small, DM, Monahan, A, et al. Innate Lymphoid Cells Are the Predominant Source of IL-17A During the Early Pathogenesis of Acute Respiratory Distress Syndrome. Am J Respir Crit Care Med (2016) 193(4):407–16. doi: 10.1164/rccm.201410-1782OC

53. Hamilton, JA. GM-CSF in Inflammation. J Exp Med (2020) 217(1):e20190945. doi: 10.1084/jem.20190945

54. Antoniv, TT, and Ivashkiv, LB. Dysregulation of Interleukin-10–Dependent Gene Expression in Rheumatoid Arthritis Synovial Macrophages. Arthritis Rheumatism (2006) 54(9):2711–21. doi: 10.1002/art.22055

55. Neidhart, M, Jüngel, A, Ospelt, C, Michel, BA, Gay, RE, and Gay, S. Deficient Expression of Interleukin-10 Receptor α Chain in Rheumatoid Arthritis Synovium: Limitation of Animal Models of Inflammation. Arthritis Rheumatism (2005) 52(10):3315–8. doi: 10.1002/art.21274

56. Thompson, BT, Chambers, RC, and Liu, KD. Acute Respiratory Distress Syndrome. N Engl J Med (2017) 377(6):562–72. doi: 10.1056/NEJMra1608077

57. Oleksowicz, L, and Dutcher, JP. A Review of the New Cytokines: IL-4, IL-6, IL-11, and IL-12. Am J Ther (1994) 1(2):107–15. doi: 10.1097/00045391-199408000-00002

58. Lucas, C, Wong, P, Klein, J, Castro, TBR, Silva, J, Sundaram, M, et al. Longitudinal Analyses Reveal Immunological Misfiring in Severe COVID-19. Nature (2020) 584(7821):463–9. doi: 10.1038/s41586-020-2588-y

59. Kang, CK, Han, G-C, Kim, M, Kim, G, Shin, HM, Song, K-H, et al. Aberrant Hyperactivation of Cytotoxic T-Cell as a Potential Determinant of COVID-19 Severity. Int J Infect Dis (2020) 97:313–21. doi: 10.1016/j.ijid.2020.05.106

60. Khalil, BA, Elemam, NM, and Maghazachi, AA. Chemokines and Chemokine Receptors During COVID-19 Infection. Comput Struct Biotechnol J (2021) 19:976–88. doi: 10.1016/j.csbj.2021.01.034

61. Liu, M, Guo, S, and Stiles, JK. The Emerging Role of CXCL10 in Cancer (Review). Oncol Lett (2011) 2(4):583–9. doi: 10.3892/ol.2011.300

62. Ichikawa, A, Kuba, K, Morita, M, Chida, S, Tezuka, H, Hara, H, et al. CXCL10-CXCR3 Enhances the Development of Neutrophil-Mediated Fulminant Lung Injury of Viral and Nonviral Origin. Am J Respir Crit Care Med (2013) 187(1):65–77. doi: 10.1164/rccm.201203-0508OC

63. Patterson, BK, Guevara-Coto, J, Yogendra, R, Francisco, EB, Long, E, Pise, A, et al. Immune-Based Prediction of COVID-19 Severity and Chronicity Decoded Using Machine Learning. Front Immunol (2021) 12:2520. doi: 10.3389/fimmu.2021.700782

64. Peveri, P, Walz, A, Dewald, B, and Baggiolini, M. A Novel Neutrophil-Activating Factor Produced by Human Mononuclear Phagocytes. J Exp Med (1988) 167(5):1547–59. doi: 10.1084/jem.167.5.1547

65. Saffarzadeh, M, Juenemann, C, Queisser, MA, Lochnit, G, Barreto, G, Galuska, SP, et al. Neutrophil Extracellular Traps Directly Induce Epithelial and Endothelial Cell Death: A Predominant Role of Histones. PloS One (2012) 7(2):e32366. doi: 10.1371/journal.pone.0032366

66. Chen, J, and Vitetta, L. Increased PD-L1 Expression May Be Associated With the Cytokine Storm and CD8+ T-Cell Exhaustion in Severe COVID-19. J Infect Dis (2021) 223(9):1659–60. doi: 10.1093/infdis/jiab061

67. Poissy, J, Goutay, J, Caplan, M, Parmentier, E, Duburcq, T, Lassalle, F, et al. Pulmonary Embolism in Patients With COVID-19. Circulation (2020) 142(2):184–6. doi: 10.1161/CIRCULATIONAHA.120.047430

68. Petrey, AC, Qeadan, F, Middleton, EA, Pinchuk, IV, Campbell, RA, and Beswick, EJ. Cytokine Release Syndrome in COVID-19: Innate Immune, Vascular, and Platelet Pathogenic Factors Differ in Severity of Disease and Sex. J Leukocyte Biol (2021) 109(1):55–66. doi: 10.1002/JLB.3COVA0820-410RRR

69. Yang, Y, Pang, Z, Ding, N, Dong, W, Ma, W, Li, Y, et al. The Efficacy and Potential Predictive Factors of PD-1/PD-L1 Blockades in Epithelial Carcinoma Patients: A Systematic Review and Meta Analysis. Oncotarget (2016) 7(45):74350–61. doi: 10.18632/oncotarget.11291

70. Cunningham, L, Kimber, I, Basketter, D, Simmonds, P, McSweeney, S, Tziotzios, C, et al. Perforin, COVID-19 and a Possible Pathogenic Auto-Inflammatory Feedback Loop. Scandinavian J Immunol (2021) 94(5):e13102. doi: 10.1111/sji.13102

71. Zenarruzabeitia, O, Astarloa-Pando, G, Terrén, I, Orrantia, A, Pérez-Garay, R, Seijas-Betolaza, I, et al. T Cell Activation, Highly Armed Cytotoxic Cells and a Shift in Monocytes CD300 Receptors Expression Is Characteristic of Patients With Severe COVID-19. Front Immunol (2021) 12:620. doi: 10.3389/fimmu.2021.655934

72. Brooks, DG, Ha, S-J, Elsaesser, H, Sharpe, AH, Freeman, GJ, and Oldstone, MBA. IL-10 and PD-L1 Operate Through Distinct Pathways to Suppress T-Cell Activity During Persistent Viral Infection. Proc Natl Acad Sci (2008) 105(51):20428. doi: 10.1073/pnas.0811139106

73. Chen, N, Zhou, M, Dong, X, Qu, J, Gong, F, Han, Y, et al. Epidemiological and Clinical Characteristics of 99 Cases of 2019 Novel Coronavirus Pneumonia in Wuhan, China: A Descriptive Study. Lancet (2020) 395(10223):507–13. doi: 10.1016/S0140-6736(20)30211-7

74. Borthwick, LA. The IL-1 Cytokine Family and Its Role in Inflammation and Fibrosis in the Lung. Semin Immunopathol (2016) 38(4):517–34. doi: 10.1007/s00281-016-0559-z

75. Mock, JR, Tune, MK, Dial, CF, Torres-Castillo, J, Hagan, RS, and Doerschuk, CM. Effects of IFN-γ on Immune Cell Kinetics During the Resolution of Acute Lung Injury. Physiol Rep (2020) 8(3):e14368. doi: 10.14814/phy2.14368

76. Mikulak, J, Bruni, E, Oriolo, F, Di Vito, C, and Mavilio, D. Hepatic Natural Killer Cells: Organ-Specific Sentinels of Liver Immune Homeostasis and Physiopathology. Front Immunol (2019) 10:946. doi: 10.3389/fimmu.2019.00946

77. Cifaldi, L, Prencipe, G, Caiello, I, Bracaglia, C, Locatelli, F, De Benedetti, F, et al. Inhibition of Natural Killer Cell Cytotoxicity by Interleukin-6: Implications for the Pathogenesis of Macrophage Activation Syndrome. Arthritis Rheumatol (Hoboken NJ) (2015) 67(11):3037–46. doi: 10.1002/art.39295

78. Yates, A, Chan, CC, Callard, RE, George, AJ, and Stark, J. An Approach to Modelling in Immunology. Briefings Bioinf (2001) 2(3):245–57. doi: 10.1093/bib/2.3.245

79. Tanevski, J, Todorovski, L, and Džeroski, S. Learning Stochastic Process-Based Models of Dynamical Systems From Knowledge and Data. BMC Syst Biol (2016) 10(1):30. doi: 10.1186/s12918-016-0273-4




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 Elemam, Hammoudeh, Salameh, Mahboub, Alsafar, Talaat, Habib, Siddiqui, Hassan, Al-Assaf, Taneera, Sulaiman, Hamoudi, Maghazachi, Hamid and Saber-Ayad. 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: 27 April 2022

doi: 10.3389/fimmu.2022.848335

[image: image2]


Underlying Co-Morbidity Reveals Unique Immune Signatures in Type II Diabetes Patients Infected With SARS-CoV2


Soumya Sengupta 1,2†, Gargee Bhattacharya 1,2†, Sanchari Chatterjee 1,2, Ankita Datey 1,3, Shubham K. Shaw 1,2, Sandhya Suranjika 1, Paritosh Nath 1, Prakash K. Barik 1, Punit Prasad 1,2, Soma Chattopadhyay 1,2, Rajeeb K. Swain 1,2, Ajay Parida 1,2* and Satish Devadas 1,2*


1 Department of Infectious Disease Biology, Institute of Life Sciences, Bhubaneswar, India, 2 Regional Centre for Biotechnology (RCB), 3rd Milestone, Faridabad-Gurgaon, India, 3 School of Biotechnology, Kalinga Institute of Industrial Technology (KIIT) University, Bhubaneswar, India




Edited by: 

Giulia Carla Marchetti, University of Milan, Italy

Reviewed by: 

Jayanthi S. Shastri, Brihanmumbai Municipal Corporation, India

Gagandeep Kaur, University of Rochester, United States

*Correspondence: 

Ajay Parida
 drajayparida@gmail.com
 ajayparida@ils.res.in 

Satish Devadas
 satdevs@ils.res.in

†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: 04 January 2022

Accepted: 25 March 2022

Published: 27 April 2022

Citation:
Sengupta S, Bhattacharya G, Chatterjee S, Datey A, Shaw SK, Suranjika S, Nath P, Barik PK, Prasad P, Chattopadhyay S, Swain RK, Parida A and Devadas S (2022) Underlying Co-Morbidity Reveals Unique Immune Signatures in Type II Diabetes Patients Infected With SARS-CoV2. Front. Immunol. 13:848335. doi: 10.3389/fimmu.2022.848335




Background

SARS-CoV2 infection in patients with comorbidities, particularly T2DM, has been a major challenge globally and has been shown to be associated with high morbidity and mortality. Here, we did whole blood immunophenotyping along with plasma cytokine, chemokine, antibody isotyping, and viral load from oropharyngeal swab to understand the immune pathology in the T2DM patients infected with SARS-CoV2.



Methods

Blood samples from 25 Covid-19 positive patients having T2DM, 10 Covid-19 positive patients not having T2DM, and 10 Covid-19 negative, non-diabetic healthy controls were assessed for various immune cells by analyzing for their signature surface proteins in mass cytometry. Circulating cytokines, chemokines, and antibody isotypes were determined from plasma while viral copy number was determined from oropharyngeal swabs. All our representative data corroborated with laboratory findings.



Results

Our observations encompass T2DM patients having elevated levels of both type I and type II cytokines and higher levels of circulating IgA, IgM, IgG1, and IgG2 as compared to NDM and healthy volunteers. They also displayed higher percentages of granulocytes, mDCs, plasmablasts, Th2-like cells, CD4+ EM cells, and CD8+ TE cells as compared to healthy volunteers. T2DM patients also displayed lower percentages of pDCs, lymphocytes, CD8+ TE cells, CD4+, and CD8+ EM.



Conclusion

Our study demonstrated that patients with T2DM displayed higher inflammatory markers and a dysregulated anti-viral and anti-inflammatory response when compared to NDM and healthy controls and the dysregulated immune response may be attributed to meta inflammation.
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Introduction

Since the outbreak of the novel coronavirus disease (Covid-19) in late 2019, India has recorded over 34 million cases and 454,745 deaths as of October 25, 2021 and now has the second highest number of cases in the world, after the United States. Essentially, SARS-Cov2 is a betacoronavirus, belonging to the Coronaviridae family and is closely related to SARS and MERS, which were responsible for earlier disease outbreaks in 2003 and 2011, respectively (1). Broadly, Covid-19 cases were and are still classified into symptomatic and asymptomatic, based on the presence or absence of symptoms and eventual severity based on immune response and/or its failure. With respect to the symptoms of Covid-19 infection, symptomatic patients had fever, dry cough, shortness of breath, acute respiratory distress, loss of taste and smell, and in certain cases diarrhea (2, 3). Based on the intensity of these symptoms, the patients are classified into mild and severe, during diagnosis and prognosis of the severe patients is critical for recovery. However, the major challenge arises from the huge population of asymptomatic cases, as they are responsible for the undetected spread of infection.

In general, disease severity in Covid-19 is associated with lymphopenia, cytokine storm, blood coagulation, drop in pO2 levels, etc. (4, 5). However, with respect to the Indian population, these clinical parameters and the associated immune response were not definitely present in most Covid-19 infected patients. Interestingly, one of the major attributes of Covid-19 in the Indian population, especially in the first wave, was quick recovery, but the underlying immunological mechanism was and is yet to be understood. However, similar to the first wave, 70% of India’s mortality in Covid-19 in the second wave is still attributed to comorbidities, specifically type II diabetes (T2DM). Although vaccination drives initiated by the government aim to protect the population in general, the overwhelming number of these patients poses a major challenge to recovery and recuperation of the individual. In that respect, co-relation between comorbidities including T2DM and viral load, T2DM and glucose levels, etc. in the patient can play a significant role in dictating the immune response and eventual outcome of Covid-19 infection. Therefore, it is crucial to understand the interplay of these factors along with immunological parameters to give us a comprehensive idea about the status of T2DM patients having Covid-19.

Immune response can be divided into three types, namely, type I (antiviral), type II (anti helminthic), and type III (antifungal). Type I response mainly constitutes T-bet and Interferon gamma (IFN-γ) mediated response, which is against intracellular pathogens, including viruses. On the other hand, type II response is mediated by GATA-3 and is mainly against helminthic worms, which are carried out by effector molecules such as IL-4, IL-9, and IgE. The third type of response (type III response) is mediated by ROR-γt and effector molecules such as IL-17A, IL-17F, 1L-22, etc. are responsible for controlling fungal infections (6, 7). Longitudinal analysis has shown an immune dysregulation in Covid-19 patients and people with T2DM contracting Covid-19 infection had higher innate immune cells, lower T lymphocytes, a sustained increase in antiviral, anti-fungal response, and higher type 2 response such as IL-5, IL-13, IgE, and eosinophils (8).

Altogether, the immunological response in Covid-19 patients with co-morbidity is an evolving area of study and these patients represent higher vulnerability in comparison to the ones without any co-morbidity or other co-morbidities. Our study aims to elucidate the differences between T2DM patients having Covid-19 as compared to those devoid of T2DM, based on multiple parameters such as viral load, cytokine milieu, and immune cells, which will give us a comprehensive idea about the role played by T2DM in Covid-19 pathogenesis.



Materials and Methods


Population and Samples

A total of 25 samples with T2DM who were infected with SARS-CoV2 and 10 samples without T2DM (NDM) (non-diabetes mellitus) who were infected with SARS-CoV2 were collected from a tertiary hospital within 4 days of the patient’s admission. Type II diabetes in these patients was confirmed by previous clinical history and for this particular study was assessed and confirmed by fasting plasma glucose level and glycated hemoglobin while other clinical and biochemical parameters as requested by their consultant medical practitioner were used to assess for organ health. Among these, 22 patients with T2DM had hypertension. The T2DM or NDM patients neither reported nor were assessed for other co-morbidities during the infection. The detailed laboratory findings are given in Table 1. All the T2DM patients had severe symptoms, as assessed by the clinician. The NDM patients either had mild symptoms or were asymptomatic. The details of the drug administered to the patients are given in Supplementary Table S3. Additionally, 10 healthy volunteers who tested negative for Covid-19 were included in the study to provide basal and steady state biochemical and cytokine profile. These healthy controls (HC) did not have any systemic inflammation, chronic diseases, autoimmunity, infection, or malignancies. The details of their hematological parameters are given in Supplementary Table S1.


Table 1 | Demographic details and laboratory findings of T2DM and NDM patients infected with SARS-CoV2.



Briefly, 5 ml blood was collected in BD Vacutainer EDTA tubes (BD 367863) and 270 μl of whole blood from 10 T2DM patients, 5 NDM patients, and 5 healthy volunteers was used for deep immune profiling by mass cytometry. The tubes were spun at 1600 g for 20 min at room temperature. Plasma was then collected and stored in -80°C until further analysis. The details of all the reagents and software used are given in Supplementary Table S2.



SARS-CoV2 Viral Load Detection in Respiratory Specimen and Plasma

There were 300 μl each of oropharyngeal swab and plasma taken for viral RNA extraction using TAN Bead Maelstrom 4800 as per the manufacturer’s instructions. The extracted viral RNA was stored at -80°C until further use (9).



qRT-PCR

The qRT-PCR was performed using 5 μl of the extracted RNA from samples using the TRUPCR SARS-CoV-2 RT qPCR Kit V-2.0. The human RNase P served as an internal control whereas envelope (E) and nucleocapsid (N) genes were targeted for SARS-CoV-2 amplification (9).



Viral Copy Number Determination

The viral copy number was determined for the above-mentioned samples by generating a standard curve of SARS CoV-2 N (nucleocapsid) gene. The N gene was cloned into pBiEx vector, and 10-fold serial dilutions of the plasmid were done to obtain a standard curve. The percentage of copy number/ml was calculated from the corresponding Ct values of all the samples. For obtaining Ct values, cDNA was prepared from the extracted RNA using random hexamers by TAKARA primescript 1st strand cDNA synthesis kit (Kusatsu, Japan). The cDNA was subjected to qPCR (Mesagreen SYBR Green-No ROX, Eurogentec, Belgium) using nucleocapsid gene specific primers. (FP: GTAACACAAGCTTTCGGCAG and RP: GTGTGACTTCCATGCCAATG) (9).



Plasma Cytokine and Chemokine Detection Assay

Neat plasma from Covid-19 and controls was used to measure 41 cytokines and chemokines using human Milliplex map cytokine assay kit (Millipore, Billerica, MA). The samples were acquired in a Bio-Plex 200 system (Bio-Rad, Hercules, CA) and cytokine concentrations were calculated using Bio-Plex manager software with a five-parameter (5PL) curve-fitting algorithm applied for standard curve calculation (10).



Isotyping of Circulating Antibody From Blood

For analysis of the isotype composition of antibodies in circulation, plasma of T2DM, NDM patients, and healthy volunteers was analyzed by ProcartaPlex Human Antibody Isotyping Panels (Cat. No EPX070-10818-901, Invitrogen, Vienna, Austria), based on the manufacturer’s instructions. Briefly, antibody-coated magnetic bead mixtures were incubated with 25 μl of assay buffer, kit standards or diluted plasma (1:20000) samples in a ProcartaPlex 96-wells plate at room temperature for 1 h. Detection antibodies (25 μl) were then added, and the plates were incubated on an orbital shaker at 500 rpm for 30 min. Next, the wells were incubated with 50 μl of diluted Streptavidin-Phycoerythrin for 30 min. Plates were then washed using a hand-held magnetic plate washer. All incubations were performed at room temperature in the dark. Afterward, samples were suspended in 120 μl reading buffer and were acquired in a Bio-Plex 200 system (Bio-Rad, Hercules, CA) and cytokine concentrations were calculated using Bio-Plex manager software with a five-parameter curve-fitting algorithm (5PL) applied for standard curve calculation (11).



Whole Blood Immunophenotyping by Mass Cytometry

For immunophenotyping, 270 μl of whole blood was collected, added to pre-coated Maxpar Direct Immune Profiling tubes, and incubated for 30 min at room temperature. For lysis, 250 μl of 1x BD FACs Lyse was added, followed by 10 min incubation. There were two consecutive washes with Maxpar water and cell staining buffer. The cells were then fixed with 4% formaldehyde and incubated for 10 min followed by washing at 800 g for 5 min. Eventually, the cells were suspended in 1 ml Iridium solution and stored in -80°C until acquisition. For acquisition, the cells were thawed, washed with cell staining buffer and cell acquisition solution. The cell density was adjusted to 1 million cells/ml in cell acquisition solution with 0.1% EQ Beads and acquired in a Helios Mass cytometer. FCS files were then normalized with CyTOF software V.7 (Fluidigm) and then exported and analyzed by FlowJo software V10.7 (BD Biosciences) (12, 13). All the procedures up to the formaldehyde fixation step were carried out inside the institute’s BSL-3 facility.



Statistics

Statistical analysis was performed using the GraphPad Prism software, version 8.0.1. Data were presented as Mean ± Standard Deviation of Mean (SEM). Non-parametric Kruskal Wallis Test with post hoc Dunn’s multiple comparison test were used to compare the levels of cytokines, antibodies, and percentage of different immune cells among the three groups. Mann-Whitney U test was used to compare laboratory parameters between T2D and NDM patients. P values less than 0.05 were considered significant (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001).



High Dimensional Analysis

For high dimensional analysis, t-SNE analysis was performed using FlowJo V.10.7 (BD Biosciences). The gating for analysis was done on live, intact, CD45highCD66blow lymphocytes. Among a total of 100,000 events, 5000 events in the lymphocyte population were used per sample for this analysis. Five samples of T2D and healthy controls were used to compute t-SNE and a total of 25,000 events per group were concatenated and exported for t-SNE analysis. The default parameters in the software, iterations-1000, perplexity-30, eta-675, KNN algorithm-Exact (vantage point tree), gradient logarithm-Barnes-Hut were used to compute the t-SNE plot.




Results


Viral Load Does Not Corroborate With Inflammation in T2DM

The study was executed on NDM and T2DM Covid-19 patients, who had been detected and admitted to a local tertiary COVID hospital. To examine for viral load, oropharyngeal (OP) samples were collected from various patients as per established protocol and processed in the BSL3 facility at ILS, Bhubaneswar. In most of the NDM and T2DM patients, there was no significant difference in the viral copy number or ΔΔ Ct values of OP samples at the time of sampling (Figures 1A, B). This suggests that the viral load in OP samples does not and did not correlate with disease severity in this population of the study. As the viral load present in the host did not dictate the severity of Covid-19 infection, we hypothesize that disease severity could have resulted as a consequence of altered metabolic status due to T2DM and chronic low-grade inflammation.




Figure 1 | Analysis of viral load in oropharyngeal samples in Covid-19 patients. (A) Bar diagram depicting the viral copy number of oropharyngeal (OP) samples collected from T2DM (n = 25) and NDM (n = 10) COVID-19 patients. (B) Bar diagram representing the ΔΔ CT of OP samples of NDM and T2DM COVID-19 patients. The Mann-Whitney (non-parametric, two tailed) test was performed. ns, not significant. All error bars were SEM.





Altered Cytokine and Chemokine Profiles in Covid-19 Patients With Type II Diabetes

To investigate the status of systemic inflammation concurrent with SARS-Cov2 infection, we did multiplexing analysis of 41 cytokines and chemokines from the plasma of T2DM and NDM patients to delineate the altered immune microenvironment in these patients. For comparison and for basal level expression of these cytokines and chemokines, we added 10 healthy volunteers and segregated the proteins into significant, moderate, and mild, based on the level of their expression in T2DM as compared to NDM and healthy volunteers. Accordingly, the levels of IL-6, TNF-α, G-CSF, GM-CSF, IFN-α2, IL-10, VEGF, IL-1Rα, IL-12p40, IL-15, IL-1α, and MIP-1β were found to be significantly elevated (p<0.0001, Kruskal Wallis Test), indicating the simultaneous release of both Type I and Type II cytokines in severity (Figure 2A). In contrast, there was moderate elevation in the levels of IFN-γ, EGF, IL-8, indicative of the ongoing antiviral reaction in these patients (Figure 2B). Among the slightly elevated ones, IP-10 (p=0.0365), IL-9, IL-4 (p=0.0146) showed higher significance (Figure 2C). Although IP-10 has been used as a real time marker for mortality in Covid-19 patients, we did not do a longitudinal patient tracking, and therefore cannot ascertain its role in mortality. In addition, IL-4 and IL-9 which are both type II cytokines have also been linked to severity of Covid-19 patients. Although our study could not find any significant difference in levels of type III signature cytokines such as IL-17 and IL-1β, the presence of type I and type II immune signatures were overlapping in multiple patients (data not shown). However, T2DM patients showed elevation of both type I and type II cytokines indicating a dysregulated immune response, prominent in these patients as earlier reported by Lucas et al. (Figure 2). As hypothesized above with near similar viral load in all patients, these results suggest that altered cytokine and chemokine profiles could be a result of dysregulated immune status and altered metabolic status as previously mentioned.




Figure 2 | Analysis of the cytokines and chemokines in T2DM, NDM patients infected with SARS-CoV2. The bar diagrams represent cytokines and chemokines which were evaluated from COVID -19 positive plasma samples of T2DM (n = 25), NDM (n = 10), and Covid-19 negative and non-diabetic healthy controls (n = 10). (A) IL-6. TNF-α, GCSF, IL-12p40, IL-15, IL-1α, MIP-1β, GMCSF, IFN-α2, IL-10, VEGF, and IL-Rα were highly elevated in T2DM patients when compared with healthy controls and NDM patients. (B) IFN-γ, EGF, and IL-8 were moderately elevated in T2DM patients when compared to healthy controls and NDM. (C) IP-10, IL-9, and IL-4 were slightly elevated in T2DM patients when compared to healthy controls and NDM. (D) Eotaxin was moderately elevated in healthy controls and NDM when compared to T2DM patients. (E) sCD40L was elevated in both NDM and T2DM when compared to healthy controls, MDC was elevated in NDM patients when compared to T2DM patients. (F) GRO was elevated in NDM patients when compared to healthy controls. The Kruskal Wallis Test (non-parametric) with post-hoc Dunn’s multiple comparison test was performed. p < 0.05 was considered statistically significant (*), p < 0.01 was considered to be very significant (**), P < 0.001 was considered to be highly significant (***), P < 0.0001 was considered to be extremely significant (****), ns, not significant. All error bars were SEM.



Interestingly, the levels of chemokines as opposed to cytokines were higher in NDM and healthy volunteers as opposed to T2DM patients. For example, the levels of Eotaxin were found to be lower in T2DM than in NDM patients and healthy controls (Figure 2D). In general, Eotaxin is associated with chemoattraction of eosinophils, basophils, and neutrophils. Previous studies have reported its increase with severity but in our study, the population indicated a reverse trend; decreasing Eotaxin levels in the T2DM patients. This can be indicative of an impaired healing process as previous reports have suggested a positive correlation between increasing number of eosinophils and healing. In addition, sCD40L was elevated in NDM patients as compared to T2DM and healthy volunteers (Figure 2E). Since sCD40L has been associated with immunosuppression, it is indicative of an anti-inflammatory immune response in NDM patients, which is clearly absent in T2DM cases. Similarly, the levels of MDC (macrophage derived chemokine) were also higher in NDM as compared to T2DM patients, demonstrating its potential role in immune suppression (Figure 2E). In addition, GRO levels were higher in both NDM and T2DM patients as compared to healthy controls (Figure 2F). As GRO serves as a chemoattractant for neutrophils, it is indirectly indicative of the status of underlying inflammation in NDM and T2DM patients. Collectively, our cytokine and chemokine profile of T2DM patients compared to NDM and controls showed an increasing trend in the inflammatory cytokine panel and augmented levels of chemokines that were primarily responsible for repair and angiogenesis indicating toward the inadequate inflammatory response required for viral clearance but significantly better tissue repair mechanisms in place.



Circulating Antibody Isotype Profiling Showed a Skewed Inflammatory Profile in Covid-19 Patients With Type II Diabetes

Various antibody isotypes correlate with the clinical phenotype of an infection and is therefore an important indicator of the type of immune response. However, altered immune status including immune pathologies and deficiencies, etc. skew antibody profiles because of cytokine bias that is not physiological. Since cytokine milieu in T2DM and NDM patients was skewed, we wanted to define the circulating antibody isotypes in these patients as opposed to healthy controls. We did Luminex-based multiplex assay from their plasma and quantified the amount of IgA, IgM, IgE, IgG1, IgG2, IgG3, and IgG4. Here, we found IgG1 and IgG2 to be significantly elevated in T2DM patients as compared to healthy controls (p=<0.0001) and NDM patients (p=0.0024 for IgG1 and p=0.0033 for IgG2), correlating with the higher levels of type I cytokines in these patients. IgE, being a hallmark of type II immune response, was also elevated in T2DM as compared to NDM (p=0.0453) and healthy control (p=0.0347). Alongside, IgA being associated with mucosal immunity was also higher in T2DM patients as compared to NDM (p=0.0012) and healthy controls (p=0.0140). As IgM is the first antibody isotype to appear during the course of infection, accordingly we found its levels to be higher in T2DM patients as compared to NDM (p=0.0178) and healthy controls (p=0.0017) (Figure 3). In summary, the antibody isotype profile was concurrent with the cytokine levels, thus confirming and furthering the status of disease severity in Covid-19 patients. However, these antibody isotypes and levels suggest being counterproductive as they seem to be incapable of either consolidating anti-viral responses or even being protective against viral migration in the host.




Figure 3 | Analysis of the circulating antibodies in T2DM, NDM patients infected with SARS-CoV2. The bar diagram representing circulating antibody isotypes (IgA, IgM, IgG1, IgG2, IgG3, IgG4, and IgE) which were evaluated from COVID -19 positive plasma samples of T2DM (n = 25), NDM (n = 10), and Covid-19 negative and non-diabetic healthy controls (n = 10). The Kruskal Wallis Test (non-parametric) with post-hoc Dunn’s multiple comparison test was performed. p < 0.05 was considered to be statistically significant (*), p < 0.01 was considered to be very significant (**), P < 0.001 was considered to be highly significant (***), P < 0.0001 was considered to be extremely significant (****), ns, not significant. All error bars were SEM.





Dysregulated Innate Immune System in Covid-19 Patients With Type II Diabetes

With the cytokine multiplexing and antibody isotyping indicating an altered immune response, our next objective was to delineate the alteration in the cells of innate and adaptive immune system during Covid-19. Based on the surface markers analyzed, we found T2DM patients showing significant increase in CD45lowCD66bhigh granulocytes as compared to healthy controls (p=0.0074), which is concurrent with the increase in the levels of IL-8 (Figure 4A). The bulk population of these granulocytes were neutrophils, though we did not find any significant difference between the levels of neutrophils in T2DM, NDM, and healthy controls (data not shown). Also, dendritic cell populations were variable, with their numbers decreasing in T2DM as compared to NDM and healthy controls (Figure 4B). This contrasted with the increase in IFN-α2 levels, indicating toward dysregulated dendritic cell population in T2DM patients (Figure 2A). Within the dendritic cell population, plasmacytoid dendritic cells (pDCs) decreased in T2DM patients as compared to NDM and healthy controls (Figure 4B). However, percentage of myeloid dendritic cells (mDCs) increased in T2DM patients as compared to NDM and healthy controls (Figure 4C). This showed a significant depreciation in T2DM patients’ capability to upregulate anti-viral response while increased mDC with a Th2 bias is clearly detrimental to antiviral causes. The percentage of basophils was also reduced in T2DM patients as compared to healthy volunteers, which correlated with the decrease in levels of chemokine, Eotaxin (CCL11) (Figure 4D). Although we did not observe any variation between T2DM, NDM, and healthy controls in the populations of gamma delta cells and natural killer cells, there was reduction in the percentage of MAIT/NKT cells in T2DM patients as compared to healthy and NDM patients (Figure 4E). As reported earlier (data not shown), there were no changes in the overall or subsets of monocytes and natural killer cells. Altogether, alterations in the innate immune cell population are suggestive of an aberrant immune response incapable of controlling the infection.




Figure 4 | Innate immune cells in T2DM and NDM patients. Whole blood from Covid-19 positive T2DM (n = 10), NDM (n = 5), and Covid-19 negative and non-diabetic healthy controls (n = 5) was stained heavy metal tagged antibody and analyzed in a mass cytometer. (A) Representative gating strategy to identify CD45+CD66blow lymphocytes and CD45-CD66bhigh granulocytes. Statistical analysis of percentage of granulocytes and lymphocytes. (B) Gating strategy for CD123+CD11c – pDCs. Statistical analysis for the frequency of total DCs and pDCs. (C) Gating strategy for CD11c+CD38+ mDCs. Statistical analysis for the percentage of mDCs. (D) Gating strategy for CD123+CD294+ basophils. Statistical analysis for the frequency of basophils. (E) Gating strategy for MAIT/NKT cells. Statistical analysis for the frequency of MAIT/NKT cells.The Kruskal Wallis Test (non-parametric) with post-hoc Dunn’s multiple comparison test was performed. p < 0.05 was considered statistically significant (*), p < 0.01 was considered to be very significant (**), ns, not significant. All error bars were SEM.





Heterogenicity in Lymphocyte Population in Covid-19 Patients With T2DM, NDM, and Healthy Controls

Lymphocytes are instrumental in fighting infections and earlier reports indicated toward its decreasing trend in T2DM patients. There was a moderate decrease in the percentage of lymphocytes in T2DM as compared to the healthy controls (Figure 4A). Among lymphocytes, the percentage of total B cell population expanded in T2DM patients as compared to healthy controls (Figure 5A) and was in direct correlation with increased IgG1 and IgG2 in the former (Figure 3). Further analyses revealed a significant increase in plasmablast population in T2DM patients as compared to healthy controls. Additionally, we found a significant decrease in the percentage of CD3+ T cells in T2DM patients as compared to healthy controls suggesting lymphopenia associated with increased severity (Figure 5B). Within the T cell population, there was an increase in the percentage of CD4+ T cells (statistically insignificant) but a decrease of CD8+ T cells (Figure 5B). Further, in-depth analysis of CD4+ T cells revealed that T2DM patients had an increase of the Th2 subtype as compared to NDM or healthy volunteers (Figure 5C). This can be correlated with the increased levels of IL-4 and IL-9, found in the plasma of these patients (Figure 2C) and is generally unproductive in protecting against viral infections. However, Th1, Th17, Treg, and Tfh cells did not show any statistically significant difference, which can be attributed to the time of sampling or be a consequence of dysregulated immune response. There was also no significant difference in naïve CD4+ T cells or central memory CD4+ T cells within the groups but terminal effector (TE) cells were decreased, and effector memory (EM) cells were increased in T2DM patients as compared to healthy controls (Figure 5D). This contrasted with the CD8+ compartment, where TE cells were increased in T2DM patients as compared to NDM but there was no difference between T2DM and healthy controls suggesting a robust response in NDM patients as compared to T2DM and a certain degree of cross-reactive reaction occurring in these T2DM patients (Figure 5E). Similarly, there was a significant decrease of EM cells in T2DM as compared to NDM while no difference was observed in healthy controls when compared to T2DM or NDM. Collectively, a bias was found toward terminal effector CD8+ T cells in T cell immune response which was suggestive of an effective ongoing anti-viral response.




Figure 5 | Adaptive immune cells in T2DM and NDM patients. Whole blood from Covid-19 positive T2DM (n = 10), NDM (n = 5), and Covid-19 negative and non-diabetic healthy controls (n = 5) was stained heavy metal tagged antibody and analyzed in a mass cytometer. (A) Representative gating strategy to identify CD38+CD20 – plasmasblasts. Statistical analysis of percentage of plasmasblasts. (B) Gating strategy to identify CD45+CD3+CD4+ and CD45+CD3+CD8+ T cells. Statistical analysis for the frequency of CD3+, CD4+, and CD8+ T cells. (C) Gating strategy for CD4+CXCR3-CCR6-Th2 like cells. Statistical analysis for the percentage of Th2 like cells. (D) Gating strategy to identify CD4+ TE(CD45RO+CD27-) and CD4+ EM cells (CD45RO+CD27+). Statistical analysis for the percentages of CD4+ TE and EM cells. (E) Gating strategy to identify CD8+ TE (CCR7 – CD27-) and EM(CCR7-CD27+) cells. Statistical analysis for the percentages of the CD8+TE and EM cells. The Kruskal Wallis Test (non-parametric) with post-hoc Dunn’s multiple comparison test was performed. p < 0.05 was considered to be statistically significant (*), p < 0.01 was considered to be very significant (**), ns, not significant. All error bars were SEM.





High Dimensional Analysis Reveals Immune Perturbations in T2DM Patients

We also performed t-distribution stochastic neighbor embedding (t-SNE) analysis to understand how different markers reported previously show variability in Covid-19 patients in our population of study. t-SNE analysis revealed a decrease in the expression of CD3 and CD8 in T2DM patients as compared to healthy volunteers (Figure 6A). This was clearly suggestive of a poor anti-viral response. On the contrary, there was increase in the expression of CD14, CD38, and HLA-DR in T2DM patients as compared to healthy volunteers (Figure 6B) indicative of the ongoing inflammation in the T2DM patients. Taken together, our data indicates a compromised antiviral immunity and low-grade inflammation that is counterproductive to infection control.




Figure 6 | t-SNE analysis of lowest and highest expressed markers in T2DM patients. (A) CD8 and CD3 showing decreased expression in T2DM patients. (B) HLA-DR and CD 14 showing increased expression in T2DM patients when compared to controls.






Discussion

The Covid-19 pandemic has brought an unprecedented global devastation to the lives and livelihood of the common people, a breakdown of the best healthcare system, and economic collapse across the globe. Until March 2022, India reported approximately 43 million cases, being second in place to the United States. Unfortunately, a bulk population of Covid-19 cases in India who had succumbed to the infection had co-morbidities and among these, type II diabetes was the most common. At present, there are no significant reports from India providing an insight into the variations in immune response, extent of inflammation, and outcome in T2DM patients as compared to NDM patients and healthy volunteers. In this study, we attempted to describe and compare immune response, viral loads, and clinical parameters among T2DM, NDM, and healthy volunteers. To that end, 25 patients with T2DM, 10 NDM patients, and 10 healthy volunteers were studied for cytokine, chemokine, viral loads, clinical parameters, and antibody isotyping assays for understanding the immunopathology associated with the virus. 10 T2DM, 5 NDM, and 5 healthy volunteers were studied for whole blood mass cytometry assay to determine the difference in immune cells among the groups. While it is understood that this is a very small group, some clear patterns are established here suggesting that the chronic meta inflammation in type II diabetes might play a role in further precipitating the inflammatory signatures in Covid-19.

It is known that mild and controlled inflammation serves as one of the major initiator mechanisms of the immune system that is extremely crucial in fighting infection (14). However, unregulated upregulation of circulatory cytokines and dysregulated inflammatory responses that eventually lead to a cytokine storm have been evinced in Covid-19 infection (2, 4). Additionally, previous reports suggest that patients with T2DM have a higher vulnerability for SARS-CoV2 infection (15, 16) where persistent low-grade inflammation associated with T2DM was evinced but not co-related to be causal. Our data taken together with biochemical, cytokine, and antibody profile strongly indicate that chronic low-grade inflammation and the consequential dysregulated immune response might be responsible for the upsurge of inflammatory responses in Covid-19 patients leading to severe infection, organ damage, and mortality.

Our preliminary objective in the study was to assess the differences in viremia in oropharyngeal swab between the two groups. However, viral load of OP samples did not show any significant difference between the two groups. This was in accordance with previous studies, where it was observed that the viral load in nasal and throat swab samples was similar in the NDM and T2DM patients (17, 18). Here, the T2DM are considered as severe Covid-19 patients, based on the severity of their symptoms. In addition, the NDM patients either had mild Covid-19 symptoms (n=4) or were asymptomatic (n=6). This is evident from the clinical parameters as T2DM patients had higher levels of CRP which is a non-specific inflammatory marker, dysregulated glucose metabolism as evident from higher plasma glucose, glycated hemoglobin, and impaired blood coagulation as interpreted from higher d-dimer levels (19–22). Our viremia and biochemical data strongly suggest that the same or even similar infection loads have an adverse effect on already altered biochemical status and the resultant response culminates in non-effective viral clearance, organ damage, and even mortality. On the other hand, viremia and immunological co-relation suggests that altered immune cells, non-productive, non-protective, and counterproductive immune responses through cytokines and chemokines could be the mediators.

Cytokines and chemokines are soluble mediators that control the migration of immune cells to the site of inflammation, providing a pro – or anti-inflammatory environment which essentially shapes the type of immune response during a disease. In our T2DM patients who were infected with SARS-CoV2, higher expression of both type I and type II cytokines was evinced. Previous reports suggest the involvement of both types of cytokines in aggravating the severity of the disease. Increase in type I cytokines such as IFN-γ ; TNF-α, IFN-α2, IL-6, GMCSF, and IL-8 indicated a robust antiviral and inflammatory response occurring in these T2DM patients. Additionally, these patients also showed an increase in type II cytokines such as IL-4 and IL-9, representing Th2 cells and some anti-inflammatory response. Here, we understand the presence of both inflammatory and anti-inflammatory cytokines in T2DM patients as indicators of a dysregulated immune response where the anti-inflammatory response was clearly incapable of shutting down the cytokine storm in these patients (23). Additionally, we did not find any significant difference in inflammatory cytokines between NDM patients and healthy controls suggesting that the immune homeostasis is in place already. This may be because inflammation was mild and most of the patients were asymptomatic in this group, corroborating with similar findings from previous studies (24, 25). However, in diabetic patients, there is an increase in the inflammatory cytokines, significant CRP levels, and its sustained increase and the presence of blood clots. As similar symptoms are associated with Covid-19, i.e., elevated CRP levels, D-dimer, and inflammatory cytokines, this suggests a synergistic effect found in T2DM patients infected with SARS-Cov2, which was reduced or absent in NDM patients. Additionally, our study suggested an increase in IL-15 and 1L-7 in T2DM patients when compared to NDM and healthy volunteers. As it is known that IL-15 is crucial for promoting cytotoxic activity of both NK and CD8+ T cells, and is also involved in memory CD8+ T cell differentiation, it could have led to increase in the CD8+ population (26). However, we found a decrease in the CD8+ cell population, specifically in the EM compartment, again indicating a dysregulated or non-responsive immune response in these patients. This might be a consequence of reduced receptors for IL-15 in these cells. As IL-7 is also required for T cell development and maintenance (27), its increased numbers in T2DM patients partially corroborated with the increase in CD8+ TE cells and CD4+ EM cells. However, because of immune dysregulation, neither the elevated levels of the above-mentioned cytokines nor the CD8+ T cells are capable of controlling the inflammation.

The sCD40L is one of the major co-stimulatory molecules on activated T cells that interact with CD40 on B cells and is responsible for immunoglobulin isotype switching in the membrane-bound form (28). In our study, levels of sCD40L were elevated in NDM as compared to the T2DM patients indicating that the NDM patients may be undergoing an immunosuppressive reaction, as elevated sCD40L is also associated with immunosuppression. GRO (CXCL1) is a chemokine that attracts a variety of immune cells, particularly neutrophils, and is also implicated in the wound healing process (29). Similar to sCD40L levels, GRO levels were also higher in NDM as compared to T2DM patients indicating that both inflammation and healing were occurring simultaneously in these patients. However, the healing mechanism was poorer in T2DM patients. The levels of macrophage-derived chemokine (MDC/CCL2) were also higher in NDM patients than T2DM patients. As MDC is known to be elevated in lung inflammation and hemorrhage but reduced in T2DM symptomatic patients, this also suggests a possible immunosuppressive function of MDC in this population (30).

To understand how different antibody isotypes influence the clinical phenotype in T2DM and NDM patients, we did an antibody isotyping from the plasma of these patients. Here, we found significant differences in the levels of IgA, IgM, IgG1, IgG2, and IgE between the two groups but IgG3 and IgG4 did not show any significant differences and we understand that the structure and function of different antibody isotypes vary from one another. For example, IgG1, IgG2, and IgG3 can fix complement (31). However, IgG4 cannot fix complement and is unable to induce antibody mediated cell cytotoxicity (ADCC). Similar to previous reports, we found an increase in the levels of IgE in T2DM patients (8, 16). This corroborated with the increase in the Th2 subset along with increase in cytokines, IL-4 and IL-9 in T2DM patients, as it is known that IgE is associated with Type II response and is generally not productive or protective in anti-viral responses. In addition, there was also an increase in IgG1 and IgG2 in these patients, indicative of the inflammatory response. However, as IgE was high in these T2DM patients, we could see no significant difference in IgG4 levels. This could be accredited to the competition between IgE and IgG4 against each other, for fixation sites in basophils and mast cells, as suggested by previous reports (32) and IgG4 is important in dictating anti-inflammatory response. IgA levels were also found to be higher in T2DM, indicating a viral immune response at mucosal surfaces (33). With respect to IgM, its increased levels indicate an ongoing infection and at least partial protection. However, the lack of any longitudinal profiling restricts us from understanding its specificity to antigen (34).

With respect to our whole blood analysis by mass cytometry, we found an increase in the percentage of granulocytes in T2DM patients when compared to healthy controls indicating underlying inflammatory responses in these patients. This is consistent with other reports which suggested an increase in granulocytes with increasing severity (15, 35). On the other hand, we found a decreasing percentage of monocytes in T2DM patients as compared to NDM patients (Table 1), although the difference was not significant. This has also been reported in a previous study showing the absence of any significant changes in the total monocytes and its subsets in T2DM patients with various comorbidities, T2DM being one of them (15). Additionally, we also found that T2DM patients showed a decreasing trend in lymphocyte percentage as compared to NDM and healthy volunteers, as reported in previous studies (4, 8, 15). One of the significant findings from our study is that there is a drastic reduction in the percentage of total dendritic cells in T2DM patients when compared to both NDM and healthy controls. Within the dendritic cell compartments, there is a decrease of pDCs but mDCs have increased in T2DM patients when compared with healthy controls. In general, pDCs are known to secrete type I interferons in response to viral infection (36). However, our study has shown a decrease in the percentage of pDCs but an increase in the cytokine IFN-α2. This suggests that although these cells are secreting high levels of type I interferon, their numbers are depleted in T2DM patients and, thus, are unable to control the infection. With respect to mDCs, they are known to secrete the cytokines IL-12 and TNF-α, which polarizes the T cell toward a type I response, crucial for controlling the viruses (37, 38). Our study also observed an increase in the population of mDCs along with an increase in the cytokines, IL-12p40, TNF-α in T2DM. Although certain reports have suggested a decrease of mDCs along with pDCs, we observed the presence of high numbers of mDCs in diabetic patients, indicating an ongoing low-grade inflammation, which is further augmented with Covid-19 infection. However, since we did not do a longitudinal profiling, we could not delineate the mDC dynamics in these patients (39, 40).

With respect to basophils, the literature suggests a decrease in its population with increasing severity (41). We found a similar trend, as the basophil population decreased in T2DM patients as compared to healthy controls. Similarly, MAIT/iNKT cells were significantly decreased in T2DM patients as compared to NDM and healthy controls. However, no significant differences were observed in the percentage of gamma delta T cells. A decrease in MAIT/iNKT could indicate a migration to other inflamed tissues including the lungs, as suggested by the previous reports. With respect to NK cell population, it is known that they play a crucial role in fighting viral infections and previous reports suggested a decrease in their numbers in T2DM cases. However, our population of study did not show any significant difference among the groups and as mentioned earlier may be a consequence of the time of sampling of patients (42, 43).

In the case of B cells, we observed a slight elevation in its percentage in T2DM patients, when compared to NDM and healthy controls, but statistical difference was found only between T2DM patients and healthy volunteers. Although no difference was observed in naive or memory B cell compartment, plasmablasts were significantly elevated in T2DM patients as compared to healthy controls. The increase in plasmablasts in T2DM Covid-19 has also been reported in other studies (8, 15) but unlike our study, they could not correlate it with any co-morbidity. Interestingly, there are reports suggesting an increase in extrafollicular B cell response in Covid-19 and other inflammatory diseases such as systemic lupus erythematous. Since most of the Covid-19 patients had type II diabetes in our study, we hypothesize that these two factors might have augmented the plasmablast production. Although we did not analyze the clonality of B cells, an earlier study suggested an oligoclonal expansion of B cells in T2DM Covid-19, in turn correlating with increased plasmablast production. Increased B cell population in T2DM patients also corroborated with the fact that most of the immunoglobulins (IgM, IgA, IgG, and IgE) were elevated in these patients as opposed to NDM and healthy volunteers. Altogether, we found an increase in the plasmablast population in T2DM as compared to NDM patients and healthy volunteers, suggesting that the low-grade inflammation in diabetic patients resulted in an increase in the plasmablast population, which was augmented further with Covid-19 infection in these patients. Altogether, these findings suggested that elevation of plasmablasts and various antibody isotypes was incapable and inadequate in providing protection to the host and might in turn be responsible for immune complexes targeting the organs.

T2DM patients also displayed a lower percentage of CD45+CD3+ T cells as compared to healthy controls. Within the CD3+ T cell population, there was a decrease in the percentage of CD8+ T cells in T2DM as compared to healthy volunteers. However, CD4+ T cells did not show any statistically significant difference among the groups. Earlier reports have suggested the loss of CD8+ T cells being greater than CD4+ T cells. Since our population of study was small with heterogenous manifestation, this could explain why CD4+ T cells did not show any difference among the groups. Additionally, several reports indicate towards T cell apoptosis or migration to other tissues in SAR-CoV2 infection, leading to decrease in T cell population in the periphery and could account for the decrease in T cells in the T2DM patients (44–46). In general, there was decrease in the CD3+ T cell population, where the CD8+ compartment was affected more significantly than CD4+. The above observation indicated the inflammatory environment together with the SARS-CoV2 infection, is causing activation induced cell death in T cells particularly of the CD8+ cells and compromising antiviral response.

Type II diabetes has been reported to have various aberrancies such as an impaired differential potential and secretion of multiple proinflammatory cytokines such as TNF-α and IFN-γ (39, 47). Although we could not find any significant difference among the groups in the percentage of Th1 like, Th17 like, Treg, or cTfh subtypes, there was an increase in the pro-inflammatory cytokines. We understand that the absence of difference among the groups with respect to T cell subsets can be accounted to the time of sampling. On the other hand, our study found an increase in the percentage of Th2 cells secreting type II cytokines such as IL-4 and IL-9. The high numbers of Th2 cells partially explained the augmented levels of immunoglobulins in these patients, specifically IgE which is induced by cytokines such as IL-4. Taken together, this indicated that the diabetic patients already had low grade inflammation. When encountered with Covid-19, dysregulation in the immune system escalated to such levels that even with the increase in Th2 population secreting anti-inflammatory cytokines, inflammation could not be subdued. The presence of Th2 type response in the above T2DM patients indicates a dysregulated suppression and also an improper antiviral response.

We also analyzed for the naïve, effector, and memory compartments in both CD4+ and CD8+ T cells. In CD4+ T cells, we did not see any difference in the overall percentage of naive (CCR7+CD45RA+CD45RO-) and central memory cells (CCR7+CD45RA-CD45RO+) among the various groups. However, effector memory cells (CCR7-CD45RA-CD45RO+CD27+) were elevated in T2DM patients when compared to healthy controls, suggesting cross-reactivity with other families of coronavirus, as reported by a previous study from India (48, 49). An important point to note here is that central memory cells did not show any significant difference, and this may be due to the fact that CM cells are lymph node residents as opposed to EM cells, which circulate in the blood and, thus, respond faster to the antigen (data not shown). However, since we did not analyze for the antigen specific cells, therefore we were unable to find any significant difference in the percentage of CM cells. Terminal effector (CCR7-CD45RA-CD45RO+CD27-) cells were decreased in T2DM patients with Covid-19 as compared to healthy controls, corroborating with the observation that these cells are first to react with the virus and the subsequent pro-inflammatory cytokine milieu is responsible for the apoptosis of these cells.

In CD8+ T cell compartment, EM (CCR7-CD27+) cells were elevated in NDM as compared to T2DM patients, indicating an effective immune response in these patients but less effective in T2DM patients. TE (CCR7-CD27-) cells increased in T2DM patients indicating that these cells are highly inflammatory and might be insensitive to AICD (49–51).

Altogether, our data suggests that meta inflammation present in these T2DM patients is responsible for unproductive and unprotective anti-viral response while also resulting in aggravation of the inflammation occurring due to Covid-19. With T2DM being one of the most common morbidities present in India, these patients remain most vulnerable and are susceptible to secondary infections like mucormycosis. Age also has a profound effect on SARS-CoV2 severity but in our study, we did not find any significant variation between ages of NDM and T2DM group, median age of the NDM group being 49 and the T2DM group being 46. This observation is in line with another study that shows in low – and middle-income countries infection and death rate are highest among the age group 55 and lower (52). Though vaccinations are lowering the severity of the disease, reported waning antibody response in 3-6 months is a major concern apart from how long the protective immunity from T cells will work in these patients has also yet to be ascertained. Our study is essentially aimed at understanding how a low grade chronic inflammatory disorder such as type II diabetes dictates the immune response during the pathogenesis of Covid-19. We understand that our study is not devoid of limitations such as a small sample size, unavailability of T2DM samples without SARS-CoV2 infection during the course of our study, absence of longitudinal study or follow up, but nevertheless it will help in understanding the vulnerability of these patients and subsequent planning of vaccine coverage in these patients or future vaccine booster dosages to them.
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COVID-19 is characterized by hyperactivation by inflammatory cytokines and recruitment of macrophages, neutrophils, and other immune cells, all hallmarks of a strong inflammatory response that can lead to severe complications and multi-organ damage. Mortality in COVID-19 patients is associated with a high prevalence of neutrophil extracellular trap (NET) formation and microthrombosis that are exacerbated by hyperglycemia, diabetes, and old age. SARS-CoV-2 infection in humans and non-human primates have revealed long-term neurological consequences of COVID-19, possibly concomitant with the formation of Lewy bodies in the brain and invasion of the nervous system via the olfactory bulb. In this paper, we review the relevance of the human cathelicidin LL-37 in SARS-CoV-2 infections. LL-37 is an immunomodulatory, host defense peptide with direct anti-SARS-CoV-2 activity, and pleiotropic effects on the inflammatory response, neovascularization, Lewy body formation, and pancreatic islet cell function. The bioactive form of vitamin D and a number of other compounds induce LL-37 expression and one might predict its upregulation, could reduce the prevalence of severe COVID-19. We hypothesize upregulation of LL-37 will act therapeutically, facilitating efficient NET clearance by macrophages, speeding endothelial repair after inflammatory tissue damage, preventing α-synuclein aggregation, and supporting blood-glucose level stabilization by facilitating insulin release and islet β-cell neogenesis. In addition, it has been postulated that LL-37 can directly bind the S1 domain of SARS-CoV-2, mask angiotensin converting enzyme 2 (ACE2) receptors, and limit SARS-CoV-2 infection. Purposeful upregulation of LL-37 could also serve as a preventative and therapeutic strategy for SARS-CoV-2 infections.
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Introduction

The virus SARS-CoV-2 has caused more than 6 million deaths worldwide since its arrival in December of 2019 (1). SARS-CoV-2 has many features that make it highly infectious including its glycoproteins, rapid entry through furin cleavage and TMPRSS2 (2–4), and suppression of host translation through Nsp1 (5–7). In response to the COVID-19 pandemic, the scientific community rallied to create new therapeutics and evaluate the effectiveness of any strategies that had been previously developed.

In humans, the cathelicidin antimicrobial peptide (CAMP) gene encodes the pro-protein hCAP-18. Proteinase 3-mediated extracellular cleavage processes hCAP18 into the active 37 amino acid peptide, LL-37 (8). LL-37 is an amphipathic alpha-helical peptide that carries a positive charge of +6 at physiological pH (structure and chemical sequence are displayed in Figure 1). Many different cell types including barrier epithelial cells, macrophages, and neutrophils express this pro-protein and peptide throughout the body (10). The vitamin D pathway primarily regulates the CAMP gene (11–14). Recognition of bacterial or viral pathogens by Toll-like receptors (TLRs) activates cells to metabolize 25-hydroxyvitamin D [25(OH)D] to the active 1α,25-dihydroxyvitamin D [1,25(OH)2D]. This active form of vitamin D, binds to the vitamin D receptor (VDR), thus inducing the CAMP gene and numerous other vitamin D target genes involved in the immune response (14). Monocytes, macrophages and lung epithelial cells upregulate LL-37 expression via TLR-mediated activation of the vitamin D pathway (14–16).




Figure 1 | (A) The structure of (13)C,(15)N-labeled LL-37 determined by three-dimensional triple-resonance NMR spectroscopy for LL-37 in complex with micelles. (9) LL-37’s alpha-helical secondary structure is evident. (B) The 37 amino acid sequence of LL-37. At physiological pH LL-37 has a resulting net charge of +6.



LL-37 inhibits the propagation of SARS-CoV-2 through a direct mechanism. In silico docking studies have shown that LL-37 binds directly with the angiotensin converting enzyme-2 (ACE-2) binding domain that is critical to SARS-CoV-2 entry to host cells (17–19). These results were corroborated by in vitro and in vivo experimentation that found LL-37 not only blocks the receptor-binding domain (RBD) of SARS-CoV-2, but also cloaks the ACE-2 receptor preventing pseudovirion infection in cell culture and after intranasal application of LL-37 in mice (20). LL-37 also combats other viruses, such as influenza, rhinovirus, and respiratory syncytial virus, by causing disruption of viral membranes (21–24).

LL-37 functions as an antiviral and antibacterial peptide by inhibiting early steps in the viral replication cycle and perforating cytoplasmic bacterial membranes (25–27). In addition to penetrating bacterial membranes, LL-37 prevents biofilm formation and enhances bacterial phagocytosis (28, 29). LL-37 also kills Candida albicans, most effectively as a cleavage fragment RK-31 (30). Covid patients in the ICU for more than a few days commonly suffer from co-infections, and often with resistant species of bacteria and fungi, worsening prognosis (31–33).

In addition to its direct antimicrobial function, LL-37 modulates immune response and influences inflammation, cell proliferation and migration, wound healing, angiogenesis and the release of cytokines and histamine (34). Furthermore, recent studies indicate LL-37 plays an important role in neutrophil NETosis, which in turn can affect the formation and clearance of microthrombi (35–37). In effective NETosis, neutrophils respond to inflammatory stimuli by migrating to the infected tissue and decondensing their nuclear and mitochondrial DNA lined with granule proteins that incapacitate pathogens (NETs), followed by plasma rupture and NET release. These released NETs can trap the pathogens, which are subsequently cleared by DNase 1 and macrophages (38, 39). In COVID-19 patients, we see over accumulated NETs and that healthy neutrophils are more likely to engage in NETosis when prompted with SARS-CoV-2 patient serum (40). We hypothesis that LL-37 is important in both regulating the activation and clearance of NETs. These multiple functions are potentially highly relevant to SARS-CoV-2 infection and ameliorating COVID-19 symptoms and suggest LL-37 could function as a powerful therapeutic agent.

Studies from around the world investigating the correlation between health markers and COVID-19 severity have found statistically significant differences in serum 25-hydroxyvitamin D [25(OH)D] levels between patients having more and less severe COVID-19 outcomes, but others claim no correlation between serum 25-hydroxyvitamin D [25(OH)D] levels and infection or death rates (41–46) and many others discuss the therapeutic effects of vitamin D3 supplementation, referencing upregulation of cathelicidin gene expression and its antiviral capacity as a key component of the therapeutic and prophylactic power of vitamin D3 (44, 45, 47).

The effects of LL-37 are not limited to its ability to inhibit viral replication and infection. In this paper, we offer hypotheses rooted in previously published work to discuss the potential therapeutic and prophylactic uses of LL-37 as an effective tool in ameliorating COVID-19 pathology and reducing severe effects of COVID-19 infections. In addition, we describe strategies to regulate its expression with small molecules to achieve these goals.



NETosis and Thrombosis

The lethality of SARS-CoV-2 is often attributed to its ability to induce thrombosis. Autopsies of COVID-19 patients reveal thrombosis in many of the narrow vessels as the primary cause of death. In one study involving autopsies of 10 COVID-19 patients, thrombosis and microangiopathy in the small vessels and capillaries led to an associated haemorrhage that significantly contributed to death. The lungs were found to have entangled neutrophils entrapped in fibrin and platelets forming thrombi in alveolar capillaries (38). Another study involving autopsies of 11 COVID-19 patients found thrombosis in the pulmonary arteries of all patients. This thrombosis was associated with heart attacks in eight of the patients and bronchopneumonia in six of the patients (48). A meta-analysis of 341 autopsies of COVID-19 patients bolstered the finding of thrombi in microvessels of the lungs, and additionally noted alveolar damage resulting in hyaline membrane formation (49). A study of blood from COVID-19 patients found that NET clearance was diminished and that these NETs instigate inflammation through interactions with anti-NET antibodies and macrophages. They found complications of NETs to include induction of alveolar cell apoptosis, mucus plugs, and capilaritis (50). These thrombi and observed alveolar damage develop from a complex interplay of inflammation and dysregulation of homeostasis.



Vasoconstriction and Vasopermeability

One potential factor in this interplay is vasoconstriction in the lungs and other parts of the body due to the infection of pericytes by SARS-CoV-2. The binding domain affinity of SARS-CoV-2 for ACE-2 prevents the conversion of angiotensin II to angiotensin-(1-7), instigating constrictive behavior in pericytes. This effect has been observed in the brain of a Syrian golden hamster, which has an ACE2 sequence similar to human ACE2, and is hypothesized to occur in the pericytes of the heart and the kidney (51). Dysregulation of pericytes by the S protein of SARS-Cov-2 was also observed in pericytes sourced from human myocardial tissue (52). Constrictive behavior in pericytes present in the lungs may contribute to pulmonary thrombosis in COVID-19 patients by the mechanism discussed above, or through another interaction with inflammation pathways. Pericytes are associated with hypertension in vessels of the lungs of humans and rat models and increase in proliferation preceding hypertension after interaction with the inflammatory cytokine interleukin-6 (IL-6) (53). This cytokine is correlated with more severe COVID-19 cases (54).



Role of NETs in COVID-19 Thrombosis

NETs are nuclear and mitochondrial DNA strands expelled from neutrophils through a process called NETosis. These strands form the backbone of weblike complexes studded with various peptides and proteins such as histones, lactoferrin, myeloperoxidase, neutrophil elastase, High Mobility Group Box 1, and LL-37 (39). The resulting NET complexes can bind and destroy infected cells, viruses, bacteria, and other pathogens around the neutrophils by exposing them to these peptides and proteins (39).

Beyond protecting against infectious agents, NETs can also have negative impacts on physiology by promoting tissue damage and thrombogenesis. These effects have previously been observed in vitro in neutrophils responding to endothelial damage in Escherichia coli infections (55). Toll-like receptor 4 (TLR4), which is present on the surface of platelets and activated by lipopolysaccharides (LPS) secreted during bacterial infection, encourages binding to neutrophils and promotes NETosis events in pulmonary capillaries (55). NETs can also adhere to platelets and form thrombi, and the histone proteins in NETs are sufficient to nucleate thrombi that matches those of deep vein thrombosis based on extracellular DNA presence and histone concentration in thrombi, as shown in a baboon animal model (36). The SARS-CoV-2 virus directly induces NETosis in healthy neutrophils isolated from patient serum, which demonstrates that COVID-19 patients face increased neutrophil NETosis rates as a direct result of the infection (40). This formation of thrombus scaffolds associated with increased NET production is compounded with increased thrombotic risk due to activation of the complement cascade/coagulation system by SARS-CoV-2 (56). Neutrophils from COVID-19 patients have been found to carry tissue factor (TF), an integral membrane protein involved in blood coagulation, and express elevated TF that is found within NETs (57).

The combination of vasoconstriction, nucleation of thrombi by SARS-CoV-2 induced NETs, and activation of the cascade/coagulation system is important to the pathology of COVID-19. Investigations into the histopathology of COVID-19 patients found vascular occlusions caused by NETs occurring in lung, kidney and liver tissue, and these occlusions disrupted circulation and induced endothelial damage (58). In lung specimens from patients with influenza and SARS-CoV-2 infection, researchers found neutrophil recruitment, NETosis, and subsequent immunothrombosis to be typical for severe COVID-19, but less prominent in influenza pneumonia (59). In Germany, a study of COVID-19 patients and healthy controls noted a significantly increase in NET markers in the plasma of COVID-19 patients (59, 60). Epithelial damage due to neutrophils activated by SARS-CoV-2 caused apoptosis of the A549 epithelial cell line, and this apoptosis was larger in magnitude than what was observed in neutrophils that were not activated by SARS-CoV-2. The neutrophils activated by SARS-CoV-2 released more NETs and were more cytotoxic than cells not activated by SARS-CoV-2 (61). NETs can also contribute to cytokine storm, a potentially fatal overstimulation of inflammation responses, through the stimulation of amongst others IL-6 (62). The foregoing factors—thrombosis, contribution to cytokine storm, and the impact of the granule proteins released by neutrophil congregations on endothelial cells— explain why increased levels of neutrophils are such a strong clinical indicator of severe COVID-19 outcomes (63). Consistent with this, in one recent analysis of a potentially fatal large vessel thrombus in a 28-year-old woman with COVID-19 infection, investigators ruled out all other instigators of thrombosis except infection, and they found the thrombus to have high neutrophil counts and a predominance of platelets (64).

The impact of age and other comorbidities on NETosis may explain the observed association with COVID-19. Researchers have identified chronic low-grade sterile inflammation, i.e. not caused by a pathogen, in elderly populations. High baseline serum concentrations of C reactive protein (CRP), IL-6, IL-8 and other cytokines characterize this inflammation (65). SARS-CoV-2 infection also appears to increase the production of IL-6 and IL-8, since higher levels of these cytokines are associated with more severe disease pathophysiology in COVID-19 patients (54). Amplification of these cytokines has also been observed in epithelial cells infected by previous coronaviruses, specifically SARS-CoV (66, 67). IL-8 chemoattracts neutrophils and T cells (68). IL-6 helps differentiate CD4+ T-cells, triggers the release of platelets from bone marrow, and reduces serological iron in response to lesions (69). Elevated IL-6 and IL-8 levels in the proximity of infected epithelial cells may lead to an increased concentration of neutrophils and platelets, and may thus result in thrombi instigated by the NET-nucleated thrombi interactions discussed above.

Based on the foregoing, we argue that NETs are highly relevant to COVID-19 pathology. Since neutrophil NETs are not observed to accumulate in extracellular regions in healthy tissues, physiological processes must exist for their removal after they have performed their immunological function. Although these processes are still not fully understood, some aspects of NET removal, and the cells that recycle them, have been elucidated. Current literature implicates deoxyribonuclease 1 (DNase 1), an enzyme that allows for the cleavage and modification of DNA, as an essential tool in NET removal. DNase helps with the degradation of the cellular and mitochondrial DNA that comprises the backbones of NETs. Curiously, while DNase can remove extracellular DNA, it failed to remove the majority of NET components adhered to the glycoproteins and glycosaminoglycans covering the endothelium (glycocalyx) which caused liver damage in a mice MRSA sepsis model (70). Moreover, simple upregulation of DNAse is insufficient to achieve NET removal, since DNAse by itself does not completely degrade NETs (71). Indeed, upregulating DNAse 1 could be detrimental, since NET fragments can boost certain bacterial coinfections such as Haemophilus influenzae (72, 73). Further elucidation of the mechanisms by which NET removal is achieved is critical to the development of procedures for effectively reducing NETosis in COVID-19 patients, and underscore the need for a greater understanding of the processes by which NET proteins that attach to the endothelium can reduce host tissue damage.

After NET processing, NET removal is achieved by macrophages through phagocytosis. Macrophages in the M2 state process the NETs and induce a pro-inflammatory response by releasing tumor necrosis factor-alpha (TNF-α), interferon gamma (IFN-γ), chemokine ligand 8 (CXCL8), chemokine ligand 10 (CXCL10/IP-10), chemokine ligand 12 (CXCL12/SDF-1) and clear extracellular DNA (74). Macrophages in the M1 state spew their own external DNA in a PAD-4 dependent manner during the initial interaction with NETosis, then utilize caspase activated DNase 1 to process the extDNA, and thereby clear extracellular DNA (extDNA) in roughly 24 hours. During the late phase this happens through a non-inflammatory mechanism (74). PAD4 catalyzes the conversion of protein-bound arginine into citrulline, resulting in a loss of positive charge thereby affecting chromatin structure. This distinction between macrophage states is particularly important for COVID-19. Indeed, it has been argued that macrophage activation and dysfunction is the key driver of COVID-19, and macrophage chemokine signatures indicate they are in the M1 state (74, 75). The issue of whether extracellular DNA from M1 macrophages can nucleate thrombi is important for determining major instigators of thrombosis in COVID-19 patients. The foregoing two-step process may represent an incomplete picture of NET clearance.



LL-37’s Direct and Immunomodulatory Effects on the Clearance of NETs

Although clearance of NETs requires LL-37, the specific mechanisms involved are unclear. Removal of all the proteins attached to the DNA and histone backbone of the NETs abrogates phagocytosis by macrophages. Incubating these “naked” NETs with LL-37 restored in vitro phagocytosis of NETs, thus showing the importance of LL-37 in this process (35).

The existing literature reveals potentially relevant roles of LL-37 in NET clearance. LL-37 facilitates the in-vitro endocytosis of extDNA by dendritic cells through a process of DNA aggregation and condensation (76). LL-37 participates in the binding (through electrostatic forces), condensation, and uptake of extDNA in in vitro studies involving bacterial lysis and mammalian cell responses (77–79). The highly positive net charge of LL-37 (+6 at physiologically relevant ranges of pH) promotes interaction with DNA. Here, it is notable that DNA and LL-37 are both helical molecules, therefore, in some ways; they are structurally similar to each other. Their opposite charges allow them to interact via attractive electrostatic forces, a property allowing DNA condensation with LL-37 and promoting efficient phagocytosis by macrophages (70). We hypothesize that LL-37 aids clearance of NETs released by neutrophils and extDNA of M1 macrophages in COVID-19 patients, by binding to extDNA and condensing it into denser assemblies that activated macrophages can more effectively phagocytose. This may explain how administration of LL-37 helped clear histone-DNA complexes released from NETs in a murine sepsis model (80). Macrophages themselves can release LL-37 to facilitate this process further.

LL-37 also interacts with macrophages in other ways. It may serve as a signaling molecule for macrophages in the clearance of NETs. LL-37 regulates autophagy by macrophages in-vitro by activating transcription of autophagy-related genes (81). LL-37 also neutralizes LPS-mediated activation of macrophages and drastically reduces their production of TNF-α and IL-6 (82, 83). In some pathologies such as sepsis, LL-37 modulates many of the same cytokines seen in COVID-19 infections. LL-37 immunomodulation reduces levels of IL-6, TNF-α, IL-1β, and macrophage pyroptosis in sepsis-induced mice (84). In addition, LL-37 inhibits IL-6 production in macrophages treated with IFN-γ by inhibiting the p65 NF-κB signaling pathway (85). IL-6 is of particular concern because it has been identified as one of the most prominent cytokines in severe COVID-19 infections (54). Further investigation of LL-37 as a therapeutic to minimize macrophage dysfunction and the cytokine production associated with Macrophage Activation Syndrome (MAS) is warranted (86).

In addition to regulating macrophage activation, preincubation of influenza A virus (IAV) with LL-37 was shown to reduce expression of inflammatory cytokine IL-8 by neutrophils; IL-8 elevation is associated with more severe COVID-19 (54, 87). We hypothesize LL-37 is critical to the amelioration of COVID-19 and its sequelae through the condensation of neutrophilic DNA released in NETs, prevention of cytokine storm, and the signaling of macrophages to clear NETs as shown in Figure 2.




Figure 2 | Graphical summary of interactions between SARS-CoV-2 and lung epithelium, instigating NET production and the disruption or antagonistic behavior of LL-37 for these interactions. Adapted from “The Propagation of Immunothrombosis by Leukocytes and Platelets”, by BioRender.com (2021). Retrieved from https://app.biorender.com/biorender-templates.



The power of citrullination is relevant to this discussion. Air pollution increases the citrullination of proteins and the formation of autoantibodies to these citrullinated proteins (88). This correlates with increased inhibition of NET clearance and defective NETs by a few mechanisms. The enzyme PAD4 catalyzes citrullination and decondensation of chromatin-releasing DNA and histones, which are expelled as NETs (89). As noted above, PAD4 facilitates extDNA release in macrophages (74). In addition, PAD4 can citrullinate LL-37, alter its antiviral activity, and increase the immune response by epithelial cells (90). In addition to air pollution, PAD4 is overexpressed in neutrophils from diabetic patients, making such neutrophils more likely to undergo NETosis and lose antiviral activity due to LL-37 citrullination. This modification also reduces the wound healing impact of LL-37 in instigating neovascularization and angiogenesis (91).

Another important consideration is that LL-37 helps induce and stabilize NETs. LL-37 is critical in the formation of NETs in vitro, which makes it a potential target for inhibiting the expulsion of NETs (37). It has also been found to increase NET production in response to IAV pre-incubated with LL-37, although research into its effects when introduced post-infection are undetermined (87). In one study, phorbol myristate acetate (PMA) was used to incite NET release in cultures of neutrophils. In some cultures, NET production doubled when treated with 10 μM of LL-37. In studies performed by Neumann et al. using parallel assays with a random LL-37 fragment library, a positive correlation was observed between NET induction and the hydrophobicity of LL-37 fragments, thus suggesting that hydrophobicity plays a role in the induction of NETs (37). Of course, one should critically analyze studies utilizing PMA for NET induction because differences in inflammation signatures from pathogens versus PMA induction exist.

LL-37 is essential to NET survival and persistence once deployed, because LL-37 inclusion within NET structures protects neutrophil DNA from cleavage by bacterial nucleases, including Staphylococcus aureus and Streptococcus pneumoniae (92). In this study Neumann et al., again, used parallel assays with a random LL-37 fragment library and found that cationicity was a critical factor to the function of LL-37 in protecting neutrophil DNA from cleavage by bacterial nucleases (92). While it is unclear whether LL-37 prevents degradation by human nucleases, it has been found that LL-37, and cationic antimicrobial peptides in general, help to stabilize neutrophil-derived DNA and NETs against bacterial nuclease degradation.

Another concern of LL-37 is a possible contribution to extracellular DNA concentrations. Previous studies have found that LL-37 induces macrophages toward M1 differentiation which we have already seen produce extracellular DNA similar to that seen in NETs since both are released via PAD4 dependent mechanisms (74, 93). If this extracellular DNA nucleates thrombi such as NETs or contributes to non-productive inflammation, then experiments to determine the ability of LL-37 to aid in phagocytosis of extracellular DNA as NETs should be weighed against the ability of LL-37 to stimulate extracellular DNA release from macrophages. The ability of LL-37 to reduce macrophage IL-6 production should also be weighed against its impact on IL-6 production in epithelial cells. Previous studies raise the potential concern that introduction of LL-37 to bronchial epithelial cells may increase expression of IL-6 (94). The study was performed in epithelial cells that were not introduced to pathogens and research into whether LL-37 increases IL-6 production in epithelial cells that have been infected should be done. In some applications, this concern should be taken into consideration or could be managed with drugs that interrupt the NF-κB signaling pathway that induces increased expression of IL-6 (94).



Diabetes and COVID-19

Diabetes and hyperglycemia are significant comorbidities of COVID-19. Diabetic patients in a report from China were shown to have higher inflammatory serum markers and D-Dimer levels, which are linked to higher mortality in COVID-19 (95, 96). When comparing diabetic COVID-19 patients with non-diabetic patients the mortality risks increase with 1.9 odds ratio (OR), and risk of severe COVID-19 with 2.75 OR (97). A meta-analysis of 16 observational studies found that the OR of mortality among hyperglycemic patients relative to non-hyperglycemic patients was 3.45 and 2.08 for severe COVID-19 (98). The marked increases in COVID-19 severity and mortality associated with diabetes and hyperglycemia make them important areas of investigation to reducing the impacts of COVID-19.

Diabetes influences the host response to viruses in many ways. Notably, neutrophils from both type 1 and type 2 diabetic patients are primed to undergo NETosis, possibly due to an upregulation of PAD4, and wound healing is significantly delayed due to their presence (91). In addition to being primed to deploy NETs, neutrophils in diabetic mice were less likely to undergo apoptosis and clearance by macrophages. This leads to elevated levels of inflammatory cytokines such as TNF-α (99). These findings are consistent with clinical data, which shows patients with Type 2 Diabetes (T2D) have higher neutrophil-to-lymphocyte ratios and more severe COVID-19 outcomes than their non-diabetic counterparts (100). T2D has also been associated with higher calcium levels throughout the body (101, 102). This free calcium can play an important function in the regulation of NETosis events. Neutrophils isolated from human blood and stimulated by LPS and IL-8 show an increase in intracellular calcium. Moreover, treatment of neutrophils isolated from human blood with calcium ionophores promotes NET release (103–105). Hyperglycemia, which is related to diabetes (particularly T2D), is another major instigator of NETosis.

Hyperglycemia leads to activation of the polyol pathway, which enhances the formation of advanced glycation products, promotes the formation of reactive oxygen species that contribute to inflammation, and effectively reduces neutrophil opsonophagocytosis (106). Infection of β-cell islets by SARS-CoV-2 increases MAPK signaling, promotes β-cell apoptosis and exacerbates hyperglycemia (107–109). Hyperglycemia also “leads to greater MAP kinase signaling, NF-κB activity, and production of cytokines such as IL-6” (106). This general engagement of inflammatory cytokines is also associated with an increase in macrovascular complications (106). Another mechanism explaining the increase in macrovascular complications involves hyperglycemia and insulin resistance, which results in reduced intracellular Mg2+ (110). Magnesium deficiency increases the production of cytokines such as IL-1β, IL-6, TNF-α, vascular cell adhesion molecule-1, and plasminogen activator inhibitor-1 (111). IL-6 and TNF-α instigate neutrophil recruitment and activation (112). These results are consistent with the finding that hyperglycemia increases the release of NETs and circulating markers of NETosis (113). Lower serum magnesium is also associated with increased thrombotic risk and slowed fibrinolysis, which may contribute to, or stem from, NET-platelet thrombi (114). Hyperglycemia, and its associated hypertension, also, has a major impact on pericytes, causing vessels to weaken and form aneurysms in the case of diabetic retinopathy. This phenomenon may aid in explaining the increased severity of COVID-19 in diabetic patients (115).

Hyperglycemia causes significant disruptions in the renin–angiotensin–aldosterone system (RAAS). SARS-CoV-2 also disrupts the RAAS by increasing bradykinin levels through the downregulation of ACE, which clears bradykinin (116). As bradykinin accumulates, it increases the permeability of the local vasculature facilitating the recruitment of neutrophils, which instigates inflammation responses by releasing cytokines and perpetuating the cytokine storm (117–119). This explanation is consistent with the observation that polymorphonuclear leukocyte (PMN) infiltration in pulmonary capillaries and neutrophilic mucositis is observed in lung autopsies obtained from COVID-19 patients (120). This increase in vasopermeability and recruitment of neutrophils leads us to neutrophil extracellular traps (NETs), the next and arguably most important part of this complex inflammatory response interplay.



LL-37 and Diabetes

In an in vivo murine model of Type 1 Diabetes (T1D), cathelicidin-related antimicrobial peptide (CRAMP) is expressed in insulin producing β-cell islets. CAMP/LL-37 served as a stimulator of pancreatic β-cell Ca2+ release and promoted the subsequent release of insulin or glucagon. CAMP/LL-37 treatment also stimulated β-cell neogenesis and enhanced the upregulation of potentially beneficial gut microbes in murine models (121). In addition, CRAMP/LL-37 modulated the inflammatory profile of pancreatic macrophages near β-cell islets in a dose-dependent manner (122). Reductions in the expression of cytokines such as TNF-α and IL-12 have been observed in macrophages from diabetic mice treated with LL-37 (122). Thus, LL-37 may be useful in addressing MAS that appears to be an essential driver of COVID-19 pathology (86) and of recently emerging cases of T1D induced by COVID-19 (123). These findings suggest that LL-37 upregulation may be instrumental in controlling blood sugar levels and to the healthy survival and growth of insulin producing cells. It may also be important in addressing the complications of COVID-19 associated with diabetes and hyperglycemia.

In patients with T2D, NETs were found to contain LL-37, but its antibacterial abilities were found to be abrogated (124). Previous studies have shown that citrullination of LL-37 by PAD4 causes it to lose its antibacterial capacity, ability to promote clearance of extracellular DNA by dendritic cells, and even increases inflammatory responses in cells by abrogating some of LL-37’s immunomodulatory effects (125–128). We were unable to find literature investigating the impact of citrullination on LL-37’s antiviral capacity and recommend investigation into the field. It is known that T2D patients often overexpress PAD4, produce more NETs than non-diabetic reduced NET clearance, and mice models of T2D have increased difficulty in clearing NETs leading to decreased wound healing abilities (91). Patients treated with clarithromycin experience increased LL-37 load on NETs which enhanced wound healing and antibacterial and antiviral activity (124). We hypothesize that upregulated LL-37 can help control blood sugar levels, aid in combating diabetes, and act in a positive feedback loop to prevent citrullination and preserve its antimicrobial, immunomodulatory, and NET clearance activity (Figure 3).




Figure 3 | Interaction scheme of LL-37, NETosis, hyperglycemia, and diabetes that lead to severe COVID-19 symptoms. Relevant interactions are cited below. Created with BioRender.com.



In murine models, LL-37 improves wound healing in diabetic mice through its antimicrobial properties, while also directly activating endothelial cells in carrying out angiogenesis and neovascularization in repairing wounds (82). We hypothesize this is a function for addressing endothelial damage resulting from neutrophils and NETs responding to SARS-CoV-2 infections. LL-37 also prevents islet amyloid polypeptide (IAPP) self-assembly and subsequent β-cell damage in vitro (129).



Neurological Symptoms of COVID-19

Observed neurological consequences of COVID-19 include chronic fatigue, confusion, dizziness, seizures, visual deficits, encephalopathy, encephalitis, loss of smell and taste, Guillan-Barre Syndrome, and more (130, 131). In the brain, cerebrovascular consequences of COVID-19 such as ischemic stroke and intracerebral hemorrhage can also lead to neurological complication and even death (132). In one case, a COVID-19 patient had acute necrotizing encephalopathy marked with the presence of SARS-CoV-2 RNA, astrocytic activation markers, neuronal injury markers, and more in the cerebral spinal fluid, ultimately leading to them in a coma (133).

There are many potential mechanisms by which COVID-19 can induce these neurological symptoms. In addition to thrombotic risk, NETs also pose potential harm to the central nervous system. It was found that virally activated neutrophils and hypothesized specifically that their NETs and reactive oxygen species (ROS) cause demyelination of the central nervous system in mice infected with a neurotropic coronavirus (134). SARS-CoV-2 activated neutrophils, which have been shown to produce more NETs than control neutrophils, may produce NETs and ROS that contribute to the cognitive dysfunction referred to as “brain fog” that COVID-19 patients experience (40). Knowledge of the ability of NETs to serve as scaffolds for thrombi make them a possible instigator of ischemic stroke seen as well (36, 58, 135).

Neurological complications may also result from infection of astrocytes in the brain by SARS-CoV-2. SARS-CoV-2 has been found to enter the CNS of rhesus monkeys through the olfactory route (136). Once in the CNS, they can trigger inflammatory sequences and dysfunction of surrounding cells. At least one study preprint found astrocytes are disproportionately infected by SARS-CoV-2 and express cell stress signals such as ARCN1 (137). We also saw increased astrocytic activation markers in the autopsy of the patient with acute necrotizing encephalopathy (133). Another preprint study analyzing infection by SARS-CoV-2 in macaques found the formation of Lewy bodies (138). These plaques, which are predominantly composed of alpha-synuclein, are associated with the pathology of Parkinson’s disease and have been hypothesized to derive from a viral etiology including influenza A, norovirus and others (139–141). In a preprint, data from autopsies corroborated the presence of SARS-CoV-2 in all lobes of the brains of COVID-19 patients although there was a lack of inflammation (142).

A high frequency of anti-neuronal autoantibodies in COVID-19 patients could also contribute to cognitive dysfunction (143). The infection of pericytes inducing their dysfunction, and possibly, their function in effectively regulating the blood-brain barrier (BBB) raises concern. Pericytes prevent vessel degeneration and BBB disruption, and act as phagocytes by performing pinocytosis (115). One in vivo preprint study of SARS-CoV-2 infection of pericytes revealed vasoconstriction in the BBB (51).



LL-37 and SARS-CoV-2 in the Nervous System

Since the macaque model of COVID-19 has shown elevated levels in the brain of alpha-synuclein plaques, the role of alpha-synuclein production (if any) in common brain-fog and the attendant possible long-term impacts of COVID-19 is of interest (138). Similarly, since the brain has some of the highest levels of LL-37 expression (144) and LL-37 has previously been shown to suppress alpha-synuclein amyloid formation in cell culture, the impact of cathelicidin induction in addressing these sequelae deserves further investigation (145). We hypothesize enhanced LL-37 expression may address some consequences of COVID-19 by inhibiting alpha-synuclein aggregation and oligomer-induced cell damage and preventing infection of astrocytes as shown in Figure 4. Alpha synuclein plaques are associated with progression of Parkinson’s disease and LL-37 may also serve as a mechanism to reduce progression of the disease in COVID-19 patients. Vitamin D3, an up regulator of LL-37, has been hinted as helpful in addressing Parkinson’s in COVID-19 patients due to its super-promoter activity of Nrf2-KEAP, which promotes protective antioxidant and Ca2+ production and may work in conjunction with the potentially protective effect of LL-37 (146).




Figure 4 | Interaction scheme of SARS-CoV-2 and the brain overlaid with potential antagonistic or therapeutic benefits of LL-37. Adapted from “Brain Vascular System” and “Progression of Parkinson’s Disease by the Substantia Niagra”, by BioRender.com (2021). Retrieved from https://app.biorender.com/biorender-templates.



LL-37 may also provide a role in preventing pericyte dysregulation and astrocyte dysfunction through binding the S1 domain of SARS-CoV-2 and cloaking ACE-2 receptors (20). CRAMP has been shown to have antimicrobial activity in astrocytes of mice models responding to bacterial supernatants, demonstrating the co-location of cathelidin and astrocytes in response to pathogens (147). LL-37 may also prepare astrocytes for infection by gearing them into a pro-inflammatory state with upregulated IL-1β and IL-6, but this inflammatory state must be reduced upon infection to prevent chronic inflammation and disease (144). Research into the impacts of LL-37 in various cell lines of the brain post infection should also be conducted as a dual effect of LL-37 as pro-inflammatory in early infection but anti-inflammatory in cells that have encountered a pathogen has been previously noted (148).



Inducers of LL-37

1,25(OH)2D3 upregulation of LL-37 is a highly conserved pathway in humans and one of the major inducers of LL-37 in the body (149, 150). In addition to vitamin D, some short-chain fatty acids are able to induce the expression of the CAMP gene, such as butyrate (151). However, butyrate is undesirable as a therapeutic compound, due to its noxious odor. Phenylbutyrate is a highly effective substitute, since it also induces CAMP gene expression but does not have a disagreeable odor (152). The combination of 1,25(OH)2D3 and phenylbutyrate is synergistic in its ability to induce CAMP gene expression in humans, providing enhanced expression of LL-37 and antibacterial activity, relative to what is achieved with just one of the two compounds (153). In the United States and most European countries, phenylbutyrate is an approved drug for the treatment of Urea-Cycle Disorders in both adult and pediatric patients (154). It was shown that phenylbutyrate induction of the CAMP gene required the vitamin D receptor (155). The synergistic induction of the CAMP gene by the combination of vitamin D3 and phenylbutyrate holds potential as a novel adjunct therapy for bacterial infections, particularly tuberculosis. Based on a dosage study done in humans, the ideal dose for induction of cathelicidin to treat lung infection is 5000 IU vitamin D3 taken daily, plus 500 mg phenylbutyrate per dose taken twice per day (156–159). Phenylbutyrate also showed promise in a preclinical animal trial using rabbits for the treatment of enteropathogenic E. coli-induced diarrhea (160). Certain phenylbutyrate analogs also induce CAMP gene expression. These include, for example, α-methylhydrocinnamate (ST7) (152).

Other compounds also induce the expression of the CAMP gene, although many of these inducers operate via mechanisms that are not fully understood and are independent of the VDR. For instance, the compound curcumin induces CAMP gene expression by a VDR-independent mechanism (161). Additionally, compounds from the family of stilbenoids (in particular resveratrol or pterostilbene) also induce CAMP gene expression by a VDR-independent mechanism, which is also synergistic with 1,25(OH)2D3 (162). Resveratrol induces cathelicidin expression by a novel mechanism involving sphingosine-1-phosphate pathway signaling (163, 164). Genistein, a soy-derived isoflavanoid, also induces cathelicidin expression by a sphingosine-1-phosphate stimulation mechanism (165).

Additional inducers of CAMP gene expression continue to emerge. In 2016, a novel family of compounds called aroylated phenylenediamines was developed to potently induce expression of the CAMP gene. This family includes the compound Entinostat, which has proven efficacious in treating shigellosis and cholera in rabbit models (166–168). Polysaccharide extracts from Vaccaria segetalis seeds (VSP) upregulated CRAMP expression in treated mice and LL-37 expression in A498 cells (169).

In this respect, it is notable that CAMP gene expression is observed in subjects upon exposure to certain external stimuli. For example, exercise induces cathelicidin expression in mice, even after very short (10-minute) sessions (170). Indeed, LL-37 is expressed in sweat, and is localized to both the eccrine gland and sweat ductal epithelial cells (171). Cathelicidin was also strongly induced by exposure to UVB ultraviolet light (172).



Clinical Trials Evaluating Effects of LL-37’s Effects on COVID-19

Careful consideration of the drugs used to treat COVID-19 reveals relationships to LL-37. Clarithromycin, which is identified above as a regulator of LL-37 concentration on the surface of NETs, is currently under investigation in clinical trials. Metformin, an AMPK activator, has been found to facilitate clearance of NETs (173), decrease the production of pro-inflammatory cytokines and nuclear factors (such as NF-κB) when bound to certain Toll-like-receptors (such as TLR4) (174), and increase insulin sensitivity to reduce hyperglycemia by downregulating NF-κB and TLR4 (175). LL-37 shows similar characteristics as it stimulates the P2X7 receptor which stimulates autophagy in macrophages, in combination with phenylbutyrate and AMPK signaling (176). LL-37 also reduces the expression of TLR4 in murine dendritic cells (177) and lessens TLR4 activation by LPS in J774 macrophages (178). No studies analyzing LL-37’s impact on virally stimulated macrophages were found in our search. TLR4 has been hypothesized to regulate the severity of COVID-19 by binding to SARS-CoV-2 and upregulating cell-surface expression of ACE-2 (179). LL-37 has also been found to modulate blood glucose level effectors and participate in NET clearance as discussed above. These studies suggest a possible clinical benefit in upregulating LL-37.



Discussion

The therapeutic benefits of inducing LL-37 (Table 1) warrant investigation, not only as a tool for combating SARS-CoV-2 infection but also for applications to the ongoing discovery of longitudinal symptoms and known consequences of infection. The unexplored role of LL-37 in NET formation and clearance may prove to be of critical importance in preventing and ameliorating COVID-19-associated microthrombosis. Furthermore, the ability of LL-37 to instigate bronchial revascularization and angiogenesis has the potential to be critical for recovery. The ability of LL-37 to encourage insulin release and its role in the proper function of NETs in diabetic and hyperglycemic patients could provide another tool in the fight against SARS-CoV-2, since it addresses a major comorbidity of severe COVID-19. Lastly, LL-37 may disrupt some of the consequences of infection, such as alpha-synuclein plaque deposition in the brain, and IAPP plaque deposition in the pancreas associated with the development of insulin insensitivity. The immunomodulatory powers of LL-37 expression have been referenced by recent studies on the effects of vitamin D3 supplementation in modulating COVID-19 disease progression (44, 180). The vitamin D pathway directly induces LL-37 in humans, contributes to a myriad of other benefits to the immune system, and appears to reduce mortality rates by 80% in COVID-19 patients in the UK (181, 182). This relationship is relevant in the lungs, the tissue most impacted by the disease. Lung epithelial cells can change inactive vitamin D3 to its active form, which subsequently produces active LL-37 peptide locally (15, 183). Further investigations of the vitamin D3/LL-37 axis in relation to SARS-CoV-2 may be crucial to the creation of a widely accessible therapeutic strategy to combat infection and disease caused by this rapidly evolving virus.


Table 1 | List of potential therapeutic effects of LL-37 against COVID-19 separated based on mechanism of action and system targeted.
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131. Izquierdo-Domínguez, A, Rojas-Lechuga, MJ, Chiesa-Estomba, C, Calvo-Henríquez, C, Ninchritz-Becerra, E, Soriano-Reixach, M, et al. Smell and Taste Dysfunction in COVID-19 Is Associated With Younger Age in Ambulatory Settings: A Multicenter Cross-Sectional Study. J Investig Allergol Clin Immunol (2020) 30:346–57. doi: 10.18176/jiaci.0595

132. Paterson, RW, Brown, RL, Benjamin, L, Nortley, R, Wiethoff, S, Bharucha, T, et al. The Emerging Spectrum of COVID-19 Neurology: Clinical, Radiological and Laboratory Findings. Brain (2020) 143:3104–20. doi: 10.1093/brain/awaa240
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The worldwide COVID-19 pandemic has claimed millions of lives and has had a profound effect on global life. Understanding the body’s immune response to SARS-CoV-2 infection is crucial in improving patient management and prognosis. In this study we compared influenza and SARS-CoV-2 infected patient cohorts to identify distinct blood transcript abundances and cellular composition to better understand the natural immune response associated with COVID-19, compared to another viral infection being influenza, and identify a prognostic signature of COVID-19 patient outcome. Clinical characteristics and peripheral blood were acquired upon hospital admission from two well characterised cohorts, a cohort of 88 patients infected with influenza and a cohort of 80 patients infected with SARS-CoV-2 during the first wave of the pandemic and prior to availability of COVID-19 treatments and vaccines. Gene transcript abundances, enriched pathways and cellular composition were compared between cohorts using RNA-seq. A genetic signature between COVID-19 survivors and non-survivors was assessed as a prognostic predictor of COVID-19 outcome. Contrasting immune responses were detected with an innate response elevated in influenza and an adaptive response elevated in COVID-19. Additionally ribosomal, mitochondrial oxidative stress and interferon signalling pathways differentiated the cohorts. An adaptive immune response was associated with COVID-19 survival, while an inflammatory response predicted death. A prognostic transcript signature, associated with circulating immunoglobulins, nucleosome assembly, cytokine production and T cell activation, was able to stratify COVID-19 patients likely to survive or die. This study provides a unique insight into the immune responses of treatment naïve patients with influenza or COVID-19. The comparison of immune response between COVID-19 survivors and non-survivors enables prognostication of COVID-19 patients and may suggest potential therapeutic strategies to improve survival.
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Introduction

Previous studies investigating the differences between patients with COVID-19 or influenza on admission to hospital found that both patient groups present with similar systemic inflammation marker levels including C-reactive protein (CRP), white blood cell count, neutrophil count and neutrophil/lymphocyte ratio (1). Once hospitalised, patients with COVID-19 are at a higher risk of developing respiratory distress, pulmonary embolism, septic shock and haemorrhagic strokes, had a longer length of stay in intensive care, and were more likely to require mechanical ventilation compared to patients with influenza (2). The in-hospital mortality was found to be roughly three times higher for COVID-19 compared to influenza (2).

The viral immune response against influenza is well characterised (3), it involves the innate immune system [e.g. macrophages, granulocytes and dendritic cells, which release proinflammatory cytokines and type I interferons (IFN)] to inhibit viral replication, recruit other immune cells to the site of infection, and stimulate the adaptive immune response which consists of a humoral and a cellular mediated immunity, initiated principally by virus-specific antibodies and T cells. Our current understanding indicates that COVID-19 severity and duration are due to a total or early innate immune and IFN response evasion by SARS-CoV-2 (4–7). While patients infected with influenza are able to mount an IFN response (1), which correlates with quicker recovery and decreased disease severity and mortality (8, 9). Similarly, early administration of IFN-beta for COVID-19 patients results in a lowered in-hospital mortality and quicker recovery (10, 11). Pro-inflammatory cytokine expression occurs for a prolonged time in patients with COVID-19 at similar levels with influenza patients (1), with interleukin (IL)-6 and IL-10 (12–14) associated with increased COVID-19 severity, while it has been observed that the presence of antibodies, CD4+ and CD8+ T cells are correlated with a positive patient outcome (15). Therefore, a key question is if an adaptive immune response differs depending on the disease, and whether specific prognostic markers can be identified.

To address this, we first compared a cohort of hospitalised patients infected with influenza virus with an equivalent cohort of SARS-CoV-2 infected patients identified from individuals hospitalised during the first wave of the pandemic and prior to the availability of approved COVID-19 treatments and vaccines. Secondly, we compared individuals who either survived COVID-19 or who succumbed to COVID-19. Both analyses provides us insights to a natural specific antiviral immune response associated with COVID-19, and with COVID-19 survival. Clinical parameters were recorded and peripheral blood, used for RNA sequencing (RNA-seq), were taken at admission to hospital. We aimed to identify distinct patterns of blood transcript abundances and cellular composition to better understand the COVID-19 specific antiviral immune response and to identify a prognostic signature indicative of COVID-19 outcome.



Materials and Methods


Recruitment of Patients Positive for SARS-CoV-2 or Influenza Infection

The study was approved by the South Central - Hampshire A Research Ethics Committee (REC): REC reference 20/SC/0138 (March 16th, 2020) for the COVID-19 point of care (CoV-19POC) trial; and REC reference 17/SC/0368 (September 7th, 2017) for the FluPOC trial. Patients gave written informed consent or consultee assent was obtained where patients were unable to give consent. The studies were prospectively registered with the ISRCTN trial registry: ISRCTN14966673 (COV-19POC) (March 18th, 2020), and ISRCTN17197293 (FluPOC) (November 13th, 2017).

The COV-19POC study was a non-randomised interventional trial evaluating the clinical impact of molecular point-of-care testing (mPOCT) for SARS-CoV-2 in adult patients. The trial took place during the first wave of the pandemic, from 20th March to 29th April 2020, and prior to the availability of approved COVID-19 treatments. Patients (≥ 18 years old) were recruited from the Acute Medical Unit (AMU), Emergency Department (ED) or other acute areas of Southampton General Hospital when presenting with acute respiratory illness (ARI), or without ARI but suspected SARS-CoV-2 infection, or without ARI and not a suspected COVID-19 case, according to Public Health England guidelines, but where SARS-CoV-2 testing is considered necessary by the clinical team. ARI is defined as an acute upper or lower respiratory illness or an acute exacerbation of a chronic respiratory illness. Patients were excluded who did not meet the inclusion criteria, declined nasal and/or pharyngeal swabbing, consent declined or whom were already recruited to the study in the last 14 days (16). For this comparative study patients were included who were found to be SARS-CoV-2 positive, according to the QIAGEN QIAstat-Dx PCR testing platform with the QIAstat-Dx Respiratory SARS-CoV-2 Panel (17), in the COV-19POC study.

The FluPOC study was a multicentre randomised controlled trial evaluating the clinical impact of mPOCT for influenza in hospitalised adult patients with acute respiratory illness, during influenza season, using the BioFire FilmArray platform with the Respiratory Panel 2.1 (18). The trial took place during influenza seasons over the two winters of 2017/18 and 2018/19. Patients (≥ 18 years old) presenting with ARI, duration less than 10 days prior to admission to hospital, were recruited from the AMU and ED of Southampton General Hospital and Royal Hampshire County Hospital. Patients were excluded when not fulfilling all the inclusion criteria, receiving a purely palliative treatment approach, declining nasal and/or pharyngeal swabbing, consent declined or whom were previously recruited and re-presented after 30 days after hospital discharge (19).

All participants were recruited within the first 24 hours of admission to hospital, and prior to any treatments. Blood samples including whole blood in PAXgene Blood RNA tubes (BRT) (Preanalytix) were collected from 80 SARS-CoV-2 positive patients and 88 influenza positive patients, within 24 hours of enrolment, and stored at -80°C. For both cohorts the demographic and clinical data were collected at enrolment and outcome data from case note and electronic systems. ALEA and BC data management platforms were used for data capture and management.



Comparison of Baseline Clinical Characteristics

Baseline clinical characteristics of the patient groups were assessed using R (20) (v4.0.2) and RStudio (21) (v1.3.959) for comparisons between COVID-19 versus influenza, and COVID-19 survivors versus non-survivors. Extreme outliers (values < Q1 - 3 interquartile range, or > Q3 + 3 interquartile range) were identified with the R package rstatix (22) (v0.7.0) and removed. Statistical testing was performed including a Shapiro-Wilk test to assess for data normality followed with either an unpaired parametric T-test (Shapiro-Wilk test p-value > 0.05) or an unpaired non-parametric Wilcoxon test (Shapiro-Wilk test p-value < 0.05) for continuous data, or a Chi-square test for categorical data. The R package table 1 (23) (v1.3) was used to plot the baseline clinical characteristics.



Extraction of RNA From Clinical Samples and Illumina Sequencing

Total RNA was extracted from PAXgene BRT using the PAXgene Blood RNA Kit (PreAnalytix), according to the manufacturer’s protocol at Containment Level 3 in a Tripass Class I hood. Extracted RNA was stored at -80°C until further use. Following the manufacturer’s protocols, total RNA was used as input material into the QIAseq FastSelect–rRNA/Globin Kit (Qiagen) protocol to remove cytoplasmic and mitochondrial rRNA and globin mRNA with a fragmentation time of 7 or 15 minutes. Subsequently the NEBNext® Ultra™ II Directional RNA Library Prep Kit for Illumina® (New England Biolabs) was used to generate the RNA libraries, followed by 11 or 13 cycles of amplification and purification using AMPure XP beads. Each library was quantified using Qubit and the size distribution assessed using the Agilent 2100 Bioanalyser and the final libraries were pooled in equimolar ratios. Libraries were sequenced using 150 bp paired-end reads on an Illumina® NovaSeq 6000 (Illumina®, San Diego, USA). Raw fastq files were trimmed to remove Illumina adapter sequences using Cutadapt v1.2.1 (24). The option “−O 3” was set, so that the 3’ end of any reads which matched the adapter sequence with greater than 3 bp was trimmed off. The reads were further trimmed to remove low quality bases, using Sickle v1.200 (25) with a minimum window quality score of 20. After trimming, reads shorter than 10 bp were removed.



Data QC and Alignment

QC of read data was performed using FastQC (26) (v0.11.9) and compiled and visualised with MultiQC (27) (v1.5). Samples with <20 million total reads were excluded from further analysis. The STAR index was created with STAR’s (28) (v2.7.6a) genome Generate function using GRCh38.primary_assembly. genome.fa and gencode.v34.annotation.gtf (29) (both downloaded from GENCODE), with –sjdbOverhang 149 and all other settings as default. Individual fastq files were aligned using the –twopassMode Basic flag, with the following parameters specified (following ENCODE standard options): –outSAMmapqUnique 60, outFilterType BySJout, –outFilterMultimapNmax 20, –align SJoverhangMin 8, –outFilterMismatchNmax 999, –out FilterMismatchNoverReadLmax 0.04, –alignIntronMin 20, –alignIntronMax 1000000, –alignMatesGapMax 1000000 and all other options as default. For rMATs (30) (v4.1.0) analysis, STAR was run again as before, but with the addition of –alignEndsType EndToEnd. SamTools (31) (v1.8) was used to sort and index the aligned data.



Systems Immunology-Based Analysis of Blood Transcript Modules

BTM analysis was performed with molecular signatures derived from 5 vaccine trials (32) as a reference dataset, and BTM activity was calculated using the BTM package (32) (v1.015) in Python (33) (v3.7.2) using the normalized counts as input. Module enrichment significance was calculated using CAMERA (34) (v3.46.0). The significance threshold for the linear model was set at FDR 0.05 for the comparison between patients with COVID-19 or influenza.



Differential Gene Expression Analysis Between Patient Groups

HTSeq (35) (v0.11.2) count was used to assign counts to RNA-seq reads in the SamTools sorted BAM file using GENCODE v34 annotation. Parameters used for HTSeq were –format=bam, –order=pos, –stranded=reverse, –type=exon and the other options were kept at default. EdgeR (36) (v3.30.3) was used for differential gene expression analysis with R (v4.0.2) in RStudio (v1.3.959). Genes with low counts across all libraries were filtered out using the filterByExpr command. Filtered gene counts were normalised using the Trimmed Mean of M -values (TMM) method. A PCA graph was constructed based on all differentially expressed genes to assess sample clustering. Differentially expressed genes were identified, after fitting the negative binomial models and obtaining dispersion estimates, using the exact test and using a threshold criteria of FDR p-value < 0.05 and log2 fold change < -1 and > 1. Genes which were within the threshold criteria were used for ToppGene gene list enrichment analysis, using the default settings, and GO biological process terms.



Unbiased Gene Co-Expression Analysis

Gene co-expression analysis was performed with BioLayout (37) (v3.4) using a correlation value of 0.95, other settings were kept at default. Clusters were manually assessed to determine gene expression differences depending on for example patient cohort. Gene clusters were subsequently analysed with ToppGene (38) gene list enrichment analysis, using the default settings, and Gene Ontology (GO) (39, 40) biological process terms. The TMM normalised RNA-seq counts were used, together with the clinical phenotype information, for weighted correlation network analysis (WGCNA) with the R package WGCNA (41), using default settings and a power of 3.



Topological Mapping of Global Gene Patterns

TopMD Pathway Analysis (42) was conducted using the differential transcript abundances identified by differential gene expression analysis, generating a map of the differentially activated pathways between all patients with COVID-19 or influenza. The TopMD pathway algorithm measures the geometrical and topological properties of global differential gene expression embedded on a gene interaction network (43). This enables plotting and measurement of the differentially activated pathways through extrapolation of groups of mechanistically related genes, called TopMD pathways. TopMD pathways possess a natural hierarchical structure and can be analysed for enriched GO terms, by chi-square test.



In Silico Immune Profiling Predicting Immune Cell Levels Between Patient Groups

Relative abundance of 22 immune cell types and their statistical significance was deconvoluted from whole blood using the reference gene signature matrix (LM22) using CIBERSORTx (44). CIBERSORTx analysis was conducted on the CIBERSORTx website (45) using 100 permutations. Immune cell distribution between the groups were compared by Mann–Whitney test.



Identification of Immune Signatures as a Predictor for COVID-19 Outcome

Transcript to transcript gene co-expression network analysis with BioLayout 3D (v3.4) (Pearson coefficient 0.85, MCL=1.7) assembled 537 genes differentially expressed (EdgeR, FDR < 0.5 and |log2 fold change > 1|) in blood taken on admission between patients with COVID-19 who either survived or died of COVID-19 within 30 days of admission to hospital. Combinations of 100 genes from the top 4 clusters were assessed as predictor variables for outcome using Boosted Logistic Regression, Bayesian Generalised Linear and RandomForest models within SIMON (46) (v0.2.1) installed with Docker (47) (v20.10.2). TMM normalised gene expression data was centred and scaled. Covariant features were removed based on correlation analysis. Samples were randomly split into train:test subsets at the ratio 75%:25%.




Results

RNA-seq was undertaken for 80 patients with COVID-19 and 88 patients with influenza. Two patients with COVID-19 were identified as outliers and subsequent assessment revealed elevated white blood cell and lymphocyte counts caused by pre-existing chronic lymphocytic leukaemia (Supplementary Figure 1). Five patients with influenza failed quality control (QC) (read count < 20M). This left 78 patients with COVID-19, of whom 62 survived and 16 died within 30 days of hospital admission, and 83 patients with influenza.


Clinical Differences

Baseline clinical characteristics of the patients with COVID-19 or influenza were assessed. No differences in sex or age were detected, however, a higher proportion of patients with influenza were of White British ethnicity (p-value 1.12x10-05) and were current smokers (p-value 9.07x10-05). Patients with COVID-19 more commonly had hypertension (p-value 1.42x10-02), liver disease (p-value 3.63x10-02) and diabetes mellitus (p-value 6.44x10-03), whilst underlying chronic respiratory disease was more common in patients with influenza (p-value 1.22x10-03). Prior to hospital admission patients with COVID-19 had a longer duration of symptoms (p-value 1.17x10-05). At hospital admission a higher respiratory rate (p-value 2.79x10-02), the administration of supplementary oxygen (p-value 6.81x10-03), higher levels of CRP (p-value 1.73x10-03) and lymphocytes (p-value 2.76x10-02) were all associated with COVID-19 and once admitted a longer length of stay (p-value 5.51x10-10) was associated with increased 30 day mortality (p-value 4.42x10-05) (Table 1).



Table 1  | Baseline clinical characteristics and outcomes of hospitalised patients with COVID-19 or influenza.



An increased 30-day mortality was associated with older patients (p-value 2.58x10-09) between COVID-19 survivors and non-survivors. These non-survivors had a shorter duration of symptoms before being admitted to hospital (p-value 5.38x10-03) and underlying comorbidities including hypertension (p-value 1.93x10-03), cardiovascular disease (p-value 3.97x10-03), diabetes mellitus (p-value 2.31x10-02) and respiratory disease (p-value 1.06x10-02). Laboratory results of blood taken at hospital admission indicated higher levels of white blood cells (p-value 3.83x10-02), total protein (p-value 2.5x10-03), creatinine (p-value 3.87x10-02), alanine aminotransferase (p-value 2.85x10-02), troponin (p-value 2.37x10-04), tumour necrosis factor α (TNFα) (p-value 1.43x10-02), IL-6 (p-value 2.78x10-03), IL-8 (p-value 2.24x10-02), IL-1β (p-value 3.78x10-02) and IL-10 (p-value 7.51x10-02) in patients with COVID-19 who died within 30 days after admission to hospital. Higher admission heart rates were seen in survivors compared to non-survivors (p-value 9.27x10-03) (Table 2).


Table 2 |  Baseline clinical characteristics and outcomes of hospitalised COVID-19 patients: survivors versus non-survivors.





Molecular Differences

The median sequencing depths obtained were: 60.4 million reads for the patients with COVID-19, 58.9 million reads for the patients with influenza (Supplementary Figure 2A), 55.7 million reads for the COVID-19 non-survivors and 62.6 million reads for the COVID-19 survivors (Supplementary Figure 2B). Clustering of blood transcriptomes revealed homogeneity between patients with COVID-19 or influenza suggesting any variation to be subtle (Supplementary Figure 3A), while a partial separation was found between patients who survived or died of COVID-19 indicative of a larger variation (Supplementary Figure 3B).



Contrasting Innate and Adaptive Immune Programmes

Analysis of blood transcript modules (BTMs) between patients with COVID-19 or influenza revealed upregulated BTMs in COVID-19 related to the cell cycle and adaptive immune response, primarily CD4+ T cells, B cells, plasma cells and immunoglobulins. In contrast, downregulated BTMs showed signatures associated with monocytes, inflammatory signalling and an innate antiviral and type I IFN response (Supplementary Figure 4). Gene co-expression analysis, on a total of 4,093 transcript abundances, between patients with COVID-19 or influenza, identified 50 clusters of four or more genes. These clusters of increased transcript abundances clearly separated patients with COVID-19 from patients with influenza (Figure 1 and Table 3). Gene clusters specific for patients with COVID-19 were involved in adaptive immunity, pointing to activation/priming of T cells and B cells, including induction of proliferation (cluster 4, FDR 3.97x10-57), neutrophil degranulation (cluster 9, FDR 4.33x10-19) and blood coagulation (cluster 6, FDR 2.84x10-12). While gene clusters specific for patients with influenza were involved with innate immunity, including genes expressed in plasmacytoid dendritic cells (cluster 2, FDR 4.17x10-22) associated with defence response to virus (cluster 2, FDR 1.34x10-37), and genes associated with type 1 helper T cell stimulation (cluster 10, FDR 4.53x10-03), dendritic cell morphogenesis (cluster 11, FDR 1.37x10-02), and myeloid cell activation (cluster 1, FDR 5.16x10-13 and cluster 8, FDR 4.15x10-04).




Figure 1 | Top 12 clusters identified with BioLayout. (A) Enrichment of gene clusters in blood of patients with influenza (annotated in red) and COVID-19 (annotated in blue). Increased abundances of gene transcripts in influenza patients are involved with an innate immune response, while in COVID-19 clusters are involved with an adaptive immune response, blood coagulation and neutrophil degranulation. (B) After TMM normalisation a significant difference in gene clusters between patients with influenza or COVID-19 was detected. The abundance of gene transcripts involved with an innate immune response and plasmacytoid dendritic cell were observed to be higher in influenza patients. In contrast, the abundance of gene transcripts involved with an adaptive immune response and neutrophil degranulation was higher in COVID-19 patients.




Table 3 | Summary of the top 12 BioLayout clusters.





Topological Mapping of Global Gene Patterns

Topological analysis was used to define a global map of differentially activated pathways between COVID-19 and influenza. The first differentially activated pathway, with peak gene UBA52, was associated with cytoplasmic ribosomal proteins (FDR 1.55x10-146) and translation factors (FDR 7.90x10-07). This pathway was also found to be enriched for genes expressed by transcription factor Myc against the ChEA 2016 transcription factor database (FDR 7.07x10-53) and of dendritic cells in the ARCHS4 transcription factors’ co-expression database (FDR 1.34x10-36). Activated Myc represses IRF7 and a significantly lower abundance of IRF7 was found in patients with COVID-19 (Supplementary Figure 5). The second differentially activated pathway, with peak gene NDUFAB1, was associated with mitochondrial complex I assembly model OXPHOS system (FDR 2.81x10-66). The third differentially activated pathway, with peak gene PSMD14, was associated with proteasome degradation (FDR 1.46x10-64) [Supplementary Figure 6 with full detail in Supplementary File 1 and the global map of differentially activated pathways available online (48)].



Deconvolution of Cell Subsets Supports Innate and Adaptive Immune Response Differences

Levels of different predicted immune cell types were assessed between patients with COVID-19 or influenza. Patients with COVID-19 had significantly higher levels of M0 macrophages (p-value 3.63x10-06), plasma cells (p-value 5.05x10-04), cytotoxic CD8+ T cells (p-value 4.58x10-03), regulatory T cells (p-value 7.30x10-03) and resting natural killer cell (p-value 8.90x10-03). While patients with influenza had significantly higher levels of activated dendritic cells (p-value 2.23x10-02) (Figure 2A and Supplementary Figure 7A). Predicted immune cell type levels between COVID-19 survivors and non-survivors indicated an increase of neutrophils (p-value 2.84x10-04) in patients who died of COVID-19 indicative of an elevated innate immune response. In contrast, an increase of naïve CD4+ T cells (p-value 1.92x10-03), M0 macrophages (p-value 1.20x10-02), M2 macrophages (p-value 1.48x10-02), naïve B cells (p-value 1.57x10-02) and naïve cytotoxic CD8+ T cells (p-value 2.31x10-02), were identified in patients who went on to survive COVID-19 indicative of an adaptive immune response (Figure 2B and Supplementary Figure 7B).




Figure 2 | Differences in immune response indicated by predicted cell types in patients with COVID-19, who either survived or died, and patients with influenza. (A) M0 macrophages, resting natural killer (NK) cells, plasma cells, cytotoxic CD8+ T cells and regulatory T cells were found to be significantly higher in COVID-19 patients. In influenza patients a significantly higher proportion of activated dendritic cells was detected. (B) A statistically significant higher count of neutrophils in COVID-19 patients who died after 30 days indicating the presence of an elevated innate immune response. While an adaptive immune response was detected in COVID-19 survivors as can be seen by the statistically significant higher count of naïve B cells, and CD4+ and CD8+ T cells.





Adaptive Immune Response Associates With Patient Survival in COVID-19

After filtering out transcripts with low counts a total of 20,542 gene transcript abundance measures were obtained between patients with COVID-19 or influenza, and 23,850 gene transcript abundance measures between COVID-19 survivors and non-survivors. After further filtering (FDR < 0.05, log2 fold change < -1 or > 1) the following number of transcripts were found at a higher abundance: 71 transcripts in patients with influenza, 126 transcripts in patients with COVID-19 (Figure 3A and Supplementary File 2), 265 transcripts in COVID-19 survivors and 272 transcripts in COVID-19 non-survivors (Figure 3B and Supplementary File 3). The transcripts with increased abundance in patients with COVID-19 were associated with humoral immune response, complement activation and B cell mediated immunity (Figure 3C), and the majority of these COVID-19 specific transcripts (83/126) were immunoglobulin genes, associated with an adaptive immune response, and were present at a higher abundance in primarily patients with COVID-19 (Supplementary Figure 8). This adaptive immune response, including complement activation, B cell mediated immunity and a humoral immune response mediated by circulating immunoglobulins, was associated specifically with COVID-19 survivors (Figure 3D). While the transcripts specific for COVID-19 non-survivors were associated with an inflammatory response including interleukin signalling, neutrophil activation and neutrophil degranulation (Figure 3E).




Figure 3 | Adaptive immune response associated with COVID-19 and a positive patient outcome. Volcano plots (A) between patients with COVID-19 or influenza and (B) between COVID-19 survivors and non-survivors, threshold criteria used FDR < 0.05 and log2 fold change < -1 or >1, transcript which met criteria were used for enrichment analysis with ToppGene. (C) Enrichment analysis of the transcripts with an increased abundance in patients with COVID-19 identified an increased adaptive immune response which was also detected in (D) patients with COVID-19 who were still alive 30 days after hospital admission. (E) Increased innate immune response in patients who died of COVID-19 after 30 days of hospital admission. Percentage in annotation is the ratio of the input query genes overlapping with the genes in the pathway annotation.





Clinical Covariates and Their Correlation With the Abundance of Different Gene Transcript Clusters

Weighted gene co-expression network analysis (WGCNA) identified 23 modules of co-expressed gene transcripts, and these were assessed with GO analysis to identify the associated biological processes terms. Furthermore, the correlation between these gene transcripts modules and the known clinical covariates was determined to investigate the potential drivers of the differences in gene transcript abundances (Supplementary Figure 9). The gene module which had the highest positive correlation (0.51, p-value 3x10-12) with the type of viral infection, was found to be involved with complement activation via the classical pathway. This gene module was characterised by a weaker positive correlation (0.34, p-value 1x10-05) with the duration of symptoms before hospital admission, lymphocyte count (0.33, p-value 2x10-05), and a negative correlation with the presence of other underlying chronic respiratory disease (-0.37, p-value 1x10-06). Additionally, B cell activation was negatively correlated with e.g. age (-0.32, p-value 4x10-05) and death within 30 days of hospital admission (-0.25, p-value 1x10-03). While neutrophil degranulation and myeloid leukocyte activation were positively correlated among others with oxygen supplementation (r=0.26, p-value 1x10-03), and death within 30 days of admission (r=0.25, p-value 1x10-03) respectively. The type of viral infection was furthermore the biggest driver for differences in blood coagulation (r=0.39, p-value 2x10-07), cellular response to interleukin-13 (r=0.38, p-value 5x10-07). In contrast, positive regulation of chemokine production was negatively correlated with the type of viral infection (r=-0.28, p-value 3x10-04) (Table 4).


Table 4 | Clinical covariates and their correlation with different gene transcript clusters.





Immune Signatures as Predictors of COVID-19 Outcome

A distinct immune signature was selected and assessed for prediction accuracy in stratifying patients with COVID-19 for disease outcome. This signature consists of 47 genes (Figure 4A), representative of the four biggest gene clusters associated with COVID-19 survival or fatality. These gene clusters are associated with humoral immune response mediated by circulating immunoglobulin (FDR p-value 2.23x10-46), nucleosome assembly (FDR p-value 5.46x10-19), regulation of T-helper 1 cell cytokine production (FDR p-value 4.24x10-03) and regulation of T cell activation (FDR p-value 4.51x10-04) (Supplementary Figure 10). This gene signature was highly predictive for outcome, with a maximum specificity of 75% and sensitivity of 93% (Figures 4B, C).




Figure 4 | Receiver Operating Characteristic (ROC) curves showing prediction accuracy COVID-19 survivors and non-survivors. (A) Genes identified with EdgeR and gene co-expression analysis and used for subsequent modelling. (B) ROC curves according to the three models used [Boosted Logistic Regression (LogitBoost), Bayesian Generalised Linear (Bayesglm) and RandomForest (rf)]. (C) In total three different models were used [RandomForest (rf), Boosted Logistic Regression (LogitBoost) and Bayesian Generalised Linear (Bayesglm)]. The 47 genes identified with gene co-expression and differential gene expression analysis were used as input. The highest sensitivity obtained was 75% and for specificity 93%.






Discussion

This study demonstrated important immune differences between hospitalised adults with COVID-19 and influenza and between COVID-19 survivors and non-survivors, using samples taken from COVID-19 patients obtained in the first SARS-CoV-2 wave, and prior to the use of treatments and vaccines.

Known COVID-19 prognostic mortality and severity variables (49) were compared between patients with COVID-19 or influenza. We found more active smokers and underlying respiratory disease among influenza patients. Among patients with COVID-19 a higher CRP [which has previously been reported to be similar upon admission to hospital between patients with COVID-19 or influenza (1)], and a higher proportion of patients with hypertension, liver disease [which has been classified as a low or very low certainty predictor (49)], and diabetes was found compared to those with influenza. Similar to what has been previously reported (1) upon admission to hospital both patients with COVID-19 or influenza presented with similar white blood cell and neutrophil counts, and although we detected a difference in lymphocytes between patients with COVID-19 or influenza, there was no difference in the neutrophil/lymphocyte ratio. Similar to Piroth et al. (2), we found that the average length of stay was higher for patients with COVID-19 and more patients with COVID-19 needed supplementary oxygen compared to influenza. Piroth et al. (2) previously reported a roughly three times higher relative risk of death for COVID-19 however in our cohort no influenza patients died whilst admitted to hospital and so this could not be assessed. As reported, we found that high certainty prognostic variables for mortality and/or severity of increased age, hypertension, cardiovascular disease, diabetes, underlying respiratory disease and high white blood cell levels (49) in COVID-19 non-survivors. Here we also report the findings of an increased heart rate in COVID-19 survivors, but further research is needed to confirm that this is independently associated with survival. While it has previously been reported that CRP and neutrophil/lymphocyte ratio were elevated in critically ill patients with COVID-19 (1), we detected no difference in CRP, neutrophil count and lymphocyte count between COVID-19 survivors and non-survivors.

Several differentially activated gene pathways were detected between COVID-19 and influenza. One differentially activated pathway was enriched for genes related to ribosomal pathways indicating the possible impact on translational machinery. Furthermore, the pathway was enriched for genes transcribed by Myc. Activated Myc represses IRF7 which regulates type I IFN production (50), and correspondingly a significant lower IRF7 expression and a lower IFN response was detected in patients with COVID-19. This impaired IFN response in COVID-19 may be due to the virus avoiding or delaying an intracellular innate immune response to type I and type III IFNs (4–7). A pathway involved with the mitochondrial complex I assembly model OXPHOS system was differentially activated supporting reported increased COVID-19 severity due to SARS-CoV-2 being able to highjack and disrupt mitochondrial dynamics of immune cells (51). Cellular ubiquitin-proteasome pathways which are known to play important roles in coronavirus infection cycles were found to be differentially activated (52), these pathways might reflect increased viral replication and suppression of host IFN signalling pathways, including increased degradation of IκBα which suppresses the IFN-induced NF-κB activation pathway. However, PSMD14 the peak marker of this pathway prevents IRF3 autophagic degradation and therefore permits IRF3-mediated type I IFN activation (53).

An impaired immune response to viruses and IFN signalling in patients with COVID-19 was detected, as previously reported (4–7), compared to patients with influenza, which are known to produce strong IFN responses (1). Furthermore, in accordance with evidence of aberrant blood clotting in COVID-19 (54, 55), transcripts expressed by megakaryocytes and platelets associated with blood coagulation were at a higher abundance in COVID-19 patients. Innate immune response related gene pathways were found to be associated with influenza, and an adaptive immune response and an increase of a wide range of immunoglobulin transcripts for patients with COVID-19, which is consistent with previous findings (56). This adaptive immune response was found to have a stronger positive correlation with the type of viral infection as opposed to the difference in duration of symptoms between the patients before admission to hospital. An increase in gene pathways involved with an adaptive immune response and increase in predicted CD4+ and CD8+ T cells and naïve B cells was detected and associated with young COVID-19 survivors, highlighting the importance of an efficient adaptive immune response as previously reported (15). Predicted naïve CD4+ T cells were higher compared to predicted CD8+ T cells indicating an increased CD4+ T cell response to SARS-CoV-2, supporting previous observations (15, 57), which has been found to control primary SARS-CoV-2 infection (58). Predicted CD8+ T cells were mostly seen in COVID-19 survivors which has been associated with a positive COVID-19 outcome (58, 59).

An enrichment of pathways involved with the negative regulation of lymphocyte activation and increased neutrophil activation and degranulation, a significant decrease in predicted naïve B cells and naïve CD4+ and CD8+ T cells, and an increase of the neutrophil cells was detected in COVID-19 non-survivors. Similar to previous studies reporting elevated neutrophil levels in blood (60) and lungs (61–64) in severe COVID-19. The activation and degranulation of neutrophils were positively correlated with patients receiving oxygen supplementation and who eventually died within 30 days of hospital admission. Additionally, gene pathways associated with inflammatory response and cytokine signalling, a higher transcript abundance of several IL genes (IL1-RAP, IL-10, IL1-R1, IL1-R2, IL18-R1 and IL18-RAP) and increased levels of TNFα, IL-1β, IL-8, IL-33, IL-6 and IL-10 in blood were detected in COVID-19 non-survivors. This is similar to findings of positive regulation of genes encoding the activation of innate immune system, viral and IFN response (1), increase of proinflammatory macrophages (65) and elevated IL-6 and IL-10 in severe COVID-19 cases (12–14).

It appears that, and as Sette and Crotty (66) summarised, that COVID-19 severity is largely due to an early virus-driven evasion of innate immune recognition leading to a delayed adaptive immune response with a fatal COVID-19 outcome, as shown by Lucas et al. (67), where the innate immune response is ever-expanding due to an absence of a rapid T cell response. In accordance with a delayed T cell response, we noticed a decrease of dendritic cells in patients with COVID-19 potentially leading to impaired T cell priming. A delayed adaptive immune response can occur in the elderly due to a scarcity of naïve T cells caused by aging (68–70) placing them at an increased risk of death (58). The association of age and COVID-19 severity is already known, for example, as of April 15th 2021 in the United States 95.4% of COVID-19 deaths occurred in 50-year-olds and older, and 59.3% in 75-year-olds and older (71). In our cohort, patients who survived COVID-19 were younger, had a longer duration of symptoms before admission to hospital and higher levels of predicted naïve CD4+ T cells and naïve B cells.

Taken together, in this comparative study we implemented a variety of different bioinformatic analyses on whole blood RNA-seq between a cohort of patients infected with SARS-CoV-2, during the first wave of the COVID-19 pandemic, and patients infected with influenza, with samples taken before treatments for both groups. An increased innate immune response was found to be associated with patients infected with influenza, while an increased adaptive immune response was associated with patients infected with SARS-CoV-2. This early increased adaptive immune response was indicative of patient survival, thus illustrating the importance of an adequate adaptive immune response in successfully countering SARS-CoV-2 infection, while an increased proinflammatory response was seen in COVID-19 non-survivors. Distinct prognostic immune signature genes were identified in whole blood from untreated patients infected with SARS-CoV-2 which can used upon patient admission to hospital to differentiate between COVID-19 patients likely to survive or not.



Limitations

The authors acknowledge that the inherent characteristics of the dataset being a moderate sample size, sampling time differences between symptom onset and admission to hospital, underlying comorbidities, and the retrospective design could have a direct impact upon the range of immune signature differences observed. However, the gene clusters identified with an adaptive immune response was primarily positively correlated with the type of viral infection, and was weaker correlated to the duration of symptoms before admission to hospital. The comparison between patients with influenza versus patients whom survived COVID-19 was outside the current study’s analytical framework and future work could be directed in this direction.
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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) exhibits variable immunity responses among hosts based on symptom severity. Whether immunity in recovered individuals is effective for avoiding reinfection is poorly understood. Determination of immune memory status against SARS-CoV-2 helps identify reinfection risk and vaccine efficacy. Hence, after recovery from COVID-19, evaluation of protective effectiveness and durable immunity of prior disease could be significant. Recent reports described the dynamics of SARS-CoV-2 -specific humoral and cellular responses for more than six months in convalescent SARS-CoV-2 individuals. Given the current evidence, NK cell subpopulations, especially the memory-like NK cell subset, indicate a significant role in determining COVID-19 severity. Still, the information on the long-term NK cell immunity conferred by SARS-CoV-2 infection is scant. The evidence from vaccine clinical trials and observational studies indicates that hybrid natural/vaccine immunity to SARS-CoV-2 seems to be notably potent protection. We suggested the combination of plasma therapy from recovered donors and vaccination could be effective. This focused review aims to update the current information regarding immune correlates of COVID-19 recovery to understand better the probability of reinfection in COVID-19 infected cases that may serve as guides for ongoing vaccine strategy improvement.
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Introduction

About two years after the first identified coronavirus disease 2019 (COVID-19) outbreak, it is still hard to precisely anticipate when the pandemic will finally end, and the protective immunity status in patients after severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection is a global concern (1, 2). Investigating whether cellular immune response and humoral immunity against SARS-CoV-2 are associated with a decreased risk of reinfection could be a vital issue. In light of determining the future dynamics of SARS-CoV-2 circulation, it is critical to clarify how frequently natural infections with SARS-CoV-2 stimulate that level of protection (3). Evaluating longevity to immunity is needed to understand the effectiveness of immunity acquired by natural infection (4).

The underlying mechanisms of lifelong immunity after viral infections have not been unraveled yet. The Smart et al. study showed that antibodies had half-lives of 50 years or more for varicella-zoster and measles; however, antibody levels in response to non-replicating protein antigen, including tetanus and diphtheria, dropped comparatively quickly, suggesting that antigen-specific mechanisms play a crucial role in determining the duration of humoral immunity in an individual (5). Magnitude and persistence are two important factors of humoral response in providing sufficient immune protection (6). Evidence has shown that the humoral response of SARSCoV-2 patients significantly decreased at 1 and 6 months after infection. COVID-19 has a spectrum of clinical complications, from asymptomatic to moderate symptoms and even severe manifestations. Notably, recent studies found that the severe patients had high levels of neutralizing antibodies until 3 months’ post-infection (7).

Some studies proposed that presenting the symptoms of the disease in an individual who has formerly been infected and recovered is unlikely; nevertheless, emerging evidence indicates positive RT-PCR tests post COVID-19 (8–11). Hence, the neutralizing titers were not associated with the viral shedding duration, indicating that humoral immune protection alone might be inadequate and other immune components (T cells and innate immune cells) should also be taken into consideration for achieving virus clearance in SARS-CoV-2 patients (12).

In the previous variants, a few confirmed cases of SARS-CoV-2 reinfection have been reported (13–15). Nevertheless, since the immunity acquired through the previous infection is less effective against Omicron than against other variants, with the Omicron variant surging, the risk of reinfection has become a day-to-day fact (2). The course of reinfection disease has been controversial in the literature regarding the severity of the disease; some show a worse course of the disease (16, 17) and some indicate milder symptoms or no symptoms of reinfection at all (18). It remains unclear whether the severity of the primary disease is related to the risk of reinfection (15, 19), and moreover whether natural immunity after recovery is durable in COVID19 patients with differing severity.

A study demonstrated that asymptomatic or mild symptomatic individuals could not mount virus-specific germinal centers, causing failure in prolonged humoral immunity (1). Alternatively, the mentioned groups of patients mounted effective T helper 1 (Th1) and cytotoxic CD8 + T cells responses. Contrarily, robust induction of virus-specific GC B cell responses and minimally induced virus-specific TH1 and CD8+ T cells were seen in individuals with moderate to severe symptoms (20). Population-level studies show that most individuals who recover develop low levels of neutralizing antibodies (21), which are more significant in preventing reinfection than in the fight against the contracted disease (22).

Some studies revealed that the function and the total number of natural killer (NK) and CD8+T cells were markedly impaired during the early stages of SARS-CoV-2 infection. Evaluation of PBMC in the late stage of recovery patients indicated that the total number of B cells, NK, and T cells went back to normal again. It seems evident that the risk of reinfection must be evaluated in the COVID-19 disease for informing interventions to guide treatment strategies, foresee the disease course, and ascertain whether patients develop long-lasting immunity (23). This review will be helpful to clarify the status of protective immunity in the recovery process of COVID-19 disease and determine the infected cases into separate groups based on the acquired immunity and the possibility of reinfection.



Humoral Immunity During COVID-19 Infection and Recovery Stage

Humoral immune responses are highly specific and provide long-lasting protection against reinfection (22–25). Antibodies act by either binding to the virus and preventing its interaction with its receptor (neutralizing antibodies) or by causing the destruction of infected cells and the virus bound to them and marking them for demolition through cell-mediated immune response (binding antibodies), which contribute to recognize and initiate the clearance of antibody-coated target cells (26). The ability to recruit antibody-dependent cellular phagocytosis (ADCP), complement-dependent cytotoxicity (CDC), and antibody-dependent cellular cytotoxicity (ADCC) is the activity of the binding antibodies (27). Extra-neutralizing antibody functions are associated with the recovery and prevention of many infectious diseases. Conducting in vitro experiments pointed to the infection of macrophages in the absence of ACE2 receptors, which the virus uses to enter the cell (28). This entrance is facilitated by antibody-mediated virus uptake via FcγRII6 and is thought to trigger pattern-recognition receptors and induce inflammatory cascades. In addition to FcR expression, almost all innate immune cells present complement receptors providing antibodies with the power to direct the immune system. Antibodies play a critical role in direct anti-viral immunity and priming T cells by delivering antigens to antigen-presenting cells (29).

Antibodies react the same way to SARS-COV-2 as they do to other viruses, with IgM and IgA being the first ones to rise and wane and IgG increasing later on and persisting more prolonged than the previous two. In Wu et al.’s study, multiple antibodies such as immunoglobulin M (IgM) and G (IgG), receptor-binding domain (RBD) of the spike (S) or the nucleocapsid (N) protein, and neutralizing antibodies were evaluated 6 months after the disease onset (30). Specific IgM-S/N are untraceable in the 12th week in most individuals, and IgG-S/Ns titers decrease moderately but reach a plateau at relatively high levels in 6 months with positivity rates for binding and neutralizing over 70%; these findings are in line with those of another study, indicating that IgA and IgM decreased swiftly unlike IgG and neutralizing antibodies which plateaued for 4 months (31, 32). This data fortifies the idea of prolonged humoral immunity after COVID-19 infection (30). Similar studies have indicated that neutralizing antibodies decrease about 3 months after infection (33, 34). In most individuals, the RBD-IgM of S and N proteins was untraceable after 12 weeks. IgG-S/N experienced a decrease and was sustained at high levels in most individuals after 6 months (30, 35), and a protective level prevails over a period of 9 months, up to 1 year (3, 4).

Recovered patients who presented with mild symptoms showed a noticeable rise in the percentage of B cells compared to healthy individuals. Despite specific anti-S IgG in all COVID-19 patients, regardless of how severe the symptoms are, a rise was seen in this antibody level as well (36). It remained high 90 days after the infection in some individuals indicating long-term and steady antibody levels. Intriguingly, the male participants had notably higher anti-S IgG levels after recovery than females, as seen in other works reflecting sex-dependent humoral immune response against SARS CoV-2 (36, 37). There was also a significant positive correlation between the patients’ age and their anti-S IgG antibody levels, showing a greater concentration in older adults compared to younger adults. Patients were seropositive 100 days after the disease onset when the latest measurement occurred (38). Robust humoral immunity correlates with the spike-specific antibodies, memory B cells, and circulating follicular helper T cells (cTFH), steadily induced after SARS-CoV-2 infection and associated with plasma neutralizing activity (39).

The Feng et al. study revealed that receptor-binding domain immunoglobulin (RBD-IgG), full-length Spike-IgG concentrations, and serum neutralizing capacity drop during the first 6 months but remain stable for up to 1 year. Even individuals who had produced high IgG levels during early convalescent stages had IgG levels that had decreased to a similar level 1 year later. Notably, the RBD-IgG level positively correlates with serum neutralizing capacity, suggesting the representative role of RBD-IgG in predicting serum protection (40).

A study investigated the magnitude and significant differences in Ab level which is presented in recovered and naïve individuals. They demonstrated a rise in IgG, IgA, and IgM levels. Among these, elevated S-specific IgG and IgA levels in serum were particularly noticeable. The increase in antibody levels to endemic CoV was more distinct among IgG1 and IgG3 subclasses and was also apparent in nasal and stool samples (41). Given the evidence of robust humoral responses in systemic and mucosal specimens, the neutralization potency of serum and nasal wash specimens was evaluated. Elevated serum neutralization activity was detected in hospitalized subjects who contracted the severe form of the disease. Unlike the serum samples, nasal specimens from subjects with the severe disease showed little to no viral neutralization. Individuals with increased mucosal neutralization activity reported milder symptoms more frequently than those who presented with more severe forms of the disease. Interestingly, robust nasal and serum neutralization activities were not co-induced (41).

Isho et al. reported that anti-SARS-CoV-2 IgA and IgM antibodies decreased quickly, whereas IgG antibodies were steady for up to 105 days’ post symptom onset in serum and saliva. They indicated that IgG, IgM, and to a lesser extent, IgA levels in the serum are directly correlated with matched saliva specimens (31).

Although many studies have mentioned the levels of different antibodies participating in the COVID-19 course, one should consider the required titers for sustained immunity, which is not yet determined for COVID-19. Higher titers do not necessarily mean more protection against reinfection and may be because of higher antigen exposure (29) or an indicator of the severity of the disease (35). However, some studies suggest that the quantity of antibodies that persist is directly related to the extent of protection against the virus that induced them (42). Another key contributor to consider in prolonged immunity is memory lymphocytes. In the convalescent period of a viral disease, when the antigen is no longer present, and antibodies diminish, memory B cells wait around in the bone marrow for reinfection. The memory B cells then differentiate into plasma cells and produce antibodies (Figure 1). Several extensive studies have indicated a marked increase in plasmablast count in peripheral blood of COVID-19 patients (43–46). The data on memory B cells in COVID are still lacking. However, persisting memory B cells in individuals with mild symptomatic recovered COVID- 19 infection (34) suggest possible longevity of the mentioned cells (35).




Figure 1 | Schematic representation of the protective immunity against COVID-19 infection during infection.



Studies propose two main paths toward long-term humoral immunity against diseases; memory B-cell–dependent antibody production by short-lived plasma cells and memory B-cell–independent antibody production by long-lived plasma cells (47–53). Theories of memory B-cell dependence need a correlation between memory B cells after each infection and antibodies, which has been controversial (54–57). Studies indicated that memory B cells and antibody production are regulated independently, paving the long-lived plasma cell path (5, 54, 58, 59), and extended survival and antibody secretion time to over 1 year in COVID-19 (5), and SARS-CoV-2-specific B cell immunity persists despite overall antibody decline (60). Indeed, production of memory B-cells after every immunization dose or natural immunity did not correlate necessarily with antigen-specific antibody levels. Memory B-cells remain elevated over several years; while there is a rapid decline in neutralizing antibodies, although the disappeared antibodies did not mean without immune protection, given that memory B cells might rapidly initiate a new immune response when the virus is reencountered.



CD4+ and CD8+ T Cells During COVID-19 Infection and Recovery Stage

Lymphocytopenia has been observed in patients with different levels of COVID-19 severity (61–65). According to studies, the severity of the COVID-19 disease is positively correlated with the increased level of inflammatory cytokines while inversely correlated with lymphocyte numbers, especially in patients with severe and critical symptoms (61, 64–68). T cells exhaustion occurs during disease progression (66) (63, 65, 69). Notably, in severe disease patients, all lymphocyte subsets were reduced, whereas in mild or asymptomatic individuals the accounts of NK, NKT, and γδ -T cells were similar to healthy individuals or even higher than them (70).

During COVID-19 infection, especially in the stage of disease progression, increased expression of inhibitory immune checkpoints, including programmed death (PD-1), PD-L1, T-lymphocyte associated protein-4 (CTLA-4), T cell immunoglobin, and mucin protein 3 (TIM-3) on T cell surface renders T cell exhaustion and dysfunction, disabling T cell-mediated anti-viral immunity (66, 71). Emerging evidence indicates that co-blockade of TIM3 and PD1 can recover the effector function of T cells (72, 73). Indeed, TIM3 acts as a checkpoint receptor expressed on ‘exhausted’ T cells and that inhibition of TIM3 boosts the effect of PD1 blockade (74).

The current study of hospitalized patients with COVID-19 infection indicated that higher expression of PD-1 and Tim-3 were observed in CD8+ T cells in COVID-19 patients requiring ICU care. Similarly, Tim-3 expression enhanced in CD4+ T cells during severe and ICU period disease stages while PD-1 expression in CD4+ T cells was not overtly changed toward the disease progression (66). Hence, co-blockade of TIM3 alongside inhibition of other checkpoint receptors such as PD-1 could be therapeutic potential targets to treat SARS-CoV-2 infection. Furthermore, NKG2A is an inhibitory receptor that expresses on NK cells and CTLs, blocking anti-virus activity of cytotoxic lymphocytes. In recovery patients, restoration of immune cells count occurs with downregulation of NKG2A expression, which suggests that the progression of COVID-19 disease with cytotoxic lymphocytes exhaustion may result from upregulation of NKG2A in the early stage of COVID-19. During COVID-19 infection, over-expression of NKG2A also leads to decreased production of CD107a, IFN-γ, IL-2, granzyme B, and TNF-α (Figure 1), which are necessary for cytotoxicity function (75).

The whole transcriptome evaluation of innate, humoral, and cellular immunity in mild, moderate, and severe COVID-19 patients during three different time points (treatment, convalescence, and rehabilitation) showed that after recovery in an infected individual, the strong protective response by T cells through generating memory T-cells pool against SARS-CoV-2 has been induced regardless of the severity of the disease. In contrast, poor innate and humoral immune responses have been observed. In addition, in recovered COVID-19 patients, activation of transcription and differentiation genes of T cells was detected, approving the strengthening of the T cells’ immune response at this stage, which indicated an increased level of CD4+ memory/effector and CD4+central memory T cells after COVID-19 recovery. It was revealed that the level of CD4+ memory T-cell in the recovery phase was associated with the severity of the disease (63). Memory CD8+ and CD4+ T cells have a similar cluster of markers of activation/cycling phenotype, including CD38, Ki-67, HLA-DR, and PD-1; however, the results of the flow-cytometry analysis showed an increased number of CD4+ T cells after recovery, while CD8+ numbers remained unchanged (76). It was found that CD8+ T cells in the infectious stage of the disease with limited proliferation had the Ki-67, CCR7- CD27+ CD28+ CD45RA- CD127- phenotype, which was in the convalescent-phase; these cells tend to differentiate toward memory cells (withCCR7+ CD127+ CD45RA-/+ TCF1+ phenotype) (Figure 2). This revealed differences of the memory cells between the infection and recovery stage (62).




Figure 2 | A summary of the protective immunity against COVID-19 infection after recovery from SARS-CoV-2 infection.



To evaluate the functional capabilities of memory CD8+ and CD4+ T cells in convalescent COVID-19, Sekine et al. used nucleocapsid, Spike, and membrane peptides to stimulate PBMCs. They showed that SARS-CoV-2-specific CD4+ T cells express IFN-γ, IL-2, and TNF-α, while CD8+ T cells are characterized by IFN-γ production and mobilized CD107a expression. Notably, Spike-specific-CD4+ T cells were skewed toward circulating T follicular helper, while membrane and nucleocapsid specific CD4+ T cell were differentiated toward Th1 or a Th1/Th17 cells (62, 77, 78). Moreover, a study revealed that in hospitalized patients there was increased levels of specific IgG (against Spike and RBD), and memory B cells; while CD4+ memory T cell numbers were decreased compared with non-hospitalized ones (79). These results indicated a significant role of cellular immunity in severe COVID-19 disease. Furthermore, after recovery, circulating CD8+ and CD4+ memory T cell numbers were monitored for 1 month and 6 months after COVID-19 infection, showing a trend toward decreasing both subsets after 6 months (79). SARS-CoV-2-specific CD4+ T cells were Th1 cells and predominantly T central memory (Tcm) cells with robust helper function phenotypic features. A kind of CD4+ memory cell subset observed in COVID-19 infection is T follicular helper (cTFH) memory cells with shelf life of more than 6 months after disease onset (79).

Most SARS-Cov-2-specific CD8+ T memory cells differentiated to effector memory cells re-expressing CD45RA (Temra) T-cells with less terminal differentiation than most Temra cells (80). Overall, the cooperation of all parts of the immune system is essential to fight infection and protect the body against re-infection. Interaction between humoral and cellular memory cells leads to long-term solid adaptive protection (79, 81). Cross-reactive memory T cells of human coronaviruses have challenged the evaluation of COVID-19 specific memory cells responses (81). As the immune responses to infection depend on the patient’s immune system and vary from patient to patient, likewise, the immunity in recovered patients and the functions of their memory cells will vary from person to person. Having considered that regulating cytokine productions is important in the inflammation and functions of immune cell types, cytokine profiles of patients have been studied in the course of infection and during recovery.

It was reported that IL-2, IL-7,IL-6, IL-10, TNF-α, TGF-β, G-CSF, IP-10, MCP-1, and MIP-1A rose in COVID-19 patients, especially in ICU patients compared to non-ICU patients (82, 83). Based on Diao et al.’s report, the origin of these cytokines is not T cells and revealed that some cytokines are released from monocytes and macrophages. Secretion of cytokines effects on immune responses. TNF-α leads to reduced T cells, or IL-6 causes antibody production and effector T-cell development, but IL-10 results in T cell exhaustion and prevents T cell proliferation. This finding refers to the inverse effects of serum cytokines level on the survival and proliferation of T cells. Remarkably, normal cytokine levels in some ICU patients may indicate immunodeficiency (66). Evidence demonstrated that after recovery some cytokines such as IL-10, TNF-α, and IL-6 were significantly decreased in the late recovery stage compared to the early recovery stage, while TGF-β level was not significantly different between the early and late stages of recovery. However, the TGF-β reduction was observed during a recovery (84).

Generally, evaluation of recovered COVID-19 patients showed that months after infection, a strong response of memory T cells against the SARS-Cov-2 spike, membrane, and nucleocapsid peptides could be detected even in the absence of circulating antibodies (62). Nevertheless, re-infection with SARS-CoV-2 occurs (85, 86). It is also possible that COVID-19 recovered patients with lower memory cells will be more susceptible to re-infection (79).



NK Cells During COVID-19 Infection and Recovery Stage

NK cells are early effector cells that play an essential role during viral infections. Several studies have indicated that during COVID-19 infection from moderate to severe infection, peripheral NK cells were dropped (87). The frequency of NK cells decreased remarkably in severe patients compared with those in mild cases and healthy controls (88). The key question arises whether impairment of NK response, followed by increased susceptibility to reinfection, is a concern for recovered patients. Effective response against viral infection needs the cooperation between humoral and cellular immunity. Yunbao Pan et al. found that in COVID-19 convalescent individuals, the production of NAbs might be correlated with the NK cells’ antiviral activity as well as the activation of T cells (89).However, NK cells are critical pieces of this puzzle; the relative significance of these cells remains unclear.

According to a study, the frequency of CD56+ CD16+ NK cells in the asymptomatic patients was significantly different from that in healthy individuals after recovery, displaying an expansion the level of NK cells in the asymptomatic COVID-19 patients. Hence, an important role could be assigned to NK cell immunity which is sustained after recovery from COVID-19 (70). Notably, as an inhibitory receptor, the NKG2A receptor on NK cells has been indicated to cause NK cell exhaustion in chronic viral infections (90). In the early stage of COVID-19, disease progression is associated with the functionally exhausted NK cells in patients infected with SARS-CoV-2. Recently it was reported that in COVID-19 patients, the expression of NKG2A was elevated significantly on cytotoxic lymphocytes compared with that in healthy individuals (75). Interestingly, the NKG2A expression on both NK and CD8+ T cells was reduced after recovery (Figure 1). Moreover, in patients convalescing after viral therapy, the percentages of both NKG2A+ CTLs and sequentially NKG2A NK cells were also dropped, indicating decreased expression of NKG2A could be an indicator for the useful control of SARS-CoV-2 infection (91). Therefore, efficacious treatment is accompanied by fewer NKG2A+ NK cells and TCD8+ cells along with the restoration of lymphocytes percentage, including NK cells. Regarding treatment through inhibition of roadblocks to immune tolerance could be important in the formation of COVID-19 persistence. After identification of NK cells’ functionality through the assessment of CD107a and granzyme B(cytotoxicity markers) alongside the evaluation of IFN-γ, TNF-α, and IL-2 levels (inflammatory proteins), it was revealed that upon COVID-19 infection, the exhausted status of cytotoxic cells was also reflected in decreased production of cytotoxic effector molecules, including CD107a, IFN-γ, IL-2, Granzyme B, and TNF-α, which was resorted and gone up after therapy in convalescent individuals (92).

Based on the surface expression of CD56 and CD16 receptors, NK cells are subdivided to different subsets with distinct functions; the first subset, CD56dimCD16pos cell, includes cytotoxic cell, the second subset is CD56brightCD16neg, which is considered as a producer of cytokines, and the third subset is CD56dimCD16neg, the unconventional subset, which expands in different pathological conditions (93). On the one hand, it has been revealed that NK cells in patients with severe COVID-19 are deficient and impaired. On the other hand, the enhanced presence of NK cells in bronchoalveolar lavage (BAL) has been found. One reason for decreased NK cells could be the homing of NK cells from peripheral blood to the lung. Besides, the CD56dimCD16pos NK cell subset with increased KIR expression was found in the lungs (94). Notably, immune-modulating occurs through KIR receptors of NK cells, playing a significant role against SARS-CoV-2 infection (95), and expression of CC chemokine receptor (CXCR) 3, CXCR6, CCR5 on NK cells could cause the homing event developing in BAL of COVID-19 patients. In this regard, these markers, especially CCR6, could be considered risk factors in developing severe COVID-19 (72).

Despite NK cell depletion, the evaluation of different distributions of NK cell subsets could be appreciated in COVID-19 patients compared to convalescent individuals since these changes in the distribution of NK cells phenotype could be assigned as a cause of NK cell defense role impairment upon COVID-19 infection (93, 94). It might give us a tool to improve the diagnostic evaluation and the immunized and non-immunized COVID-19 patients’ estimation. Yet, further studies are required to clarify the role of NK cells in individuals with COVID-19.

Moreover, the assessment of NK cells based on CD56, CD16, and KIRs expression in hospitalized COVID-19 patients indicated that a higher frequency of KIR2DL1 inhibitory receptor was concomitant with reduction of CD56dimCD16dim and CD56dimCD16bright NK Cell Subsets. Interestingly, this outcome was in parallel with CD56dimCD16neg NK Cell Subset expansion and higher frequency of KIR2DL1 and KIR2DL1/S1 inhibitor receptors (95). In line with this result, there is NK cell’s ADCC activity that results from the expression of CD16 on NK cells as an FC receptor, allowing the detection of antibody-coated infected and cancerous cells (72), hence the lack of CD16 expression could be associated with COVID19 severity. Recently several features of immunological memory have been found in NK cells similar to B and T cells, such as long-lived progeny expansion, education clonal-like generation, and robust secondary responses (74). It was revealed that NK cells have displayed their distinctive cytotoxic ability against viral infections, including CMV, hantavirus (74), chikungunya virus (74), and cancerous cells, along with the upregulation of NKG2C activating receptor, raising the possibility of a distinct subset of NK cell which could selectively respond against a certain target and then driving memory (60). In this line, it was mentioned in our previous study that introducing NKG2C into chimeric antigen receptors in NK cells to enhance effector functionality might be a potential approach in future viral immunotherapy for emerging and re-emerging viruses (42). Indeed, investigating this memory potential of NK cells against specific pathogens might be efficient for targeted cell therapy and vaccine development. There are several clinical trials using NK cells for cell therapy as an off-the-shelf living drug in the treatment of COVID-19 infection (75).


Immunity to SARS-CoV-2 Variants of Concern

Both natural infection with SARS-CoV-2 and immunization with vaccines elicit protective immunity. However, the extent to which such immune responses protect against emerging variants is of increasing importance. Such VOC include Alpha (B.1.1.7), Beta (B.1.351), Gamma (P.1), Delta (B.1.617.2), and a new one, Omicron (B. 1. 1. 529).

In late 2021, the Omicron virus variant emerged, with significant genetic differences and clinical effects from other variants of concern. This variant demonstrated higher numbers of polymorphisms in the gene encoding the Spike (S) protein, and there has been displacement of the dominant Delta variant (96). Natural infection with SARSCoV-2 induces robust protection against re-infection with the B.1.1.7 (alpha),1,2 B.1.351 (beta),1 and B.1.617.2 (delta)3 variants. However, the B.1.1.529 (omicron) variant makes multiple mutations that can provide immune evasion (97). Indeed, SARS-CoV-2 Omicron variant pseudovirus exhibits escape from vaccine-induced humoral immunity. In addition, pseudovirus produced with the Omicron spike exhibited more efficient transduction of ACE-2 expressing target cells than other variants. A study reported a near-complete lack of neutralizing activity against Omicron in polyclonal sera from individuals vaccinated with two doses of vaccine and from convalescent individuals, as well as resistance to different monoclonal antibodies in clinical use (98), highlighting the global need for vaccine boosters to combat the impact of Omicron and emerging variants (99, 100). However, Omicron is strongly neutralized by antibodies induced by booster third dose vaccination (101, 102)  or fourth dose in hemodialysis patients (103) or by heterologous vaccination.This has led to increased attention to the important role of T cells in protection immunity. It was revealed that the responses of Spike-specific CD4+ T cells were not different in variants of concern; while CD8+ T cells responses to Omicron spike were reduced compared to other variants, enhanced with booster vaccine doses (104).

A national database study in Qatar found that there is a strong protection against re-infection with the Alpha, Beta, and Delta variants of SARS-CoV-2 (at approximately 90%), which is confirmed with previous studies. While such effectiveness in preventing reinfection with the Omicron variant was lower (approximately 60%), however, it was still significant. Furthermore, regardless of variant, the immunity of previous infection against hospitalization or death caused by reinfection appeared to be effectiveness (105).




Protection of Natural Immunity, Vaccine Immunity, Or Hybrid Immunity–Which One Is Better?

It is important to determine the duration and quality of the adaptive immune system, which may be different between natural immunity (obtained by COVID-19 infection) and immunity resulting from vaccination (106). There are several conflicting reports about the immunity of both paths. Evidence indicates infection-acquired immunity reduces with time since the previous infection but prompts longer-lasting immunity against re-infection than mRNA vaccine (7, 107, 108). Conversely, in recovered patients with COVID-19, the risk of SARS-CoV-2 re-infection and even hospitalization persisted low for several months; nevertheless, vaccination affords further protection by a slight difference (12, 109). However, both SARS-CoV-2 infection-derived immunity and vaccination prompt multifaceted, functional immune memory; some studies have highlighted that vaccination–derived immune response following natural immunity boosts the immunity, termed hybrid immunity (6, 110). A study carried out by Goldenberg et al. (84) demonstrated that infection by the Delta variant of SARS-CoV-2 has led to a more potent immune response as compared with the BNT162b2 two-dose vaccine-derived immunity, meanwhile; patients who were recovered from SARS-CoV-2, and were then vaccinated by a single dose of the vaccine acquired increased protective response against the Delta variant. There seem to be specific memory lymphocytes, both B cell and T cell components, to hybrid immunity. It is indicated that in the context of reinfection after natural immunity alone or vaccination of naïve individuals, there is a reduction in the level of antibody-mediated immunity against variants of concern (VOCs) (111), but after one dose of vaccination following the previous infection with former VOCs the immunity rises. It should be noted that neutralizing antibody drops are not due to low antigenicity and spike protein mutations of the VOCs. It is exemplified in a study that found in re-infected patients with B.1.351(Beta) variant (previously infected with non-B.1.351), neutralizing antibodies against this variant after vaccination were shown to be 25 times higher than after vaccination (no involved B.1.351 spike) (112, 113). When natural immunity to SARS-CoV-2 is combined with vaccine-induced immunity, it has been found that higher SARS-CoV-2 RBD-specific memory B cells and variant-neutralizing antibodies and a specific population memory SARS-CoV-2 spike-specific CD4+ T cells than previously naive individuals are generated (114). In this line, the production of diverse memory B cells needs T cells and their cytokine profile. Even if the function of antibodies neutralizing is failed against variants, memory T cells can recognize SARS-CoV-2 variants (99), and in hybrid immunity, T cell memory consists of both spike and non-spike T cell memory, unlike the vaccine-induced memory T cell which involves spike –memory T cells. Furthermore, the mutation does not occur in most epitopes of T cells in new variants, demonstrating that the protective role of T cells’ immunity is preserved (115).



Conclusion

During recovery, the investigation of cellular and humoral immunity among COVID-19 patients with different disease manifestation could run additional insights into the roles of these cell types during natural host immunity. In addition, the clarification of the recovery and immunity process leads to making the proper decisions by policymakers for screening and lockdown, and improved diagnostic assessments of re-infection in individuals. A combined natural/vaccine immune response to SARS-CoV-2 seems to be a notably potent accompanist. According to this concept, more investigation of combinations of SARS-CoV-2 vaccines with different platforms, such as mRNA and adenoviral vectors or mRNA and recombinant protein vaccines, could be appreciated. Moreover, the breadth of recognition of epitopes through T cells, both CD8 and CD4 lymphocytes, may guide ongoing vaccine strategy improvement. In addition, the study of NK cells alongside the evaluation of cytokine profiles (116, 117) in the hybrid immunity can offer information for understanding which vaccines can cross that threshold of hybrid status to confer individual and herd immunity. Since hybrid immunity may be a reproducible way to enhance immunity, the combination of plasma therapy from recovered donors and vaccination could be effective; however, it needs further support from future studies for selecting the best donors to produce off-the-shelf living drugs.
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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) and its associated symptoms, named coronavirus disease 2019 (COVID-19), have rapidly spread worldwide, resulting in the declaration of a pandemic. When several countries began enacting quarantine and lockdown policies, the pandemic as it is now known truly began. While most patients have minimal symptoms, approximately 20% of verified subjects are suffering from serious medical consequences. Co-existing diseases, such as cardiovascular disease, cancer, diabetes, and others, have been shown to make patients more vulnerable to severe outcomes from COVID-19 by modulating host–viral interactions and immune responses, causing severe infection and mortality. In this review, we outline the putative signaling pathways at the interface of COVID-19 and several diseases, emphasizing the clinical and molecular implications of concurring diseases in COVID-19 clinical outcomes. As evidence is limited on co-existing diseases and COVID-19, most findings are preliminary, and further research is required for optimal management of patients with comorbidities.
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1 Introduction

In late 2019, a large number of unexplained pneumonia cases appeared in the Wuhan province of China. As the number of cases started to increase exponentially, what occurred within the region became understood as the first outbreak of the coronavirus disease 2019 (COVID-19) pandemic. When several countries began enacting quarantine and lockdown policies, the pandemic as it is now known truly began. A point that became unequivocally clear during this time is that those with pre-existing conditions and the elderly were at much greater risk of contracting a severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) viral infection.

Many researchers have noted the higher mortality rate of COVID-19 infections in subjects with comorbidities such as hypertension, cardiovascular disease, obesity, diabetes, and cancer (1–6). Further predisposing conditions are autoimmune diseases, chronic kidney disease, chronic lung diseases like asthma, neurological conditions like dementia, liver diseases, solid organ transplant, chronic respiratory disease, Down syndrome, and alcohol consumption (2, 7–9). In this article, we highlight the potential interactions between COVID-19 and various diseases (Table 1) and discuss how such concurring diseases may result in more drastic, life-threatening conditions.


Table 1 | The potential interactions between coexistence of different diseases and COVID-19.





2 COVID-19 and the Most Common Comorbidities


2.1 Diabetes Mellitus

Diabetes occurs in two main types, type 1 and type 2, wherein those patients with type 1 diabetes produce no insulin whatsoever and those with type 2 diabetes respond to insulin inefficiently, if at all. COVID-19 severity and mortality appear linked to the existence of diabetes mellitus and individual levels of hyperglycemia (33–36). Diabetics are at higher risk of SARS-CoV-2 infection (37, 38), and poor glycemic management entails increased need for treatment and hospitalizations as well as a higher fatality rate (36, 39). Several pathophysiological processes may contribute to the higher susceptibility of diabetes mellitus patients infected with SARS-CoV-2 (Figure 1). Hyperglycemia, in combination with other risk factors, may modify immunological and inflammatory processes, predisposing individuals to severe, potentially fatal COVID-19. COVID-19 mortality is further increased by a multitude of related diabetic complications, such as hypertension, heart failure, obesity, and chronic kidney disease (33, 40).




Figure 1 | Mechanisms that may contribute to diabetes patients’ higher sensitivity to coronavirus illness (COVID-19). Following aerosolized absorption of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), SARS-CoV-2 infects the respiratory epithelium and other target cells by attaching to angiotensin-converting enzyme 2 (ACE-2) on their surface. Higher ACE-2 expression (as an adaptive response to elevated angiotensin-II levels) may support more efficient cell attachment and entrance into cells. Diabetes mellitus impairs early neutrophil and macrophage recruiting and function. In diabetes mellitus, a delay in the onset of adaptive immunity and dysregulation of the cytokine response can involve the onset of cytokine storm. (Patients with diabetes mellitus are likely to have suppressed antiviral IFN responses, and the delayed activity of Th1/Th17 may contribute to heightened inflammatory responses).




2.1.1 COVID-19 and Glucose Metabolism

Hyperglycemia, the condition of elevated blood glucose levels, weakens the lymphopenia, granulocyte, and macrophage functions of host defense systems (10). Blood glucose levels could thus serve as a benchmark in determining the severity of COVID-19 symptoms, as measures of fasting blood glucose have been used to indicate mortality even in those not suffering from diabetes (10). SARS-CoV-2 replication is directly increased by elevated glucose levels in human monocytes and sustained by glycolysis through the generation of mitochondrial reactive oxygen species and the hypoxia-inducible factor 1α activation (41). As a result, hyperglycemia may promote viral replication. Moreover, in animals infected with middle east respiratory syndrome coronavirus (MERS-CoV), concomitant type 2 diabetes mellitus (T2DM) resulted in an impaired immunological reaction and severe respiratory impairment (42). In rodent models of these two diseases, hyperglycemia has been shown to increase instances of pulmonary vascular inflammation and permeability, which may increase inflammatory processes related to COVID-19 (43).

In patients with compromised glucose control or diabetes mellitus, glycemic worsening is a common side effect of COVID-19. SARS-CoV infection, for example, was linked to an increase in the demand for high doses of insulin in insulin-dependent individuals (approaching or above 100 IU/day) (44). Further, variations in insulin requirements appear to be linked to inflammatory cytokine levels (44, 45). While ketoacidosis is a complication commonly related to type 1 diabetes mellitus (T1DM), it can also occur in people with T2DM suffering from COVID-19. In a systematic review, T2DM was found in 77% of COVID-19 patients who experienced ketoacidosis (46).



2.1.2 Inflammation and Insulin Resistance

Insulin resistance is caused by a diminished sensitivity of tissue to insulin and corresponds to the failure of the pancreas to generate appropriate amounts of insulin for blood glucose control (47). Inflammation can be associated with an increase of insulin resistance, as it has been shown that inflammatory signals generated as a result of obesity work to activate serine kinases that, in turn, impact and block insulin action and function (48). Therefore, metabolic abnormalities, such as hypertension, obesity, and T2DM, share a common increase in adiposity caused by low-grade meta-inflammation (49). Several pathways have been proposed for virally mediated increasing insulin resistance due to inflammation (50). For example, upon infection with cytomegalovirus, glycemic control was deteriorated in prediabetic mice with hepatic insulin resistance caused by diet-induced obesity (50). Immunological imbalance and pro-inflammatory cytokines with a T helper cell type 1 signature have been shown to enhance insulin resistance in obese people (51), but their roles in COVID-19 remain unknown. In humans, acute respiratory viral infection enhances interferon gamma (IFNγ) generation and promotes muscular insulin resistance, leading to compensatory hyperinsulinemia to preserve euglycemia and promote antiviral CD8+ T cell responses (50). It is possible that such compensation fails in people with poor glucose tolerance or diabetes mellitus (52). Hyperinsulinemia can boost antiviral immunity by directly stimulating CD8+ effector T cell activity (50). As a result, throughout SARS-CoV-2 infection, the antiviral immunological and inflammatory reactions can alter sensitivity to insulin, thereby worsening glucose metabolic abnormalities. Inflammatory cells infiltrate the lungs in coronavirus-induced pneumonias like severe acute respiratory syndrome (SARS) and MERS, resulting in severe pulmonary injury, acute respiratory distress syndrome (ARDS), and/or death (53). High levels of inflammatory cells can affect the liver and skeletal muscle functions, both of which respond to insulin and absorb most of the body’s insulin-mediated glucose (54). Severe COVID-19 has also been linked to muscle weakness and elevated enzyme activity in the liver, two indicators of multiple organ failure, especially during cytokine storms (55).

There is a scarcity of information about the relation of insulin resistance and COVID-19. Nevertheless, viral attachment to angiotensin-converting enzyme 2 (ACE-2) is thought to stimulate angiotensin II (Ang II), suggesting it to be the key factor in the synergy between insulin resistance and cardiovascular disease (56, 57). ACE-2 controls blood pressure in a healthy microenvironment by transforming Ang II to Ang (1–7), consequently reducing insulin resistance and oxidative stress, and increasing GLUT4 function (58). ACE-2 expression is reduced during COVID-19 infection, resulting in increased Ang II activity, which leads to insulin resistance, oxidative stress, inflammatory responses, hypertension, and cardiac dysfunction (57). Obese and diabetic people depict higher levels of inflammation, which in turn leads to insulin resistance and vice versa (57). Inflammation is intensified during COVID-19; in case the disease coincides with obesity and diabetes, therefore, hyperinflammation, other serious conditions like lung and heart disease, or death may result (59). Elevated insulin resistance results in increased pancreatic production of ACE-2 receptors, which in turn increases affinity for the attachment of spike proteins and, ultimately, the vulnerability of patients with insulin resistance to COVID-19 infection (60). As well, the comorbidities present in insulin-resistant patients — often, hypertension, hyperglycemia, and diabetes mellitus — contribute to the severity and mortality of COVID-19 (15).



2.1.3 Immunomodulation

Mechanisms connecting COVID-19 to both T1DM and T2DM have been discovered to coincide with immune function (61). As mentioned earlier, hyperglycemia can impair immune function; similarly, a dysregulated immune system has been associated with macrovascular pathology related to diabetes mellitus (62, 63). The most common pathologies observed post-mortem in patients who died from COVID-19 are diffuse alveolar destruction and inflammatory cell infiltration with significant hyaline membranes (11).

Notably, infection caused by respiratory syncytial viruses leads to the increased production of IFNγ, triggering a defense mechanism: the production of natural killer (NK) cells (12). Abundant IFNγ and activated NK cells worsen systemic inflammation in muscle and adipose tissue, reducing the body’s ability to absorb glucose (13). Moreover, in patients with poor glucose metabolism, NK cell activity is linked to impaired glucose regulation. In patients with T2DM, for example, NK cell activity is decreased compared to those with prediabetes or normal glucose tolerance (14). Furthermore, multiple regression analysis has revealed that HbA1c levels in T2DM patients can be used to predict NK cell activity (14). As a result, people with impaired glucose tolerance or diabetes mellitus have lower NK cell activity, which could clarify the sensitivity to COVID-19 and poor prognosis of diabetic patients compared to those without diabetes. Knowing the immunomodulation that occurs during COVID-19 disease is critical for determining therapeutic strategies, generating effective drugs, and understanding the disease’s pathophysiology.

A decrease in immune-effective CD4+/CD8+ TCRβ+ T cells and an increase in characteristically immune-suppressive TCRγδ+ CD4−CD8− T cells has been demonstrated in T2DM animal models; Further, the studies demonstrated a decrease in mucosa-protecting cells, showing possible effects of T2DM on the innate immune system: nasal immunity (15). Hence, patients with COVID-19 simultaneously suffering from T2DM may experience impaired function of nasal-associated lymphoid tissue (NALT) and thus olfactory dysfunction (15). Patients with T1DM have a dysregulated Treg response, with non-impaired absolute numbers of Treg cells but defects in their activation, ultimately affecting the entire regulation of immune responses. Patients with T2DM, on the other hand, depict an extremely strong Th17 response, deviating from accepted levels of Th17 activity. In Type 2 diabetes, an imbalance in Th17 and Treg cells exists, indicating a disruption in T cell homeostasis which in turn can contribute to an inflammatory state. Alterations in lipogenesis and lipolysis directly affect Th17 cell function, suggesting that, even with regulated blood glucose levels, obesity-associated T cell inflammation could be permanent. For these reasons, a sustained increase in proinflammatory cytokines exist in both T1DM and T2DM (10).



2.1.4 Renin–Angiotensin–Aldosterone System

ACE-2, a component of the renin–angiotensin–aldosterone system (RAAS), has attracted much attention for its ability to act as an entrance receptor for SARS-CoV and SARS-CoV-2 (16). While its initial discover located ACE-2 expression mostly in the respiratory system (16), this has since been shown to be mistaken: immunohistochemistry has revealed only minor respiratory tract expression compared to greater expression in the intestines, kidneys, heart, vasculature, and pancreas (17). ACE-2 appears to be expressed in a variety of human cells and organs, including pancreatic islets (18).

There is evidence of a relationship between ACE-2 and glucose control. ACE-2-knockout animals were reported to be more vulnerable than wild-type animals to impairment of pancreatic β-cells under a high-fat diet (19). In addition, SARS-CoV infection can produce hyperglycemia in patients who do not have diabetes (20). This observation suggests that coronaviruses may cause islet destruction, possibly leading to hyperglycemia (20). Hyperglycemia was shown to last for three years following recovery of SARS-infection, possibly showing long-term injury to pancreatic β-cells (20). These findings suggest that ACE-2 may play a role in the relation of COVID-19 and diabetes mellitus.




2.2 Obesity

For years, obesity has been a major public health issue in the United States, as it can lead to a plethora of comorbidities, and as such can be a considerable risk factor in the current pandemic climate; the condition has been reported to be an important risk factor of severe COVID-19 illness in multiple studies (21–23). With obesity, the body quickly grows adipose tissue to store extra nutrients (23). For SARS-CoV-2 entrance, adipose tissue expresses the receptors ACE-2, Dipeptidyl peptidase-4 (DPP4), and CD147, as well as the protease furin. These proteins’ expressions are elevated in obese adipose tissues, and ACE-2 and DPP4 production in the plasma of obese people is increased. COVID-19 morbidity and intensity patterns may be influenced by the expression of these proteins, which are positively associated with body mass index (BMI) (Figure 2A). New retrospective research found obesity to be prevalent among SARS-COV-2 cases; assessing the relation of the Body-Mass-Index (BMI) and the use of invasive mechanical ventilation (IMV), the study found that 84 (75.8%) of 124 consecutive intensive care SARS-COV-2 patients were obese (BMI > 30kg/m2) (24). The pattern of BMI categories in patients admitted with COVID-19 was substantially different if compared to intensive care unit (ICU) admissions the prior year for the same institution’s severe acute pulmonary disease. Compared to SARS-COV-2 patients, patients with other diseases had a lower obesity rate (25.8%) (obesity rates were equal between non-SARS-COV2 patients and the general populations of Nord and Pas de Calais). Importantly, obesity was also found to be a significant determinant in the need for intermittent mandatory ventilation (IMV). Eighty-five (68.6%) of the 124 patients required IMV, and their BMI was higher than those who did not require IMV. IMV was necessary in over 90% of individuals with a BMI greater than 35. Obesity was a substantial risk factor for severe COVID-19 in a group of patients with metabolic associated fatty liver disease (MAFLD), according to a study by Zheng et al. from three hospitals in Wenzhou, China (25). Investigators found obesity to be a strong risk factor for patients with severe COVID-19 and MAFLD. COVID-19 outcome may be influenced by increased liver fibrosis in MAFLD, according to preliminary studies (26). Further research from Rhode Island found a clear link between obesity and illness severity. The researchers looked at data from 103 adult patients who were admitted to the hospital with COVID-19. Patients with significant obesity (BMI > 35 kg/m2) had a higher incidence of severe COVID-19. Furthermore, obesity (BMI > 30 kg/m2) was found to be substantially and independently linked to the usage of IMV in COVID-19 patients (27). This hypothesis was supported by the New York University Health Center’s research on a large cohort of COVID-19 patients (n = 3615) (28). Researchers looked at BMI stratified by age in symptomatic COVID-19-positive patients who came to the hospital and discovered that patients under the age of 60 with a BMI > 30 kg/m2 were more than twice as likely to be admitted to the hospital and experience critical illness as those with a BMI < 30 kg/m2. Patients with severe obesity (BMI 35 kg/m2) were 3.6 times more likely to be admitted to the ICU (28). Another report from the same hospital found similar results with a larger sample size (n = 5279). The researchers found obesity to be the second-leading cause (after age) for hospitalization among COVID-19 patients (29). Research from United Kingdom linked obesity to a higher chance of mortality (30). Obesity was revealed to be a substantial risk factor for severe disease and death caused by COVID-19 in a single-center Italian study of 482 individuals. Patients with a BMI < 30 kg/m2 had a higher risk of severe illness, but those with a BMI > 35 kg/m2 had a far higher chance of death (31). Obesity predisposed young COVID-19 patients (14–45 years old) to a considerably greater mortality risk, according to a study from Zhang et al. (32). Cai et al. investigated the relationship between COVID-19 severity and obesity in a recognized hospital in Shenzhen, China, and found that patients with obesity at a higher risk of developing severe COVID-19 (64). Other nations that have been badly hit by the pandemic, such as Mexico (65), Germany (66) and Spain (67) have established a link between BMI, disease severity and death due to COVID-19. It is clear that obesity, due to the impacts it has on the proper regulation of the immune system, may be one of the most important risk factors with regards to COVID-19.




Figure 2 | (A) Adipose tissue expresses the receptors ACE-2, Dipeptidyl peptidase-4 (DPP4), and CD147, as well as protease furin, following the entrance of SARS-CoV-2. The expression of these proteins is elevated in obese adipose tissues, and ACE-2 and DPP4 production in the circulation of obese people is increased. Patterns of COVID-19 morbidity and severity may be influenced by the expression of mentioned proteins, which are meaningfully associated with body mass index (BMI). (B) The mechanism affecting clinical outcomes and leading to poor prognosis in obese COVID-19 patients. A population of three anti-inflammatory cell types associated with proper adipose activity can be found in normal adipose tissue. Negative regulators of inflammation include T helper (Th2) cells, M-2 macrophages, and regulatory T cells (Treg). Obesity is linked to changes in the number and diversity of immune cells in the adipose tissues, including a considerable drop in Th2 cells, Treg cells, and M-2 macrophages. Conversely, the number of pro-inflammatory cells, such as CD8+ T cells and M-1 macrophages, has increased significantly. More than 40% of M-1 macrophages are found in obese, inflamed adipose tissue, which produce a variety of pro-inflammatory cytokines that cause local and systemic inflammation. Other cell types that release pro-inflammatory elements, such as neutrophils, dendritic cells, and mast cells, also contribute to inflammatory process.





2.3 What Causes the Obese Person to Become so Susceptible?

Adipose tissue was long considered inactive, storing energy in lipid form in case of starvation. Now, adipose tissue is understood as a crucial endocrine organ that secretes several components (adipokines, chemokines, and cytokines) that have an important influence on metabolism and immune system function (Figure 2B) (68–70). Obesity is associated with significant changes in the distribution and number of immune cells in the adipose tissues, with fewer Treg cells, Th2 cells, and M2 macrophages. However, while the aforementioned cells decrease in quantity, the number of inflammation-related cells such as M1 macrophages and CD8+ T cells increases, showing a variation almost in line with autoimmune diseases (23). Relating to the previous point, obesity and related metabolic syndromes affect the proper function of lymphoid tissues and can therefore impact the spread and location of immune cells, which can then impact immune defense and T cell activity (23). Among the comorbidities associated with obesity, lipid deposition is increased in the bone marrow and thymus; an excess of lipid storage in these tissues affects the leukocyte population and can therefore affect lymphocytes and the overall functioning of immune defense (23).

As it has been shown in diabetes, insulin may prove vital to T cell metabolism and regulation. Insulin signaling results in critical immune-increasing effects on T cells, controlling their increase in number and spread while also affecting the production of cytokines and overall glucose metabolism, providing a key form of defense against possible infection. Therefore, an impacted or abnormal insulin signaling pathway can directly affect COVID-19 resistance and mortality. In addition to its previous similarities with metabolic syndrome, obesity often leads to a permanent form of insulin resistance in peripheral tissues, disrupting the insulin signaling used in this process of host defense. It seems apparent that insulin stimulation weakens signaling pathways in the lymphocytes of people with obesity or type 2 diabetes (23).

Leptin, a hormone secreted from adipocytes, helps to regulate the number of T cells, ensures their efficient functioning, and serves as a link between immune response and metabolism. Elevated levels of leptin in the bloodstream can cause an immune-impairing state best described as “leptin resistance” (23, 71, 72), and elevated levels of leptin in obese patients can cause aggravated cases of acute respiratory distress syndrome (43, 49). It is also theorized that adipose tissue has a reservoir-like effect for COVID-19; lipid droplets in these tissues may facilitate viral production and spread (23). In its function as a viral reservoir, adipose tissue can prolong virus shedding in patients with obesity (72). Due to other conditions such as an impaired immune responses and reduced macrophage activation, the prolonging of viral shedding in obese patients can be expected (72). These prolonged cases of viral shedding can also be linked to what has been described as “long COVID”, wherein symptoms associated with COVID-19 persist for much longer than the standard four-week infection period (73). The question must then be raised about whether there exists a link between pre-existing conditions such as obesity or metabolic syndrome, and the prevalence of “long COVID”.

Obesity also reduces the size of the inguinal lymph nodes, can hamper dendritic cell and fluid transport function, and therefore reduces the number of T-lymphocytes in lymph nodes (23). In addition, adipose tissue is an initial source of interleukin-6 (IL-6), an independent risk factor in determining the severity of COVID-19 in a patient. Therefore, IL-6 can be used as a biomarker for identifying severe cases (72). Hence, as a result of obesity, inflammation may increase due to the unregulated secretion of cytokines and adipokines such as IL-6, tumor necrosis factor, and C-reactive protein (CRP), resulting in the creation of a self-regenerating inflammation loop; causing the utilization of immune cells such as T cells, B cells, and macrophages; and impairing the immune system (72, 74). The unnecessary secretion of immune cells, combined with a lack of proper immune system regulation, suggests that obesity may play a large role in determining COVID-19 severity.

Obesity and an overabundance of amino acids can trigger the hyperactivation of the mTOR pathway, which in turn could support SARS-CoV-2 replication by utilizing the mechanisms involved in host viral replication and subsequent inflammation (75). Combined with the viral reservoir that can be created as a result of expanded adipose tissue, obese patients may be at a higher risk of developing severe infection. Moreover, higher levels of dipeptidyl peptidase 4 (DPP-4) in patients with obesity may additionally impair the immune system, with inhibition of DDP-4 improving insulin sensitivity in both obese and non-obese patients, thus potentially suppressing the pro-inflammatory response associated cytokines such as interleukin-10 (IL-10) and IL-6.



2.4 Alcohol

In most cases, the consumption of alcohol is considered detrimental to one’s health, with effects that include interference in the nervous system’s communication pathways, cardiovascular cases such as cardiomyopathy and arrhythmia, and a weakening of the immune system. Those who consume more than 20–40g/day of pure alcohol for females and 30–60 g/day for males are classified as dangerous drinkers (chronic heavy drinking or CHD) and are at higher risk of infection (76). Alcohol consumptions increase the risk of viral and bacterial infections significantly (77–79), although the severity of infection is correlated with the pattern of alcohol exposure, whether it be acute or chronic (78, 80).

An earlier investigation (into hepatitis C) clearly reported a dose-dependent relationship between viral infection and alcohol intake (81). According to a systematic study and meta-analysis (82), alcohol intake raises the risk of pneumonia due to alcohol’s effects on the immune system, raising as well the risk of malnutrition and, over time, advanced alcohol-related liver disorders (76, 82). Notably, an early investigation found a link between alcohol intake (in people who did not have an alcohol use disorder) and the level of ACE-2 in the body (particularly in the respiratory region) (83). Altogether, as recently proposed (76), harmful consumption may raise the risk of lung infection and deteriorate COVID-19 outcome, though this proposition is contradicted by the latest clinical investigation into lifestyle risk factors (84). In that cohort study, 760 people were hospitalized due to COVID-19, out of a total of 387,109 cases. Heavy alcohol consumption (measured over multiple years) was not linked to an increased risk of COVID-19 related hospitalization.

In terms of immune response, the focus should be on chronic consumption. Chronic alcohol consumption has been shown to drive disease progression in chronic viral infections such as HIV and to lower the body’s antibody response following vaccination (79). Increased alcohol intake enhances viral entrance by increasing alveolar barrier permeability and, in turn, leading to a higher risk of acute lung injury (8, 85) and the possible development of ARDS (8, 86), the most common symptom in patients with severe COVID-19 (8, 87). Heavy alcohol use disposes alveolar, myocardium, and central nervous system (CNS) macrophages to oxidative stress, reducing the efficiency of cellular responses such as phagocytosis (88, 89). During initial COVID-19 infection, the activation of macrophages initiates the inflammatory cascade, but in severe cases elevated innate immune cytokine levels lead to a so called cytokine storm, immune exhaustion, and increased mortality (90, 91). On the other hand, alcohol consumption increases the risk of COVID-19 by pro-inflammatory immune response stimulation and impairment of anti-inflammatory cytokines (78). Furthermore, COVID-19-derived neuro-inflammatory responses could cause blood–brain-barrier (BBB) disruption and among other symptoms seizures in severe cases (92), showing an overlap of alcohol-induced neurovascular inflammatory responses (93–96). Besides negatively affecting the innate immune system, alcohol negatively impacts the proliferation and function of T cells, weakening adaptive immunity and indicating further synergies with COVID-19 (97, 98). Though less than diabetes mellitus and obesity, alcohol consumption remains an associated risk factor of COVID-19, and chronic alcohol consumption should be avoided so as not to induce a severe COVID-19 case.



2.5 Cancer

Cancer is among the best known and most prevalent conditions that weaken the immune system. It is likely that this weakening results from an overexpression of immunosuppressive cytokines; it has been demonstrated to involve the suppression of inflammatory signals, the slowing down of dendritic cell maturation, and an increase in immunosuppresive leukocytes (99). Risk factors related to a higher incidence of COVID-19 in cancer patients could be due to the presence of chronic inflammation (100). Additionally, when lymphocytes are impaired, risk factors increase further (101, 102). Therefore, it seems to be clear that some cancer patients are constantly in a state of immunosuppression, caused either by treatments such as chemotherapy or the disease itself, and that this immunosuppression increases the overall infection risk as compared to the general population (101, 103, 104).

While cancer develops in an immunosuppressed and -compromised environment, oncologic parients are at greater risk of infection. This risk factor is further augmented by the fact that cancer treatments also increase instances of inflammatory responses. For example, chemotherapy can impact bone marrow production, resulting in decreased white blood cell count. Alternatively, surgery can increase immune response and thus the risk of infection (1). As the tumor progresses, it can cause obstuction and disrupt natural innate barriers such as mucosal tissue and the skin, significantly increasing the risk of infection in these patients in combination with the aformentioned factors resulting from treatment and the use of medical devices (102). Additionally, the prolonged use of corticosteroids, which are administered as a supportive therapy, can harm adaptive immunity and neutrophil function, increasing the risk of COVID-19 infection (1).

Chemotherapy may subject patients to certain agents that release tumor-associated macrophages in turn may increasing interleukin-10 levels which could then lead to supression of t cytotoxic T cell function due to decreased IL-12 expression. Additionally, CD8+ T cell activity may be weakened (105). Though chemotherapy is definitely an effective treatment, it can also lead to a multitude of detrimental side effects, such as disruption to the immune suppressive environment in immune and tumor cells, which can cause lymphopenia. It can also lead to the release of antigens resulting in cell death and immune suppressive cell apoptosis (10). However, it can be theorized that these immune changes in chemotherapy depend on the amount of the dose received (106). Surgery exists as an alternative or complementary treatment to chemotherapy, but neither is it without its own drawbacks, such as a decrease in lymphocytes and natural killer (NK) cells, resulting in an impaired immune system possibly causing formation of micrometastases and increase of residual tumor cells. These residual cells can then secrete cytokines, increasing instances of Treg cell and myeloid-derived suppressor cells (MDSC) recruitment (105).

In the context of the current pandemic, patients who have undergone surgery, chemotherapy, or immunotherapy (e.g. immune checkpoint inhibitors (ICI)) have been at the center of conversations about risk factors and COVID-19. Patients undergoing immunotherapy like ICI probably have better immune functions than patients who are being treated with chemotherapy (2). In modern treatments developed within the field of oncology, ICIs are targeted by immunotherapy agents against anti-programmed cell death 1 (PD-1), its ligands (PD-L1 and PDL-2), and the cytotoxic T-lymphocyte-associated antigen 4 (CTLA-4). The role of these checkpoint inhibitors is to arrest the host’s immune response. In doing so, the system may become hyperactivated, such as in a cytokine storm during COVID-19 infection, and can cause severe infection (1, 107). Since both COVID-19 infection and ICI have a downstream impact on innate immunity, and since patients with shorter treatment times have also had less time to aggravate downstream effects, it can be hypothesized that patients undergoing longer ICI treatment are more likely to develop severe COVID-19 (108). Alternatively, the existence of a high mortality risk in untreated cancer patients with COVID-19 indicates that cancer alone, without its associated treatments, may affect the immune system (109). Patients with COVID-19 also depicted elevated levels of IL-6, whereas increased IL-6 is associated with cardiac dysfunction and can further increase the risk of cardiovascular incidents such as heart failure and myocardial infraction (110). In addition to its function as an indicator of cardiovascular events, IL-6 also serves as a potent reference in its signaling pathways and pathophysiology. It has been shown that IL-6 mediates malignant changes while being the primary driver behind anti-apoptotic mechanisms, and serves as an essential biomarker in determining cancer risk, prognosis, and diagnosis (100).

Having a look on the impact of infection and cancer on T cell activity, the primary contributing factor is the exhaustion of T-lymphocytes (111, 112). With increased levels of antigens, T cells and CD8 T cells experience exhaustion, and can cause dysregulated cytokine pathways, altered metabolism, and overexpression of inhibitory receptors (112). Additionally, cancer patients infected with SARS-CoV-2 may find themselves at a higher risk of developing myocardial infarctions, septic shock, and ARDS (113). With the previously mentioned ICI cell therapies, as well as other cell-based therapies, the COVID-19 hyperinflammatory condition is aggravated with treatment, and mortality is increased due to ICI-associated pneumonitis (2, 114). Both the disease itself and its treatments leave cancer patients always at higher risk for SARS-CoV-2 infection, making them among the highest risk groups in the pandemic.



2.6 Cardiovascular Disease and Hypertention

The COVID-19 pandemic and its associated SARS-CoV-2 infection has also placed cardiac patients among those at most risk. The infection impacts the cardiovascular system by causing myocarditis, arrythmia, cadiogenic shock, heart failure, myocarditis, and other thromboembolic events (2). The prevelance of such events has led to the hypothesis that the disease can play a role in the development of cardiovascular disorders such as those mentioned above, along with venous thromboembolism, and acute coronary syndrome (ACS) (115). The potential effects of COVID-19 on the cardiovascular system are summarized in Table 2.


Table 2 | COVID-19 cardiovascular consequences.



ACE-2 is a receptor that has the primary function of promoting cardiovascular health; it can also, however, multiply the damage caused by different coronaviruses. In cardiac patients, ACE-2 levels and expression are low in fibroblasts as compared to the healthy control, but high in endothelial cells and cardiomyocytes, whereas the same increase is found in patients with heart failure and aortic stenosis (120). It may seem oxymoronic that ACE-2 can contribute to healthy cardiovascular function while worsening SARS-CoV-2 infection through ACE-2 dysregulation (110). Viral infection can cause endothelial cell dysfunction resulting in microvascular dysfunction, which is correlated with pericytes injury (121). ACE-2 can also be downregulated during COVID-19, possibly aggravating atherosclerosis and causing cardiac dysfunction (115). Due to the downregulation, angiotensin II accumulates, oxidative stress increases and NADPH oxidase 2 (Nox2) is activated. Nox2 levels can be correlated with troponin elevation and instances of heart failure, presenting a possible link between Nox2 activation and cardiovascular issues as a result of COVID-19. Therefore, it can be suggested that Nox2 levels could potentially serve as biomarker for COVID-19 infection (110). ACE-2 is also downregulated in older people, which intensifies the severity of their COVID-19 infection and may explains why age is a risk factor. Studies on ACE-2 regulation within the context of COVID-19 have yielded differing conclusions, potentially as a result of the novelty of the research field. While different papers proffer completely different insights, dysregulation remains the common underlying factor.

In COVID-19 patients, increased levels of high-sensitivity cardiac troponin is an indicator for mortality and myocardial injury (110, 115). In studies of hospitalized COVID-19 patients, those with increased levels of troponin T were more likely to develop arrhythmias such as ventricular tachychardia, than those hospitalized with normal troponin T levels. Moreover, endothelial and vascular injury from COVID-19 infection increases the risk of acute coronary syndrome (ACS) and thrombus formation (115). Other abnormal biomarker levels have been observed in SARS-CoV-2 infected patients, such as phospholipase A2 group VII PLA2G7, which is caused by macrophages (122). In late-stage COVID-19, immune responses may lead to cytokine-associated myocardial dysfunction, sepsis-related cardiac dysfunction, and stress-induced cardiomyopathy (115). Other biomarkers prevalent in COVID-19 patients are increased amount of D-dimer, prolonged prothrombin time, and reduced platelet counts. As a result patients must also deal with abnormalities in coagulation, which increases the risk of thromboembolic events. The combination of this inflammatory response and the overall damage caused by COVID-19 can place certain patients at greater risk of entering a hypercoagulable state (115).

During hypertension, monocytes are activated by the vascular endothelium, causing an almost uncontrolled release of cytokines, which presents a feasible relation to COVID-19 and SARS-CoV-2 (110). Overactivation of the host’s immune response can give rise to increased inflammation and deteriorated cardiac function as a result of fulminant myocarditis. The previous release of cytokines can then cause inflammation and infiltration into unrelated organs such as the heart (123). In addition, hypertension can also cause CD8+ dysfunction (110, 124). As with cancer patients, immune-related therapeutic drugs associated with hypertension treatments, such as CAR-T cell immunotheraphy and monoclonal antibodies, can give rise to both direct cardiac and systemic inflammation (123). Therefore, patients suffering from hypertension find themselves at greater risk of severe infection as a result of both the disease and its associated treatment (2). Finally, hypertension may also trigger airway hyperinflammation and slow down viral clearance, which can further contribute to disease severity (125).



2.7 Other Pre-Existing Diseases

As with many others of the conditions discussed here, infection risk increases with the presence of comorbidities, such as chronic kidney and liver diseases, autoimmune diseases, and Down syndrome (126–128). Other pre-existing conditions that have been shown to exacerbate COVID-19 symptoms might have the same origins; for instance, chronic kidney disease is associated with oxidative stress and elevated expression of ACE-2 and cytokines, including IL-6 and CRP (2). In addition, the liver is a major source of proteins involved in innate and adaptive immunity, while cirrhosis-associated immune dysfunction, combined with systemic and hepatic inflammation in patients with chronic liver disease, might amplify COVID-19 symptoms (126, 129). Thus, liver injury in COVID-19 patients might be immune-mediated rather than a result of direct cytopathic damage (130).

Due to similarities of clinical manifestations, immune responses, and pathogenic mechanisms in COVID-19 and autoimmune diseases, the risk of infection in patients with autoimmune diseases is high (128, 131, 132). Neutrophil extracellular trap production (NETosis) seems to play a pathogenic role in COVID-19, similar to autoimmune diseases like lupus, antiphospholipid syndrome, and anti-cytoplasmic neutrophil antibodies (ANCA)-associated vasculitis. In addition, certain autoantibodies — like antinuclear antibodies (ANA), anti-cytoplasmic neutrophil antibodies (ANCA), and antiphospholipid (APL) antibodies, which are known to occur in many autoimmune diseases — have been detected in patients with COVID-19, contributing to our understanding of how SARS-CoV-2 might be able to induce autoimmune responses (131).

The BBB is essential in protecting the central nervous system; however, viruses can lead to BBB disruption leading to CNS inflammation (133, 134). It has been observed that BBB permiability is increased in patients with neurodegenrative diseases such as Alzheimer’s disease, depression, and Parkinson’s disease, rendering these patients much more at risk of COVID-19 (134). Additionally, if a previous immune response caused activation of microglia, these can become hyperactivated and induce an uncontrolled immune response when dealing with SARS-CoV-2 (135). Down syndrome is another condition that impacts COVID-19 risk. These patients tend to display mild or moderate B and T cell lymphopenia, with an inherently depressed level of naïve lymphocytes. Thus, Down syndrome patients are at greater risk of SARS-CoV-2 infection due to their impaired antibody response to vaccines and immunization, impaired T cell proliferation, and defective neurophil chemotaxis, among other immune system commorbidities and abnormalities (9, 127).

Obesity, diabetes, cardiovascular disease, and even factors of age and biological sex have been shown to directly influence the severity of COVID-19 symptoms and its mortality. However, the specific role of each of these conditions is not easy to distinguish. Each may interact with the others in yet unknown ways, and further assessments of different combinations of these comorbidities are necessary.




3 Other Factors


3.1 Age

What could almost be considered an inarguable fact is that older people are at greater risk of infection and more susceptible to severe infection (118, 136). Several studies have indicated that age can be considered a risk factor in COVID-19, and that older individuals remain a high-risk group during the pandemic (136–138). Immune responses can differ within age groups, as those who are older tend to have a weaker immune response and therefore are more prone to infectious diseases such as SARS-CoV-2. Older individuals tend to have less of an ability to endure inflammatory signals and an increase in pro-inflammatory cytokine production, which could potentially lead to a cytokine storm (139).

As previously mentioned, changes in ACE-2 expression can contribute to disease severity and patient mortality, and these changes often appear in older patients. As individuals get older, ACE-2 expression in the lungs increases, as shown in studies of (both male and female) patients who were not on a ventilator at the time of death (117, 136). The upregulation of ACE-2 also occurs due to anti-hypertensive treatment, a common pre-existing condition often discussed in terms of its effect on COVID-19 mortality (136). However, a multitude of diseases tend to develop with age. With increasing age, T2DM, obesity, metabolic syndrome, and cardiovascular diseases are more likely to be present and contribute to COVID-19 mortality in the elderly.

The main role of neutrophils in immune function is to help facilitate phagocytosis; as neutrophil migration becomes more inaccurate in older patients, phagocytosis function and killing activity can thus be weakened (139). Furthermore, increases in endothelial damage with age, along with associated changes in clotting, can put older individuals at high risk of COVID-19 infection (140). Aging also impacts interferon production, causing delays in type I interferon production, which in turn impairs the functioning of natural killer cells and impacts viral clearance (139). Once infected with SARS-CoV-2, the impaired interferon production might cause imbalances in M1 and M2 macrophages (139). Finally, telomere shortening, and related DNA damage can impact different kinds of CD4 T cells, such as naïve cells and memory CD4 T cells (141).



3.2 Sex

There has been evidence since the beginning of the pandemic that men have a higher COVID-19 fatality rate than women, possibly as a result of different concentrations of SARS-CoV-2 receptors (142). In men, more cell types readily express ACE-2, which could lead to the higher risk associated with overexpression of ACE-2. Differences in hormones between men and women may be the indicating cause of differing mortality levels. Hormonal environments in men and women, specifically relating to androgens and estrogens, have been shown to influence adaptive and innate immunity. This hormonal assistance to the immune system could be related to the suppression of lymphocyte response that in turn facilitates the immune system’s deviation from pro-inflammatory cytokine production to anti-inflammatory cytokine production (143). Estrogen has been shown to have a protective effect on the immune system. For instance, progesterone can have several anti-inflammatory effects, mainly through the inhibition of nuclear factor kappa beta and decreases in inflammatory cytokines such as but not limited to IL-12 and IL-10 (142).

Furthermore, the female sex steroid hormones also lead to greater production of interferon-α, which derives from plasmacytoid dendritic cells, further demonstrating the inherent advantages the female immune system may have over the male immune system (144, 145). Additionally, differences in mortality between men and women can also be attributed to differences in sex chromosomes. Crucially, a number of genes located on the X chromosome play a major role in immunity. So, although there should only be one activated X chromosome in females — functionally the same as in males — evidence exists of a gene imbalance that favors females and their associated immune response to infection (146, 147). It can be inferred that the increased interferon production in females is linked to both sex hormone concentration and the number of X chromosomes present (148).

It can also be observed that women can have a more efficient anti-viral immune response than men, lending them an immediate advantage in combating the virus; however when this response is prolonged, it has the potential to lead to a more severe infection (143).

In terms of specific immunity, women demonstrate more robust CD8+ T cell activity, more CD4+ T cells, and increased B cell immunoglobulin production compared to men, who in terms of relative advantages only have more CD8+ T cells (148). Generally speaking, the female immune system can be described as being much more intensive than the male immune system, as discussed above (149). Due to the strength of their immune systems, females tend to clear pathogens much faster and have higher rates of vaccine efficacy and success. However, the strength of this immune system is also what can lead to a higher prevalence of long-term inflammatory and autoimmune diseases (149). An example of this would be the female immune response to seasonal influenza vaccines, wherein antibody responses are twice as strong (119). At the same time, though, 80% of autoimmune diseases are found in women and women infected with HIV have approximately 40% less viral RNA in their blood. These examples support the previous claims that although the female immune system is more efficient at clearing out pathogens and viruses, its strength is also the reason for more prevalent autoimmune and inflammatory disorders (116, 149). 17(beta)-oestradiol (also known as E2), a biologically active form of estrogen, can increase the number of neutrophils in the blood and lungs (149). It is clear that, although not as influential as cardiovascular comorbidities, for example, sex plays a role in defining COVID-19 risk, and it appears that women may be better protected against the virus than men.




4 Summary and Perspectives

While respiratory impairment is the most common clinical manifestation of COVID-19, the disease’s high susceptibility and mortality in some cases points to the impact of pre-existing diseases in COVID-19 patients. Immune function deteriorates in patients with a history of cancer, diabetes, hypertension, insulin resistance, and respiratory problems, resulting in endothelial and ventilation impairment. Beyond this certainty, it must be stressed that our present understanding of how preexisting diseases affect outcomes in COVID-19 patients is insufficient. Future COVID-19 research should focus on the incidence, mechanisms, clinical manifestation, and outcomes of COVID-19 in patients who have already been diagnosed with a variety of diseases. The diagnostic and therapeutic issues arising from the coexistence of multiple diseases must also be thoroughly investigated.
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Background

Two years since the onset of the COVID-19 pandemic no predictive algorithm has been generally adopted for clinical management and in most algorithms the contribution of laboratory variables is limited.



Objectives

To measure the predictive performance of currently used clinical laboratory tests alone or combined with clinical variables and explore the predictive power of immunological tests adequate for clinical laboratories. Methods: Data from 2,600 COVID-19 patients of the first wave of the pandemic in the Barcelona area (exploratory cohort of 1,579, validation cohorts of 598 and 423 patients) including clinical parameters and laboratory tests were retrospectively collected. 28-day survival and maximal severity were the main outcomes considered in the multiparametric classical and machine learning statistical analysis. A pilot study was conducted in two subgroups (n=74 and n=41) measuring 17 cytokines and 27 lymphocyte phenotypes respectively.



Findings

1) Despite a strong association of clinical and laboratory variables with the outcomes in classical pairwise analysis, the contribution of laboratory tests to the combined prediction power was limited by redundancy. Laboratory variables reflected only two types of processes: inflammation and organ damage but none reflected the immune response, one major determinant of prognosis. 2) Eight of the thirty variables: age, comorbidity index, oxygen saturation to fraction of inspired oxygen ratio, neutrophil-lymphocyte ratio, C-reactive protein, aspartate aminotransferase/alanine aminotransferase ratio, fibrinogen, and glomerular filtration rate captured most of the combined statistical predictive power. 3) The interpretation of clinical and laboratory variables was moderately improved by grouping them in two categories i.e., inflammation related biomarkers and organ damage related biomarkers; Age and organ damage-related biomarker tests were the best predictors of survival, and inflammatory-related ones were the best predictors of severity. 4) The pilot study identified immunological tests (CXCL10, IL-6, IL-1RA and CCL2), that performed better than most currently used laboratory tests.



Conclusions

Laboratory tests for clinical management of COVID 19 patients are valuable but limited predictors due to redundancy; this limitation could be overcome by adding immunological tests with independent predictive power. Understanding the limitations of tests in use would improve their interpretation and simplify clinical management but a systematic search for better immunological biomarkers is urgent and feasible.





Keywords: SARS-CoV-2 infection, predictive risk-profile, clinical laboratory tests, cytokines, chemokines, acute phase reactants, CXCL10, flow cytometry



Introduction

Over two years after the onset of the coronavirus disease (COVID-19) pandemic, the clinical, laboratory, and imaging features of patients with severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection have been widely described (1–4). The wide clinical spectrum of COVID-19 became obvious during the first wave, and although the effect of inoculum size should be considered (5, 6), variation has been mainly attributed to host factors, as variants of concern only appeared later (7) (8). The analysis of the first wave has therefore obvious advantages for the identification of host factors and their biomarkers. Among host factors that affect the severity of illness, age, sex, genetic background, immunological status and prior immunity to coronaviruses (9) have been evaluated. Gene mutations of the type interferon (IFN) pathway (10) and antibodies to type IFNs play a clear role in a small proportion of cases (11); polymorphisms in several genes associated with immune response have been identified in genome-wide association studies (12, 13); however, to date, the genotypes that convey a risk of severe COVID-19 have not been defined in a way that is practically applicable for prediction in clinical practice.

Reports originating from the analysis of electronic health records have confirmed the predictive value of clinical laboratory tests usually associated with poor outcomes in other infections i.e., blood cell counts, acute-phase reactants (APRs), and coagulation factors (14–22) but none of the proposed predictive algorithms combining demographic, clinical, and laboratory data have been widely adopted. In small case series, the state of the immune system in COVID-19 patients has been analyzed using the latest tools (23–30) leading to the detection of deep perturbations in the immune system. However, inferences of the effect of these perturbations in the efficiency of the immune response and their clinical consequences are not simple and, to date, no new predictive tests have been validated and added to the clinical laboratory toolbox for COVID-19 management, reflecting not only intrinsic technical difficulties, but also the excessive separation between research and clinical laboratories.

We report a retrospective analysis of data from a cohort of 1,579 consecutive patients treated at the Vall d’Hebron University Hospital (HUVH) during the first wave of COVID-19 in Barcelona. We validated the main conclusions by comparison with cohorts from two other academic hospitals that belong to the same healthcare provider (the Catalan Institute of Health [ICS]) in Catalonia, Spain.

We initiated the study with the hypothesis that the predictive power of clinical laboratory tests had not been fully exploited and with the main objective of improving their interpretation. A secondary objective was to explore a selection of robust immunological tests that might identify an early dysregulated immune response associated with severe COVID-19, with the hypothesis that these tests could provide additional non-redundant prediction power.



Patients and Methods


Patients

The database of the HUVH cohort was obtained by merging data sets from the Infectious Disease, Epidemiology and Public Health, and Clinical Laboratory departments. Consecutive patients aged ≥18 years with a SARS-CoV-2 positive polymerase chain reaction (PCR) from any respiratory sample, hospitalized in HUVH between 10 March and 29 April 2020 were included in the study (see Tables 1, S1). This COVID-19 HUVH cohort consisted of 1,579 patients (Figure 1). All patient medical records included the main symptoms, days from symptom onset (DFSO), initial assessment of vital signs, comorbidities, length of hospital stay (LOS), intensive care unit (ICU) admission, oxygen supplementation and supportive ventilation requirements, outcome during the hospitalization and results from clinical laboratory tests. Data were censored on the date of discharge, death, or 28 days after admission, whichever occurred first. The outcome of all patients discharged before the 28th day was ascertained through a review of the primary care electronic health record annotations.


Table 1 | Summary of the clinical and demographic features of HUVH cohort vs outcome.






Figure 1 | Selection of patients for the cohorts from Vall d’Hebron University Hospital (HUVH), Bellvitge University Hospital (HUB), and Germans Trias i Pujol University Hospital (HUGTP). All patients were confirmed by polymerase chain reaction (PCR) to have coronavirus disease (COVID-19). The details of the excluded patients are provided in Table S1. The data from HUVH corresponds to patients who were admitted to the emergency division between 10 March and 29 April 2020; to HUGTP between 17 March and 12 May 2020; and to HUB between 16 March and 23 September 2020. The number of deceased patients corresponds to the 28-day follow-up period. The HUB and HUGTP cohorts include only hospitalised patients but in the HUVH cohort, 46 patients were discharged home or to a medicalized hotel within 24h and monitored by the primary care network.



Comorbidities were classified as 1) cardiovascular disease and/or hypertension, 2) chronic lung disease, 3) diabetes, 4) neurological disease, 5) chronic kidney disease, 6) active non-terminal malignancy, 7) obesity, and 8) chronic liver disease. Each comorbidity was assigned value of 1, and a global comorbidity index (1 to 8) was generated. The clinical severity category was assigned as the maximal score attained during hospitalization, using a simplified version of the World Health Organization (WHO) 10-point COVID-19 disease clinical progression score (31) as follows: 1) Mild, no activity limitations or not requiring hospitalization; 2) Moderate, hospitalized, not requiring high-flow oxygen therapy or ventilation support; 3) Severe, hospitalized requiring high-flow oxygen therapy or ventilation support; and 4) Deceased, those who died before day 28 of hospitalization. These categories correspond to the WHO scores 1–3, 4–5, 6–9, and 10, respectively. For some analyses, the mild and moderate categories were combined into a non-severe category, and the severe and deceased categories were combined into a severe category.

The validation cohorts from the Bellvitge University Hospital (HUB) and the Germans Trias i Pujol University Hospital (HUGTP) included 598 and 423 patients, respectively, and, together with the HUVH cohort, at total of 2,600 patients were included in the analysis (Figure 1).



Outcomes

Final outcomes for comparison included survival vs. death, and maximum clinical severity. For the validation cohorts the only available outcome was survival for 28 days (survivors) and death (deceased).



Clinical Laboratory Tests

Detection of SARS-CoV-2 was first performed by an in-house PCR assay with primers and probes from 2019-nCoV CDC PCR panel, using the One-Step RT-PCR kit (Qiagen, Germany). When commercial assays became available, a real-time multiplex RT-PCR assay (Laplet 2019-nCoV Assay, Seegene, South Korea) was used.

The clinical laboratories were equipped with Beckman Coulter (Brea, CA, USA) and Roche Diagnostics (Indianapolis, IN, USA) automatic analyzers that were integrated with two TECAN (Zug, Switzerland) continuous lines and two automatic cold storage and retrieval units that ensure sample integrity. IL-6 levels were measured in a Elycsis® Cobas analyzer (Roche). Samples for assessing the predictive performance of clinical laboratory tests were taken on admission to the hospital; glomerular filtration rate (GFR) was calculated by applying the algorithm of Levey et al. (32); additional laboratory test data for the 28-day follow-up period were available from 9,475 samples corresponding to 1,079 of the 1,579 patients in the HUVH cohort.



Immunological Tests

The levels of CCL2, CXCL10, GM-CSF, IFN-alpha, IFN-gamma, IL-10, IL-12 p70, IL-13, IL-15, IL-17A, IL-1RA, IL-2, IL-4, IL-6, IL-7, TNF and granzyme B were measured in sera using the ELLA microfluidic platform (Biotechne®, Minneapolis, MN, USA); sCD163 levels were measured by a commercial ELISA (CD163 human kit, Thermo Fisher Societies, Waltham, MA, USA).

The Human Immune Phenotyping Consortium protocol (33, 34) was adapted for the study of COVID-19 patients. The antibodies used are shown in Table S2. Blood was collected in EDTA vacutainer tubes (BD-Plymouth, UK) and processed within 4 hours. Lymphocytes were selected by CD45 and SSC including 105 cells in the gate. In samples with marked lymphopenia a lower number were selected. Cells were analyzed in a NAVIOS EX flow cytometer (Beckman Coulter). Data were analyzed with Kaluza Beckman Software v.2.1. Absolute values were generated by loading counts from the hematological analyzer (XN-2000; Sysmex, Japan) parallel sample analysis.



Statistical Analysis

Categorical variables were summarized as frequencies and proportions and continuous variables as means, standard deviations, and 95% confidence intervals (CIs) or medians and interquartile ranges (IQRs), depending on their distribution. Pairwise comparisons used the Mann–Whitney U-test and Kruskal-Wallis test, adjusted for the false-discovery rate (FDR) using the Benjamini and Hochberg, or corrected by the Bonferroni method where indicated. C-reactive protein (CRP), IL-6, ferritin, and D-dimer values were logarithmically transformed. A threshold of 30% of laboratory missing data was used as the exclusion criteria for data analyses. The initial oxygen saturation to fraction of inspired oxygen ratio (SpO2/FiO2) was available for a subset of 827 patients. The data from these patients were either analyzed separately, or when this parameter was included in a general analysis, this was indicated. Data from treatments were available in 981 patients with comparable clinical and demographic features as patients in severity categories moderate, severe, and deceased of the HUVH cohort (Table S3).

Bivariable logistic regression was used to calculate the age-adjusted odd ratios (OR) and effect size (Z score) of each variable. Multivariable logistic regression was used to calculate the predictive power of different combinations of variables. Correlation among variables was analyzed using the non-parametric Spearman test. For analysis of follow-up data of the HUVH cohort, locally weighted smoothing (LOESS) was applied to clinical laboratory variables to visualize the relationship between the mean and CI of each variable, time and 28-day outcome, as described in 4. To assess the performance of each clinical laboratory test, the receiver-operating characteristic (ROC) curve and the corresponding area under the curve (AUC) values were calculated, using age as a variable for comparison. In addition, random forest simulation, as machine learning method, and principal component analysis (PCA) were performed to further compare the influence of the laboratory and clinical variables on the outcomes in each hospital dataset.

Statistical tests were 2-sided and used a significance threshold of at least p <0.05. R, version 4.1.0 (The R Foundation for Statistical Computing, Vienna, Austria) and Prism 9® (GraphPad, San Diego, CA, USA) packages were used for all analyses. Statistical analysis was conducted by the Statistics and Bioinformatics Unit (UEB), Vall d’Hebron Hospital Research Institute, and by co-authors PC-E and RP-B under the supervision of the UEB.




Results


Overall Clinical Features of HUVH Cohort

The HUVH cohort included 1,579 PCR-confirmed COVID-19 patients with a median age of 62 years (IQR: 50–75 years), of whom 255 (16.1%) died during the first 28 days after hospitalization (Figure 2A). Eight hundred eighty (55.7%) patients were male. The proportion of males was higher than females (58.0%) among the deceased patients and this proportion of males was significantly higher than their proportion in the Barcelona metropolitan area at the time (47.5% male, p <0.001, (35). A total of 236 (14.9%) patients were admitted to the ICU with a 28-day case fatality rate of 13.9% for this subgroup (36).




Figure 2 | The structure and outcomes of the Vall d’Hebron University Hospital cohort. (A) Left panel, age distribution of the survivors and that of the deceased is markedly different (median [IQR]: 62 years [50–75 years] vs. 82 years [74–87 years], p<0.001) as are comorbidities (central panel) and SpO2/FiO2 (right panel). (B) Distribution of the patients in the HUVH cohort among the four severity categories, based on the World Health Organization criteria (described in the Material and Methods section). The number of patients in the mild category is small (n=71) as only patients with bilateral pneumonia or severe associated pathologies were hospitalised during this period of the pandemic. (C) Survival after admission: this graph highlights mortality during the initial 10 days, with a high number of patients older than 80 years dying in the initial 3–4 days (see text “Overall Clinical Features of HUVH cohort”). HUVH, Vall d’Hebron University Hospital  ****p < 0.0001.



The presenting symptoms are shown in Table 1. Cardiovascular and/or hypertension, chronic lung disease, diabetes, neurological disease, chronic kidney disease, and active non-terminal malignancy were significantly associated to decreased 28-day survival, but not chronic liver disease nor obesity. Of note, digestive symptoms were more frequent in survivors (31.1% vs. 20.0%, p <0.001). The comorbidity index was significantly higher in deceased patients and patients with severe disease than in survivors and patients with non-severe disease. Each comorbidity added 10% mortality risk up to an index of 4 (Table S4).

The distribution of disease severity was as follows, 71 (4.5%), 969 (61.4%), 284 (17.9%), and 255 (16.1%) in the mild, moderate, severe, and deceased categories, respectively. Among the mild patients, 46 were discharged within 24h. The age of patients increased with disease severity category, except between the moderate and severe disease groups (Figure 2B and Table S4). The LOS increased with disease severity for the three initial disease severity categories but was shorter among the deceased because 24.9% of obits occurred during the initial 4 days of hospitalization (Figure 2C). The median disease duration was 18 days (IQR: 10–18 days) and was progressively longer with increasing disease severity. Age had a strong effect on mortality: for patients in the age groups 50–59, 60–69, 70–79, 80–89 and >90 years, with 28-day case fatality rates of 1.82%, 10.9%, 26.4%, 49.7% and 60.6% respectively (Table S5).

The treatment was available in 981cases in the exploratory cohort and can be consulted in Table S3. Most patients received hydroxychloroquine (90.5%) and antivirals (87.7%) following the recommendations of treatments at that stage, but a proportion also received the drugs that were later found to be effective such corticosteroids (18.3%) and Tocilizumab (25.1%).

In the dichotomous disease severity grouping, there were 1,040 and 539 patients in the non-severe and severe categories, respectively. Deceased patients accounted for 43.7% of the severe category. The disease severity was significantly associated with age, DFSO, LOS, disease duration, and comorbidities other than chronic liver disease (p=2.4·10-29, p=2,9·10-14, p=1.5·10-44, p=1.4·10-17 respectively). Disease severity was greater in males than in females, but after adjusting for multiple comparisons the statistical significance was moderate compared with the other significant associations (exact p =0.001, after Bonferroni’s correction p=0.03) (Table 1).



Predictive Power of Current Clinical Laboratory Tests

The exploratory statistical analysis of the HUVH cohort revealed strong association of 22 of the 30 variables with 28-day outcomes (Figure 3 and Tables 2 and S6). However, the analysis of the classification tables generated by iterative logistic regression analysis using different sets of variables showed that, despite good ROC curves (see below), their power in predicting poor outcomes, either decease or severe disease, was under the 60% (Table 3 and Supplementary Tables in excel format “Repeated Multiple Logistic Regression”). Of concern, prediction was very dependent on age (Table 3). Laboratory variables by themselves -without SpO2/FiO2- are poor predictors specially of decease (34.78% of correctly classified patients). Analyses with a reduced set of eight variables i.e., age, comorbidities, SpO2/FiO2, NLR, CRP, AST/ALT, fibrinogen and GFR, gave similar results as those using all variables, confirming the redundancy of many variables. Machine learning analysis using random forest confirmed this low prediction power of laboratory variables on their own. See below "Selection of a core panel of clinical laboratory tests".




Figure 3 | Univariate comparisons of a selection of clinical laboratory-derived variables at admission and 28-days survival for the survival/decease and non-severe, severe outcomes in the Vall d’Hebron University Hospital cohort. n, number of cases plotted; NLR, neutrophil-to-lymphocyte ratio; CRP, C-reactive protein; AST, aspartate aminotransferase; ALT, alanine aminotransferase; GFR, glomerular filtration rate. ****p < 0.0001. When non-significant, the numerical p-values are given. The exact p-values are given in Table 2. The distribution of age and GFR are markedly different in both the severity and survival analysis.




Table 2 | Pairwise comparison of biomarkers for decease and severity outcomes, HUVH cohort.




Table 3 | Classification tables from multiple logistic regression including different sets of variables for survival vs decease or severe vs non-severe as outcome.





Improving Interpretation of Current Clinical Laboratory Tests

The white blood cell differential counts showed marked imbalance due to an approximately 250% reduction in the lymphocyte count and a 20–30% increase in the neutrophil count. At the individual level, the reduction of lymphocytes was disproportionate to the increase in neutrophils.

The Acute Phase Reactants had a broad range of variation e.g., >10,000 and 50-fold for IL-6 and CRP, respectively, and in most patients the values were out of the normal range, while the aspartate aminotransferase/alanine aminotransferase (AST/ALT) ratio and kidney function test results were only moderately altered and often remained within the normal range.

Multiple correlation (Figure 4), multivariable logistic regression analyses (Table 3), age-adjusted logistic regression (Table 4), and examining their respective shifts from the normal range (Table S7), suggested that these variables could be classified into three broad categories, clinic-demographic (CD), including age, sex and the comorbidity index; inflammation related biomarkers (IFRB) including blood cell counts, levels of APRs, and coagulation factors; and organ damage-related biomarkers (ODRB), including liver and kidney function tests and SpO2/FiO2. These analyses also  revealed that the neutrophil-lymphocyte ratio (NLR) and the AST/ALT ratio captured most of the predictive value of lymphocyte and neutrophils variations and of liver function test variations, respectively, and that SpO2/FiO2 conveyed much of the predictive power of the ODRBs (see supplementary text “Sequence of statistical biomarker analysis”).




Figure 4 | Overall correlograms of selected data on demographics and clinical laboratory variables that were organised in categories. [1] The blue rectangle highlights the negative correlation between neutrophils and the cluster of lymphocytes, monocytes, and eosinophils. [2] The green rectangle highlights the blood cell variables that correlate positively with the acute-phase reactants (APRs) and coagulation factors. [3] The orange rectangle highlights the negative correlation between lymphocytes, monocytes, and eosinophils with APRs and coagulation factors. [4] The magenta rectangle highlights the correlations between age, disease severity, comorbidities with liver and kidney function and SpO2/FiO2. The cells following the diagonal highlights the seven families of variables: clinical, blood cells, APR-coagulation, liver, kidney and lung tests, which show the expected strong correlations among themselves. The thick lines between rows separate the main categories. APR, acute-phase reactants; SpO2/FiO2, oxygen saturation/fraction of inspired oxygen; NLR, neutrophil-to-lymphocyte ratio; CRP, C-reactive protein; AST, aspartate aminotransferase; ALT, alanine aminotransferase; GFR, estimated glomerular filtration rate. The r- and p-values of the data represented in the heatmap are in xlsx format files in the supplementary material “Correlation of variables, r-values” and “Correlation of variables, p-values”.




Table 4 | Bivariate age adjusted logistic regression for 28-days survival/decease and non-severe/severe outcomes.



Applying this classification to assess clinical parameters and test performance using ROC curve analysis (Table 5), it emerged that the CD and ODRB performed better at predicting survival, while IFRB performed better at predicting disease severity (Figure 5A and Table 3). The strong influence of age was more evident in the analysis of survival curves (Figure 5S) using Youden index for the cut-off values (Table 5); the hazard ratio (HR) for patients age under or above 60 years was 32, while the next highest HR was for GFR 9.3 (Figure 5B). The predictors of disease severity in descending order were age, GFR, urea, IL-6, D-dimer, and comorbidities (Figure 5B). The predictive power of both the ODRB and IFRB variables was maintained in the age-adjusted logistic regression analysis (Table 4) but reduced when ROC analysis was stratified by age intervals (Table S8). The random forest simulation further confirmed that age was the single best predictor of outcome, and that the combination with all laboratory variables was only partially additive (Table S9).


Table 5 | ROC curve analysis as for clinical laboratory test performance comparison for survival/decease and non-severe/severe outcomes.






Figure 5 | Relative weight of different variables in prediction and performance. (A) Heatmap summarizing the values under the curve (AUC) generated by applying Receiver Operating Characteristic (ROC) curve routinely used to assed the performance of clinical laboratory tests, to each the main variables; the performance was assessed by survival/decease and for non-severity/severity outcomes in the HUVH cohort. (B) Hazard ratios corresponding to survival curves for Youden index cut-off. Red, significant values for the HUVH cohort. (C) Heatmap of the area under the curve (AUC) of ROC curves corresponding to the variables available for the three cohorts (HUB, HGTP and HUVH). The values have grouped by unbiased hierarchical clustering. IL-6, CRP, urea, lymphocytes, and neutrophils occupy central positions. At the bottom, the AUC for some variables available only from the HUVH cohort and the AUC values for the three cytokines that perform better in the group of 74 patients who were analyzed in the HUVH cohort. The numbers within the cells are the AUC values. (D). Multivariable logistic regression analysis, age-adjusted, for the main variables of the three cohorts (HUB, HGTP and HUVH). The three forest plots show how, after correcting for age, the APRs rank above the glomerular filtration rate (GFR) in the HUVH cohort and have a similar ranking in the three cohorts. The horizontal whiskers represent the 95% confidence intervals; values in red indicate positive predictive and blue negative predictive value for the 28-day survival/deceased outcome. The dotted lines indicate variables only available for HUVH. The OR rankings -differently from the ROC AUCs- are useful only to compare the different hospital cohorts, but not to compare the weight of the variables within each cohort, as ORs are derived from variables that use different units and ranges of variation. APR, acute-phase reactants. APR, acute-phase reactants; SpO2/FiO2, oxygen saturation/fraction of inspired oxygen; NLR, neutrophil-to-lymphocyte ratio; CRP, C-reactive protein; AST, aspartate aminotransferase; ALT, alanine aminotransferase; GFR, glomerular filtration rate; IL, interleukin; LDH, lactate dehydrogenase; Hb, hemoglobin; ROC, receiver-operating characteristic curve; AUC, area under the curve; HUB, Hospital Universitari Bellvitge, HUGTP, Hospital Universitari Germans Trias Pujol Hospital; HUVH, Universitari Vall Hebron.





Predictive Power of Laboratory Variables During Hospitalization

The analysis of the 7,586-follow-up observations showed that association of biomarkers with survival varied during the 28 days of follow-up. The daily average curves of most IFRB for survivors and deceased remained separated during the first few days of hospitalization with maximum separation around day 5 (Figure 6). Interpretation of the values in patients with longer hospital stays was difficult due to the decreasing sample size and complications arising from medical interventions. The survival curves for ODRBs, GFRs and AST/ALT ratio maintained their separation for most of the follow-up period.




Figure 6 | Vall d’Hebron University Hospital cohort, variations in the average clinical laboratory variables during the 28-day follow-up period. The blue and red lines represent the mean ± CI values of the parameter for each day of follow-up for the survivors and deceased respectively. The blue bars indicate the number of values available for each day. Notice that samples were not obtained every day and therefore the averages result from plotting together all available values for each day of follow-up, as in 4. Data correspond to 7,586 samples, 6,589 from survivors and 997 from deceased out of 1,079 patients of the HUVH cohort. NLR, neutrophil-to-lymphocyte ratio; CRP, C-reactive protein; AST, aspartate aminotransferase; ALT, alanine aminotransferase; GFR, glomerular filtration rate; IFRB, inflammation-related biomarkers, ODBRs, organ damage-related biomarkers. APRs, acute-phase reactants.





Selection of a Core Panel of Clinical Laboratory Tests

At present in HUVH, as in many hospitals, approximately 30 clinical laboratory variables and SpO2/FiO2 are routinely measured in COVID-19 patients as part of the work-up on admission. Correlation analysis and multivariable logistic regression showed that these variables had a high level of multicollinearity which was confirmed by PCA and random forest simulation (Figure 3S and Table S9). Using iterative logistic regression analysis with different variable combinations, a reduced set of eight variables: age, comorbidity index, SpO2/FiO2, hemoglobin, NLR, CRP, AST/ALT ratio, and GFR, were found to capture the best prediction power (see supplementary material, “Sequence of statistical biomarkers analyses: complexity reduction” and tables “Repeated multivariable logistic regression deceased” and “Repeated multivariable logistic binary severity” among the supplementary excel tables). As age and comorbidities are non-time-varying, only six of the eight variables are required for clinical management. These results apply to the cohort but do not imply that IL-6, ferritin, lactate dehydrogenase, triglycerides, procalcitonin, D-dimer, and coagulation tests do not provide valuable information in clinical practice depending on the context.



Comparison With the Two Validation Cohorts

The comparison among the three cohorts confirmed the prognostic power of the main IFRB and ODRB variables, even though the statistical ranking of their positions showed small variations between cohorts (Table 6, and Figures 5C, D). In addition, biomarker performance as predictors of outcome was maintained in the three cohorts in the random forest simulations (Table S10).


Table 6 | Pairwise comparison of demographic and clinical laboratory biomarkers in the exploratory (HUVH) and the two validation cohorts (HUGTP and HUB).





Prediction Performance of Immunological Tests

Despite the limited size of the group analyzed in the cytokines pilot study (n=74, Table S10), CXCL10 had the best ROC curve (AUC=0.83, p=2.3·10-6) of all variables including age, IFRB and ODRB, and performed better than any of the other variables considered. IL1RA and CCL2 with AUCs of 0.77, p=0.002, and 0.69, p=0.006 respectively also showed promise as biomarkers (Table 7 and Figures 5C, 7). IL-6, also an immunological test, measured both as part of the routine clinical tests (n=1269) and in this smaller group (n=74), gave the similar AUCs of 0.77, p = 5.2·10-26 and 0.76, p= 1.9·10-4 in the two set of measurements respectively.


Table 7 | Performance of expanded immunological parameters in the special immunological studies group as assessed by ROC curve analysis and compared with other variables in the same group.






Figure 7 | Levels of cytokines and related factors in the Vall d’Hebron University Hospital cytokine studies sub-cohort. The levels of cytokines were measured in the ELLA® platform cytokines on days 0 and +2, and the changes in the levels are shown as before/after graphs. (A) cytokines mediating innate immunity and (B) Granzyme N, IFN-alpha plus cytokines mediating mostly adaptive immunity. Outliers, defined as values above mean + 2SD were identified for seven values. The three single confirmed outlier values for IL6, CXCL10 and CCL2 correspond to an early sample (day 3) of the same patient, a 44-years-old male born, in South America, without comorbidities, with severe COVID; despite the cytokine storm this patient survived and was discharged after over six weeks in hospital, four of them at the ICU with mechanical ventilation. He received two doses of TCZ as part of the treatment. Another three confirmed outlier values for IL-15, IL-12p70 and GM-CSF corresponded to early samples from a single patient, a 61-year-old female with severe pneumonia, chronic lung disease, hypertension, and obesity as risk factors; she survived and was discharged after 30 days in hospital most of them in the ICU with mechanical ventilation. A third patient, with had a single outlier value for IFN-alpha corresponded to a 61-year-old female, with diabetes and hypertension; she suffered moderate COVID, remained at the regular hospital ward and was discharged after two weeks; patients was doing well at censoring time *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



The immune phenotype was analyzed in 41 patients (Table S11). There was a steep reduction in the size of all T-cell subsets, which was more marked for CD8 effector and memory cells, and an increase in activation markers that was like the pattern observed in other time-series analyses (25, 37), revealing a deep disturbance of the immune response in severely ill patients (see Expanded phenotype analysis in supplementary). Naïve T cells seemed associated to higher mortality (Figures 8 and 11S).




Figure 8 | Representative flow cytometry plots from the Vall d’Hebron University Hospital sub-cohort. (A) CD4 and (B) CD8 T lymphocyte subpopulations distributed by phenotypes based on CD45RA and CCR7. (C) CD4 T lymphocyte Th-polarisation by CXCR3 and CCR6 expression. (D) Monocyte subpopulations (classical, intermediate monocytes [IM] and non-classical monocytes) in a comparison of patients belonging to the deceased, severe, and moderate patient categories. (E) Distribution of CD4 naïve and memory subsets among non-severe and severe patients. (F) Distribution of CD8 naïve and memory subsets among non-severe and severe patients; (G) Distribution of CD4 Th polarized subsets among non-severe and severe patients; (H) Distribution of monocytes subsets among non-severe and severe patients; (I) Mean Fluorescent Intensity (MFI) of CD14 and CD16 in the different monocyte subsets among non-severe and severe patients. Non severe patients n=32 and severe patients n=9, for all plots; ****p < 0.0001 by non-parametric FDR corrected Kruskal-Wallis test.






Discussion

The analyses of our COVID-19 patients series expose the limitations of the clinical laboratory tests currently applied to assess the prognosis of patients with COVID-19 but also show that they can be better interpreted if grouped into categories that reflect the two main biological processes that are measured, i.e., inflammation and organ damage. Since their prognostic limitations are due to redundancy, clinical laboratory panels for COVID-19 could be simplified, but additional biomarkers with real independent additional predictive power are urgently needed. This study also exposes the lack of tests for early prediction of the immune response to SARS-CoV-2. Such tests could provide critical non-redundant information required for clinical management during the early clinical course. The results of the reported pilot study using a selection of robust immunological tests in use in other areas of clinical immunology (primary immunodeficiencies, transplantation, etc.), indicates that such tests exist, and their value should be systematically investigated.

Beyond this central message, the findings can be summarized as follows: 1) The three cohorts confirmed the strong association of: SpO2/FiO2, neutrophilia, lymphopenia, acute phase reactants, coagulation factors, kidney function and the AST/ALT ratio with disease outcome. 2) There was a high level of collinearity (redundancy) among the different laboratory variables, which explains their disappointing prediction power when combined. 3) After reducing overall redundancy, the best combination of variables was age, comorbidity index, SpO2/FiO2, NLR, CRP, AST/ALT ratio, fibrinogen, and GFR. 4) The classification of biomarkers into inflammation and organ-damage related helps with their interpretation and revealed that organ damage are better predictors of survival than severity while inflammatory are better predictors of severity than of decease. 5) For the clinician at the bedside, some laboratory organ damage changes such as GFR reduction, may be less conspicuous than acute phase reactants increase but they may deserve attention when they deteriorate, even when they are still close to the normal range.

It is relevant that as part of another ongoing study lead by our institution (manuscript in preparation) antibodies to IFN-alpha2 and IFN-omega were measured in 917 patients of the HUVH cohort; 50 (5.6%) were found positive for one of the IFNs; the demographic features of these positive patients were concordant with previous reports (11, 38) in which age, mortality and male/female ratio were higher in IFN-antibody positive patients, although without significant association. Inflammation and organ damage related variables were significantly higher in the IFN-positive patients (data not shown). Differences in design preclude to incorporate these data into the current project

The study here reported is similar to a number of studies carried out during the first year of the pandemic that already detected age, sex, comorbidities and the laboratory parameters used to assess severity in sepsis, to be associated with poor prognosis in COVID-19 patients (14, 16, 17, 20, 22). Differently from many of the studies that analysed cohorts over 1000 patients, in our studies the main database was generated by the physicians attending the patients and curated by medically qualified staff this providing a reliable medium granularity data set relatively unique. The statistical analysis included a variety of techniques that eventually revealed the weaknesses of the clinical laboratory tests. The explanation became only obvious by the careful analysis of the overall correlogram, the random forest and the iterative differential logistic regression. Among organ damage associated biomarkers, the best was SpO2/FiO2, but this is a bedside test performed by health personnel that reflects impairment in gases exchange due to important lung or circulatory system damage. However, it is a late predictor of the disease severity and only appear when the damage is well stablished.

We followed 4 study in the analysis of the variation of laboratory parameters along the period of hospitalisation; in their study sTNFRSF1A, sST2 (IL-33 soluble receptor), IL-10 and IL-15 maintained separated trajectories for survivors vs deceased over the hospitalization period. In our case, lymphocyte and neutrophil percentage, the corresponding NLR, and CRP also maintained a different trajectory over almost 30 days. Of note, IL-6 showed a marked peak at day 3-5 in deceased patient that is reminiscent. but sharper, than that of sST2 curve in 4. Probably, close monitoring of these and other immunological parameters during these critical 1-5 days of hospitalisation would be a valuable tool for patient management. However, in our study, the two patients with the combined higher cytokines values survived, probably because they were relatively young (see legend to Figure 7). Of note, the best candidate biomarker that we detected, CXCL10 was also reported as such in 39 study,

There are several limitations to this study, starting with its retrospective nature, the relative smaller size of the mild group and the absence of non-hospitalized patients. In common to other retrospective studies, the a priori power calculation of the sample size was not carried out and the strategy was just to collect the maximal number of informative cases. The large cohorts obtained proved sufficient to detect the strong association of most variables considered but we cannot exclude that minor associations have been missed. The group of patients with mild COVID-19 was 71, small compared to the other groups in our study, but comparable to other retrospective studies e.g., 4. Regarding the lack of a non-hospitalised group, in fact the overall median hospital stay of the mild patients’ group was 2 days, including 46 discharged within 24h. The study here reported is being followed by a prospective study, recruitment now closed, in which we put special care in recruiting asymptomatic and symptomatic non-hospitalized cases. The initial analysis revealed that the inflammatory, cytokine and serological profiles show continuously progressive alterations throughout these categories (manuscript in preparation); this supports the notion that the group of mild patients here reported is similar to non-hospitalized patients in other series e.g., Jehi et al (16).

Another limitation is the absence of information regarding two key factors: the SARS-CoV-2 viral load and markers of the adaptive immune response. The SARS-CoV-2 detection techniques used during this period were diverse and not quantitative. This, added to the variability of swab sampling efficiency, made non-viable to include this important parameter (6) in the present study. Serological markers need 7–21 days to become detectable and are not too helpful as a tool to predict the prognosis of the patients during the initial medical assessment (39, 40). Finally, the effect of treatment on the outcomes was not analysed because therapeutic protocols and inclusion criteria were not uniform during the first wave. A summary of pharmacological treatments is however provided for reference (Table S3); it shows that, as in many centres in Europe and the US, hydroxychloroquine, lopinavir/ritonavir and azithromycin were administered to most patients, while corticosteroids and tocilizumab, only later confirmed to be effective, were administered to 18 to 25 percent of patients respectively with a rapid clinical deterioration; soon later these were the predominant treatments in patients requiring oxygen supplementation. We did not strictly follow the transparent reporting of a multivariable prediction model for individual prognosis or diagnosis recommendations, as generating a prediction mode was not an objective, but most requirements were fulfilled (41).

The analyses presented here are intended for improved interpretation of available tests, but no algorithm is proposed. Most algorithms with good predictive power include parameters, such as oxygen requirements and imaging data, that reflect organ damage in patients that are already on the path to severe disease; in fact they predict what was already starting to happen (14–22, 41). By contrast, the ideal test/algorithm should be able to identify patients at risk before organ damage occurs. Our results suggest that this is difficult with current tests because inflammation has limited discriminatory power and by the time organ damage biomarkers are elevated, the progress towards severity of the process is already set in motion and beyond the ideal window for an immunomodulatory intervention. If, as postulated, the main determinant of COVID-19 severity is a dysregulated innate immune response leading to an delayed adaptive immune response, immunological biomarkers of this failure should be investigated in more detail during initial infection period (42, 43). The severity of COVID19 in patients with IFN pathway genetic defects (10) or autoantibodies to type I IFNs (11) supports this notion and suggests that anti-IFN antibodies should be included in future protocols. Alternatively, being the generation of specific cytotoxic T lymphocytes the main defense mechanism against an acute infection to a novel virus, monitoring these cells or a surrogate marker of them could help to predict patient outcome (4, 23, 25, 37, 44–46). These are two obvious approaches, among many, to identify better biomarkers and the corresponding tests. This would require overcoming some technical difficulties but also the bureaucratic obstacles in transferring tests from the research to the clinical diagnostic immunology laboratories. Reliable early biomarkers would reduce the rate of hospitalisation and guide new treatment prescription to benefit patients at high-risk; generation of such biomarkers is urgent and should be feasible.
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Natural Killer (NK) cells are lymphocytes of the innate immunity that play a crucial role in the control of viral infections in the absence of a prior antigen sensitization. Indeed, they display rapid effector functions against target cells with the capability of direct cell killing and antibody-dependent cell-mediated cytotoxicity. Furthermore, NK cells are endowed with immune-modulatory functions innate and adaptive immune responses via the secretion of chemokines/cytokines and by undertaking synergic crosstalks with other innate immune cells, including monocyte/macrophages, dendritic cells and neutrophils. Recently, the Coronavirus disease 2019 (COVID-19) pandemic, caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has spread globally. Although the specific role of NK cells in COVID-19 pathophysiology still need to be explored, mounting evidence indicates that NK cell tissue distribution and effector functions could be affected by SARS-CoV-2 infection and that a prompt NK cell response could determine a good clinical outcome in COVID-19 patients. In this review, we give a comprehensive overview of how SARS-CoV-2 infection interferes with NK cell antiviral effectiveness and their crosstalk with other innate immune cells. We also provide a detailed characterization of the specific NK cell subsets in relation to COVID-19 patient severity generated from publicly available single cell RNA sequencing datasets. Finally, we summarize the possible NK cell-based therapeutic approaches against SARS-CoV-2 infection and the ongoing clinical trials updated at the time of submission of this review. We will also discuss how a deep understanding of NK cell responses could open new possibilities for the treatment and prevention of SARS-CoV-2 infection.
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1 Introduction


1.1 Natural Killer Cells: General Features

Natural Killer (NK) cells are innate lymphocytes that play a critical role in the primary immunological response to viral infections and in tumor surveillance. They display rapid effector functions with the capability of direct target cell killing and antibody-dependent cell-mediated cytotoxicity (ADCC) (1, 2). Furthermore, NK cells are endowed with immune-modulatory functions regulating and linking innate and adaptive immune responses via the secretion of chemokines/cytokines and by undertaking synergic crosstalks with antigen-presenting cells (APCs) (3).

Under homeostatic conditions, NK cells represent about 5-15% of circulating lymphocytes and are subdivided into two distinct subsets of CD56bright/CD16neg (CD56bright) and CD56dim/CD16pos (CD56dim) (4, 5). The CD56bright cell subset accounts up to 10% of the whole blood NK cell population and mainly exerts important regulatory functions [i.e., production of soluble mediators such as interferon (IFN)-γ and tumor necrosis factor (TNF)-α, and establishment of cellular interplays]. Conversely, CD56dim NK cells (up to 90% of the whole blood NK cell population) were primarily reported to act as cytotoxic effectors. Different subsets of human NK cells have been also described in peripheral tissues. The tissue-specific human NK cell populations often carry phenotypic hallmarks that distinguish them from their circulating counterparts and are present under homeostatic conditions in both secondary lymphoid organs (6, 7) and non-lymphoid organs, including decidua or liver (8, 9).

In addition to canonical NK cells, increasing evidence demonstrated the existence of tissue-resident and circulating NK cells endowed with adaptive-like features. These adaptive/memory-like NK cells have been firstly described in response to Cytomegalovirus (CMV) infection and re-activation and are characterized by more vigorous functional responses, longer life span and more resistance to immune suppression than the other NK cell subsets (10, 11).

NK cell activation and functions are regulated by the interplay between a large number of inhibitory and activating receptors in combination with the presence of certain cytokines (1, 12). Together, these stimuli determine the type and strength of NK cell activity in terms of cytokine secretion and killing of target cells. Major activating receptors are the natural cytotoxicity receptors (NCRs) NKp46, NKp30, and NKp44 that are Ig-like transmembrane proteins. NKp46 and NKp30 are expressed on virtually all resting NK cells, whereas NKp44 expression is acquired upon NK cell activation. These molecules are important for inducing NK cell cytotoxic function against target stressed-cells and in the crosstalk with other cell types, such as dendritic cells (DCs) (13). Other important activating NK receptors are the C-type lectin-like receptors NKG2D and NKG2C and the activating Killer Immunoglobulin-Like Receptors (KIRs). NK cells are also equipped with several activating co-receptors including DNAX accessory molecule (DNAM-1), NKp80, 2B4 and NTB-A, capable of amplifying the NK cell triggering induced by NCRs or NKG2D. In addition, NK cells are activated through binding to antibody-opsonized target cells with CD16, Fc-γ receptor IIIA, which induces ADCC. Of note, CD16 is the only receptor that can activate NK cells on its own, without any additional activation through other receptors (14). Moreover, NK cells may express toll-like receptors (TLRs) that, after interaction with bacterial or viral products and in the presence of pro-inflammatory cytokines, induce potent NK cell activation (15).

NK cells are able to recognize and spare self cells from the killing, thanks to the expression of major histocompatibility complex class I (MHC-I) molecules, which interact with inhibitory receptors present on the NK cell surface. This inhibitory receptor-mediated signaling is essential to counteract activating signaling in order to protect against NK cell over-activity. This mechanism of target cell recognition via the absence of inhibitory MHC-I engagement is known as the “missing-self” hypothesis (16). Human NK cells express two main classes of HLA-class I-specific inhibitory receptors: members of the KIR superfamily and the CD94/NKG2A heterodimer (12, 17). KIRs are type I transmembrane receptors specific for polymorphic HLA-A, -B and -C molecules, whereas NKG2A is a type II transmembrane receptor of the C-type lectin-like receptor family that recognizes HLA-E, a non-classical HLA molecule characterized by limited polymorphism. Importantly, KIRs are characterized by high levels of polymorphism, which may affect KIR/HLA interactions. In fact, certain KIR/HLA combinations have been shown to correlate with protection or susceptibility to several human disorders (18).



1.2 NK Cell-Mediated Antiviral Mechanisms

In humans, NK cells are important mediators of the responses against viruses, including members of the herpesvirus, retroviruses, poxvirus and papilloma virus families. In fact, patients with identified NK cell deficiencies are predisposed to particularly severe, recurrent viral infections (19).

NK cells have multiple mechanisms to kill virus-infected cells.

The most important one is represented by the ability of some viruses to downregulate surface expression of MHC class I on the host cell surface to interfere with the presentation of viral antigens to T cells (20). According to the ‘missing self’ hypothesis, this decreased MHC-I expression promotes the recognition and clearance of virus-infected target cells by NK cells.

Accumulating evidence has revealed the importance of NK cell-activating receptors in antiviral defense (21). For instance, NCRs are known to bind viral glycoproteins, allowing NK cell activation upon detection of infected cells. NKG2D binds ligands on virally infected cells, including MHC class I polypeptide-related sequence A (MICA), MICB and the RAET1/ULBP family of proteins. Also, NKG2C receptor is renowned as the receptor that recognizes polymorphic CMV peptides. Furthermore, NKp80 and co-activating receptors DNAM1 and CD2 increase antiviral NK response. In addition, NK cells express multiple extracellular ligands, including Fas ligand (FasL) and the tumor necrosis factor-related apoptosis-inducing ligand (TRAIL) which engagement mediate cytolysis of target cells (22). As is known, viruses such human CMV or encephalomyocarditis virus (EMCV) induce the expression of death receptors on infected cells, which can subsequently interact with FasL and TRAIL on NK cells, resulting in apoptosis of the target cell (23).

In addition to cytotoxicity, NK cells contribute to the antiviral response through the release of a wide range of proinflammatory cytokines with antiviral activity. In particular, INFs and IFN-induced cytokines program immune cells to mount responses that promote viral control (24, 25). Distinct genetic associations between KIRs expressed on NK cells and their specific HLA haplotypes also affect viral infections. For example, the presence of KIR3DS1 combined with HLA-Bw4-I80 allele in patients with human immunodeficiency (HIV) infection has a protective effect and is associated with lower viral load and delayed progression to Acquired Immunodeficiency Syndrome (AIDS) (26).

Finally, NK cells can eliminate virus-infected cells via CD16-mediated ADCC. In fact, NK cell-mediated ADCC prevents HIV infection via the engagement of Fcγ receptors after the administration of the anti-HIV neutralizing Ab (NAbs) (27).

Although NK cells are essential in the early response against viral infections, through the killing of virus-infected cells, several viruses have evolved multiple mechanisms to evade NK cell-mediated viral clearance that affect NK cell phenotype and effector functions.



1.3 NK Cells in Coronavirus Infections

Coronaviruses are a group of enveloped single-stranded RNA viruses having an extensive range of natural hosts, including a variety of economically important vertebrates and humans. Indeed, seven coronaviruses have been known to infect human hosts causing respiratory diseases. Among them, Severe Acute Respiratory Syndrome Coronavirus (SARS-CoV) and Middle East respiratory syndrome coronavirus (MERS-CoV) are zoonotic and highly pathogenic coronaviruses that have resulted in regional and global outbreaks in the last decades. In 2019, a third zoonotic coronavirus, named Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2), causing the Coronavirus disease 2019 (COVID-19) has spread globally (28).

The specific role of NK cells in Coronavirus disease pathophysiology still needs to be explored, however, several studies in both SARS-CoV-1 and SARS-CoV-2 suggest that NK cells could be affected by these infections (29, 30).

Seminal studies in SARS-CoV-1 infected subjects demonstrated that the number of circulating NK cells and the expression of the inhibitory KIR CD158b is reduced with respect to those in healthy individuals and patients affected by Mycoplasma pneumoniae infection. This correlated with disease severity and the presence of anti-SARS coronavirus-specific antibodies (31). Moreover, the reduction of circulating NK cells in SARS-CoV-1 infected subjects persisted for the first 4 weeks after the appearance of symptoms (32). In this context, in a murine model mimicking the human SARS-CoV-1 infection, it has been hypothesized that the reduction of circulating NK cells could be due to their migration to the lung in response to several chemokines and cytokines, including CXCL10, CCL2, CCL3, and CCL5, TNF-α and interleukin (IL)-6 (29).

In this review, we provide a comprehensive overview of how SARS-CoV-2 infection interferes with the antiviral effector functions of NK cells and with the interactions between NK cells and other innate immune cells. Moreover, we will summarize the current ongoing clinical trials aiming at “fine tuning” NK cell activity in the context of COVID-19.




2 NK Cells in SARS-CoV-2 Infection


2.1 NK Cell Redistribution During SARS-CoV-2 Infection

Patients affected by SARS-CoV-2 infection are lymphopenic. This lymphopenia is often associated with neutrophilia and monocytopenia, especially in severely infected individuals (33). Specifically, the severe clinical presentation of COVID-19 is characterized by reduced T cell (CD4pos Th1, Tregs, and CD8pos T cells) counts with respect to non-infected subjects and to mild cases. Similarly, several independent reports indicated that the number of NK cells in the bloodstream is also affected by SARS-CoV-2 infection, without differences in NK cell subset distribution (Figure 1) (34, 35). This decrease in circulating NK cells seems to be directly correlated with the acute phase of the disease and with disease severity (36, 37). Indeed, it has been demonstrated that NK cell counts, as well as the T cell counts, are restored in late stages of the disease, while patients with a fatal course of the disease show a gradual loss of NK cells after the onset of symptoms (34, 35, 38). In agreement, recent findings demonstrated that NK cell counts in hospitalized patients is directly related to the speed of viral load decline. In particular, patients with “normal” (> 40 cell/μl) NK cell numbers show a faster decline of viral load compared to those with “low” (≤ 40 cell/μl) NK cell numbers, independently from the clinical status (39); thus, suggesting that circulating NK cell counts could represent a prognostic clinical parameter to predict the outcome of COVID-19.




Figure 1 | Schematic representation of COVID-19 effects on NK cells. Acute SARS-CoV-2 infection affects the number of circulating NK cells and their phenotype. Indeed, due to the local and systemic inflammation, NK cells in COVID-19 patients are characterized by a signature attributable to cell activation and inflammation as well as to cell exhaustion and hyporesponsiveness. These alterations in NK cell phenotype determine an impairment of NK cell effector functions in terms of IFN-γ and TNF-α production, degranulation cytolytic potential and ability to control virus replication.



Latest works also investigated the impact of SARS-CoV-2 infection in convalescent patients. Several studies observed a significant increase in circulating NK cells after the resolution of the infection (40, 41), while others showed normal NK cell counts in convalescent individuals (34, 42). These contrasting results could be due to the timing of analysis, to the COVID-19 severity of the selected patient cohort as well as to the presence of subjects with Long-COVID, a post-acute COVID syndrome with physical and neuropsychiatric symptoms lasting longer than 12 weeks after the resolution of the infection. Indeed, patients affected by Long-COVID have high levels of circulating NK cells with respect to recovered subjects (43).

Consistently with previous findings in SARS-CoV infection (29, 31, 32), it has been hypothesized that the depletion of circulating NK cells could be due to a redistribution of these lymphocytes from the blood and to their sequestration to the lung. Accordingly, single-cell RNA sequencing (scRNA-seq) analysis of bronchoalveolar lavage fluids (BALFs) from COVID-19 patients confirmed higher amounts of NK cells in the lung during the acute phase compared to controls; thus, suggesting that NK cells could potentially contribute to exacerbate lung tissue damage and epithelial cell death (44). In agreement with this hypothesis, serum analysis of SARS-CoV-2 positive subjects revealed a generalized inflammatory state with increased levels of several pro-inflammatory cytokines. Among them, the levels of CXCL16, involved in the migration of NK cells from the blood towards the infected airways, appears to be elevated early in the acute phase in both mild and severe SARS-CoV-2 infected patients (45, 46). Furthermore, the levels of CXCL10, a key chemokine produced by activated bronchial and alveolar epithelial cells in response to infections and involved in the etiology of various pulmonary conditions (such as pulmonary fibrosis), have been found to be increased early in COVID-19 patients. Like CXCL16, CXCL10 attracts NK cells, as well as Th1 and CD8pos T cells, into the lungs via CXCR3 engagement and it is implicated in T cell apoptosis (46). Of note, it has been suggested that this chemokine in both the periphery and alveolar compartments could be involved in determining the clinical outcome of COVID-19 patients. Indeed, CXCL10 concentration is higher in COVID-19 deceased patients, and it is directly correlated with the duration of mechanical ventilation in subjects with acute respiratory distress syndrome (ARDS) due to SARS-CoV-2 infections (47, 48). In addition, BALF from COVID-19 patients contains elevated levels of other chemokines that potentially could attract NK cells, including CCL3, CCL3L1, CCL4, CXCL9, and CXCL11 (44). As a matter of fact, the characterization of NK cells within BALF and blood revealed the enrichment in transcripts for CXCR3, CXCR6, and CCR5 in the lung and the loss of these lung-homing potential markers within circulating NK cells in COVID-19 patients; thus further corroborating the hypothesis of the NK cell redistribution in the infected lung tissue (49).



2.2 Impact of SARS-CoV-2 Infection on NK Cell Phenotype


2.2.1 NK Cell Receptor Expression

Like other viruses, including influenza virus, CMV, and HIV, SARS-CoV-2 can exhibit a variety of evasion strategies to interfere with NK cell functions and to overcome their antiviral cell responses, by modulating NK cell receptor expression, signaling and cytokine secretion.

In this regard, HLA-E is overexpressed in immune and stromal cells in BALF of COVID-19 patients and SARS-CoV-2 spike protein seems to be involved in this upregulation (36, 50).

Of note, several findings reported that the inhibitory receptor NKG2A is highly expressed by circulating NK cells in COVID-19 patients during the acute phase (Figure 1) (34, 36, 51). The expression of NKG2A also correlated with an NK cell inflammatory signature in patients with COVID-19, suggesting that NKG2Apos NK cells could mediate anti-viral activity in the lung microenvironment (52). Furthermore, while mild and moderate patients show a recovery of basal levels of NKG2A expression on NK cells after the resolution of the infection, in severe convalescent subjects this inhibitory receptor is still upregulated (53).

On the other hand, other experimental evidence demonstrated that NKG2A is downregulated in COVID-19 patients and that this downregulation is counterbalanced by the upregulation of NKG2C, the activating counterpart of NKG2A, especially in severe ones. However, whether the timing of analysis, the COVID-19 severity as well as the presence of different SARS-CoV-2 variants are involved in determining these opposite results remains to be determined.

The experimental findings focusing on NKG2Cpos NK cells in SARS-CoV-2-infected individuals demonstrates that these cells are also characterized by a higher expression of CD57 and KIRs (36, 54, 55). Accordingly, Varchetta and coworkers have observed the expansion of CD57pos FcϵRIγneg NK cells in COVID-19 patients with a poor outcome compared to survivors (54). Moreover, this signature identifies adaptive-like NK cells in humans and have been mainly characterized in CMV infection/reactivation (5, 56–59). In a first attempt, to disclose the possible contribution of CMV in driving the expansion of adaptive-like NK cells in SARS-CoV-2 infected subjects, Maucourant et al. observed that most of the severe COVID-19 patients analyzed had no detectable circulating CMV DNA, despite the expansion of NKG2Cpos NK cells was confined to seropositive individuals (36). These data thus suggest that the expansion of adaptive-like NK cells in severe patients is independent on CMV reactivation secondary to COVID-19. Despite these findings, is still to be determined whether adaptive-like NK cells accumulate in the blood during SARS-CoV-2 infection due to a higher resistance to cytokine-induced apoptosis (57) or if SARS-CoV-2 could drive the expansion of adaptive-like NK cells directly or indirectly through the hyper-production of pro-inflammatory cytokines (60, 61).

Furthermore, since the expansion of these NK cells showing an adaptive-like phenotype is related to a poor prognosis in COVID-19 patients (36, 54, 62), there is an urgent need to better understand the real ability of NK cell subpopulations to control SARS-CoV-2 infection and to mediate recall responses. In this regard, preliminary evidence suggests that NKG2CposCD57pos NK cells from convalescent subjects can mount a specific immune response against soluble SARS-CoV-2 peptides by secreting IFN-γ (53). On the contrary, very recent findings in Long-COVID patients demonstrated that while CD56posCD57posNKG2Cpos NK cell subpopulation is still expanded, their virus-specific and aspecific effector-functions are impaired (43).

It is plausible that the expansion of NKG2Cpos NK cells, founded especially in CMV-seropositive individuals and in aged patients, and the resulting contraction of NKG2Apos NK cell pool, can lowering the HLA-E-restricted missing self-responses, potentially resulting in a reduced anti-SARS-CoV-2 immunity. Thus, the investigation of the balance between NKG2Apos and NKG2Cpos NK cells could allow a better comprehension of patient-specific NK cell effector-functions and could represent a prognostic tool in COVID-19 patients both during the acute phase of the disease as well as after the resolution of the infection.

In addition to the above-mentioned NK cell receptors, the KIR haplotype is emerging as an important aspect in determining the disease severity. Indeed, the Bx genotype has been found more commonly associated to COVID-19 onset than AA genotype. However, patients harboring the Bx genotype have mainly a mild disease (63). In agreement, it has been shown that the expression of KIR2DS5 is associated to a shorter time to recovery, while the expression of KIR2DS2 has a protective role against SARS-CoV-2 infection (64, 65). On the contrary, patients harboring the KIR2DS4 and KIR2DL3 genes of the A haplotype exhibit the highest risk for severe COVID-19 (63).

By investigating the expression of NCRs in NK cells from SARS-CoV-2 infected subjects, several independent laboratories reported any changes in their frequencies compared to healthy individual. Only NKp44 was found slightly increased, especially in severe hospitalized COVID-19 patients (39, 54, 62).



2.2.2 Inflamed and Activated Signature

In addition to the deregulation of the above-mentioned NK cell markers, a robust NK cell activation and proliferation was observed in peripheral blood and BALF from COVID-19 patients. Indeed, seminal studies demonstrated that COVID-19 patients show an upregulation of HLA-DR and CD69, together with the proliferation marker Ki-67 (Figure 1) (36). In agreement, very recent scRNA-seq data showed that in COVID-19 patients, particularly in severe ones, proliferating NK cells are expanded (39, 66).

To further confirm the data present in literature, we analyzed scRNA-seq data from a publicly available dataset (67), by characterizing in detail the circulating NK cell compartment in 5 healthy donors, 5 moderate and 4 severe COVID-19 patients. Briefly, raw reads were processed using the Cell Ranger Single-Cell Software Suite (version 3.0.2; 10X Genomics) and aligned against the GRCh38 human reference genome. For quality check and downstream clustering analysis the Seurat pipeline was used (version 3.1.1; R version 3.6.1) (68). Each individual data set was processed separately and then integrated. By using SingleR, NK cell clusters were identified and re-clustered (Figure 2A). According to the expression of lineage markers, we excluded from the analysis: clusters 2 and 3 expressing low levels of KLRF1 and CD7, clusters 4 and 5 expressing the T-cell marker CD3G, cluster 10 expression the B-cell marker MS4A1 and cluster 12 expressing the monocyte marker CD14 (Figure 2B). In the 7 selected NK cell clusters we next studied the differentially expressed genes (DEGs) between moderate or severe COVID-19 patients and healthy individuals the expression of 33 NK cell markers to define cluster identities and their distribution among the 3 groups of subjects analyzed. (Figures 2C–E).




Figure 2 | scRNA-seq profiling of NK cells from COVID-19 patients.(A) A total of 16 678 cells were embedded by Uniform Manifold Approximation and Projection (UMAP) plots in 13 clusters at a resolution level of 0.2. Each dot within the UMAP corresponds to one single cell colored according to cell cluster.(B) Ballon plots showing the expression of canonical NK cell markers in the 13 clusters identified as NK cells. Balloon size corresponds to the frequency of marker-positive cells and balloon color corresponds to the marker expression level of marker-positive cells.(C) Heatmap depicting the top 50 unique DEGs with adj. P value ≤ 0.05. Scale represents normalized counts centered and scaled across cells.(D) Ballon plots showing the expression of 33 NK cell markers to define cluster (Cl) identities. Balloon size corresponds to the frequency of marker-positive cells and balloon color corresponds to the marker expression level of marker-positive cells.(E) Heatmap showing the distribution of the 7 NK cell clusters among the 3 groups of subjects analyzed.



The data obtained showed that proliferating NK cells (cluster 7) is increased in severe patients. Moreover, in agreement with previous findings, our data demonstrated that inflamed CD56dim NK cells expressing CX3CR1 (cluster 9), expand in severely infected individuals (Figure 2), probably because these cells are not recalled to the lung given the reduced levels of CX3CL1, the ligand of CX3CR1, in BALF from COVID-19 patients (36, 69).

Circulating NK cells in SARS-CoV-2 infected subjects also show an effector phenotype characterized by an increased expression of cytotoxic molecules PRF1 (Perforin) and GZMB (Granzyme B) at transcriptional level (Figure 2C) (36, 39).

Although their expression appears to be independent from disease severity, it has been observed that the expression of these cytotoxic granules on CD56bright NK cells directly correlates with: IL-6 circulating levels, sequential organ failure assessment score, decreased PaO2/FiO2 ratio, and a general activation and upregulation of effector molecules within all NK cells. Furthermore, this phenotype is inversely correlated with the expression of the T cell immunoreceptor with immunoglobulin and ITIM domain (TIGIT) inhibitory checkpoint molecule, thus suggesting that the disease status and circulating cytokines could directly influence NK cell phenotype (36).

The activated and effector status of NK cells has been also confirmed in BALF as GZMB, GZMA, PRF1, HAVCR2 (Tim-3), and CCL4 are upregulated in COVID-19 patients compared to controls (36).

This activated pattern is typical of IFN-controlled cell activation programs and suggests an inflamed phenotype. In agreement, like others, we also observed an enrichment in type I IFN-related genes, including ISG20, IRF7, XAF1, IFI6, ISG15, IFIT3, IFI44L, MX1, TXNIP and IFITM1 in NK cells from COVID-19 patients (Figures 1, 2C). These data are also in line with the increased circulating levels of virus-induced type I and type II interferons (39, 66). The inflammatory phenotype of COVID-19 NK cells is particularly relevant in severe patients and especially during the first week after the disease onset (Figures 2D–E) (39, 66). In agreement, COVID-19 severe patients show increased plasma concentration of IFN-α, IFN-γ, IL-6 and TNF-α early after the disease onset (66). In this regard, our analyses demonstrated that NK cells from severe patients examined during the first week from the disease onset (P8 and P9) show a more inflammatory phenotype, characterized by higher gene expression of ISG20, IRF7, XAF1, IFI6, ISG15, IFIT3, IFI44L, MX1 with respect to NK cells from severe patients analyzed at about 15 days after the disease onset (P10 and P11), as well as from moderate patients (P1, P3, P5, P6) (Figure 2C) (67).

The proinflammatory phenotype of NK cells in SARS-CoV-2 infection is further supported by several findings suggesting that CD16 is downregulated in COVID-19 patients during the acute phase as well as in convalescent subjects (Figure 1) (53, 70). Indeed, it has been reported that the downregulation of CD16 occurs in CD56dim NK cells after their activation by target cells or after cross-linking of CD16 with antibodies, and results in an increased IFN-γ production (71, 72). Leem and coworkers, characterizing these CD56dimCD16neg NK cells, demonstrated that they expand in the early phases of SARS-CoV-2 infection, they then rapidly decrease in mild patients while in severe patients the expansion of this subset lasts longer (73).

Moreover, the deregulation of genes involved in cellular metabolism and oxidative phosphorylation, including mitochondrial genes, further highlights the profound changes in cellular activation in the context of SARS-CoV-2 infection (Figure 2C) (39).




2.3 Impact of SARS-CoV-2 Infection on NK Cell Effector Functions

These activated and inflamed patterns suggest the involvement of NK cells in the early acute phase of SARS-CoV-2 infection and in COVID-19 pathogenesis.

Wheatear NK cells are able to detect SARS-CoV-2-infected cells remains largely unknown. Novel findings reported the direct interaction between NK cells and SARS-CoV-2-infected cells. Specific SARS-CoV-2 S protein peptides are capable of binding to the NKG2D receptor and increase NK cell cytotoxicity and IFN-γ production toward lung cancer cells (74). In addition, the non-structural protein 13 (Nsp13) of SARS-CoV-2 encodes for a peptide that forms stable complexes with HLA-E and prevents its binding to the inhibitory receptor NKG2A, thereby rendering target cells susceptible to NK cell attack. In line with these observations, NKG2A-expressing NK cells, that are mainly lung-resident (75), are particularly activated in patients with COVID-19 and proficiently limit SARS-CoV-2 replication in infected lung epithelial cells in vitro (52).

Nevertheless, several findings indicate that NK cells in SARS-CoV-2 infection can exhibit an exhausted phenotype. Indeed, programmed cell death protein 1 (PD-1), Lymphocyte-Activation Gene 3 (LAG-3), and TIGIT expression is higher in COVID-19 patients compared to healthy controls, while DNAM-1 and NKG2D-expressing NK cells are decreased in frequency (Figure 1) (54, 66, 70). The lower expression of NKG2D is also maintained in convalescent patients with asymptomatic and moderate history (53). Of note, the reduced NK cell expression of DNAM-1, together with the coinhibitory receptor TIGIT, identifies patients with a slow viral clearance (30).

Furthermore, it has been proposed that the increased circulating levels of IL-6 could contribute to lowering NKG2D expression (76).

In this regard, the local and systemic inflammation could also determine an impairment in circulating NK cell effector functions (77, 78).

In agreement, recent in vitro experimental findings showed a marked dysfunction of blood NK cells from COVID-19 patients, in particular those from severe ones, in terms of IFN-γ and TNF production, degranulation and killing ability against K562 target cells, as well as in the ability to control virus replication (Figure 1) (39, 66). Given the high expression of pro-inflammatory and immune-suppressive cytokines especially in severe patients, it is plausible that they could participate in determining the functional impairment of circulating NK cells in COVID-19 patients. As a proof of concept, plasma from severe COVID-19 patients resulted in a marked functional impairment of NK cells from healthy controls (66). New findings also demonstrated that Transforming growth factor beta (TGF-β) could play a main role in determining NK cell impairment in COVID-19 patients. Indeed, the early peak of TGF-β in hospitalized SARS-CoV-2-infected subjects is closely correlated with defective NK cell effector functions (Figure 1). Moreover, experimental evidence demonstrated that the in vitro administration of TGF-β or of serum from severe COVID-19 patients inhibits the ability of NK cells from healthy subjects to control SARS-CoV-2 replication, cell-mediated cytotoxicity and to perform cytotoxic responses and cytokine release. Furthermore, the presence of TGF-β-blocking antibodies, but not of neutralizing antibodies against IL-6, IL-10 or IL-15, can restore the NK cell effector functions (39). Despite these findings, the real ability of NK cells to lyse viral infected cells within the lung is still unknown. However, NK cells certainly contribute to determining lung pathology in COVID-19 patients. Indeed, both circulating and pulmonary COVID-19 NK cells expressed high levels of AREG (encoding for amphiregulin), an epidermal growth factor receptor ligand involved in pulmonary fibrosis. Furthermore, human lung fibroblasts co-cultured with NK cells from COVID-19 severe patients expressed high levels of the pro-fibrotic genes COL1A1 and ACTA2 and have a reduced frequency of active Caspase-3 with respect to NK cells from controls as well as from mild patients (66).




3 NK Cell Crosstalk With Other Immune Cells in SARS-CoV-2 Infection

Complex bidirectional interactions between NK cells and a variety of other immune cells are needed to support effective and long-lasting antiviral immune responses and to finely regulate the ability of NK cells to prevent excessive systemic inflammation during viral infections (79). Though these interactions can be crucially relevant to the clinical outcome of SARS-CoV-2 infection, they have been poorly investigated, so far.


3.1 NK Cell Crosstalk With Monocytes/Macrophages

NK cell crosstalk with monocytes/macrophages is mediated by cell-to-cell contact and soluble mediators that reciprocally potentiate cell recruitment and activation at the site of inflammation (80). Upon viral infection, NK cells secrete chemokines and cytokines, including macrophage inflammatory protein (MIP)1α, which recruits monocytes to the infected tissue and promotes their activation (79). In turn, activated macrophages release chemokines, including CXCL9, CXCL10, and CXCL11, which further recruit NK cells, and a wide range of pro-inflammatory and inhibitory cytokines, that finely tune the activation of NK cells (80). Evidence provided in COVID-19 patients suggests that the interaction with monocytes might impair NK cell recognition and killing of SARS-CoV-2-infected cells (81). Indeed, similarly to SARS-CoV-infected epithelial cells, inflammatory monocytes and macrophages release high amounts of IL-6 and TNF-α within infected tissues. In turn, both IL-6 and TNF-α can impair NK cell cytolytic functions: IL-6 through the IL-6/JAK/STAT3 signaling axis, with hyperactivated STAT3 exerting negative regulatory effects on NK cells (81, 82), while TNF-α by downregulating the expression of the natural cytotoxic receptor NKp46 (83) and upregulating the expression of the immune checkpoint Tim-3 on NK cell surface (84). Additional monocyte-related mechanisms contributing to NK cell dysfunction may be represented by a reduced secretion of IL-12 and IL-15, two cytokines that sustain NK cell activity and that are markedly reduced in the serum of severe COVID-19 patients (85). Notably, beyond their cytolytic activity directed against infected cells, NK cells play a very important role in the control of tissue homeostasis, by exerting negative feedback mechanisms on macrophages, aimed at preventing excessive inflammation in response to infections. Activated macrophages upregulate the expression of stress-inducible ligands, triggering NK cells (through the engagement of NKG2D receptor) to kill them and hampering the resolution of inflammation by a contra-regulatory immune mechanism (86). In SARS-CoV-2 infection, it has been hypothesized that the reduced cytotoxic activity of NK cells may also impair their homeostatic role and may therefore contribute to the hyperinflammation typically occurring in severe COVID-19 patients (76, 85).

This possibility may be supported by several mechanisms. First, TGF-β, which is increased in COVID-19 patients, inhibits NK cell cytotoxic activity by downregulating the expression of NKG2D, used by NK cells for exerting their homeostatic function (87, 88). Second, elevated IL-6, as observed in SARS-CoV-2-infected patients, has also the capacity to reduce the expression of NKG2D (89). Third, SARS-CoV-2 infection down-regulates activating NK cell ligands including MICA (90), and genetic variants that lead to lower cell surface expression of MICA and MICB are associated with more severe COVID-19 (91).



3.2 NK Cell Crosstalk With DCs

NK cells also interact with DCs, through cell-to-cell contact and soluble mechanisms, recently reviewed elsewhere (13). As for NK cell-monocyte crosstalk, also in the case of NK cells and DCs exists a bidirectional interaction, responsible on one hand for reciprocal cell activation, on the other hand for homeostatic control aimed at preventing excessive immune activation. Homeostatic control is achieved through DC killing by NK cells, this action being finely regulated by NK cell/DC ratios and by the interaction between DNAM-1 on NK cells and their ligands CD155 and CD112 on fully activated DCs (79, 92, 93). Reciprocal NK cell-DC activation is complicated by the heterogeneity of DCs that are composed of different subsets each endowed with functional specialization. Accordingly, the interaction of NK cells with different DC subsets may differentially affect adaptive immune responses. For instance, NK cells exposed to IL-2 or IL-12 can induce the maturation of type-1 conventional DCs, which in turn sustain type 1 immune responses through the development of T helper 1 and cytotoxic T cells, whereas NK cells exposed to IL-4 might favor tolerogenic or type 2 adaptive immune responses (94–96). At present, little is known about NK cell-DC crosstalk in COVID-19 patients. A recent study, a gene expression profile of peripheral blood mononuclear cells in SARS-CoV-2 infected patients at single-cell level, indicated that patients with severe disease have reduced pathways associated with NK cell-DC crosstalk, suggesting that dysregulation of immune crosstalk could be associated with COVID-19 severity (37). Moreover, the observation that in SARS-CoV-2 infected individuals the count of circulating NK cells is directly correlated with the level of anti-SARS-CoV-2 IgG antibodies suggests that NK cell-DC crosstalk in COVID-19 patients may also affect humoral adaptive immune responses, likely by indirectly promoting the secretion of IL-21 by T cells (97, 98).



3.3 NK Cell Crosstalk With Neutrophils

Also in the case of NK cell-neutrophil crosstalk, bidirectional interactions between NK cells and neutrophils have been demonstrated to control reciprocal cell activation, and protect from excessive immune activation (79). As for the crosstalk between NK cells and other immune cell types, interactions between NK cells and neutrophils rely on cell-to-cell contact and soluble mediators. Neutrophils can recruit NK cells to the infected tissue by secreting a wide range of chemokines, including CXCL9, CXCL10, and CXCL11, and can modulate NK cell survival, proliferation, cytotoxic activity and IFN-γ production via the generation of reactive oxygen intermediates, prostaglandins, and the release of granule components (99–101). Activated NK cells in turn can mediate the activation of neutrophils through the release of inflammatory cytokines and contact-dependent mechanisms (100). Notably, in order to counteract the accumulation of pathogenic neutrophils and the related detrimental consequences for the host, NK cells can kill neutrophils via NKp46 and Fas-dependent mechanisms (102). To the same aim, NK cell-derived IFN-γ directly inhibits neutrophil recruitment and survival (103). In COVID-19 patients, it has been hypothesized that the high levels of IL-6, IL-8 and IL-10 released by multiple cell types at the site of SARS-CoV-2 infection may alter the number and function of NK cells and neutrophils, thus compromising their mutual equilibrium (104). In facts, IL-8 and IL-6 are known to recruit and activate neutrophils, but they can also impair NK cell function via STAT3-dependent mechanisms (105). Furthermore, high levels of IL-6 and IL-10 have also been demonstrated to upregulate NKG2A expression on NK cells with a subsequent increment of its inhibitory action, thus compromising the balance between NK cells and neutrophils (104, 106). It has also been proposed that, in the lung microenvironment of COVID-19 patients, NK cells may interact with immature neutrophils and myeloid-derived suppressor cells, but details of these crosstalks still remain elusive (107).




4 NK Cell-Based Therapies in SARS-CoV-2 Infection

Given the crucial role of NK cells in antiviral immunity in general and their specific role in the immunopathogenesis of COVID-19, NK cell-based therapeutic approaches have been developed.

Herein, we will summarize the possible NK cell-based therapies against SARS-CoV-2 infection and the ongoing clinical trials updated at the time of submission of the review. Due to the continuously evolving landscape of clinical trials for COVID-19, the reader should be aware that in the meanwhile some information may have changed.

A first approach is represented by the administration of immunostimulants aimed at improving the in vivo NK cell activity in COVID-19 patients. In this regard, several bioactive molecules (i.e. IFN-α, IL-2, IL-12, and IL-15) have been used for the treatment of disorders characterized by impaired NK cell function (108). In particular, the administration of IL-12 and IL-15 can compensate for the NK cell dysfunction determined by the reduced secretion of these cytokines by monocytes (85).

In addition, as previously described, IL-2 and IL-12 secreted by NK cells play an important role in the context of NK cell-DC crosstalk, by promoting the maturation of type-1 conventional DCs, which in turn sustain type 1 immune responses (94–96). For these reasons, therapeutic approaches that aim at restoring a proper balance in the levels of these cytokines may represent a useful tool to improve the innate immune cell functionality and therefore to better sustain the adaptive immune responses.

Among these cytokines, IL-2 and IL-15 are the most used in clinical trials since they are involved in the processes of NK cell expansion and maturation (79, 109–112). In the context of COVID-19, a phase 2 clinical trial aimed at evaluating the efficacy of the daily administration of low-doses of IL-2 for 10 days in improving the clinical course and oxygenation parameters in patients with SARS-CoV-2-related ARDS was recently completed (NCT04357444). However, to date, the results emerging from the clinical trial are not available.

Nevertheless, the proinflammatory nature of certain cytokines, including IL-2 and IL-15, must be taken into account in the development of cytokine-based therapeutic approaches. In this context, elevated levels of IL-15 have been reported in association with chronic pulmonary inflammatory diseases and MERS-CoV infection (79). In addition, Sahoo and colleagues, by using an artificial intelligence-guided big data approach, showed the relevance of NK cell senescence induced by IL-­15/IL­15RA pathway in the development of severe or fatal COVID­-19 (113). In agreement, Liu and colleagues demonstrated that IL-15 plays a role in NK cell dysfunction observed in most severe COVID-19 patients (114). Therefore, although cytokine-based therapeutic strategies are less expensive and less time consuming than cell-based therapies, their use in clinics should be fine-tuned to avoid the further exacerbation of the inflammation in COVID-19 patients (107).

Considering that IL-6 can impair NK cell functions and that elevated level of IL-6 is a key feature of severe SARS-CoV-2 infection (51), clinical trials aiming to disclose the efficacy of drugs inhibiting IL-6 signaling are ongoing [review in (115)] and promising results deriving from the use of Tocilizumab, a humanized monoclonal antibody against IL-6 receptor, support the hypothesis that IL-6 axis represents a possible therapeutic target to treat severe COVID-19 patients by promoting NK cell functionality (33, 116).

A second approach of NK cell-based therapies is represented by the possible application of drugs that block NK cell inhibitory receptors, such as NKG2A. Since it has been reported that NKG2A is highly expressed by NK cells in COVID-19 patients and its expression has been associated with NK cell functional exhaustion, targeting NKG2A may improve NK cell immune responses (36, 51, 53).

A third and last approach is represented by therapeutic adoptive NK cells therapies (Table 1) (79).


Table 1 | List of clinical trials proposed for COVID-19 treatment and based on primary and “off-the-shelf” NK cells.



NK cells used for therapeutic purpose can be obtained starting from granulocyte-colony stimulating factor (G-CSF)- mobilized peripheral blood mononuclear cells (G-PBMCs) or stem cells (79, 117, 118), by optimizing the culture condition to shift in vitro NK cell production to the highly cytolytic CD56dim population in order to avoid the exacerbation of patient conditions consequent to the administration of the cytokine producer CD56bright NK cells (79).

An additional NK cell-based therapeutic approach in the treatment of SARS-CoV-2 infection is represented by the infusion of adaptive/memory-like NK cells, endowed with higher functionality after appropriate activation with pro-inflammatory cytokines (53, 108). Data reported in literature support the hypothesis that adaptive NK cells, such as NKG2CposCD57pos NK cells, may be generated also in response to SARS-CoV-2 infection (36, 54, 55). Thus, their presence should be taken into account for the selection of convalescent donors in clinical trials for NK cell therapies (53). In this regard, Herrera and colleagues reported that the procedure of cell purification performed using a CliniMACS Plus cell separation system (Miltenyi Biotec) activates NK cells, making the NKG2CposCD57pos NK cell population more noticeable, as well as increasing the cytotoxic CD16pos population. This could offer an advantage when transfusing this product to COVID-19 patients (53). Moreover, the use of plasmalyte with 40% AB serum and 10% DMSO ensured good results in terms of NK cell viability and functionality, allowing “off-the-shelf” NK treatments (53).

Therapeutic NK cells can be obtained also from immortalized human NK cell lines which are genetically engineered (79, 119). They represent a suitable choice for COVID-19 patients since they produce low levels of interferon (34). The technology of chimeric antigen receptor (CAR)-NK cells, successfully applied in oncology, allows to design NK cell lines that specifically express receptor(s) of interest thus increasing the ability of NK cells to recognize specific antigens and to thus eliminate specific targets. In the context of COVID-19 treatment, the used of different lines such as NKG2D-ACE2 CAR-NK cells and ACE2 CAR-NK cells in combination with an IL-15 superagonist and Granulocyte-macrophage colony-stimulating factor (GM-CSF) neutralizing single-chain variable fragments are currently under investigation (NCT04324996) (79, 120). By targeting the S protein of SARS-CoV-2 and NKG2DL on the surface of infected cells with ACE2 and NKG2D, respectively, these therapeutic strategies aim at identifying SARS-CoV-2 particles and SARS-CoV-2 infected cells for their effective removal.



5 Conclusions

Currently available data in literature demonstrate that COVID-19 severity depends on two elements that mutually affect: the efficacy of anti-SARS-CoV-2 NK activity on one side and the effects of SARS-CoV-2 on NK cell functionality on the other one. On this basis, therapeutic approaches aimed at “fine tuning” NK cells activity in the context of SARS-CoV-2 infections have been proposed, to balance their beneficial antiviral and their detrimental pathologic action in COVID-19 patients.

To deepen the knowledge on the role of innate immunity in SARS-CoV-2 infection, further studies should be performed to investigate the crosstalk between NK cells and the other innate immune cell populations during the acute phase of the infection. This information is essential to disclose the role of this crosstalk in COVID-19 pathogenesis. Indeed, a deeper comprehension of the NK cell crosstalk with other immune cells will allow to better understand how innate immune cells can modulate the adaptive immune responses and could also allow the identification of novel predictors of clinical outcome.

Up to now, the current knowledge regarding NK cells and SARS-CoV-2 relies on studies focused on the acute phase of the infection and on studies comparing COVID-19 patients stratified based on disease severity. Future studies on subjects that are convalescent after SARS-CoV-2 infection are required to assess the persistence of the NK cell impairment observed in acute phase of the infection and to investigate the long-term impact of natural infection in inducing the development of NK cells with adaptive-like properties that could guarantee protection from re-infection. This aspect is of particular interest in the context of Long-COVID. Indeed, a deeper characterization of NK cells in patients experiencing COVID-19 sequelae could allow a better comprehension of the molecular mechanisms driving NK cell impairment in COVID-19 and could also allow the development of effective NK cell-based therapeutic approaches to treat Long-COVID patients.

Finally, the role of NK cells in determining a long-term anti-SARS-CoV-2 protection also after vaccination is another aspect that deserves to be investigated more in detail.

In this context, very recent evidence suggests that the frequency of NKG2Cpos NK cells before the vaccination can positively influence the anti-SARS-CoV-2 antibody titers following two doses of BNT162b2 mRNA vaccine (121). However, by comparing the NK cell responses in subjects receiving two doses of inactivated SARS-CoV-2 vaccine (CoronaVac) and who develop or not COVID-19 after vaccination or subjects experienced for SARS-CoV-2 infection and infused or not with CoronaVac, any differences in terms of IFN- γ release upon overnight stimulation with aspecific NK cell activation stimuli have been observed (122).

An extensive phenotypic and functional characterization of NK cells by using SARS-CoV-2 specific stimuli in vaccinated subjects will allow to assess whether anti-SARS-CoV-2 vaccines could stimulate the development of NK cells with higher effector functions or adaptive-like properties that could guarantee a faster and more efficient response in preventing SARS-CoV-2 infections and/or severe COVID-19 forms.
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The contribution of the cellular immune response to the severity of coronavirus disease 2019 (COVID-19) is still uncertain because most evidence comes from patients receiving multiple drugs able to change immune function. Herein, we conducted a prospective cohort study and obtained blood samples from 128 unvaccinated healthy volunteers to examine the in vitro response pattern of CD4+ and CD8+ T cells and monocyte subsets to polyclonal stimuli, including anti-CD3, anti-CD28, poly I:C, severe acute respiratory syndrome coronavirus type 2 (SARS-CoV-2) recombinant spike S1 protein, and lipopolysaccharide. Then, we started a six-month follow-up and registered 12 participants who got SARS-CoV-2 infection, from whom we retrospectively analyzed the basal immune response pattern of T cells and monocytes. Of the 12 participants infected, six participants developed mild COVID-19 with self-limiting symptoms such as fever, headache, and anosmia. Conversely, six other participants developed severe COVID-19 with pneumonia, respiratory distress, and hypoxia. Two severe COVID-19 cases required invasive mechanical ventilation. There were no differences between mild and severe cases for demographic, clinical, and biochemical baseline characteristics. In response to polyclonal stimuli, basal production of interleukin-2 (IL-2) and interferon (IFN-) gamma significantly decreased, and the programmed cell death protein 1 (PD-1) increased in CD4+ and CD8+ T cells from participants who posteriorly developed severe COVID-19 compared to mild cases. Likewise, CD14++CD16- classical and CD14+CD16+ non-classical monocytes lost their ability to produce IFN-alpha in response to polyclonal stimuli in participants who developed severe COVID-19 compared to mild cases. Of note, neither the total immunoglobulin G serum titers against the virus nor their neutralizing ability differed between mild and severe cases after a month of clinical recovery. In conclusion, using in vitro polyclonal stimuli, we found a basal immune response pattern associated with a predisposition to developing severe COVID-19, where high PD-1 expression and low IL-2 and IFN-gamma production in CD4+ and CD8+ T cells, and poor IFN-alpha expression in classical and non-classical monocytes are linked to disease worsening. Since antibody titers did not differ between mild and severe cases, these findings suggest cellular immunity may play a more crucial role than humoral immunity in preventing COVID-19 progression.
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Introduction

The severe acute respiratory syndrome coronavirus type 2 (SARS-CoV-2) is the causal agent of coronavirus disease 2019 (COVID-19) (1). The clinical presentation of COVID-19 has caught the attention of the scientific community around the globe because of its enormous heterogeneity, ranging from mild and moderate self-limiting viral infection to severe and critical illness (2). However, the mechanisms involved in COVID-19 progression and severity are still a matter of debate (3). A growing body of evidence has pointed out advanced age, male gender, and comorbidities such as hypertension and type 2 diabetes (D) as leading risk factors for developing severe COVID-19 (4–7). Nevertheless, several studies have consistently reported that mild COVID-19 can present even in advanced-age men with comorbidities (2, 6), bringing to light the need to understand additional factors explaining how severe disease develops.

Numerous studies have informed that an exacerbated inflammatory response worsens the clinical course of SARS-CoV-2 infection by increasing the local and systemic levels of tumor necrosis factor-alpha (TNF-alpha), interleukin (IL-) 1 beta, and IL-6 (7–9). However, emerging evidence suggests that a defective cellular immunity may also accelerate COVID-19 progression (10). Compared to patients developing mild symptoms, CD4+ and CD8+ T cell populations from COVID-19 patients admitted to intensive care units (ICU) show reduced production of IL-2, a cytokine with major functions in enhancing T and B cell proliferation (11, 12). Furthermore, CD4+ T cells also express interferon-gamma (IFN-gamma), a cytokine able to inhibit viral replication; however, seriously ill COVID-19 patients show reduced IFN-gamma-producing CD4+ T cells compared to convalescent individuals (10). CD4+ and CD8+ T cell populations from COVID-19 patients in need of hospitalization also show increased expression of cell exhaustion markers, including the programmed cell death protein 1 (PD-1) (13–15). In parallel, the ability of classical and non-classical monocytes to release the antiviral cytokine interferon-alpha (IFN-alpha) decreases as COVID-19 severity increases in patients critically ill compared to those developing mild-to-moderate disease (16). Of note, even though T cells and monocytes appear to lose the capacity of producing key antiviral cytokines, patients with severe COVID-19 exhibit similar neutralizing antibody titers to those found in subjects with mild symptoms (10). This whole evidence emphasizes the idea that impairment in cellular immunity may play a crucial role in worsening SARS-CoV-2 infection.

Although this information suggests that cellular immunity plays a role in COVID-19 progression by stimulating T cells and monocytes to release crucial antiviral cytokines, most of this evidence comes from cross-sectional clinical studies with polytreated patients, making it challenging to correct data interpretation. We hypothesize that cytokine production mediated by cells such as T lymphocytes and monocytes against the SARS-CoV-2 has basal response patterns with the ability to predispose a patient towards the development of either mild or severe disease. However, this question is hard to respond to in infected patients receiving multiple drug schemes and therapeutic maneuvers able to modify the immune response pattern during the COVID-19 course.

For this reason, we conducted a prospective, longitudinal follow-up for six months in 105 family members of medical staff caring for COVID-19 patients, exploring their immune response pattern to in vitro polyclonal stimuli simulating the exposure to SARS-CoV-2. After grading disease severity in the participants resulting infected during that period, we retrospectively examined how CD4+ and CD8+ T cells and monocyte subpopulations responded in vitro to anti-CD3, anti-CD28, poly I:C, spike protein, and lipopolysaccharide (LPS) in seeking a basal immune pattern that could associate with the development of mild or severe COVID-19.



Materials and Methods


Participants and Ethical Disclosures

We invited 128 healthy adult women and men to participate in the study. We enrolled participants if they met the following inclusion criteria: family members of health care professionals working at a dedicated COVID-19 hospital in Mexico City, aging 18-65 years old, negative testing for SARS-CoV-2 by quantitative-polymerase chain reaction (qPCR), and seronegative to anti-SARS-CoV-2 IgG antibodies. We excluded subjects from the study if they had the previous diagnosis of the human immunodeficiency virus (HIV), hepatitis C virus (HCV), hepatitis B virus (HBV), chronic kidney or liver disease, cancer, autoimmune diseases, endocrine disorders, and infectious diseases. We also excluded pregnant or lactating women and patients taking immunomodulatory medication for the last six months. We eliminated participants from the study if they received any vaccine against COVID-19 within six months of enrollment. All study participants provided written informed consent previously approved by the institutional ethical committee of the General Hospital of Mexico (registration number of the ethical code approval: DI/20/501/03/17). The study rigorously met the principles described in the 1964 Declaration of Helsinki and its posterior amendment in 2013.



Study Design

This prospective, longitudinal study with retrospective data analysis took place from December 2020 to September 2021. All family members of health care professionals who agreed to take part in the study signed the informed consent and received a full explanation of the purposes and procedures of the study. We collected demographic, clinical, and biochemical data from all 128 participants at the enrollment. Demographic and clinical data included sex, age, and previous diagnosis of obesity (body mass index (BMI) > 30 kg/m2), type 2 diabetes (D), hypertension, coronary heart disease (CHD), and hypercholesterolemia. Biochemical data included serum albumin, total proteins, blood glucose, lipid profile, liver and kidney function tests, hematic biometry, C-reactive protein (CRP), and lactate dehydrogenase (LDH). We measured all laboratory parameters using the Beckman Coulter DxC 700 AU Chemistry Analyzer (Beckman Coulter Inc., Brea, CA, USA), the Coulter LH 780 Hematology Analyzer (Beckman Coulter Inc., Brea, CA, USA), and the BCS® XP System (Siemens Healthcare GmbH, Erlangen, Germany). We collected 6 ml venous blood samples from all 128 healthy participants at the enrollment, using tubes containing sodium heparin (VacutainerTM, BD Diagnostics, NJ, USA). After whole blood in vitro exposure to polyclonal stimuli, we performed flow cytometry staining for cell surface and intracellular markers of T cells and monocytes, storing flow cytometry data. Polyclonal stimuli were used to simulate the exposure to SARS-CoV-2 in in vitro culture settings, using the SARS-CoV-2 recombinant spike S1 protein (the main surface antigen of the virus), Poly I:C (a double-stranded RNA widely used to mimic viral infections in vitro), anti-human CD3 and anti-human CD28 (co-stimulatory signals that enhance T cell expansion and activation in vitro), and LPS (an endotoxin that enhances monocyte activation). We weekly followed-up to all participants by phone calls for six months, asking for the occurrence of symptoms such as headache, fever (body temperature > 37.5°C), dry cough, tiredness, myalgia, arthralgia, nasal congestion, runny nose, anosmia, dysgeusia, sore throat, diarrhea, shortness of breath, chest pain, and blue-colored skin or lips. After reporting at least one of the above symptoms, participants attended the General Hospital of Mexico for SARS-CoV-2 infection confirmation by qPCR in nasopharyngeal swabs. Then, we started a daily follow-up on each participant confirmed for SARS-CoV-2 infection, recording relevant clinical and biochemical data at the symptom onset and seven days after, and categorizing the development of COVID-19 as mild-to-moderate or severe-to-critical disease. We classified the level of COVID-19 severity according to the World Health Organization (WHO) criteria as follows: mild COVID-19 cases showed headache, fever, dry cough, tiredness, myalgia, arthralgia, nasal congestion, runny nose, anosmia, dysgeusia, sore throat, and/or diarrhea that participants handled at home without needing of oxygen supply or hospitalization; severe COVID-19 cases presented at least one of the above symptoms plus oxygen saturation level (SpO2) ˂ 92% on room air, respiratory distress ˃ 30 breath per minute, and/or ˃50% lung involvement on imaging that required either hospitalization or mechanical ventilation. Once we confirmed the clinical outcome of COVID-19, we retrospectively analyzed flow cytometry data for mild or severe groups in seeking a basal immune response pattern to in vitro polyclonal stimuli that could associate with the disease severity.



Cell Cultures

We collected 6 ml venous blood samples from all participants at the enrollment, using tubes containing sodium heparin (VacutainerTM, BD Diagnostics, NJ, USA). Immediately after, we divided each whole blood sample into 24-well ultra-low attachment surface cell-culture plates (Costar, Kennebunk, ME, USA), adding 200 μl blood plus 400 μl RPMI-1640 (Sigma Aldrich, St. Louis, MO, USA) supplemented with 5% fetal bovine serum (FBS), 2 mM L-glutamine, and 10 nM HEPES buffer (GibcoTM, Grand Island, NY, USA) per well in triplicate. We designated the first three wells as unstimulated T cell culture control containing 200 μl blood plus 400 μl supplemented RPMI-1640 for 2 hours. The subsequent three wells had 200 μl blood plus 400 μl supplemented RPMI-1640 incubated in the presence of 0.5 μg/ml SARS-CoV-2 recombinant spike S1 protein (Arigo Biolaboratories, Hsinchu City, Taiwan), 100 μg/ml Poly I:C (Sigma Aldrich, St. Louis, MO, USA), and 10 ng/ml anti-human CD3 and anti-human CD28 (BioLegend, Inc., San Diego, CA, USA) for 2 hours. We designated the following three wells as unstimulated monocyte culture control containing 600 μl blood plus 1.2 ml supplemented RPMI-1640 for 2 hours. The last three wells had 600 μl blood plus 1.2 ml supplemented RPMI-1640 incubated in the presence of 0.5 μg/ml SARS-CoV-2 recombinant spike S1 protein (Arigo Biolaboratories, Hsinchu City, Taiwan), 100 μg/ml Poly I:C (Sigma Aldrich, St. Louis, MO, USA), and 10 ng/ml LPS (Sigma Aldrich, St. Louis, MO, USA) for 2 hours. We incubated cell cultures at 37°C in humidified 5% CO2 atmosphere for 2 hours. We selected a 2-hour stimulation based on time-response curves (Supplementary Figure 1). We treated whole blood cultures for intracellular staining with 1:1000 Brefeldin A (BioLegend, Inc., San Diego, CA, USA) and 1 μg/ml monensin (BioLegend, Inc., San Diego, CA, USA) for 45 min before the culture’s ending.



Immunostaining and Flow Cytometry

After incubation, we collected whole blood samples into 5 ml falcon tubes (BD, Bedford, MA, USA), centrifuged tubes at 500 g for 10 min, and washed cell pellets with 200 μl PBS 1X (Sigma Aldrich, St. Louis, MO, USA) twice. Immediately after, we added 5 ml ammonium-chloride-potassium (ACK) lysing buffer to each cell pellet, mixed gently and incubated for 10 min at room temperature. After centrifuging each tube at 500 g for 10 min, we discarded the supernatant and resuspended the white blood cell (WBC) pellet in 1 ml PBS 1X (Sigma Aldrich, St. Louis, MO, USA). After an extra washing step, we resuspended 5x105 WBCs in 50 μl cell staining buffer (BioLegend, Inc., San Diego, CA, USA). For monocyte cultures, we incubated WBCs with 5 μl True-Stain Monocyte Blocker™ (BioLegend, Inc., San Diego, CA, USA) for 10 min on ice. Then, we added anti-CD14 APC Fire 750, anti-CD16 PE/Cy5, and anti-HLA-DR PE (BD Biosciences, San Jose, CA, USA) for 20 min in darkness at 4°C. For T cell cultures, we incubated WBCs with anti-CD3 APC Fire 750, anti-CD4 BV 510, anti-CD8 APC, and anti-PD-1 PE for 20 min in darkness at 4°C. Afterward, we incubated WBCs with 100 μl Fixation Medium A (FIX & PERMTM Cell Permeabilization Kit) (Invitrogen™, Carlsbad, CA, USA) for 20 min at room temperature. After rinsing WBCs with Cell Staining Buffer (BioLegend, Inc., San Diego, CA, USA), we incubated cells with 100 μl Permeabilization Medium B (FIX & PERM TM Cell Permeabilization Kit, Invitrogen™, Carlsbad, CA, USA) plus anti-IFN-gamma Pacific Blue and anti-IL-2 PE/Cy7 for T cell cultures or IFN-alpha AF 647 (BioLegend, Inc., San Diego, CA, USA) for monocyte cultures during 20 min in darkness at room temperature. After rinsing the cell pellets with cell staining buffer (BioLegend, Inc., San Diego, CA, USA), we acquired cells on a BD FACS Canto II Flow Cytometer (BD Biosciences, San Jose, CA, USA), acquiring 10,000 events per test on CD3+ or HLA-DR+ cells, respectively in three different and individual staining.



Gating Strategy

After we confirmed the severity of COVID-19, we retrospectively analyzed flow cytometry data for mild COVID-19 cases or severe COVID-19 participants. For T cells, we first gated single cells on a forward scatter (FSC-H)/side scatter (SSC-A) density plot. Afterward, we gated cells on a time/side scatter density plot to visualize how well the flow of cells was during acquisition. We recognized the lymphocyte population on a side scatter (SSC-A)/forward scatter (FSC-A) plot. Then, we gated lymphocytes using the CD3 expression, acquiring 10,000 events on this gate for posterior analyses. After that, we obtained CD4+ and CD8+ T cells through a rectangular gating strategy using CD4 and CD8 expression. Finally, we analyzed IFN-gamma, IL-2, and PD-1 expression on the CD4+ and CD8+ T cell populations (Supplementary Figures 2A, B, respectively). For monocytes, we first gated single cells on a forward scatter (FSC-H)/side scatter density plot. Then, we gated cells on a time/side scatter density plot. Afterward, we recognized monocytes using HLA-DR expression, acquiring 10,000 events on this gate for posterior analyses. Then, we obtained total monocytes on a CD14/CD16 density plot and subsequently identified gates for classical monocytes (CD14++CD16-), intermediate monocytes (CD14++CD16+), and non-classical monocytes (CD14+CD16+). Finally, we analyzed IFN-alpha expression on each monocyte subset (Supplementary Figure 3). We obtained the Median Fluorescence Intensity (MFI) for IL-2, IFN-gamma, PD-1, and IFN-alpha, considering both positive and negative cell populations for each marker, as shown in Supplementary Figure 4. We obtained the percentage of positive cells for each marker using proper fluorescence minus one (FMO) controls. We performed compensation controls for each fluorochrome by UltraComp eBeads™ (Invitrogen™, Carlsbad, CA, USA). We analyzed data using the FlowJo 10.0.7 software (TreeStar, Inc, Ashland, OR, USA).



Total IgG and Neutralizing Antibodies Anti-SARS-CoV-2

One month after clinical recovery of the twelve patients who developed mild or severe COVID-19, we collected venous blood samples for posterior serum isolation and measurement of anti-SARS-CoV-2 IgG total antibodies and neutralizing antibody percentage in triplicate by the Enzyme Linked-ImmunoSorbent Assay (ELISA). For total antibodies, we measured IgG antibody serum levels against the SARS-CoV-2 nucleocapsid (N) protein using a kit from Abcam (Abcam, ab274339, Cambridge, UK) and a microplate reader at 450 nm. For neutralizing antibody percentage, we used the anti-SARS-CoV-2 Neutralizing Antibody ELISA Kit and a microplate reader at 450 nm (Thermo Fisher Scientific, BMS2326, Vienna, Austria). We calculated the neutralization percentage for unknown samples as follows: neutralization (%) = 1 – (absorbance of unknown sample/absorbance of negative control) × 100.



Statistics

We evaluated the normality of data by the Shapiro-Wilk test. For in vitro assays, we compared the basal expression of IL-2, PD-1, IFN-gamma, and IFN-alpha between mild COVID-19 cases and severe COVID-19 cases by the unpaired Student’s T test. We compared the amount of IFN-gamma+IL-2+ double-positive cells in helper and cytotoxic T cells expressing or not PD-1 from mild COVID-19 cases and severe COVID-19 cases by two-way ANOVA. We compared the anti-SARS-CoV-2 IgG total antibodies and neutralizing antibody percentage between mild COVID-19 cases and severe COVID-19 cases by the unpaired Student’s T test. We considered differences significant when P < 0.05. We performed all statistical analyses using the GraphPad Prism 7 software.




Results


Demographic, Clinical, and Laboratory Parameters in the Study Population

We show the selection process of participants enrolled in the study in Figure 1. After meeting inclusion and exclusion criteria, we eliminated 23 participants from the study because they exhibited specific IgG serum antibody titers against the SARS-CoV-2 N protein (n = 7) or got the Pfizer-BioNTech COVID-19 vaccine (n = 16). One hundred and five volunteers completed the six-month follow-up without getting vaccinated (Figure 1). At the beginning of the follow-up, the whole study population consisted of 41 women and 64 men that were 41.6 ± 11.2 years on average and showed a low prevalence of comorbidities such as obesity, type 2 diabetes, hypertension, coronary heart disease and average values of routine biochemical tests (Table 1). After grading COVID-19 severity in participants who got SARS-CoV-2 infection during the six-month follow-up, we registered two women and four men only experiencing a self-limiting disease with mild symptoms such as fever, anosmia, headache, myalgia, and arthralgia, resolved without specific drug treatment after 9-12 days (Table 2). Conversely, one woman and five men developed severe COVID-19 characterized by the symptoms mentioned above, plus respiratory distress (36.6 ± 3.1 breaths per minute), hypoxia (74.0 ± 7.6%), and pneumonia (Table 2). Two participants developing severe COVID-19 required ICU admission for invasive ventilatory support (Table 2). Of note, the baseline clinical characteristics did not differ between participants who developed mild or severe COVID-19 during the follow-up (Table 1). Except for neutrophil and lymphocyte percentages, ALP, and serum albumin, there were no differences between participants who developed mild or severe COVID-19 for the values of hematic biometry, blood glucose, lipid profile, renal parameters, and liver function tests seven days after symptom onset (Table 2). As we have outlined here, neither baseline characteristics nor the clinical presentation of COVID-19 allowed predicting the disease severity in the participants who got SARS-CoV-2 infection during the follow-up.




Figure 1 | Schematic flow chart showing the selection process of eligible participants. SpO2, oxygen saturation level; SARS-CoV-2, severe acute respiratory syndrome coronavirus type 2; qPCR, quantitative polymerase chain reaction; COVID-19, coronavirus disease 2019.




Table 1 | Baseline characteristics of the study participants.




Table 2 | Clinical and biochemical characteristics of participants who developed mild or severe COVID-19 during the six-month follow-up.





IL-2, IFN-Gamma, and PD-1 Production in Helper T Cells

Supplementary Figure 2A illustrates the gating strategy for analyzing IL-2, IFN-gamma, and PD-1 expression in CD3+CD4+ T cells stimulated with anti-CD3, anti-CD28, poly I:C, and SARS-CoV-2 recombinant spike S1 protein in whole blood in vitro cultures at the beginning of the follow-up, when all healthy participants were initially enrolled in the study (Supplementary Figure 2A). Representative dot-plots illustrate the comparison of CD3+CD4+ T cells expressing IL-2 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up (Figure 2A). In response to polyclonal in vitro stimulation, the percentage of CD3+CD4+IL-2+ T cells showed a significant 4-fold decrease in the group that during the follow-up developed severe COVID-19 compared to participants experiencing mild symptoms (P = 0.0085) (Figure 2B). IL-2 expression behaved in the same way as observed in cell percentage, displaying a significant 2-fold diminution in helper T cells from participants that after SARS-CoV-2 infection developed severe COVID-19 compared to the mild disease group (P = 0.0075) (Figure 2C). Representative dot-plots exemplify the contrast of CD3+CD4+ T cells expressing IFN-gamma in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up (Figure 2D). The percentage of CD3+CD4+IFN-gamma+ T cells displayed a significant 4-fold reduction in the severe COVID-19 group compared to participants developing a mild disease (P = 0.0034) (Figure 2E). Likewise, IFN-gamma production significantly decreased in helper T cells from participants experiencing severe COVID-19 compared to those found in individuals with mild symptoms (P = 0.0369) (Figure 2F). Representative dot-plots illustrate the comparison of CD3+CD4+ T cells expressing PD-1 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up (Figure 2G). The percentage of CD3+CD4+ T cells expressing PD-1 exhibited a significant 2-fold increase in the severe COVID-19 group compared to the mild disease group (P = 0.0416) (Figure 2H). There were no significant changes between severe and mild COVID-19 participants for PD-1 expression in the population of helper T cells (Figure 2I). Representative dot-plots exemplify the contrast of CD3+CD4+ T cells simultaneously expressing IL-2, IFN-gamma, and PD-1 in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up (Figure 2J). Interestingly, PD-1 expression was intimately related to IL-2 and IFN-gamma production in the population of helper T cells. In this sense, participants who developed mild symptoms showed that PD-1+ T cells expressing both IL-2 and IFN-gamma decreased 4-fold compared to PD-1 negative helper T lymphocytes (P = 0.0001), indicating that PD-1 expression inversely associated with IL-2 and IFN-gamma production (Figure 2K). Nevertheless, we did not observe this expected behavior in participants developing severe COVID-19 after SARS-CoV-2 infection, whose helper T cells exhibited similar IL-2 and IFN-gamma expression patterns independently of expressing or not PD-1 (Figure 2K). Additionally to cell percentages, we show the corresponding absolute numbers of CD3+CD4+ T cells expressing IL-2, IFN-gamma, and PD-1 in Supplementary Figure 5. We found no detectable IL-2, IFN-gamma, and PD-1 expression in CD3+CD4+ T cells cultured in the absence of anti-CD3, anti-CD28, poly I:C, and SARS-CoV-2 recombinant spike S1 protein (data not shown).




Figure 2 | IL-2, IFN-gamma, and PD-1 expression in CD3+CD4+ T cells in response to polyclonal stimuli in vitro. (A) Representative dot-plots illustrating the comparison of CD3+CD4+ T cells expressing IL-2 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (B) Percentage of CD3+CD4+ T cells expressing IL-2. (C) Mean fluorescence intensity of IL-2 in CD3+CD4+ T cells. (D) Representative dot-plots exemplifying the contrast of CD3+CD4+ T cells expressing IFN-gamma in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up. (E) Percentage of CD3+CD4+ T cells expressing IFN-gamma. (F) Mean fluorescence intensity of IFN-gamma in CD3+CD4+ T cells. (G) Representative dot-plots illustrating the comparison of CD3+CD4+ T cells expressing PD-1 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (H) Percentage of CD3+CD4+ T cells expressing PD-1. (I) Mean fluorescence intensity of PD-1 in CD3+CD4+ T cells. (J) Representative dot-plots exemplifying the contrast of CD3+CD4+ T cells simultaneously expressing IL-2, IFN-gamma, and PD-1 in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up. (K) Percentage of CD3+CD4+ T cells producing both IL-2 and IFN-gamma depending on PD-1 expression. Prior to infection, we obtained whole blood samples from all participants enrolled in the study and cultured them with polyclonal stimuli, including anti-CD3, anti-CD28, poly I:C, and SARS-CoV-2 recombinant spike S1 protein for two hours. We then acquired CD3+CD4+ T cells on a BD FACS Canto II Flow Cytometer, acquiring 10,000 events per test in triplicate and storing data until a participant got SARS-CoV-2 infection. Upon infection and depending on the clinical course of the disease, we analyzed flow cytometry data as part of the mild or severe COVID-19 groups. Black bars represent the mild COVID-19 group. Gray bars represent the severe COVID-19 group. We expressed data as mean ± standard deviation. We compared data using the unpaired Student’s T-test or two-way ANOVA and considered differences significant when P < 0.05. IL-2, interleukin-2; IFN-gamma, interferon-gamma; PD-1, programmed cell death protein 1; MFI, mean fluorescence intensity; COVID-19, coronavirus disease 2019; SARS-CoV-2, severe acute respiratory syndrome coronavirus type 2.





IL-2, IFN-Gamma, and PD-1 Production in Cytotoxic T Cells

Supplementary figure 2B shows the gating strategy for examining IL-2, IFN-gamma, and PD-1 expression in CD3+CD8+ T cells exposed to polyclonal stimuli in vitro (Supplementary Figure 2B). Representative dot-plots illustrate the comparison of CD3+CD8+ T cells expressing IL-2 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up (Figure 3A). In response to anti-CD3, anti-CD28, poly I:C, and SARS-CoV-2 recombinant spike S1 protein, whole blood cultures revealed that the percentage of CD3+CD8+IL-2+ T cells exhibited a significant 5-fold decrease in the group that posteriorly developed severe COVID-19 compared to participants with mild symptoms (P = 0.0085) (Figure 3B). As expected, IL-2 production significantly reduced in cytotoxic T cells from participants developing severe COVID-19 compared to those found in subjects experiencing mild disease (P = 0.0002) (Figure 3C). Representative dot-plots exemplify the contrast of CD3+CD8+ T cells expressing IFN-gamma in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up (Figure 3D). The percentage of CD3+CD8+IFN-gamma+ T cells showed a significant 3-fold diminution in the severe COVID-19 group compared to participants experiencing mild symptoms (P = 0.0025) (Figure 3E). In parallel, IFN-gamma expression significantly decreased in the cytotoxic T cell population of participants who developed severe COVID-19 compared to that found in subjects with mild symptoms (P = 0.0232) (Figure 3F). Representative dot-plots illustrate the comparison of CD3+CD8+ T cells expressing PD-1 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up (Figure 3G). Contrary to what we expected, neither the percentage of CD3+CD8+PD-1+ T cells nor PD-1 production itself exhibited significant differences between the mild and severe COVID-19 groups (Figures 3H, I, respectively). Representative dot-plots exemplify the contrast of CD3+CD8+ T cells simultaneously expressing IL-2, IFN-gamma, and PD-1 in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up (Figure 3J). However, PD-1 expression conditioned IL-2 and IFN-gamma production in cytotoxic T cells, which expressed higher IL-2 and IFN-gamma levels in PD-1 negative cells than CD3+CD8+PD-1+ T cells independently of having been analyzed in participants that posteriorly developed either mild or severe COVID-19 (Figure 3K). In addition to cell percentages, we provide the corresponding absolute numbers of CD3+CD8+ T cells expressing IL-2, IFN-gamma, and PD-1 in Supplementary Figure 5. We observed no detectable IL-2, IFN-gamma, and PD-1 expression levels in CD3+CD8+ T cells cultured without anti-CD3, anti-CD28, poly I:C, and recombinant spike S1 protein (data not shown).




Figure 3 | IL-2, IFN-gamma, and PD-1 expression in CD3+CD8+ T cells in response to polyclonal stimuli in vitro. (A) Representative dot-plots illustrating the comparison of CD3+CD8+ T cells expressing IL-2 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (B) Percentage of CD3+CD8+ T cells expressing IL-2. (C) Mean fluorescence intensity of IL-2 in CD3+CD8+ T cells. (D) Representative dot-plots exemplifying the contrast of CD3+CD8+ T cells expressing IFN-gamma in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up. (E) Percentage of CD3+CD8+ T cells expressing IFN-gamma. (F) Mean fluorescence intensity of IFN-gamma in CD3+CD8+ T cells. (G) Representative dot-plots illustrating the comparison of CD3+CD8+ T cells expressing PD-1 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (H) Percentage of CD3+CD8+ T cells expressing PD-1. (I) Mean fluorescence intensity of PD-1 in CD3+CD8+ T cells. (J) Representative dot-plots exemplifying the contrast of CD3+CD8+ T cells simultaneously expressing IL-2, IFN-gamma, and PD-1 in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up. (K) Percentage of CD3+CD8+ T cells producing both IL-2 and IFN-gamma depending on PD-1 expression. Prior to infection, we obtained whole blood samples from all participants enrolled in the study and cultured them with polyclonal stimuli, including anti-CD3, anti-CD28, poly I:C, and SARS-CoV-2 recombinant spike S1 protein for two hours. We then acquired CD3+CD8+ T cells on a BD FACS Canto II Flow Cytometer, acquiring 10,000 events per test in triplicate and storing data until a participant got SARS-CoV-2 infection. Upon infection and depending on the clinical course of the disease, we analyzed flow cytometry data as part of the mild or severe COVID-19 groups. Black bars represent the mild COVID-19 group. Gray bars represent the severe COVID-19 group. We expressed data as mean ± standard deviation. We compared data using the unpaired Student’s T-test or two-way ANOVA and considered differences significant when P < 0.05. IL-2, interleukin-2; IFN-gamma, interferon-gamma; PD-1, programmed cell death protein 1; MFI, mean fluorescence intensity; COVID-19, coronavirus disease 2019; SARS-CoV-2, severe acute respiratory syndrome coronavirus type 2.





IFN-Alpha Production in Monocyte Subpopulations

Supplementary Figure 3 illustrates the gating strategy for evaluating IFN-alpha expression in classical, intermediate, and non-classical monocytes exposed to SARS-CoV-2 recombinant spike S1 protein, poly I:C and LPS in whole blood in vitro cultures (Supplementary Figure 3). Representative dot-plots illustrate the comparison of CD14++CD16- classical monocytes expressing IFN-alpha in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up (Figure 4A). In response to polyclonal in vitro stimulation, the percentage of classical monocytes expressing IFN-alpha showed a significant 3-fold decrease in the group who developed severe COVID-19 during the follow-up compared to participants with mild symptoms (P = 0.0013) (Figure 4B). There were no significant changes between mild and severe COVID-19 group for IFN-alpha expression in this monocyte subset (Figure 4C). Representative dot-plots exemplify the contrast of CD14++CD16+ intermediate monocytes expressing IFN-alpha in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up (Figure 4D). Neither the percentage of intermediate monocytes expressing IFN-alpha nor IFN-alpha production itself displayed significant differences between the mild and severe COVID-19 groups (Figures 4E, F, respectively). Representative dot-plots illustrate the comparison of CD14+CD16+ non-classical monocytes expressing IFN-alpha in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up (Figure 4G). The percentage of non-classical monocytes expressing IFN-alpha exhibited a significant 2.5-fold reduction in participants developing severe COVID-19 compared to that found in individuals experiencing mild symptoms (P = 0.0033) (Figure 4H). Conversely, there were no significant changes between mild and severe COVID-19 groups for IFN-alpha expression in this monocyte subset (Figure 4I). Besides showing cell percentages, we present the corresponding absolute numbers of classical, intermediate, and non-classical monocytes expressing IFN-alpha in Supplementary Figure 5. We found no detectable IFN-alpha expression in classical, intermediate, and non-classical monocytes cultured without recombinant spike S1 protein, poly I:C, and LPS (data not shown).




Figure 4 | IFN-alpha expression in classical, intermediate, and non-classical monocyte subpopulations in response to polyclonal stimuli in vitro. (A) Representative dot-plots illustrating the comparison of CD14++CD16- classical monocytes expressing IFN-alpha in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (B) Percentage of CD14++CD16- classical monocytes expressing IFN-alpha. (C) Mean fluorescence intensity of IFN-alpha in CD14++CD16- classical monocytes. (D) Representative dot-plots exemplifying the contrast of CD14++CD16+ intermediate monocytes expressing IFN-alpha in whole blood samples exposed to polyclonal molecules from participants who experienced mild or severe COVID-19 throughout the follow-up. (E) Percentage of CD14++CD16+ intermediate monocytes expressing IFN-alpha. (F) Mean fluorescence intensity of IFN-alpha in CD14++CD16+ intermediate monocytes. (G) Representative dot-plots illustrating the comparison of CD14+CD16+ non-classical monocytes expressing IFN-alpha in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (H) Percentage of CD14+CD16+ non-classical monocytes expressing IFN-alpha. (I) Mean fluorescence intensity of IFN-alpha in CD14+CD16+ non-classical monocytes. Prior to infection, we obtained whole blood samples from all participants enrolled in the study and cultured them with polyclonal stimuli, including poly I:C, SARS-CoV-2 recombinant spike S1 protein, and LPS, for two hours. We then acquired monocyte cells on a BD FACS Canto II Flow Cytometer, acquiring 10,000 events per test in triplicate and storing data until a participant got SARS-CoV-2 infection. Upon infection and depending on the clinical course of the disease, we analyzed flow cytometry data as part of the mild or severe COVID-19 groups. Black bars represent the mild COVID-19 group. Gray bars represent the severe COVID-19 group. We expressed data as mean ± standard deviation. We compared data using the unpaired Student’s T-test and considered differences significant when P < 0.05. We defined classical monocytes as CD14++CD16-, intermediate monocytes as CD14++CD16+, and non-classical monocytes as CD14+CD16+. IFN-alpha, interferon-alpha; MFI, mean fluorescence intensity; COVID-19, coronavirus disease 2019, LPS, lipopolysaccharide; SARS-CoV-2, severe acute respiratory syndrome coronavirus type 2.





Total IgG and Neutralizing Antibodies Anti-SARS-CoV-2

The production pattern of IL-2, IFN-gamma, and IFN-alpha suggested that helper and cytotoxic T cells and monocyte subpopulations show a basal defective cellular response against polyclonal stimuli, which is probably associated with predisposing to the development of severe COVID-19 after SARS-CoV-2 infection. To know whether a possible impairment in the cellular immune response led to defective antibody production, we decided to measure the total concentration of IgG serum antibodies and the percentage of neutralizing antibodies against the SARS-CoV-2 in participants who developed either mild or severe COVID-19. Unexpectedly, the total IgG serum titers against the N protein of the SARS-CoV-2 showed no significant changes between participants developing mild or severe COVID-19 ( = 92: 8 ± 15:1 and  = 77:9 ± 16:8, P = 0:137, respectively) (Figure 5A). Likewise, the neutralizing antibody percentage against the virus did not differ between participants who developed mild or severe COVID-19 ( = 89:6 ± 7:1 and  = 90:2 ± 6:4, respectively, P = 0:886) (Figure 5B). Thus, defective expression of IL-2, IFN-gamma, and IFN-alpha in T lymphocytes and monocytes did not affect the production of either total IgG or neutralizing antibodies against the SARS-CoV-2.




Figure 5 | Total IgG and neutralizing antibodies anti-SARS-CoV-2 in the study participants. (A) Total IgG serum antibodies against the N protein of the SARS-CoV-2 in participants who developed mild or severe COVID-19 during the follow-up. (B) Percentage of neutralizing antibodies anti-SARS-CoV-2 in participants who developed mild or severe COVID-19 during the follow-up. We measured total IgG or neutralizing antibodies one month after clinical recovery of participants. Black bars represent the mild COVID-19 group. Gray bars represent the severe COVID-19 group. We expressed data as mean ± standard deviation. We compared data using the unpaired Student’s T-test and considered differences significant when P < 0.05. IgG, immunoglobulin G; SARS-CoV-2, severe acute respiratory syndrome coronavirus type 2; COVID-19, coronavirus disease 2019.






Discussion

The mechanisms of the cell-mediated immunity contributing to worsening the severity of COVID-19 remain unclear (17, 18). For this reason, we formed a cohort of healthy individuals who were family members of health care professionals working at a dedicated COVID-19 hospital and obtained more than 120 whole blood samples. Then, we exposed T cells and monocytes to polyclonal stimuli in vitro to characterize a cytokine response pattern that we could link to the severity of COVID-19 only in those participants resulting infected during a six-month follow-up. We found that participants who got infected and posteriorly experienced mild COVID-19 symptoms exhibit a different immune expression pattern in response to polyclonal stimuli than that observed in subjects that developed severe COVID-19. Participants that responded to polyclonal stimuli by increasing IL-2 and IFN-gamma production and decreasing PD-1 expression in CD4+ and CD8+ T cells tended to develop mild COVID-19 symptoms. Conversely, subjects with decreased IL-2 and IFN-gamma expression and increased PD-1 production in CD4+ and CD8+ T cells in response to polyclonal stimuli tended to display the most severe form of COVID-19, including respiratory distress and mechanical ventilatory support needing. These findings reveal a basal immune response pattern to polyclonal stimuli intimately associated with COVID-19 progression, wherein CD4+ and CD8+ T cells fail to produce IL-2 and IFN-gamma but show an increased ability to express PD-1.

At the pandemic’s beginning, most studies informed that more than 80% of patients seriously ill with COVID-19 tended to exhibit a marked lymphocytopenia at hospital admission (19–21). After that, several lines of evidence confirmed that severe COVID-19 was not only related to a reduced number of circulating lymphocytes but also decreased T cell activity, especially cytokine production such as IL-2 and IFN-gamma (22, 23). IL-2 plays a decisive role in preventing lymphocytopenia by promoting CD4+ T cell proliferation via the Janus kinase 1/Signal transducer and activator of transcription 5 (JAK1/STAT5) (21, 24). In fact, the use of recombinant IL-2 stimulates lymphocyte count recovery and systemic inflammatory response amelioration in patients with severe COVID-19 pneumonia (25). This body of evidence makes it feasible to think that subjects with a low number of IL-2-producing CD4+ T cells in response to in vitro polyclonal stimuli display increased susceptibility to severe COVID-19 after SARS-CoV-2 infection. IFN-gamma’s primary function in the anti-viral response is acting directly on CD8+ T cells to boost their abundance and reduce viral load (26). IFN-gamma-producing CD8+ T cells considerably decrease in patients with severe COVID-19 compared to patients experiencing mild symptoms (27). What is also relevant is that IFN-gamma is considered an independent risk factor of mortality in COVID-19 patients (28). All this information concurs with our findings and supports the idea that a basal deficiency in IFN-gamma-producing CD8+ T cells, as revealed when we used unspecific polyclonal stimuli, may increase the risk of exacerbating viral load and developing severe COVID-19 after SARS-CoV-2 infection. However, CD8+ T cells are not only able to secrete IFN-gamma but also molecules with potent cytotoxic activity such as granzyme and perforin, which are crucial components in the recognition and lysis of infected cells. Therefore, we still must characterize the production of cytotoxic molecules in CD8+ T cells exposed to polyclonal stimuli to draw significant conclusions regarding the possible role of the cytotoxic activity of CD8+ T lymphocytes in COVID-19 progression.

PD-1 has a pivotal role in preventing exacerbation of immune responses by modulating the activity of T cells via apoptosis promotion, cell proliferation arrest, and cytokine secretion inhibition (29). In COVID-19, the function of PD-1 is still a matter of debate because some research teams have consistently reported that CD4+ and CD8+ T cells from COVID-19 patients express high PD-1 levels and are exhausted (13, 30). In contrast, other working groups have informed that cytotoxic T cells retain their anti-viral functions against the SARS-CoV-2 despite expressing PD-1 (31). We may attribute these controversial findings to the fact that most investigations assessing PD-1 expression in COVID-19 have studied patients treated with several drug cocktails, including cyclooxygenase (COX)-inhibitors, dexamethasone, anticoagulants, among others (32, 33). These drug schemes aim to treat and prevent COVID-19 complications but can also alter the expression of cytokines such as IL-2 and IFN-gamma and immune checkpoints as occurs with PD-1. For instance, Kailin Xing and colleagues previously demonstrated that dexamethasone increases PD-1 expression and decreases IL-2 and IFN-gamma production in human primary T cells in a dose-dependent fashion (34). Likewise, celecoxib and aspirin, two COX-inhibitors widely used in COVID-19 patients, can increase PD-1 expression in CD4+ and CD8+ chimeric antigen receptor T cells in vitro (35). This information illustrates why trying to clarify the contribution of immune cells and mediators such as CD4+ T cells, CD8+ T cells, IL-2, IFN-gamma, and PD-1 to COVID-19 progression is extremely hard in polytreated patients already hospitalized. From a different perspective, our strategy involving unspecific polyclonal stimuli prior to infection allows us to expand on the body of evidence supporting that PD-1 expression increases as IL-2 and IFN-gamma production decreases in severe COVID-19. In other words, our results suggest that a group of individuals may have CD4+ and CD8+ T cells with a basal predisposition to express high PD-1 levels and low IL-2 and IFN-gamma amounts in response to either polyclonal stimuli or SARS-CoV-2. This notion might partially explain why participants that showed helper and cytotoxic T cells with increased PD-1 expression and decreased IL-2 and IFN-gamma production in response to polyclonal stimuli tended to develop severe COVID-19 once infected. Furthermore, these findings support the idea that failure in mounting an adequate T cell-mediated immune response at the beginning of the SARS-CoV-2 infection is associated with increased viral load, systemic inflammatory response occurrence, and death (36, 37). The molecular mechanisms behind this intriguing hypothesis remain to be elucidated, which will positively contribute to expanding our knowledge regarding the very heterogeneous immune responses of humans to pathogens, above all if they are emerging public threats as occurred with SARS-CoV-2.

Besides the response mediated by CD4+ and CD8+ T cells, monocyte subpopulations play a crucial role in the anti-viral immune response by providing the first cell-virus interaction that will lead to antigen presentation and cytokine release (38). Several research teams have shown that monocyte subsets display dynamic changes in COVID-19, including an increase in classical and non-classical monocyte subpopulations and impaired cell ability to express cytokines with anti-viral functions (16, 39, 40). In response to polyclonal stimuli, we did not observe any alteration in the monocyte subset balance; however, we found that classical and non-classical monocytes lost their ability to produce IFN-alpha in subjects that once infected developed severe COVID-19. A study conducted in COVID-19 patients reported that IFN-alpha serum levels considerably decreased as the severity of the disease increased (16). Vanessa Chilunda and coworkers characterized the transcriptional profile of CD16+ monocyte subsets from COVID-19 patients. They informed that intermediate and non-classical monocytes exhibited down-regulation of numerous interferon response-related genes in severe cases compared to subjects that experienced the mild disease (41). In line with these reports, our findings indicate that an apparent susceptibility of classical and non-classical monocytes to express low IFN-alpha levels in response to polyclonal stimuli might be associated with a higher risk of developing severe COVID-19 after SARS-CoV-2 exposure.

Cellular immunity mediated by monocytes and T cells provides the first immediate response to pathogens via antigen presentation and cytokine release while stimulating B cells to initiate humoral immunity through antibody production. Often, a defective cellular immunity leads to decreased memory B cell expansion and impaired antibody production, as occurs with H1N1/09 influenza vaccine non-responders where failure in CD4+ T cell stimulation and IL-2 secretion concurs with a low percentage of IgG antibody-secreting cells (42). However, the apparent link between cellular and humoral immune responses is still not clear in COVID-19. A recent study reported that PBMCs from severe COVID-19 patients show less CD4+ and CD8+ T cell activation and IFN-gamma production than PBMCs from mild cases in response to in vitro stimulation with M, N, and S viral proteins (43). Nevertheless, the neutralizing ability of anti-SARS-CoV-2-specific antibodies remained the same between severe and mild COVID-19 patients after a month of having been diagnosed by PCR test (43). Likewise, Irene Cassaniti and colleagues informed that CD4+ and CD8+ T cells from mild COVID-19 patients produce higher IFN-gamma concentrations than those found in T cells from severe cases in response to viral peptides (44). However, the authors reported no correlation between the in vitro T cell response and anti-SARS-CoV-2 antibody titers (44). In line with this body of evidence, we observed a group of subjects with a robust cellular immunity mediated by T cells and monocytes in response to polyclonal stimuli. This immune response pattern concurred with the development of mild COVID-19 symptoms after SARS-CoV-2 exposure. Conversely, we found another group of individuals that responded to polyclonal stimuli by showing a defective cellular immune activation associated with the development of severe COVID-19 once infection took place. Of note, we detected no changes between mild and severe COVID-19 patients for serum anti-SARS-CoV-2 IgG antibody titers or their neutralizing ability after a month of the symptom onset. Altogether, these findings lead us to suppose that a basal impairment in cellular immunity activation may play a more critical role in preventing COVID-19 worsening than the humoral response mediated by antibodies. We are now working on characterizing the possible mechanisms involved in stimulating PD-1 expression and impairing IL-2 and IFN-gamma production in CD4+ and CD8+ T cells and IFN-alpha secretion in classical and non-classical monocyte subsets, including differential methylation patterns and polymorphic variants.

Finally, we found a SARS-CoV-2 infection rate of around 11% in our study population, among who 50% developed a severe form of COVID-19. The Mexican government officially reported an accumulated number of SARS-CoV-2 positive cases of 725,346 for Mexico City from December 2020 to September 2021 (https://datos.covid-19.conacyt.mx). The official number of inhabitants in Mexico City was around 9,209,944 in 2021. These numbers suggest that about 8% of the general population living in Mexico City got SARS-CoV-2 infection when we conducted the study. Moreover, a recent study indicated that nearly 39% of SARS-CoV-2 positive cases in Mexico were hospitalized due to the COVID-19 severity (45). These data reflect, to some extent, what we found in our study if we consider the limited number of SARS-CoV-2 detection tests available during that period and the remarkable underestimation of the most severe COVID-19 cases in Mexico.

In conclusion, using in vitro polyclonal stimuli, we found two basal immune response patterns associated with a predisposition to developing mild or severe COVID-19 once SARS-CoV-2 infection occurs. The pattern linked to severe COVID-19 is characterized by high PD-1 expression, low IL-2 and IFN-gamma production in CD4+ and CD8+ T cells, and poor IFN-alpha expression in classical and non-classical monocytes. Conversely, low PD-1 synthesis and high IL-2 and IFN-gamma expression in helper and cytotoxic T cells and an increased IFN-alpha production in classical and non-classical monocyte subsets are related to a basal predisposition to developing mild COVID-19 symptoms after SARS-CoV-2 exposure. Since the serum anti-SARS-CoV-2 IgG antibody titers or their neutralizing ability did not differ between mild and severe COVID-19 cases, these findings suggest that cellular immunity may play a more crucial function than humoral immunity in preventing COVID-19 progression.
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Supplementary Figure 1 | Time-response curves. (A) Based on time-response curves, we selected the earliest in vitro culture time to detect IL-2 production in CD3+ T cells. IL-2 production peaked after 2 hours on in vitro culture and showed no significant differences at 6, 12, and 24 hours. (B) Based on time-response curves, we selected the earliest in vitro culture time to detect IFN-gamma production in CD3+ T cells. IFN-gamma production peaked after 2 hours on in vitro culture and showed no significant differences at 6, 12, and 24 hours. (C) Based on time-response curves, we selected the earliest in vitro culture time to detect IFN-alpha production in CD14+ monocytes. IFN-alpha production peaked after 2 hours on in vitro culture and showed no significant differences at 6, 12, and 24 hours. We expressed data as mean ± standard deviation. We compared the production of IL-2, IFN-gamma, and IFN-alpha at 0, 1, 2, 6, 12, and 24 hours using one-way ANOVA and considered differences significant if P < 0.05. IL-2, interleukin-2; IFN-gamma, interferon-gamma; IFN-alpha, interferon-alpha; MFI, mean fluorescence intensity.

Supplementary Figure 2 | Gating strategy for T cells. (A) Gating strategy for selecting primary human CD3+CD4+ lymphocyte subsets and measuring IL-2, IFN-gamma, and PD-1 precisely. (B) Gating strategy for selecting primary human CD3+CD8+ lymphocyte subsets and measuring IL-2, IFN-gamma, and PD-1 precisely. FSC-H, forward scatter height; FSC-A, forward scatter area; SSC-A, side scatter area; IL-2, interleukin-2; IFN-gamma, interferon-gamma; PD-1, programmed cell death protein 1.

Supplementary Figure 3 | Gating strategy for monocyte subsets. Gating strategy for selecting primary human HLA-DR+ monocyte subsets and measuring IFN-alpha precisely. FSC-H, forward scatter height; FSC-A, forward scatter area; SSC-A, side scatter area; HLA-DR, human leukocyte antigen-DR isotype; IFN-alpha.

Supplementary Figure 4 | Representative spectra of mean fluorescence intensity for IL-2, IFN-gamma, PD-1, and IFN-alpha in T cells and monocyte subsets. (A) Representative histograms show the comparison of CD3+CD4+ T cells expressing IL-2 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (B) Representative histograms show the comparison of CD3+CD8+ T cells expressing IL-2 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 throughout the follow-up. (C) Representative histograms show the comparison of CD3+CD4+ T cells expressing IFN-gamma in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (D) Representative histograms show the comparison of CD3+CD8+ T cells expressing IFN-gamma in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 throughout the follow-up. (E) Representative histograms show the comparison of CD3+CD4+ T cells expressing PD-1 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (F) Representative histograms show the comparison of CD3+CD8+ T cells expressing PD-1 in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 throughout the follow-up. (G) Representative histograms show the comparison of CD14++CD16- classical monocytes expressing IFN-alpha in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 throughout the follow-up. (H) Representative histograms show the comparison of CD14++CD16+ intermediate monocytes expressing IFN-alpha in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 during the follow-up. (I) Representative histograms show the comparison of CD14+CD16+ non-classical monocytes expressing IFN-alpha in blood samples treated with polyclonal stimuli from participants who developed mild or severe COVID-19 throughout the follow-up. In all cases, control indicates the spectra of MFI from unstimulated cells. IL-2, interleukin-2; IFN-gamma, interferon-gamma; PD-1, programmed cell death protein 1; IFN-alpha, interferon-alpha; MFI, mean fluorescence intensity; COVID-19, coronavirus disease 2019.

Supplementary Figure 5 | Absolute cell numbers for percentages of T cells and monocyte subsets. We show absolute cell numbers for percentages of CD3+CD4+ T cells expressing IL-2, IFN-gamma, and PD-1 on top. We show absolute cell numbers for percentages of CD3+CD8+ T cells expressing IL-2, IFN-gamma, and PD-1 in the middle. We show absolute cell numbers for percentages of classical, intermediate, and non-classical monocytes expressing IFN-alpha on the bottom. We defined classical monocytes as CD14++CD16-, intermediate monocytes as CD14++CD16+, and non-classical monocytes as CD14+CD16+. We expressed data as mean ± standard deviation. We compared data using the unpaired Student’s T-test and considered differences significant when P < 0.05. IL-2, interleukin-2; IFN-gamma, interferon-gamma; PD-1, programmed cell death protein 1; IFN-alpha, interferon-alpha; COVID-19, coronavirus disease 2019.
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An important number of studies have been conducted on the potential association between human leukocyte antigen (HLA) genes and COVID-19 susceptibility and severity since the beginning of the pandemic. However, case–control and peptide-binding prediction methods tended to provide inconsistent conclusions on risk and protective HLA alleles, whereas some researchers suggested the importance of considering the overall capacity of an individual’s HLA Class I molecules to present SARS-CoV-2-derived peptides. To close the gap between these approaches, we explored the distributions of HLA-A, -B, -C, and -DRB1 1st-field alleles in 142 Iranian patients with COVID-19 and 143 ethnically matched healthy controls, and applied in silico predictions of bound viral peptides for each individual’s HLA molecules. Frequency comparison revealed the possible predisposing roles of HLA-A*03, B*35, and DRB1*16 alleles and the protective effect of HLA-A*32, B*58, B*55, and DRB1*14 alleles in the viral infection. None of these results remained significant after multiple testing corrections, except HLA-A*03, and no allele was associated with severity, either. Compared to peptide repertoires of individual HLA molecules that are more likely population-specific, the overall coverage of virus-derived peptides by one’s HLA Class I molecules seemed to be a more prominent factor associated with both COVID-19 susceptibility and severity, which was independent of affinity index and threshold chosen, especially for people under 60 years old. Our results highlight the effect of the binding capacity of different HLA Class I molecules as a whole, and the more essential role of HLA-A compared to HLA-B and -C genes in immune responses against SARS-CoV-2 infection.
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Introduction

The ongoing Coronavirus Disease 2019 (COVID-19) pandemic caused by severe acute respiratory syndrome coronavirus 2 (SARS‐CoV‐2) has caused global public health and economic disasters. By March of 2022, SARS‐CoV‐2 spread in more than 200 countries with over 270 million cases, leading to 5.9 million deaths (1). Currently, researchers are putting all their efforts to better understand this novel viral infectious disease, which varies in terms of geographical distribution, mortality, and severity of symptoms around the world (2). Older age, male sex, and comorbidities were identified as important risk factors of COVID-19 pathogenesis (3), and its outcome may also be shaped by both the genetic landscape of an individual and the population (4, 5).

The human leukocyte antigen (HLA) gene complex on the short arm of chromosome 6 contains the most polymorphic gene cluster of the human genome and plays a substantial role in induction of immune responses against pathogens. In the case of viral infections, classical HLA Class I (HLA-A, -B, and -C) molecules on the surfaces of infected cells present virus-derived peptides to CD8+ cytotoxic T lymphocytes, leading to their elimination by the latter, whereas classical HLA Class II (HLA-DR, HLA-DP, and HLA-DQ) molecules display such degradation products for stimulation of CD4+ helper T lymphocytes, generating production of neutralizing antibodies and inflammatory cytokines (6). Conformational variation of HLA molecules, especially in the peptide-binding cleft, affects more or less the binding repertoire of virus-derived peptides. It is thus unsurprising that a great number of HLA alleles and SNPs have been associated with viral infections (7, 8).

In this context, a large body of studies have already been accomplished on the potential association of HLA genes with COVID-19 since the outbreak of this pandemic (9). Based on their in silico predictions of HLA binding affinity to SARS-CoV-2 peptides, Nguyen et al. (10) compared the numbers of predicted bound peptides among HLA Class I molecules and argued that HLA-B*46:01 might be the most susceptible allele for SARS-CoV-2 infection, whereas B*15:03 might be the most protective one. However, among the dozens of case–control studies investigating potential HLA–COVID-19 association, few results have explicitly supported the prediction data. Through frequency comparisons between patients and controls, multiple HLA Class I and Class II alleles were reported as risk or protective factors in these studies, strongly depending on populations, and most results became insignificant after multiple testing corrections (11–16). In contrast, no significant association between HLA alleles and the disease was observed in studies focusing on South Asia, Brazil, Italy, Spain, and Germany (17–20). Likewise, using a large Ashkenazi sample, Ben Shachar et al. (21) did not find any significant association among 66 most common HLA-A, -B, -C, -DQB1, and -DRB1 alleles, and concluded that if any HLA association exists with the disease, it would be very weak.

At the population level, models on HLA evolution suggested that HLA homozygosity might be associated with poorer disease resistance (22). Thereby, de Marco et al. (17) noticed that homozygosity at HLA-A locus was associated with COVID-19 susceptibility but not severity, and Iturrieta-Zuazo et al. (23) observed a higher proportion of HLA-A and -C homozygotes in patients with severe COVID-19 than in those with the moderate form of the disease. For them, what matters might not be any particular HLA polymorphism, but rather the overall capacity of HLA molecules to bind SARS-CoV-2-derived peptides. Among HLA genes, La Porta and Zappeti (24) identified two sets of haplotypes with strong and weak predicted binding capacity. Shkurnikov et al. (15) further developed a principal component-based risk score to measure the aggregate capacity of HLA Class I molecules to present SARS-CoV-2 peptides for each individual, and showed a significantly higher score in the group of relatively younger deceased COVID-19 patients (≤60 years old) compared to elderly ones (>60 years old). However, a direct link between one’s overall repertoire of different HLA molecules and COVID-19 susceptibility and severity was yet to be established. It was also necessary to close the gap between case–control results and prediction data, as did Arora et al. (25) for HIV-1. Here, we explored the distributions of HLA Class I and Class II alleles and haplotypes in 285 Iranian patients with COVID-19 and healthy controls. In addition, to direct comparisons of allele and haplotype frequencies between patients and controls and between patient subgroups defined by disease severity, we paid more attention to the genetic diversity, and studied the overall viral peptide repertoire of individuals using predicted binding-affinity data.



Materials and Methods


Case–Control Study Subjects

This retrospective cohort study was conducted with the approval of the institutional Ethics Committee, Hamadan University of Medical Sciences (IR.UMSHA.REC.1399.005). Blood samples were collected from 142 COVID-19 patients who were admitted to Sina University Hospital of Hamadan in the northwestern part of Iran between July and August 2020. As controls, 143 ethnically matched healthy volunteers were recruited among blood donors during the same period and from the same geographic area. Among them, 135 were negative for IgG antibody (Quanti SARS-CoV-2 Anti-spike IgG antibody, Pishtazteb Co. Tehran, Iran) and without any symptoms related to COVID-19, and the 8 others not being tested did not have any symptoms since the beginning of the pandemic.

Diagnosis and confirmation of SARS-CoV-2 infection were carried out based on the presence of viral RNA in the nasopharyngeal swab samples (laboratory confirmed disease) and/or observation of the radiological changes in CT scan as well as known clinical presentations of COVID-19 for the suspected cases. In terms of disease severity, the patients were classified into three subgroups, namely, 46 hospitalized cases with the moderate form of the disease but not requiring admission at the intensive care unit (ICU) and not requiring supplemental oxygen (“mild/moderate” subgroup), 52 patients with severe COVID-19 who require supplemental oxygen at the ICU (“severe” subgroup), and 44 patients with critical COVID-19 at the ICU that required invasive mechanical ventilation (“critical” subgroup). Classification of the patients was based on the local guidelines and radiological findings as follows: The radiologist evaluated all five lobes of both lungs for the presence of inflammatory abnormalities including ground-glass opacities, mixed ground-glass opacities, and consolidation, according to the method presented by Li et al. (26) and Li et al. (27). In terms of the percentage of involvement, a score of 0.0 to 4.0 was considered for each lobe: 0 (0%), 1 (1%–25%), 2 (26%–50%), 3 (51%–75%), or 4 (76%–100%). Then, the total severity score (TSS) was calculated by summing the points of the five lobes, which ranges from 0 to 20. A TSS equal to or less than 3 was considered as mild involvement; 4 to 7, moderate; and ≥ 8, severe (28). Moreover, in the presence of imaging criteria of acute respiratory distress syndrome (ARDS) including ground-glass attenuation associated with traction bronchiolectasis or bronchiectasis, airspace consolidation associated with traction bronchiolectasis or bronchiectasis, crazy-paving pattern, and honeycombing, or in the presence of complications such as pneumothorax, a TSS equal to or more than 8 was considered as critical disease (27). Due to their similarities, the severe and critical subgroups were also combined as Severe/Critical for some analyses.

Age and sex information were recorded for both controls and patients. The main clinical characteristics and information of comorbidities (e.g., diabetes, renal disease, liver disease, hypertension, cardiovascular disease, malignancies, and other infectious diseases) were documented using medical records for all patients (Supplementary Table 1).



HLA Genotyping

Primarily, genomic DNA was extracted from EDTA containing peripheral blood samples by implementing an improved salting-out method. In the next step, genotypes of HLA-A, -B, -C, and -DRB1 loci for all COVID-19 patients and HLA-A, -B, and -DRB1 loci for healthy controls were determined by polymerase chain reaction with a sequence-specific primer (PCR-SSP) method using low-resolution HLA-A-B-C and HLA-A-B-DR SSP kits (Olerup SSP®A-B-C and Olerup SSP®A-B-DR SSP Combi Trays, Stockholm, Sweden) according to the manufacturer’s protocols. Unfortunately, HLA-C locus was not typed for controls. Specific HLA-A, -B, -C, and -DRB1 allele families (1st-field, which will be referred to as “alleles” for reason of simplicity) were determined by SCORE software, v5.00.80.02 T/07 provided by the company (29). The HLA-DRB1 data of patients have already been reported recently (12) in comparison with a different set of controls.



Binding Affinity Predictions

To study the difference in binding repertoires of viral peptides between HLA molecules, we extracted the whole proteome of a B.4 SARS-CoV-2 variant (30) submitted to GenBank (MT994849.1). This variant was identified to be the major viral cluster during March–July 2020 in the area (31). A total of 9,660 different 9-mer and 9,594 different 15-mer peptides were obtained, the two lengths representing the most common binders of HLA Class I and Class II molecules, respectively. According to a list of 2nd-field HLA alleles we prepared, the binding affinity of each corresponding Class I molecule (HLA-A, -B, and -C) to each 9-mer peptide and that of each Class II molecule (HLA-DR) to each 15-mer peptide were predicted by applying the state-of-the-art prediction tools netMHCpan 4.1 (32) and netMHCIIpan 4.0 (32, 33), respectively.

The list of our 2nd-field HLA alleles includes all those considered as “commonly” distributed in worldwide population (observed in at least five populations) that we defined in a previous study (34). In order to adapt the prediction results for 2nd-field alleles to our 1st-field data of patients and controls, we assigned each observed 1st-field allele to the most probable 2nd-field one, using as a reference a set of 2nd-field HLA-A, -B, and -DRB1 allele frequency data recently reported for 90 Iranians from Yazd province in the center of Iran (35), who share similar ethno-linguistic background with Hamadan people (Supplementary Table 2). To avoid sampling bias, we also performed a random assignment procedure, during which each observed 1st-field allele was assigned to a random common 2nd-field allele sharing the same 1st-field number.

Data of two indices, i.e., IC50 and %Rank, measuring binding affinity were retrieved from the raw output of netMHCpan and netMHCIIpan, respectively. Both indices may be used to determine if a specific peptide can be considered as a binder to an HLA molecule. Based on the thresholds suggested for IC50 and %Rank to define weak (IC50: 500 nm; %Rank: 2 for Class I molecules, 10 for Class II molecules) and strong binders (IC50: 50 nm; %Rank: 0.5 for Class I molecules, 2 for Class II molecules), we computed for each HLA molecule the numbers of predicted weak and strong bound peptides derived from SARS-CoV-2 proteome. We kept the results from both indices and both thresholds to control possible bias introduced by the choice of these thresholds, which may actually vary among HLA molecules (36, 37). In reality, IC50 has been used in most of the aforementioned prediction studies focusing on HLA–COVID-19 associations, whereas %Rank seems to be more realistic according to recent arguments (38, 39). Number of distinct weak and strong binders predicted for each HLA molecule was then computed according to each of the two indices. To measure the overall HLA capacity to bind SARS-CoV-2-derived peptides, we further computed, for each patient and control, the cumulative numbers of weak and strong binders, namely, the overall viral peptide repertoire sizes of her/his HLA molecules encoded by (1) both HLA-A alleles (nA), (2) both HLA-B alleles (nB), (3) all four HLA-A and -B alleles (nAB), and (4) both HLA-DR (nDR) alleles. For each patient, since the HLA-C genotype was available, those numbers for (5) both HLA-C alleles (nC) and (6) all six HLA-A, -B, and -C (nABC) alleles were equally included.



Statistical Analyses

By the use of the GENE[RATE] tools available on HLA-net (40), we first tested Hardy–Weinberg equilibrium in the control group for each locus, then estimated allele frequencies as well as two-locus haplotype frequencies. We further computed, for each locus, two slightly different measures of genetic diversity (41), i.e., heterozygosity index (h) and frequency of homozygotes.

A general comparison of HLA allele distribution between the patient and control groups was performed by computing pairwise F statistics (FST) using Arlequin (42) v3.5.2.2, the significance of which is accessed by a procedure of 10,000 permutations. Considered as two samples, patients and controls were also compared to the Yazd Iranian sample (43). Comparisons of the frequencies of specific HLA genotypes, alleles, and haplotypes between patient and control groups and among patient subgroups were performed using Fisher’s exact test (44), and their corresponding odds ratio (OR) was estimated with 95% confidence interval. p-value less than 0.05 was considered as statistically significant, and the Benjamini–Hochberg method for multiple comparisons was used to control the false discovery rate (45).

Distributions of the numbers of predicted bound peptides (nA, nB, nAB, nDR, nC, and nABC) were summarized by using kernel density estimation (46), and their difference was compared by using two-tailed Wilcoxon test (47). The relationship between severity and the overall repertoires of HLA molecules was further studied through generalized linear models (48).

To study the influence of age, the widely observed risk factor of COVID-19, comparisons between patients and controls and between patient subgroups were also performed for individuals under 60 years old.

All analyses were performed with R (49) v4.1.2 implemented in RStudio (50) unless otherwise specified. Data visualization was accomplished by using the ggplot2 package (51) v3.3.5.




Results


Age, Sex, and Comorbidities

Significant difference was found for age (p < 0.0001) between patients and controls, which was not the case for sex (p > 0.05), though more male patients were found among patients (77/142 vs. 68/143). Since the healthy controls had no comorbidities, comparison of the main clinical features and demographic factors was only performed between the three patient subgroups (Supplementary Table 1). Significant differences were also observed for age (p < 0.001) and most clinical indices and comorbidities, but not for sex, either. It is interesting to note that there is a much higher proportion of patients with olfactory dysfunction (OD) as well as a decreased proportion of patients with negative PCR results in the critical subgroup, the former being in contrast with previous reports that show that OD appeared to be more prevalent in patients with mild-to-moderate symptoms (52).



Comparison of HLA Diversity and Allele Distributions Between Patients and Controls and Among Patient Subgroups

At the within-population level, no deviation from Hardy–Weinberg equilibrium was observed in the control group for any locus we analyzed (Supplementary Table 3). At a first glance, the patient group had lower heterozygosity (h) for all three HLA loci (Table 1), and the differences became more visible when displaying the distribution of HLA frequencies in the two groups (Figure 1). With the observed alleles ranked by frequency for each locus, patients had more alleles with high frequencies and less alleles with intermediate frequencies than controls, implying an excess of homozygosity. Accordingly, a higher proportion of homozygotes was found among patients than controls for HLA-A and -B, which was not the case, however, for HLA-DRB1 (Table 1), and none of these differences in numbers was significant according to Fisher’s exact test. Interestingly, when looking at genotypes of specific alleles, we noticed that the homozygotes of some specific alleles were unevenly distributed in patients and controls, with an obvious concentration of A*03, A*24, and B*35 homozygotes in the patient group (Supplementary Figure 1).


Table 1 | Heterozygosity and proportion of homozygotes at each HLA locus computed for each group and subgroup.






Figure 1 | Distribution comparison of allele frequencies for HLA-A (A), -B (B), and -DRB1 (C) loci between patients and controls. Noting that HLA alleles for each group are ranked by frequencies and represented by bars of different lengths with their names on top, each bar pair does not necessarily correspond to the same allele pair.



Among patient subgroups, heterozygosity did not show any consistent difference. In contrast, proportions of HLA-A, -B, -C, and -DRB1 homozygotes all increased with severity, especially when severe and critical subgroups were combined (Table 1). Homozygotes of specific alleles were not compared among subgroups because of low counting numbers.

At the among-population level, when we looked at the pairwise FST between patients, controls, and Yazd Iranians (Supplementary Table 4), the highest values were found between patients and Yazd Iranians for the three loci, and all with significant p-values. The controls were genetically closer to Yazd Iranians, much clearer for HLA-A, where the FST was not significant, but less obvious for HLA-DRB1.



Comparison of HLA Allele and Haplotype Frequencies Between Patient and Control Groups and Among Patient Subgroups

Figure 2 visualizes odds ratios with 95% confidence interval estimated for HLA-A, -B, and -DRB1 alleles and results of Fisher’s exact test between patients and controls (detailed results are listed in Supplementary Table 5). Among HLA alleles, A*03 (OR = 2.06, p = 0.0025), B*35 (OR = 1.49, p = 0.0494), and DRB1*16 (OR = 3.13, p = 0.0237) were significantly more frequent in the patient group (susceptible), whereas A*32 (OR = 0.38, p = 0.0388), B*55 (OR = 0.24, p = 0.0033), B*58 (OR = 0.12, p = 0.0376), and DRB1*14 (OR = 0.42, p = 0.0300) were significantly more prevalent in the control group (protective). After multiple testing corrections, only the result for A*03 (pC = 0.0403) remained significant. Concerning severity, A*03, A*32, B*27, B*39, B*55, and DRB1*16 showed differences among the control group and patient subgroups, the frequencies of which did not, however, seem to be associated with severity (Supplementary Figure 2).




Figure 2 | Odds ratio with 95% confident intervals for HLA alleles and HLA two-locus haplotypes. For haplotypes, only those with significant results are shown. Significance is represented by different symbols: crosses for non-significant results; circles for significant results before correction and dots for significant results after correction.



In the same way, Figure 2 also shows the odds ratios with 95% confidence interval for HLA-A~B, B~DRB1, and A~DRB1 haplotypes more frequent than 1% in at least one group (detailed results are listed in Supplementary Table 6, and a full list of estimated two-locus haplotype frequencies is available in Supplementary Table 7). The majority of the haplotypes with significant results were composed of one or two of the aforementioned alleles with different frequencies in the two groups, such as A*02~B*35, A*03~B*35, and B*35~DRB1*11. Only the result for B*35~DRB1*11 (pC = 0.0010) remained significant after multiple testing corrections. Concerning patient subgroups, no haplotype showed an interesting association between frequency and severity (results not shown).



Comparison of Overall HLA Binding Repertoire Between Patient and Control Groups and Among Patient Subgroups

When HLA alleles were ranked according to the numbers of predicted bound peptides derived from SARS-CoV-2 proteome, none of the corresponding alleles detected by frequency comparisons showed any particularity, without extremely low or high values, respectively (Supplementary Figure 3; values for each HLA molecule are available in Supplementary Table 8). For example, the only allele with significant result after corrections, namely, HLA-A*03, was medium ranked in IC50-based lists and low ranked in %Rank-based lists. Actually, the ranking lists depended strongly on indices and thresholds chosen and differed considerably between the results from %Rank and IC50.

In contrast, by comparing cumulative numbers of different SARS-CoV-2-derived bound peptides at the individual level, patients and controls did show remarkable differences, which were more consistent among indices and thresholds chosen. Figure 3 visualizes density distributions of these numbers for each of the two groups, taking %Rank index and threshold for weak binders as example, and density charts with different indices and/or thresholds are found in Supplementary Figures 4–6. Indeed, a higher proportion of patients carried HLA-A molecules predicted to bind only 500 to 750 different viral peptides, whereas more controls carried HLA-A molecules predicted to bind more than 750 different viral peptides. When considered as a risk factor, nA less than 750 had an odds ratio of 2.04 (95% CI: 1.20 to 3.50; Fisher’s exact test p = 0.0084). In contrast, the HLA-B molecules showed less difference between the two groups, and the controls only showed a very slightly higher proportion of values around 700. Considering HLA-A and HLA-B together (nAB), the patients also show less bound peptides (peak at approximately 1,400) compared to controls (peak at approximately 1,600). As for HLA-DR molecules, the distribution for patients seemed more concentrated compared to controls. Wilcoxon test confirmed significant difference for nA (p = 0.0002) but not for nB, nAB, and nDR (Table 2). More interestingly, when only younger (under 60 years old) individuals were included in the comparisons did numbers of predicted bound peptides differ more apparently between patients and controls for nA and nAB (Figure 3 and Supplementary Table 4). In this case, the odds ratio for nA less than 750 increased to 3.01 (95% CI: 1.54 to 5.93; Fisher’s exact test p = 0.0014).




Figure 3 | Density distributions of the numbers of SARS-CoV-2-derived peptides predicted by %Rank as weak binders to HLA-A (nA), HLA-B (nB), HLA-A and -B (nAB), and HLA-DR (nDR) molecules in patients (solid curves) and controls (dashed curves) of all ages and in those under 60 years old, respectively.




Table 2 | p-values (p < 0.05 in bold) from the two two-tailed Wilcoxon test between patients and controls of all ages or those under 60 years old on numbers of SARS-CoV-2-derived peptides predicted as weak binders of HLA molecules (HLA-A: nA; HLA-B: nB; HLA-A and HLA-B: nAB; HLA-DR: nDR) according to %Rank.



Among the control group and patient subgroups, a smaller HLA-A overall repertoire also seemed to differ, especially when severe and critical subgroups were combined (Figure 4 for %Rank-based weak binders). Generalized linear models revealed a significant association between nA and severity (p = 0.0337, Table 3). This is also compatible with IC50-based weak and strong binders (p = 0.264 and p = 0.311, respectively), and with %Rank-based strong binders for which the result was marginally significant (p = 0.053; see Supplementary Table 10). Visible but not always significant differences were also observed for nAB, nC, and nABC, and for individuals under 60 years old (Table 3 and Supplementary Table 10).




Figure 4 | Density distributions of the numbers of SARS-CoV-2-derived peptides predicted by %Rank as as weak binders to HLA-A (nA), HLA-B (nB), HLA-A and -B (nAB), HLA-C (nC), HLA-A, -B and -C (nABC), and HLA-DR (nDR) molecules (A) in three subgroups of patients (Mild/Moderate: solid curves in yellow; Severe: solid curves in red; Critical: solid curves in purple) and controls (dashed curves in black) and (B) in two subgroups of patients (Mild/Moderate: solid curves in yellow; Severe/Critical: solid curves in rose) and controls (dashed curves in black) of all ages and in those under 60 years old, respectively. Note that nC and nABC data were not available for controls.




Table 3 | p-values (p < 0.05 in bold) from generalized linear models (GLM) between severity (control + 3 patient subgroups or control + 2 subgroups) and numbers of SARS-CoV-2-derived peptides predicted as weak binders of HLA molecules (HLA-A: nA; HLA-B: nB; HLA-A and -B: nAB; HLA -C: nC; HLA-A, -B and -C: nABC; HLA-DR: nDR) according to %Rank for individuals of all ages or those under 60 years old.



Despite minor differences, the repetition of these analyses after the random assignment procedure we designed did not change the results of comparisons (results not shown).




Discussion

In the present study, we investigated potential associations between HLA Class I and Class II genes and susceptibility and/or severity based on a sample of Iranian patients with COVID-19. At a first glance to the sample, older age and comorbidities were both confirmed as major risk factors associated with COVID-19 susceptibility and/or severity (Supplementary Table 1), as reported in previous studies.

Direct comparison of allele frequencies between patients and controls revealed possible predisposing roles in SARS-CoV-2 infection for HLA-A*03, B*35, and DRB1*16 alleles and a possible protective effect of HLA-A*32, B*55, B*58, and DRB1*14 alleles. However, among these alleles, HLA-A*03 was the only allele with a significant result after multiple testing correction (Figure 2), and none of them seemed to be significantly associated with COVID-19 severity (Supplementary Figure 2). Looking into the literature, HLA-A*03 was characterized as a risk factor, along with other alleles that do not correspond to those found in this study, of COVID-19 severity in Spanish (13), Arabic (19), and Iranian patients (53). In contrast, Shkurnikov et al. (15) depicted that A*03:01 decreased the risk of COVID-19. For HLA-DRB1*04, it was suggested to be significantly associated with either susceptibility (19) or severity (54) in different population samples, besides our previous report on HLA-DRB1 with the same patients but totally different controls (12). Such inconsistency among studies has been attributed to various factors including sampling bias due to small sample sizes, inaccuracy of prediction algorithms, and different genetic background of populations (12). Already noted in previous studies, it also led to the conclusion by some authors that HLA might play a small role in COVID-19 susceptibility (20, 21).

From a more general perspective, both FST and heterozygosity index (h) indicated different distribution patterns of HLA-A, -B, and -DRB1 alleles in patients and controls. Patients were significantly differentiated from controls for all loci, whereas the controls were much more similar to Yazd reference population (Supplementary Table 4). Compared to controls, patients showed lower genetic diversity at all three loci (Table 1), noticeable through their HLA allele frequency distribution with an excess of alleles with intermediate frequencies (Figure 1), which was more or less reflected by higher proportions of homozygotes for both HLA-A and -B (Table 1 and Supplementary Figure 1). These results are also compatible with previous findings by Iturrieta-Zuazo et al. (23) and de Marco et al. (17) suggesting lower HLA-A diversity in patients. As for severity, homozygote proportions also differed patient subgroups (Table 1).

In view of predicted HLA binding affinity, our list of HLA molecules ranked by repertoire of SARS-CoV-2-derived bound peptides (Supplementary Figure 3) is in agreement with previous studies (10, 55–57) only when using IC50, whereas the ranking list based on %Rank is considerably different. Moreover, the HLA molecules predicted to bind the most and the least peptides do not correspond to the ones detected by frequency comparisons (Figure 2 and Supplementary Figure 1). On the other hand, by computing the aggregate number of different bound viral peptides by one’s HLA molecules, namely, the overall viral peptide repertoire, a significantly higher proportion of patients’ HLA-A molecules were predicted to present less SARS-CoV-2-derived peptides (nA) compared to controls. A similar tendency was also visible but less significant for HLA-A and -B overall repertoire (nAB), but not for HLA-B overall repertoire (nB; Table 2, Supplementary Table 9, Figure 3 and Supplementary Figures 4–6). When considered as a risk factor, nA less than 750 (%Rank-based weak binders) had an odds ratio of 2.04, higher than that computed for most specific HLA alleles. Furthermore, nA was associated with disease severity (Figure 4A), confirmed by significant correlation from linear modelling (p < 0.05), especially when severe and critical subgroups were combined (Figure 4B). Though not significant, HLA-A and -B (nAB), HLA-C (nC), and HLA-A, -B, and -C (nABC) also showed slightly lower numbers of binders in patients (Figures 3, 4). These results support, independently from indices and thresholds, the hypothesis that the overall peptide repertoire of HLA Class I molecules may be a more influencing factor compared to any specific HLA allele on both SARS-CoV-2 infection and disease development, and suggest a more prominent role of HLA-A compared to HLA-B and -C.

In contrast, HLA-DRB1 overall repertoire did not seem to be associated with either COVID-19 susceptibility or severity (Figures 3, 4), which is consistent with previous studies (15, 54) and compatible with the fact that HLA Class II molecules are less directly involved with initial reactions against viral infections.

More interestingly, when only younger (<60 years old) individuals were included in the comparisons, the overall repertoires differed more visibly between patients and controls and patient subgroups for nA and nAB, though the difference was not always more significant, probably due to reduced individual numbers (Figures 3, 4, Supplementary Figures 4–9, Tables 2, 3, Supplementary Tables 9, 10). The odds ratio for nA less than 750 increased to 3.01 (p = 0.0014), indicating that for younger people, smaller overall repertoire might be a more important risk factor. Actually, age itself is an essential factor on the HLA peptide binding capacity since HLA expression was reported to be negatively associated with age (58). Among elderly people, larger binding repertoires would barely compensate for their decreased absolute numbers of HLA molecules expressed on cell surface. In addition, most elderly people in patients suffered from one or several comorbidities (Supplementary Table 1). These might be among the main reasons why the overall repertoire of one’s HLA-A molecules became a more prominent factor among younger people.

It has long been documented that the current HLA variation has been the result of long-term pathogen-mediated balancing selection (59–61). Consequently, molecular and functional divergency is both remarkable among HLA alleles observed in modern human populations (34, 62), making the system surprisingly resistant to potential loss of gene diversity (63). The smaller overall viral peptide repertoire predicted for HLA-A and other Class I molecules in a higher proportion of patients would rather be due to a concentration of specific alleles (Supplementary Figure 1) with lower binding capacity than the slightly lower genetic diversity or homozygote proportions (17, 23).

To sum up, we suggest that a smaller overall viral peptide repertoire would be a more general risk factor to viral infection, whereas the risk or protective effect of specific HLA molecule(s) might be both population- and pathogen-specific. In a population, each individual may be inevitably more vulnerable to certain specific pathogens due to the lower overall binding capacity for one or several HLA genes, but more resistant to others, making the population as a whole more resistant against any diseases, as demonstrated by the results of  Barquera et al. (55). As a result, at the population level, it would be more difficult to detect evolutionary signatures on particular HLA alleles associated with either susceptibility or resistance to diseases, due to selection from multiple pathogens simultaneously (64, 65).

Unfortunately, in the current study, higher-resolution-level HLA data were not available, and HLA-C was not typed for controls. In this context, we designed a procedure of assignment to adapt the 1st-field genotype data to 2nd-field prediction results, using high-resolution HLA data from a Yazd Iranian population as reference. As for HLA-C, the gene was previously suggested to be much less expressed and display less unique peptide repertoire compared to HLA-A and -B (34, 63), and the latter was again confirmed by the overall number of binders to HLA-A, -B, and -C molecules (nABC; Figures 4, Supplementary Figures 7–9). Nevertheless, synthetic analyses including high-resolution HLA Class I case–control data from different populations will be necessary. It will also be interesting to consider virus immunogenic epitopes and the expression level of different viral proteins to better estimate the overall binding capacity of HLA molecules to SARS-CoV-2-derived peptides.

In conclusion, despite the fact that several specific HLA Class I and Class II alleles/haplotypes, notably HLA-A*03, have been identified to be associated with COVID-19 infection in the Iranian cohort we studied, the overall repertoire of one’s HLA-A molecules and, to a lesser extent, that of one’s HLA Class I molecules to present SARS-CoV-2-derived peptides seem to be a more prominent factor in both susceptibility and severity of the disease, especially for younger people. Inconsistent reports from different studies would have been more related to population-specific combination patterns of HLA alleles than to variations in patients’ clinical features and experimental approaches. These findings would also be enlightening to review, from a functional aspect, previously reported associations between HLA alleles and other pathogens, particularly human viruses.
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Supplementary Figure 1 | Comparison of homozygote proportions for each HLA-A (red), -B (blue), and -DRB1 (grey) allele in patients and controls.

Supplementary Figure 2 | Comparison of frequencies of HLA-A*03, A*32, B*27, B*39, B*55 and DRB1*16 alleles showing significant differences among control group (black) and patient subgroups (mild/moderate: yellow; severe: red; critical: purple).

Supplementary Figure 3 | Ranking of HLA-A (red), -B (blue) and -C (yellow) alleles observed in Iranian case-control cohort according to %Rank-based weak binders, %Rank-based strong binders, IC50-based weak binders and IC50-based strong binders, respectively.

Supplementary Figure 4 | Density distributions of the numbers of SARS-CoV-2-derived peptides predicted by %Rank as strong binders to HLA-A (nA), HLA-B (nB), HLA-A and -B (nAB), and HLA-DR (nDR) molecules in patients (solid curves) and controls (dashed curves) of all ages and in those under 60 YO, respectively.

Supplementary Figure 5 | Density distributions of the numbers of SARS-CoV-2-derived peptides predicted by IC50 (nm) as weak binders to HLA-A (nA), HLA-B (nB), HLA-A and -B (nAB), and HLA-DR (nDR) molecules in patients (solid curves) and controls (dashed curves) of all ages and in those under 60 YO, respectively.

Supplementary Figure 6 | Density distributions of the numbers of SARS-CoV-2-derived peptides predicted by IC50 (nm) as strong binders to HLA-A (nA), HLA-B (nB), HLA-A and -B (nAB), and HLA-DR (nDR) molecules in patients (solid curves) and controls (dashed curves) of all ages and in those under 60 YO, respectively.

Supplementary Figure 7 | Density distributions of the numbers of SARS-CoV-2-derived peptides predicted by %Rank as strong binders to HLA-A (nA), HLA-B (nB), HLA-A and -B (nAB), HLA-C (nC), HLA-A, -B and -C (nABC), and HLA-DR (nDR) molecules (A) in three subgroups of patients (Mild/Moderate: solid curves in yellow; Severe: solid curves in red; Critical: solid curves in purple) and controls (dashed curves in black) and (B) in two subgroups of patients (Mild/Moderate: solid curves in yellow; Severe/Critical: solid curves in rose) and controls (solid curves in black) of all ages and in those under 60 YO, respectively. Note that nC and nABC data were not available for controls.

Supplementary Figure 8 | Density distributions of the numbers of SARS-CoV-2-derived peptides predicted by IC50 as strong binders to HLA-A (nA), HLA-B (nB), HLA-A and -B (nAB), HLA-C (nC), HLA-A, -B and -C (nABC), and HLA-DR (nDR) molecules (A) in three subgroups of patients (Mild/Moderate: solid curves in yellow; Severe: solid curves in red; Critical: solid curves in purple) and controls (dashed curves in black) and (B) in two subgroups of patients (Mild/Moderate: solid curves in yellow; Severe/Critical: solid curves in rose) and controls (solid curves in black) of all ages and in those under 60 YO, respectively. Note that nC and nABC data were not available for controls.

Supplementary Figure 9 | Density distributions of the numbers of SARS-CoV-2-derived peptides predicted by IC50 as weak binders to HLA-A (nA), HLA-B (nB), HLA-A and -B (nAB), HLA-C (nC), HLA-A, -B and -C (nABC), and HLA-DR (nDR) molecules (A) in three subgroups of patients (Mild/Moderate: solid curves in yellow; Severe: solid curves in red; Critical: solid curves in purple) and controls (dashed curves in black) and (B) in two subgroups of patients (Mild/Moderate: solid curves in yellow; Severe/Critical: solid curves in rose) and controls (dashed curves in black) of all ages and in those under 60 YO, respectively. Note that nC and nABC data were not available for controls.
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Molecular assays on nasopharyngeal swabs act as a confirmatory test in coronavirus disease (COVID-19) diagnosis. However, the technical requirements of nasopharyngeal sampling and molecular assays limit the testing capabilities. Recent studies suggest the use of saliva for the COVID-19 diagnostic test. In this study, 44 patients diagnosed with COVID-19 in The Third People’s Hospital of Shenzhen were enrolled. Saliva and serum specimens were obtained at different time points and the immunoglobulins against SARS-CoV-2 were measured. The results showed that saliva IgA presented a higher COI value than IgG and IgM. In matched saliva and serum samples, all saliva samples presented lower IgG levels than serum samples, and only one saliva sample presented a higher IgM level. The conversion rates of saliva IgA and the detection of viral nucleic acids were analyzed in the first and second weeks after hospitalization. The positive rates increased when combining saliva IgA and viral nucleic acid detection. In conclusion, our results provide evidence that saliva IgA could serve as a useful index for the early diagnosis of COVID-19.
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Introduction

The pneumonia outbreak in Wuhan, China in December 2019 was caused by the Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). Currently, the coronavirus disease (COVID-19) pandemic is developing rapidly into a dramatically devastating public health crisis. By April 2021, reported cases of COVID-19 had exceeded 147 million worldwide, with at least 3,144,381 deaths. Molecular assays on nasopharyngeal swabs are confirmatory tests for COVID-19 diagnosis (1). Despite massive efforts, the positive rate of RNA detection for SARS-CoV-2 was 63% in nasopharyngeal swabs and only 32% in pharyngeal swabs (2). Serological assays play an important role in the clinical diagnosis of COVID-19. IgM and IgG-based assays are the gold standard for serological diagnosis in COVID-19 (3). SARS-CoV-2 S1 and N antigens have been detected in the serum of SARS-CoV-2 infected patients, which help detect active infection and monitor disease progression in COVID-19 patients (4).

Currently, nasopharyngeal swabs are the main recommended upper respiratory tract specimen types for the COVID-19 test, whereas the use of saliva for the diagnosis of the disease has recently been suggested (5, 6). Saliva specimens could be obtained conveniently. The collection of saliva is non-invasive and greatly minimizes the exposure of healthcare workers to COVID-19 (7). The detection of SARS-CoV-2 salivary antibodies could serve as a non-invasive alternative to serological tests (8). Saliva is secreted by salivary glands, which is characteristic of abundant IgA. Usually, salivary IgG and IgM concentrations are much lower than those in the serum (9). It has been hypothesized that both salivary IgG and IgM are derived from blood, whereas IgA is mainly produced by the salivary glands (10).

A recent study reported that salivary IgA was associated with the presence of pneumonia but unassociated with serum immunoglobulins (11). These results suggest that salivary IgA is independent of serum immunoglobulins. In this study, we measured saliva and serum specimens from 44 COVID-19 patients and 24 negative control patients. The associations between saliva and serum immunoglobulins were analyzed and the potential of saliva IgA in COVID-19 diagnosis was assessed.



Materials and Methods


Patients

A total of 44 patients diagnosed with COVID-19 based on the World Health Organization’s interim guidance, from 1 August to 1 September 2020, at The Third People’s Hospital of Shenzhen were enrolled in this study. A total of 24 negative-control patients with no SARS-CoV-2 infection were selected randomly from inpatient departments. The study was approved by the Ethics Committee of The Third People’s Hospital of Shenzhen. Written informed consent was obtained from all participants enrolled in the study.



Immunoglobulin Measurement

A total 180 of saliva specimens and 181 peripheral blood specimens were obtained from COVID-19 patients with RT-PCR confirmed prior SARS-CoV-2 infection, at different time points during hospitalization. Saliva specimens and peripheral blood specimens were also obtained from negative-control patients. The serum specimens were obtained from the supernatant of centrifuged peripheral blood at 3,500 rpm for 5 min. The saliva specimens were centrifuged and the supernatants were collected for immunoglobulin detection. All specimens were inactivated at 56 °C for 30 min. Immunoglobulins against SARS-CoV-2 surface spike protein receptor-binding domain (RBD) were measured by chemiluminescence kit (IgA, IgG, and IgM, Beijing Wantai Biotech, China) according to the instructions of the manufacturer. The relative fluorescence of the sample to control (COI) was used to estimate the result, with COI ≥1 as positive and <1 as negative.



Real-Time PCR

Over 240 swab samples were obtained from the upper respiratory tracts of participants, and SARS-CoV-2 was detected by RT-PCR assay as reported previously. Briefly, the nucleocapsid protein and open reading frame 1ab were amplified and examined with two pairs of primers. Each sample was detected in triplicate with positive and negative controls. The diagnostic criteria were based on the recommendations by the National Center for Disease Control and Prevention of China.



Statistical Analysis

Statistical analysis was performed using SPSS software version 22.0. A Student’s t-test was used to compare the difference between different antibodies in saliva. A paired t-test was used to analyze the difference in antibody COI between serum and saliva.




Results

Patients diagnosed with COVID-19 from 1 August to 1 September 2020 at The Third People’s Hospital of Shenzhen were enrolled in this study (n = 44). The characteristics, including age, gender, and disease severity, are listed in Table 1. Most patients were male and asymptomatic. The average age of the patients was 43 years (a range of 22–62 years). Saliva and serum from patients were collected and the levels of IgA, IgG, and IgM were measured. The highest COI value of each patient was used to represent the immunoglobulin level in their saliva or serum. As shown in Figure 1 and Table 2, 14 patients presented with positive for IgA in saliva, whereas 7 and 4 patients presented with positive for IgG and IgM, respectively. Moreover, IgA presented a higher COI value than IgG and IgM in saliva (p = 0.0128 and p = 0.0297, respectively). IgA, IgG, or IgM in saliva and serum specimens were all negative for 24 negative-control patients (Figure 2).


Table 1 | Characteristics of enrolled patients.






Figure 1 | Peak levels of saliva immunoglobulins in COVID-19 patients. Each point presented the highest measured COI value of immunoglobulin in saliva of each patient. Positive results were colored in red.




Table 2 | Positive rate of immunoglobulins in saliva.






Figure 2 | Immunoglobulins in serum and saliva specimens from negative-control patients. Each point presented the COI value of IgA (A), IgG (B), and IgM (C) in serum or saliva specimens of each negative-control patient. The detection threshold was marked in each figure at COI = 1.



Saliva and serum which were collected on the same day or on two consecutive days were analyzed as matched samples (n = 15) (Table 3). A total of 5 saliva specimens presented higher IgA levels than matched serum. Generally, IgA in saliva specimens showed roughly the same level as in serum (saliva, 11 positive vs. 4 negative; serum, 10 positive vs. 5 negative). IgG and IgM levels in saliva specimens were lower than those in serum (p <0.0001 and p = 0.0444, respectively). All saliva presented lower IgG levels than serum (saliva, 5 positive vs. 10 negative; serum, 15 positive vs. 0 negative), and only one saliva specimen presented a higher IgM level (saliva, 3 positive vs. 12 negative; serum, 5 positive vs. 10 negative). No clear correlation was observed among the IgA, IgG, and IgM-positive samples.


Table 3 | The collection time and results of paired serum and saliva specimens.



To investigate whether the test of saliva IgA could improve the diagnostic power of COVID-19 patients, the conversion rates of saliva IgA and the detection of viral nucleic acids were analyzed in the first and second weeks after hospitalization (n = 39) (Table 4). While the patients were hospitalized with positive nucleic acid results at the beginning, the positive rate was as low as 35.90% in the first week and 12.82% in the second week. The positive rates increased with saliva IgA.


Table 4 | Positive detection rate of SARS-CoV-2 nucleic acid and saliva IgA at different time periods.





Discussion

This study investigated the use of saliva for detecting SARS-CoV-2 specific antibodies from COVID-19 patients. This study was conducted at The Third People’s Hospital of Shenzhen in September 2020, so most patients enrolled were in the recovery phase of the disease. This may explain why the percentage positive rate of SARS-CoV-2 nucleic acid in our inpatient series was low.

Saliva has been used over decades for evaluating human health with several advantages in that it is a noninvasive, painless, safe, and convenient specimen (12, 13). Pisanic et al. tested SARS-CoV-2-specific IgA, IgG, and IgM in saliva specimens with a considerable detection rate (8). In an Australian family case, saliva antibodies were detected in all family members (14). In our study, despite the low detection rate, IgA, IgG, and IgM were all detectable in saliva specimens.

Secretory IgA is a principal component of mucosal immunity and can be easily measured in saliva (15). IgA has been proved to be the dominant antibody in early SARS-CoV-2-specific humoral response (16). Salivary IgA antibody responses were reported to be particularly prevalent in younger individuals with mild SARS-CoV-2 infection (17). Similarly, we found that the level and detection rate of IgA in saliva were higher than IgG and IgM. The analysis of saliva and serum SARS-CoV-2-specific antibodies showed that IgA, IgG, and IgM levels in matched saliva and serum samples were all significantly correlated (8). However, IgA levels in the saliva exhibited the poorest correlation with IgA levels in the serum (18). In our study, levels of IgG and IgM in saliva were lower than in serum, and we found no clear correlation between IgA levels in paired saliva and serum samples.

Recently, saliva has been proposed as a suitable specimen for the diagnosis of COVID-19, and the collection method would reduce the exposure risk of frontline health workers (19). SARS-CoV-2 RNA could remain detectable in saliva over a 1-week period, but the test is unstable and vulnerable (20, 21). Neutralizing IgA was reported to remain detectable in saliva for a longer time (days 49 to 73 post symptoms) than in serum (16). Our results showed that testing antibodies against SARS-CoV-2 was sensitive in saliva samples, providing an easy, noninvasive option for detecting viral infection. The combination of an antibody test on saliva and traditional molecular assays on nasopharyngeal swabs could provide the diagnostic ability. Additionally, the increased salivary IgA has been proposed as a biomarker to identify patients at an elevated risk of clinical deterioration in COVID-19 (15). All the evidence suggests that IgA in saliva could play an important role in COVID-19 diagnosis.

However, we should note that SARS-CoV-2 antibody is present in various clinical specimens such as serum, plasma, nasopharynx, oropharynx, nose, ocular fluid, sputum, bronchoalveolar lavage, urine, and stool, in addition to saliva. A recent review summarized the relative detection rate of SARS-CoV-2 antibodies in different specimens in detail, and the authors concluded that the infectious potential of these specimens mainly depended on the time of specimen collection and the presence of live replicating viral particles (22). Greater detection sensitivity and consistency have been achieved in saliva samples during infection than in nasopharyngeal samples (2). A meta-analysis comparing paired saliva and nasopharyngeal samples in confirmed cases showed a positive detection rate of 88% for saliva samples and 94% for nasopharyngeal swabs, without a significant difference (23). Another meta-analysis showed an overall diagnostic accuracy of 92.1% with sensitivity of 83.9% and specificity of 96.4% for saliva samples compared with nasopharyngeal/oropharyngeal samples in confirmed cases (24). However, another meta-analysis reported that the sensitivity of saliva samples was 3.4% lower than that of nasopharyngeal swabs (25). Further studies are necessary to compare the efficacy of detection of SARS-CoV-2 antibodies in saliva samples with other samples of body fluids.

This study has several limitations. First, the concentration of antibodies in human saliva is significantly lower than that in the blood or serum. Therefore, assays with exquisite analytical sensitivity to detect high signals over background noise are required (26). Second, our sample set was not large enough, especially lacking the samples at early time points. In addition, antibody levels in patients with asymptomatic infections are always lower than in patients with symptomatic infections. Future studies could improve the robustness by including a larger sample size at all time points.
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Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2), the causative agent of Coronavirus disease 2019 (COVID-19), has caused a global crisis. Patients with COVID-19 present with a range of clinical manifestations, from no symptoms to severe illness. However, little is known about the profiles of immune cells required to protect against SARS-CoV-2. This study was performed to determine the immune cells profiles in the peripheral blood of COVID-19 patients with moderate to severe disease (n=52), and compare the findings with those from healthy subjects vaccinated with Pfizer BioNTech mRNA vaccine (VS) (n=62), and non-vaccinated healthy subjects (HS) (n=30) from Kuwait. Absolute counts and percentages of total lymphocytes and lymphocyte subsets (CD3+ T cells, CD4+ T cells, CD8+ T cells, CD19+ B cells, and CD16+CD56+ NK cells) in the peripheral blood of the three groups were analyzed using flow cytometry. The results showed that the absolute counts of total lymphocytes, CD3+, CD4+, and CD8+ T cells, CD19+ B cells, and CD56+ NK cells, were significantly lower in COVID-19 patients than normal healthy controls and vaccinated subjects. The percentages of CD3+ and CD4+ T lymphocytes were also significantly lower in the COVID-19 patients. However, the percentage of CD16+CD56+ NK cells was significantly higher in the peripheral blood of COVID-19 patients, compared to the HS and VS groups with no detectable differences in the percentages of CD8+ T cells and CD19+ B cells between the three groups. Analysis of the monocyte subsets has showed a significantly higher percentage of CD14+HLA-DR+ monocytes in COVID-19 patients compared to HS whereas the inflammatory CD14+CD16+ HLA-DR+ monocytes, and the non-classical CD16+HLA-DR+ monocytes showed significantly lower frequency in the blood of the patients than that of HS. These findings demonstrate perturbations of both innate and adaptive immune cell subsets that reflect dysregulated host responses in COVID-19 patients with moderate to severe disease.
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Introduction

In December 2019, patients in Wuhan, China presented with pneumonia of unknown etiology (1, 2). A novel coronavirus, given the name Severe Acute Respiratory Syndrome Corona Virus 2 (SARS-CoV-2), was reported as the cause of pneumonia. SARS-CoV-2, a member of the genus beta coronavirus, has spread quickly all over the world, leading to a pandemic that infected over 528,816,317 people and caused 6,294,969 deaths (as of June 3, 2022) and as of 31 May 2022, a total of 11,947,644,522 vaccine doses have been administered (3). This new pandemic has tremendously affected the global economy and put a great strain on global health care systems. The World Health Organization called this disease coronavirus disease 2019 (COVID-19). COVID-19-patients clinically present with symptoms including fever, fatigue, muscle pain, diarrhea, and pneumonia and can cause death in severe cases. The disease was found to be more severe in patients who are older and have various other co-morbidities, such as diabetes, obesity, and heart disease (4) but can also affect patients with younger age with no pre-existing medical conditions. Patients with severe disease were also shown to have abnormalities in several laboratory parameters, including elevated levels of procalcitonin, lactate dehydrogenase, increased serum levels of inflammatory markers (e.g. D-dimer, C-reactive protein), neutrophil counts, and pro-inflammatory cytokines, such as interleukin-6. Lymphopenia and thrombocytopenia are also associated with severe COVID-19 disease, viral pneumonia, multi-organ failure, and death.

What triggers a severe illness in some patients infected with SARS-CoV-2 is not completely understood, and the severe disease may not be due to the viral infection alone but it could be also attributed to a defective immune response (1, 2). An aggressive immune response to SARS-CoV-2 is thought to contribute to disease severity and death in patients with COVID-19. These patients were reported to have high levels of circulating cytokines, lymphopenia, and mononuclear cell infiltration in the lungs, heart, spleen, lymph nodes, and kidney, as detected in post-mortem studies (1, 2). There are enormous challenges that scientists face while trying to study the immunological aspects of COVID-19 due to the multiple immunological parameters that need to be measured, and the possibility of the existence of multiple pathways of protection against COVID-19 disease (5). It is also possible that correlates of protection are different at different time points after vaccination and/or with different vaccines.

Furthermore, due to the complexity of the clinical manifestations and the lack of understanding of severe COVID-19 immunopathogenesis, it has been difficult to find effective therapeutic strategies (6). There are several questions raised which include, e.g. which is more relevant to protection, cellular or humoral immunity? and how long does a protective response last? in addition to the emergence of virus variants, which is an extra challenge. A large number of studies have been carried out to analyze the immune response mounted in response to SARS-CoV-2 (4, 6–7), but some of these studies were carried out on single patients or a small number of patients at different stages of the disease or with reports on a limited number of immune cell subsets (8–11).

Thus, to address some of the above mentioned issues in the present study, a comprehensive analysis of various immune cell subsets in the peripheral blood was performed with patients having moderate to severe COVID-19 (n=52), and compared to subjects vaccinated with Pfizer BioNTech mRNA vaccine (n=62) and unexposed healthy non-vaccinated subjects (n=30) using flow cytometry. We further evaluated the activation status of T and B lymphocytes and monocyte subsets in all the groups.



Materials and Methods


Study Population and Sample Collection

The study enrolled COVID-19 patients (n=52) with moderate to severe disease admitted to Mubarak Al-Kabeer Hospital, Kuwait. All of the patients were initially diagnosed based on the clinical symptoms and later confirmed by quantitative RT-PCR (qRT-PCR) analysis of nasopharyngeal swab samples for SARS-CoV-2. Blood samples were collected from the infected patients during the months of 11.04.21 to 28.06.21. Peripheral blood was collected from infected patients before the administration of antibiotics, steroids or antiviral agents. Patients at least 15 years age were included in the study whereas patients with inflammatory diseases (e.g. myocarditis, chronic peptic ulcer, tuberculosis, rheumatoid arthritis, Crohn’s disease, active hepatitis, asthma, allergy, lupus … etc.), common cold, heavy smoking, or on medications that can inhibit the immune system, e.g. steroids, or immunosuppressive agents were excluded from the study. The infected patients included Kuwaiti as well as non-Kuwaiti citizens residing in Kuwait (Figure 1A).




Figure 1 | Overview of the study including healthy subjects (HS), COVID-19 patients and vaccinated subjects (VS) (A). Flow cytometry gating strategy for immune cell subsets. Gating panels are shown for (B) CD27+CD38+CD19+ antibody-secreting B cell (ASCs, plasmablasts) and activated CD38+HLA-DR+CD4+ and CD38+HLA-DR+CD8+ T cells and (C) activated HLA-DR+NK cells and monocyte subpopulations. Fresh whole blood (100 microlitre per stain) was used to measure the percentage of CD3-CD19+CD27+CD38+ ASC populations, in addition to activated HLA-DR+CD38+CD8+ and HLA-DR+CD38+CD4+ T cells. Another tube of blood was stained for the percentage of inflammatory CD14+CD16+, CD16+ and conventional CD14+ monocytes and, activated HLA-DR+CD3-CD16+CD56+ NK cells. After staining the whole blood was for 20 mins at room temperature (RT) in the dark, samples were lysed with BD FACS Lysing solution, washed and fixed with 1% paraformaldehyde. All the stained blood samples were acquired on a FACS Lyric flow cytometer (BD). Flow cytometry data were analyzed using FACS Suite Research software.



The study also included healthy subjects (n=62) who received two doses of the Pfizer-BioNTech BNT162b2 mRNA vaccine. Blood was collected from vaccinated healthy subjects 3-14 weeks after vaccination. Age- and sex-matched non-vaccinated and COVID-19 negative healthy subjects (n=30), as confirmed by laboratory diagnosis, were also enrolled in the present study as a control group.

The following information on each patient were taken from electronic medical records: age, gender, medical history, symptoms, severity assessment on admission, laboratory findings (including CRP, lymphocyte count, D-dimer), initial laboratory investigations including a complete blood count, coagulation profile, and serum biochemical test and chest computed tomography (CT) or radiograph findings. On admission, moderate illness was defined according to the following criteria: respiratory rate ≥ 20 breaths per minute, heart rate ≥ 90 beats per minute; with saturation of oxygen (SpO2) > 93% at rest.

Severe illness was defined according to the following criteria: breathing rate ≥30 times/min, pulse oximeter oxygen saturation (Spo2) ≤93% at rest; and ratio of partial pressure of arterial oxygen (Pao2) to fraction of inspired oxygen (Fio2) ≤300 mmHg. Demographic data are summarized in Table 1.


Table 1 | Demographics and Clinical Characteristics of study populations.



At enrollment, 2 ml peripheral blood was collected from each study participant in tubes containing anti-coagulant EDTA and tested within three hours of withdrawal. The samples from COVID-19 patients were obtained at the time of diagnosis and before the administration of any treatment. Written informed consents from all participants were obtained before enrolling them in the study. Ethical approvals were obtained from the Ethical Committees of the Health Sciences Centre, Kuwait University, and the Ministry of Health, Kuwait.



Antibody Staining for Immunophenotyping

The Immunophenotyping of peripheral blood for various markers of T cells, B cells, monocytes and NK cells was performed using flow cytometry according to the manufacturer’s instructions. In brief, 50 μl of whole blood was added to a Trucount tube (BD Biosciences, Franklin Lakes, NJ, USA) and analyzed for cell percentages and cell counts (cells/μL) of CD3+/CD4+/CD8+ T-cell, CD19+ B-cell, and CD16+CD56+ NK cells by multiple-color flow cytometry using 20 μl cocktail containing human monoclonal anti-CD3-FITC-A, anti-CD4-PE-CY7, anti-CD8-APC-CY7, anti-CD19-APC, anti-CD16-PE and anti-CD56-PE- and CD45 PerCP-Cy 5.5 antibodies (BD Multitest, BD Biosciences, San Jose, CA, USA). The cells were analyzed on a BD FACS Lyric flow cytometry system (BD Biosciences). A fluorescence gating strategy using CD45+ versus side scatter was carried out. Internal quality assurance was performed using optical alignment beads and BD multicheck whole blood control cells, and compensation reagents were used to eliminate bleed through fluorescence. Data analysis was performed using BD FACS Suite Clinical software (BD Biosciences).

Furthermore, analysis of the following populations (a) CD19+CD27hiCD38hi antibody-secreting B cells (ASCs, plasmablasts), (b) activated CD38+HLA-DR+ CD8+ and CD4+ T-cells, (c) activated HLA-DR+ CD3-CD16+CD56+NK cells and (d) classical CD14+ monocytes, intermediate CD14+CD16+ monocytes and non-classical CD16+ monocytes was performed by flow cytometry according to standard procedures (10). That was performed using CD45-V500-C, CD3-APC-H7, CD4-PerCP-Cy5.5, CD8-FITC, HLA-DR-APC, CD19-PE-Cy7, CD27-BV421, CD38-BV510, CD16-FITC, CD56-PE, and CD14-PerCP-Cy5.5 (BD Biosciences). In brief, whole blood was stained for 20 minutes at room temperature in the dark, then, the samples were lysed with BD FACS Lysing Solution (BD Biosciences), washed, and fixed with 1% paraformaldehyde. The samples were acquired on a BD FACS Lyric Flow Cytometry System (BD Biosciences). Physical gating was performed using CD45 staining and side scatter (SS), and the lymphocyte populations were identified to be low SS and bright for CD45 expression. Then, different lymphocyte subpopulations were identified by immunophenotyping markers. Flow cytometry data were analyzed using BD FACS Suite Research v1.3 software. Gating panels are shown in Figure 1B for CD27+CD38+ ASCs, activated CD38+HLA-DR+ CD8+ and CD4+ T-cells, and in Figure 1C for activated HLA-DR+ NK cells and CD14+, CD16+ and CD14+CD16+ monocytes.



Correlation Plots and Heatmap Visualization

Graphpad Prism 9.2.0 (GraphPad Software, Inc., San Diego, CA, USA) was used to calculate the Pearson’s correlation coefficient to explore the correlations between age, D-dimer, the absolute count of lymphocytes, and the absolute count and the percentage of the following cell populations: CD3+, CD4+, CD8+ T cells, CD19+ B cells, CD16+CD56+ NK cells, CD4:CD8 ratio, and the percentage of CD8+CD38+HLA-DR+, and CD4+CD38+HLA-DR+ T cells, CD19+CD38+CD27+ ASCs, HLA-DR+NK cells, CD14+HLA-DR+, CD14+CD16+ HLA-DR+, and CD16+HLA-DR+ monocytes in COVID-19 positive patients and COVID-19 vaccinated subjects. The results were depicted as heat maps.



Statistical Analysis

Statistical analyses were conducted using the Statistical Package for the Social Sciences (SPSS), release 25.0. (IBM Corp., Armonk, NY, USA). Statistical significance was set at p < 0.05. Descriptive analyses were conducted to calculate frequencies and proportions of categorical variables. Quantitative data were expressed as mean and standard error (SE). Multivariable linear regression was used to evaluate adjusted mean differences in the study outcomes across the study groups. Age, sex and gender were included in all regression models as confounders. Tukey’s Kramer test was used to correct for multiple comparisons and estimate adjusted p-values.




Results


Characterization of the Study Population

In the present study, immune cell profiles of hospitalized COVID-19 patients (n=52), suffering from moderate to severe disease, were evaluated. The immune cell profiles of the patients were compared to those of non-vaccinated healthy subjects (HS) (n=30) and healthy subjects vaccinated against COVID-19 using Pfizer-BioNTech mRNA vaccine (VS) (n=62). The median age of COVID-19 patients was 48 years (range 15-72 years), whereas that of the HS and VS were 35 (range 25-56) and 35 years (range 18-68 years), respectively. Demographic and clinical data of the study populations are presented in Table 1.



Circulating Lymphocyte Subsets in the Peripheral Blood of Untreated COVID-19 Patients, Vaccinated Subjects, and Healthy Subjects

The results of the present study demonstrated that the absolute counts were significantly lower in the peripheral blood of COVID-19 patients for the following lymphocyte populations; total lymphocytes (Figure 2A, p < 0.001), CD3+ T lymphocytes (Figure 2A, p < 0.001), CD4+ T lymphocytes (Figure 2A, p < 0.001), CD8+ T lymphocytes (Figure 2A, p < 0.001), CD19+ B lymphocytes (Figure 2A, p < 0.001), and CD16+CD56+ natural killer cells (Figure 2A, p = 0.041 vs the HS and p<0.001 vs VS) compared to both the healthy subjects (HS) and vaccinated subjects (VS).




Figure 2 | Absolut counts (cells/μl) (A) and percentages (B) of immune cell subsets in peripheral blood of COVID19-infected patients, healthy subjects and vaccinated subjects. Results are shown for total lymphocytes, CD3+, CD4+ and CD8+ T cells, CD19+ B cells and CD16+CD56+ NK cells and CD4:CD8 ratio. Each dot represents an individual donor. Data are presented as mean + SEM. (C) Percentage of activated immune cell subsets in peripheral blood of COVID19-infected patients, healthy subjects and vaccinated subjects. Results are shown for CD38+HLA-DR+CD4+ and CD38+HLA-DR+CD8+ T cells, CD27+CD38+CD19+ B cells and monocytes subsets: CD14+HLA-DR+, CD16+HLADR+ and CD14+CD16+HLA-DR+ cells. Data are presented as mean + SEM.



Furthermore, the percentages of mature CD3+T cells, CD4+T helper cells, CD8+T cytotoxic cells, CD19+ B cells, CD16+CD56+ NK cells were analyzed. The percentages of the following cell populations were found to be significantly lower in the infected patients, compared to the HS and VS; CD3+ T lymphocytes (Figure 2B, p<0.001) and CD4+ T lymphocytes (Figure 2B, p=0.006 vs HS and p< 0.001 vs VS). However, the percentage of CD16+CD56+ natural killer cells (Figure 2B, p<0.001) was found to be significantly higher in the peripheral blood of COVID-19 patients, compared to both the HS and VS (Figure 2B, p<0.001). Furthermore, there were no significant differences in the percentages of CD8+ T cells, and CD19+ B cells found in COVID-19 patients, compared with the HS and the VS (Figure 2B, p>0.05). In addition, studying CD4:CD8 ratios showed that COVID-19 patients had a similar CD4:CD8 ratio (1.5), when compared with the HS (1.6) and the VS (1.7) (Figure 2B, p> 0.05).

The results of the study also showed that there were no significant differences (p>0.05) between HS and VS for all the parameters tested except for the absolute count of CD4+ T cells, which was significantly higher in the VS than the HS (Figure 2A, p<0.05).



Activated Lymphocyte Subsets in the Peripheral Blood of COVID-19 Patients, Vaccinated Subjects, and Healthy Subjects

The expression of CD38 and HLA-DR markers on the surface of CD4+ and CD8+ T cells reflects the activation of both cell subsets in response to viral infections. Thus, the percentages of CD4+ and CD8+ T cells expressing surface molecules, CD38 and HLA-DR, were analyzed among the study participants. The percentage of CD8+CD38+HLA-DR+ T cell population was significantly higher in the peripheral blood of COVID-19 patients (23.5%), compared to HS (6.5%) and VS (6%) groups (Figure 2C, p<0.001). Similarly, the frequency of CD4+CD38+HLA-DR+ T cells was significantly increased in the patients’ group (6.8%), as compared to the HS (2.3%) and VS (3.3%) (Figure 2C, p<0.001). Thus, the activation phenotype of both CD4+ and CD8+ T cells was confirmed by the increased co-expression of HLA-DR and CD38 in the patients compared to the HS and VS.

Furthermore, activated CD3- NK cells expressing CD16, CD56 and HLA-DR cell surface markers were detected at a significantly higher percentage in the COVID-19 patients (30.2%) compared to the VS (21.5%) (p= 0.05), but without significant difference to the HS (26%) (p> 0.05) (Figure 2C).

The analysis of the percentage of the CD19+CD38+CD27+ antibody-secreting B cells (ASCs) in the peripheral blood showed that there was no significant difference between COVID-19 patients (8.4%), the HS (4.5%) and the VS (5.4%) (Figure 2C, P>0.05).

The comparison of the HS and VS groups for the activated cell populations, CD4+ and CD8+ T cells expressing surface CD38+HLA-DR+ markers, the CD19+CD38+CD27+ B cells, and HLA-DR+CD3-CD16+CD56+ activated NK cells demonstrated the lack of significant differences between the two groups (Figure 2C, p>0.05).



Monocyte Subsets in the Peripheral Blood of COVID-19 Patients, Vaccinated Subjects, and Healthy Subjects

Analysis of the changes in monocyte subsets was carried out by detecting the expression of monocyte activation markers, CD14, CD16 and HLA-DR. The detection of the classical CD14+HLA-DR+ monocytes showed a significantly higher percentage in COVID-19 patients (54.7%) compared to HS (26.7%) (Figure 2C, p<0.001) but not the VS (51%) (Figure 2C, p>0.05). This comparison has also shown that this cell population was significantly higher in the VS than the HS (Figure 2C, p<0.001).

However, the detection of inflammatory CD16+CD14+ HLA-DR+ monocytes, which are related to immunopathology, has shown lower frequencies of CD14+ CD16+HLA-DR+ monocytes in the blood of the patients (12.4%) than that of HS (25.1%) (Figure 2C, p<0.001). Furthermore, the VS had a significantly lower percentage of CD16+CD14+ monocytes (4.6%) than both of the patients (p= 0.006) and HS (p<0.001) (Figure 2C). In addition, the investigation of the non-classical CD16+HLA-DR+ monocytes showed that significantly lower percentage of these cells were present in COVID-19 patients (3.2%), compared with HS (8.2%) and VS (8.2%) (Figure 2C, P<0.001).

Furthermore, for the monocyte cell subsets, the comparison between the HS and VS has shown that there was a significant difference in the percentages of CD14+HLA-DR+ and CD14+CD16+HLA-DR+ monocytes (Figure 2C, p<0.001) but not the CD16+HLA-DR+ monocytes.



The Effect of Prior Infection on Vaccine-Induced Immune Responses

Twenty-seven out of 62 VS evaluated in this study were diagnosed as COVID-19 positive with a PCR test and recovered from a mild disease (recovered) 3-6 months before receiving the two doses of the vaccine. The immune cell profiles of these subjects were compared to vaccinated subjects who were never exposed to the infection (naïve, n = 35). This comparison showed that the two groups had similar results for the absolute counts and percentages of all immune cell subsets tested in the study (Figures 1 Supplemental A, B). However, the percentage of CD8+ T cells was significantly lower in recovered subjects than the naïve subjects whereas the CD4:CD8 ratio was significantly higher in the recovered subjects (1.9) than in the naïve subjects (1.6) (Figure 1 Supplemental B, p<0.05).

Furthermore, analysis of the percentage of activated immune cells in the peripheral blood i.e. T and B lymphocytes, NK cells and monocyte subsets showed insignificant differences between the recovered and naïve subjects (Figure 1 Supplemental C).

The present study also investigated the effect of post-vaccination period among the vaccinated subjects, with and without prior infection, on the absolute counts and percentages of various immune cell subsets. Blood samples were collected from the vaccinated subjects after 3-7 and 8-14 weeks post- vaccination after receiving the second dose of the vaccine. It was demonstrated that vaccination of recovered and naïve subjects resulted in similar values of the absolute counts (Figure 3A) and percentages (Figure 3B) of immune cell subsets tested after 3-7 and 8-14 weeks of vaccination. However, the total number of vaccinated subjects showed significantly lower percentage of CD4+CD38+HLA-DR+ T cells after 8-14 weeks (Figure 3C, 3%) than 3-7 weeks of vaccination (Figure 3C, 4%) (p<0.05). On the contrary, after 8-14 weeks of vaccination, the VS showed a significantly higher percentage of CD19+CD27+CD38+ B cells (7%) than after 3-7 weeks (6%) (Figure 3C, p<0.05).




Figure 3 | Time course of changes in the absolute counts (A) and percentages (B) of immune cell subsets in the peripheral blood of recovered-vaccinated vs naïve vaccinated subjects over 3-14 weeks post vaccination. Results are shown for total lymphocytes, CD3+, CD4+ and CD8+ T cells, CD19+ B cells and CD16+CD56+ NK cells and CD4:CD8 ratio. Each dot represents an individual donor. Data are presented as mean + SEM. (C) Time course of changes in the percentages activated immune cell subsets in peripheral blood of recovered-vaccinated vs naïve vaccinated subjects over 3-14 weeks post vaccination. Results are shown for CD38+HLA-DR+CD4+ and CD38+HLA-DR+CD8+ T cells, CD27+CD38+CD19+ B cells and monocytes subsets: CD14+HLA-DR+, CD16+HLADR+ and CD14+CD16+HLA-DR+ cells. Data are presented as mean + SEM.





Correlation Studies

Possible associations between the percentages and absolute counts of immune cell subsets were investigated in COVID-19 patients (Figures 4A, B) and the vaccinated subjects (Figures 4C, D). This demonstrated positive and negative correlation between various parameters. The Pearson’s correlation coefficient for positive (blue; r≥0.4-0.69 and p<0.05-p<0.00001), strong positive (navy; r≥0.7 and p<0.00001), negative (pink; r≥0.4-0.69 and p<0.05-p<0.00001), and strong negative (red; r≥0.7 and p<0.00001) are shown in the heat-maps (Figures 4A–D). We found strong positive correlation between lymphocytes counts and CD3+, CD4+, CD8+ T cells, and CD19+ B cells absolute counts, and strong negative correlation between the percentages of CD16+CD56+ NK cells and CD3+ T cells in both COVID-19 patients and the vaccinated individuals. Interestingly, in COVID-19 patients, the percentage of CD8+CD38+HLA-DR+ T cells had strong positive correlation with that of CD4+CD38+HLA-DR+ T cells (r=0.726, p<0.0001) which was not detected in the vaccinated individuals. Besides, a positive correlation between the percentages of CD8+CD38+HLA-DR+ T cells and HLA-DR+NK cells (r=0.529, p<0.0001) was demonstrated in COVID-19 patients but not in the vaccinated individuals.




Figure 4 | Correlation heat map of all measured immune cell populations percentage and absolute counts of COVID-19 infected patients (A & B, respectively) and percentage and absolute counts of vaccinated subjects (C & D, respectively).






Discussion

COVID-19 is a respiratory infectious disease that is caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). Respiratory droplets are the primary mode of transmission for SARS-CoV-2 (12). Understanding the roles of different immune cell subsets in protection or pathogenesis is crucial for the prevention and treatment of COVID-19. The goal of the present study was to compare the immune cell profiles in COVID-19 patients with moderate to severe disease, to that in subjects vaccinated with Pfizer BioNTech BNT162b2 mRNA COVID-19 vaccine (VS), who were unexposed to the infection, (naïve subjects) and those who recovered from COVID-19 infection followed by vaccination (recovered), all compared to unexposed healthy subjects (HS). Peripheral blood was collected from COVID-19- infected patients at enrollment (approximately 24 to 72 hours after admission), HS, and VS 3-7 and 8-14 weeks post vaccination. The evaluation of the immune cells profile was carried out by multiparametric flow cytometry to study both innate and adaptive immune cell populations. Detection of the following cell types was carried out; CD3+, CD4+ and CD8+ T cells, CD19+ B cells and CD16+CD56+ natural killer cells. In addition, the expression of activation markers, CD38 and HLA-DR on the surface of CD4+ and CD8+ T cells, CD38 and CD27 on the surface of B cells, HLA-DR molecules on NK cells, and the activated monocyte subsets were analyzed. The results demonstrated a dysregulated immune cells profile in COVID-19-patients compared to both healthy subjects (HS) and those vaccinated with Pfizer BioNTech mRNA vaccine (VS). This dysregulation was demonstrated to be statistically significant due to the reduction in both absolute counts and percentages of total lymphocytes, and the lymphocyte subsets including CD3+, CD4+ and CD8+ T cells, CD19+B cells, and CD16+CD56+ natural killer cells in the patients compared to both HS and VS (Figures 2A, B). However, the percentages of CD8+ T cells and CD19+ B cells were insignificantly different in the patients compared to the healthy subjects (HS) and vaccinated subjects (VS). A recent study by Sushentseva et al, 2022 has shown that the COVID-19 patients show a better survival when they have a good pool of specific CD8+ T cells (13).

Similar findings of low count of WBCs and various lymphocyte subpopulations were reported in several recent studies (7, 14–17). The detection of immune cells in the peripheral blood at low counts in response to viral infections is attributed to the migration of immune cells to the site of infection or due to the virus-mediated destruction of T cells (2). In addition, few studies of SARS-CoV-2 infection found that T cells specifically correlate with protection and decreased total lymphocytes, T lymphocyte, and B lymphocyte were associated with severe illness (7, 18, 19) and this decrease is probably caused by a defect in the induction of acquired immunity (20). In a recent study, the frequency of SARS-CoV-2 specific T cells was equal in vaccinated subjects and patients recovered from COVID-19 (13).

CD4:CD8 ratio in normal individuals is 2:1 and it gets inverted to 1:1 in some viral infections due to the increase in CD8+ T cells as shown by research into the immune response (15). Thus, this ratio can act as a diagnostic marker of the disease (15). Therefore, in the present study, possible alterations in CD4:CD8 was investigated. The present study demonstrated the absence of a significant difference in CD4:CD8 ratio between the infected patients and both the healthy and the vaccinated groups (p>0.05, Figure 2B). This is supported by the results of several recent studies carried out showing that in COVID-19 patients the CD4:CD8 ratio is in the normal range in spite of low CD4+ and CD8+ T cells (7, 15, 17, 21).

Examination of the immune cell profile of VS has shown that both absolute counts and percentages were not statistically different from that of the HS (Figures 2A, B) for all immune cell subsets tested; except for the absolute count of CD4+ T cells which was significantly higher in the VS compared to the infected patients (p< 0.001) and the HS (Figure 2A, p<0.05). However, the responses of VS (absolute counts and percentages) are all statistically higher than the responses of infected patients except for the percentage of CD8+ T cells and CD19+ B cells and the CD4:CD8 ratio, no difference was detected. This is supported by the finding that Pfizer BioNTech mRNA vaccine induces a strong CD8+ T cell response to various viral epitopes, a response similar to infection (22).

Natural killer (NK) cells are innate lymphoid cells that play a role in the cytolytic killing of virus-infected cells. It is not known yet if NK cells play a direct antiviral role against coronaviruses. As stated previously, the absolute count of CD16+CD56+ NK cells was found in the present study to be statistically lower in the peripheral blood of infected patients compared to both HS (p<0.05) and VS (p<0.001) (Figure 2A) whereas the percentage of CD16+CD56+ NK cells was statistically higher in the infected patients compared to both the HS (p<0.001) and VS (p<0.001) (Figure 2B). In a recent study, CD3-CD56+ natural killer cells were found to be significantly lower in the severe group compared to the healthy subjects whereas the asymptomatic group had higher levels (7, 18, 20, 23). In addition, Zingaropoli et al. (11) demonstrated that lower percentage of peripheral blood NK cell was found in COVID-19 patients compared to HS, although not statistically significant. Thus, variable findings regarding the numbers of NK cells in COVID-19 patients were demonstrated recently. The lower percentage of CD56+ NK cells found in COVID-19 patients is attributed to their migration to tissues and secondary lymphoid organs where they fight against invading pathogens (11). The high percentage of NK cells in the peripheral blood of COVID 19- patients in this study was associated with significantly higher percentage of activated CD3-CD16+CD56+ NK cells expressing HLA-DR molecules compared to the VS (p< 0.05) but with no significant difference to the HS (Figure 2C). This is consistent with the finding that NK cells are activated in the peripheral blood of COVID 19 patients, assessed by analyzing the expression of Ki-67, CD57, HLA-DR and CD69 surface molecules (9, 11). NK cells are important players in the innate immune response and play an essential role in fighting viral infections by directly destroying infected cells but can also contribute to immunopathology (9).

The present study shows that the absolute count of CD19+ B cells was significantly reduced in the infected patients compared to the HS (p<0.001, Figure 2A) and VS (p<0.001, Figure 2A). This is consistent with results of a previous recent study by Mathew et al. (24). However, the percentage of CD19+ B cells (Figure 2B) was similar in the COVID 19 patients, HS and VS groups tested (Figure 2C). This is consistent with the findings of Kuri-Cervantes et al (6), who showed that there is only a marginal difference in total B cells between the COVID-19 patients and the healthy subjects. On the other hand, other recent studies showed that the percentage of CD19+CD38+ B cells is lower in patients with severe COVID-19 infection (7, 19) and even when detected, it is found to be absent in 20% of the patients compared to controls (24). Antibody secreting cells, CD27+ CD38+ CD19+ B cells (ASCs, plasmablasts), is another immune cell subset that was evaluated in the present study. ASCs have been previously demonstrated to be responsible for the rapid production of antibodies following an infection with Ebola virus and infection with/and vaccination against influenza virus (10). However, it is still unknown if these active B cells are sufficient or functional or can synthesize the neutralizing antibodies required for fighting the SARS-CoV-2. CD19+CD38+CD27+ antibody secreting cells were shown, in the present study, to be similar in the COVID 19 patients, HS and VS groups tested (Figure 2C). Hyper activation of B cells and an increase in peripheral plasma cells expressing high CD27+ CD38+ was shown to be a sign of poor prognosis (20). In another previous study, ASCs were detected at a higher level in the blood of a single patient with mild to moderate disease at the time of viral clearance, than in healthy controls (10). In a study carried out by Kuri-Cervantes et al. (6), only marginal differences were detected in the proportions of total B cells between the COVID-19 patients and the HS, but B cell plasmablasts were significantly expanded in severe COVID-19 patients compared to HS, to the extent exceeding what was observed in other viral infections e.g. dengue and Ebola infections. The observation in the present study that the level of ASCs in the blood of COVID-19- patients was not increased could be attributed to the state of the disease in our patients or that the some of the previous studies which showed an increase in the percentage of the ASCs investigated a small number of patients. Furthermore, the level of CD27+CD38+ ASCs was found to be increased during acute viral infections or vaccination, but found to be only transiently detectable in the blood (25, 26). Most patients demonstrate seroconversion 7 to 14 days following infection, during which increased plasmablasts are detected (6). Antigen-specific B cell responses in the peripheral blood of individuals who received two doses of BNT162b2, a mRNA-based vaccine encoding full-length SARS-CoV-2 spike (S) gene, have shown that circulating IgG- and IgA-secreting ASCs specific to the S protein peaked one week after the second immunization and then declined, becoming undetectable three weeks later (27).

Most acute viral infections have been shown to induce proliferation and activation of CD8 T cells reflected in the co-expression of CD38 and HLA-DR (24). Furthermore, the association of CD38 molecule with other cell surface markers such as CD4, CD19 and class II MHC is associated with cell signaling (27). Thus, it was decided to evaluate the expression of CD38 and HLA-DR molecules on the surface of CD4 and CD8 T cells. Such analysis carried out in this study, has shown that the percentage of both CD38+ HLA-DR+ CD4+ and CD8+ T cell subpopulations is significantly higher in the peripheral blood of COVID-19 patients, compared to HS and VS control groups (Figure 2C). This T cell activation was very heterogeneous among the severe COVID-19 patients, reaching to baseline in some patients. SARS-CoV-2 infection was found to be associated with CD8 T cell activation in a subset of patients by Mathew et al. (24). The absence of these activated cells in some patients could be attributed to lymphopenia observed in the severe COVID-19 patients, and the possibility that activated T cells are migrating to the lung in response to the virus (6). Furthermore, CD38+HLA-DR+ CD4+ T cells were detected at high frequency in COVID-19 respiratory samples than in blood samples (28). This high frequency of activated respiratory T cells was shown to be associated with a better survival rate in COVID-19 (28). An increase in the percentage of CD38+ and HLA-DR+ memory CD4+ and CD8+ T cells was also detected in severe COVID-19 patients compared to healthy subjects in other recent studies and this correlated with poor prognosis (6, 20, 24, 29). Consistent with the findings of this study, the activation of those cell subsets was shown to be also highly heterogeneous in the COVID-19 patients (6). In addition, as shown in the correlation studies carried out for our patients (Figure 4A), the activation of CD4 T cells was found to correlate with the activation of CD8 T cells which agrees with the findings by Mathew et al. (24). A significant increase in HLA-DR+CD38+ non-naïve CD8 T cells has also been reported in hospitalized COVID-19 patients compared to HS and recovered donors (24–26), although many patients showed little evidence of T cell activation in the blood. Furthermore, in a patient with mild to moderate disease, the frequency of CD38+HLA-DR+ CD8+ and CD38+HLA-DR+ CD4+ T cells was much higher than in healthy individuals (10). However, another recent study has shown that the percentage of activated HLA-DR+CD3+ T cells was lower in patients with severe COVID-19 compared to healthy subjects (7).

Monocytes are important cells that participate in the production of immune responses against pathogens. There are three distinct blood monocyte subsets defined by the expression of CD14 and CD16; immature classical (CD14+CD16-), more differentiated inflammatory transitional or intermediate (CD14+CD16+), and non-classical (CD14dimCD16+) (7, 30). Classical monocytes play a role in phagocytosis, immune responses, and migration whereas intermediate monocytes are responsible for antigen presentation, and non-classical monocytes are responsible for the antiviral responses. High percentage of both CD14+CD16+ and the CD16+ monocytes were detected during inflammation (7). In addition, monocytes/macrophages play an important role in the production of both innate and adaptive immune responses (7). It has been also reported earlier that monocytes are the main players of the cytokine storm in COVID-19 infection. Low level of monocytes and T lymphocytes was detected in the peripheral blood of COVID-19 patients and was shown to be due to their immigration into the infected site which results in the immunopathogenesis of COVID-19 (7).

This study analyzed the different subsets of HLA-DR+ activated monocytes in the peripheral blood of infected patients compared to both the HS and VS. The HLA-DR+CD14+ classical monocytes were significantly higher in infected patients (p<0.001) and VS (p<0.001) compared to HS (Figure 2C). However, the level of non-classical HLA-DR+CD16+ monocytes were at significantly lower level in the infected patients when compared to both the VS and HS (p<0.001 and p<0.001, respectively, Figure 2C). Furthermore, the inflammatory CD14+CD16+ monocytes expressing HLA-DR molecules were at significantly higher level in HS than its level in both of the patients and VS (p<0.001 and p<0.001, respectively, Figure 2C). The infected patients also produced higher level of CD14+CD16+ cell subset than VS (p= 0.006, Figure 2C). In normal physiological conditions, 85% of the monocytes in the peripheral blood express CD14++ CD16 low HLA-DR++ phenotype and these cells leave the circulation and infiltrate to the inflammatory site following infection (20). Various studies have been carried out recently to study the level of monocyte subsets in response to COVID-19 infection. A higher percentage of CD14+CD16+ inflammatory monocytes was demonstrated in patients with mild to severe COVID-19 (20, 31). They also showed that there is a significant expansion of CD14+CD16+monocytes producing IL-6 in the peripheral blood of ICU COVID-19 patients than those who did not require ICU hospitalization. Furthermore, CD14+CD16+ monocytes were detected at high frequency in COVID-19 respiratory samples than in blood samples (28). However, non-classical monocytes expressing CD16 at high intensity were lower in patients with severe COVID-19 rather than the inflammatory monocytes (20, 31). In another recent study by Gatti el al. (8), a significant decrease in non-classical CD16+ monocytes and CD14+CD16+ intermediate monocytes was detected in patients with severe SARS-CoV-2 infection. Increased level of both cell subsets were reported in patients with moderate disease. Furthermore, a study of a Spanish cohort led by Sánchez-Cerrillo (30) demonstrated that all circulating myeloid subsets were significantly reduced in the peripheral blood of COVID-19 patients. This is associated with the migration of CD14+CD16+ inflammatory transitional and CD14 dim CD16+ non-classical monocytes from the blood to lungs in patients with severe COVID-19 without showing a significant correlation between total CD16+ monocytes, both non-classical and inflammatory cells, and disease severity. Kuri-Cervantes et al (6), reported that the total percentage of CD14+ HLA-DR+ monocytes, as well as monocyte subsets, were similar across groups of COVID-19 patients and healthy subjects whereas kudryaavtsev et al. (20) demonstrated high number of CD14++ HLA-DR++ activated monocytes in patients with mild disease. In addition, HLA-DR+ CD16+ monocytes existed at large numbers in the lungs of critical COVID-19 patients and so they could contribute to the disease (30). Variation detected in the level of monocyte subsets in different studies could be due to differences in the disease severity of the patients tested. In addition, the present study reported findings of activated monocyte subsets that express HLA-DR molecule on its surface.

In the present study, 62 vaccinated subjects were included out of which 27 subjects were previously infected with SARS-CoV-2, recovered and then vaccinated 4-6 months following recovery. A comparison was carried out to evaluate the immune response of the recovered vaccinated and the naïve vaccinated subjects who were never exposed to the infection (n=35). Results have shown that the two groups produced similar levels of absolute counts and percentages of total lymphocytes, and various other immune cell types (Figures 1 Supplemental A–C). This is except for the percentage of CD8+ T cells (p<0.05, Figure 1 Supplemental B) which was higher in the naïve group (p<0.05, Figure 1 Supplemental C) whereas the CD4:CD8 ratio was higher in the recovered group (p<0.05, Figure 1 Supplemental B). This is consistent with the results of a recent study which demonstrated that both recovered and naïve groups produced similar humoral and cellular responses (32). In another recent study by Kuri-Cervantes et al. (6), the percentage of T cells and NK cells were found to be similar in the recovered group and the healthy subjects. This could lead to the conclusion that natural infection followed by vaccination or vaccination in naïve subjects can act similarly as an immune stimulus. However, one need to compare the level of the antigen-specific cells in both vaccinated groups.

The present study also carried out a comparison of the immune cell profile of the recovered and naïve subjects at 3-7 and 8-14 weeks following vaccination. The comparison demonstrated that there are no significant differences between the two groups in absolute counts and percentage of CD3+, CD4+ and CD8+ T cells, CD4:CD8 ratio, CD19+ B cells and NK cells (Figures 3A, B). Furthermore, no differences were noted between the two groups when the percentages of activated CD38+HLA-DR+CD8+T cells and HLA-DR+NK cells were analyzed (Figure 3C), whereas the percentage of CD38+HLA-DR+CD4+ T cells was significantly higher at 3-7 weeks compared to its level at 8-14 weeks of vaccination (p<0.05, Figure 3C). Furthermore, CD38+CD27+CD19+ ASCs were at a higher percentage 8-14 weeks than 3-7 weeks of vaccination (p<0.05, Figure 3C). A recent study demonstrated that circulating plasma cells secreting antibodies specific to S protein of SARS-CoV-2 peaked one week after the second immunization and then declined, becoming undetectable three weeks later (27).

In this study, there were no differences in most of the mounted immune responses between the naïve and recovered vaccinated subjects at 3-7 and 8-14 weeks post vaccination (Figures 3A–C). A recent study by Lozano-Ojalvo et al (32), has shown that the administration of two doses of Pfizer BioNTech mRNA vaccine leads to the production of similar humoral and cellular responses in both recovered and naïve groups. This similarity in the type of immune response produced following vaccination or infection followed by vaccination indicates that mRNA vaccines are able to induce immune response equivalent to that induced by infection. More detailed comparative studies are required, but a preliminary work has indicated that Pfizer-BioNTech BNT162b2 mRNA vaccine strongly induced SARS-CoV-2 specific CD8+ T cells, which was equivalent to natural infection (24). It has also been shown that there is no major difference in frequency and phenotype of memory T cells generated by natural infection and vaccination (22). In addition, infection followed by vaccination has been shown to induce an expansion of the existing spike-specific responses (22) and can lead to a more durable response (33). The pre-existing T cells in recovered patients was found to correlate with a better cellular and humoral response following mRNA vaccination (33). Thus, it would be interesting to study the duration of the protective response induced following vaccination in the recovered vs the infection-naïve subjects (33) as BNT162b2 is the first mRNA vaccine used on a large scale (34).

Interestingly, in COVID-19 patients, the percentage of CD8+CD38+HLA DR+ T cells demonstrated strong positive correlation with the percentage of CD4+CD38+HLA DR+ T cells (r=0.726, p<0.0001), which was not detected in the vaccinated subjects. A recent study shows that activation of CD4+ and CD8+ T cells expressing CD38+ and HLA-DR+ surface molecules was associated with each other and with the percentage of plasmablasts in patients with moderate and severe COVID-19 disease (6).

Elimination of a viral infection requires the interaction of various immune cell types including CD4+ T cells, CD8+ T cells, B cells NK cells and monocytes. Several previous studies and the present study demonstrate that the decreased immune cells subsets in SARS-CoV-2 infection is related to disease severity (7, 14, 19, 35, 36). Some recent studies suggested that the mechanism of lymphopenia is T cell exhaustion or dysfunction (24, 36). Other studies suggest that a strong immune response is produced which leads to immunopathology (16, 24). Autopsies showed high numbers of the virus in the respiratory tract and other tissues, which suggests ineffective immune responses (24, 37).

The dissection of the specific immune response is essential to find out correlates of protection against SARS-CoV-2 (24). This will also help in the identification of proper vaccination protocols that can help preventing pandemic recurrence due to new SARS-CoV-2 variants. Future studies can also investigate the use of lymphocyte subset counts or other immunological perturbations as prognostic markers of disease severity, mortality, and response to treatment in patients infected with SARS-CoV-2.

There are several limitations in the present study which include the predominance of males in the patients and healthy subject groups whereas females predominated the vaccinated group. In addition, both the HS and VS groups were younger than individuals with COVID-19 disease. We were also limited in the number of healthy individuals due to the difficulty getting healthy subjects who are not vaccinated at the time of peak pressure of SARS-CoV-2 infection. Another important limitation of the present study is that we could not compare the effect of one vs two doses of Pfizer BioNTech mRNA vaccine in individuals with pre-existing immunity. An infection with COVID-19 was shown to enhance both the cellular and humoral immune response to vaccination (38). Thus, it has been suggested in several recent studies that the second vaccine dose in recovered subjects with pre-existing immunity does not further increase their humoral immune response from the first dose, although the effect on T cells has not been studied yet (32, 39–42). More follow-up studies of the antigen-specific immune response in vaccine-only, infection-only, and vaccinated after infection groups should be carried out, in addition to the performance of functional studies of both T and B cells. Lastly, the cytokine storm syndrome was not evaluated in the current study.
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COVID-19 is caused by the human pathogen severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) and has resulted in widespread morbidity and mortality. CD4+ T cells, CD8+ T cells and neutralizing antibodies all contribute to control SARS-CoV-2 infection. However, heterogeneity is a major factor in disease severity and in immune innate and adaptive responses to SARS-CoV-2. We performed a deep analysis by flow cytometry of lymphocyte populations of 125 hospitalized SARS-CoV-2 infected patients on the day of hospital admission. Five clusters of patients were identified using hierarchical classification on the basis of their immunophenotypic profile, with different mortality outcomes. Some characteristics were observed in all the clusters of patients, such as lymphopenia and an elevated level of effector CD8+CCR7- T cells. However, low levels of T cell activation are associated to a better disease outcome; on the other hand, profound CD8+ T-cell lymphopenia, a high level of CD4+ and CD8+ T-cell activation and a high level of CD8+ T-cell senescence are associated with a higher mortality outcome. Furthermore, a cluster of patient was characterized by high B-cell responses with an extremely high level of plasmablasts. Our study points out the prognostic value of lymphocyte parameters such as T-cell activation and senescence and strengthen the interest in treating the patients early in course of the disease with targeted immunomodulatory therapies based on the type of adaptive response of each patient.




Keywords: SARS-CoV-2, COVID-19, lymphocytes, flow cytometry, disease severity



Introduction

Coronavirus disease 2019 (COVID-19) is caused by the human pathogen severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) and has resulted in widespread morbidity and mortality. The total number of lymphocytes, CD4+ T cells, CD8+ T cells and natural killer cells significantly decreases in COVID-19 patients, with the lowest levels in severe cases (1); in particular, a decrease in CD8+ T cells and an increase in plasmablasts in infected patients have been described (2, 3). COVID-19 severity and duration seem to be dependent on the early evasion of innate immune recognition, especially with defects in type 1 interferon pathways (2, 4, 5), and the subsequent kinetics of the adaptive immune response (6). Since severe COVID-19 is associated with high levels of IL-6, sepsis has been used as a prototype of critical illness for the understanding of severe COVID-19 pathogenesis. However, even if a low expression of human leucocyte antigen D related (HLA-DR) on CD14+ monocytes has been described in some patients, this pattern is distinct from the immunoparalysis state reported in bacterial sepsis or severe respiratory failure caused by influenza (7, 8).

CD4+ T cells, CD8+ T cells and neutralizing antibodies all contribute to control SARS-CoV-2 infection. However, heterogeneity is a major factor in disease severity and in immune innate and adaptive responses to SARS-CoV-2. Deep immune profiling of lymphocyte populations has been performed by using high dimensional flow cytometry, leading to the definition of different immunotypes: immunotype 1 characterized by CD4+ T cell activation, exhausted CD8+ T cells, presence of plasmablasts and associated with more severe disease, immunotype 2 characterized by less CD4+ T cell activation, the presence of effector CD8+ subsets and proliferating memory B cells, and immunotype 3 with minimal lymphocyte activation response and negatively associated with disease severity (9, 10). In another study conducted with principal components analysis and hierarchical clustering, a vast array of immunological parameters has been measured, with the description of three distinct phenotypes: a humoral response deficiency phenotype, a hyper-inflammatory phenotype and a complement-dependent phenotype (11). In the present study, we performed a fine analysis of lymphocyte subsets of SARS-CoV-2 infected hospitalized patients on the day of admission in order to better characterize the adaptive immune response and possibly define patient trajectories with different disease progression courses.



Materials and Methods


Ethics Statement

Overall 146 patients infected with SARS-CoV-2 were recruited in Grenoble Alpes University Hospital between March and September 2020, either in a retrospective (n=127) or in a prospective (n=19) study. Clinical and biological data were fully available for 125 patients (Supplementary Figure 1). The study was performed in accordance with the Declaration of Helsinki, Good Clinical Practice guidelines and CNIL (Commission Nationale de l’Informatique et des Libertés) methodology reference. Patients were informed and non-opposition (BioMarCoViD retrospective study) or written consent (AcNT-COVID-19 prospective study) was obtained, according to French law. Prospective study was approved by the relevant local ethics committee (N°IDRCB: 2020-A00904-35) and registered in clinicaltrial.gov (NCT04596098).

Laboratory confirmation for SARS-CoV-2 was defined as a positive result of real-time reverse transcriptase-polymerase chain reaction assay of nasopharyngeal swabs. Follow-up of the patients at days 3, 7 and 13 was carried out, and clinical data, oxygen requirements, intensive care unit (ICU) admission, steroid treatment, and laboratory data were collected for each time point; patients were classified in severity classes on the basis of oxygen requirement, ICU admission, limitation of therapeutic effort and mortality (Supplementary Table 1), as in (12).



Flow Cytometric Peripheral Blood Lymphocyte Analysis

Peripheral blood samples were collected in EDTA-containing tubes (Becton Dickinson). Cell staining was performed on whole blood samples using a direct immunofluorescence method with erythrocytes lysis and washing. Cells were stained with a panel of four 8-colour antibody combinations (Table 1). Clone and isotypes are detailed in Supplementary Table 2. The antibodies were used at the dilution recommended by the manufacturers. Acquisition was performed using BD FACSCanto-II flow cytometer (BD Biosciences, San José, CA) and analysis done with BD FACSDiva 8 software (BD Biosciences, San José, CA). The absolute numbers of subsets were calculated by multiplying their percentage by the total lymphocyte number obtained from an ABX MICROS 60 device (HORIBA ABX SAS, Montpellier, France). BD CompBeads (BD Biosciences) were used for compensation settings. Cytometer performances were checked daily using CS&T IVD beads (BD Biosciences). Gating strategy for lymphocyte subsets analysis is shown in Supplementary Figure 2. Immunophenotype of cell subsets is detailed in Table 2.


Table 1 | Panel of four antibody combinations used in the study.




Table 2 | Cell subsets and corresponding immunophenotypes.





Flow Cytometric Monocyte HLA-DR Expression Analysis

Peripheral blood samples were collected in EDTA-containing tubes which were kept on ice and rapidly routed to the laboratory. Whole blood (50 µl) was stained with 20 µl of QuantiBrite anti-HLA-DR/Monocyte mixture (QuantiBrite anti-HLA-DR PE (clone L243)/Anti-monocytes (CD14) PerCP-Cy5.5 (clone MΦP9), Becton Dickinson, San José, CA) at room temperature for 30 min in the dark. Samples were the lysed using the FACS Lysing solution (Becton Dickinson) for 15 min. After a washing step, cells were analyzed with BD FACSCanto-II flow cytometer and FACSDiva software version 8 (BD Biosciences, San José, CA). Monocytes were first gated out from other cells on the basis of CD14 expression and mHLA-DR expression was then measured on their surface (mono-parametric histogram) as median of fluorescence intensity related to the entire monocyte population (as recommended by manufacturer). These results were then transformed in AB/C (number of antibodies fixed per cell) thanks to calibrated PE-beads (BD QuantiBrite-PE Beads, Becton Dickinson).



Statistical Analysis

Hierarchical ascendant cluster analysis with the Ward method (13, 14) was used to identify groups of SARS-CoV-2 infected patients on the basis of immunophenotypic profiling. Immunophenotypic parameters were the following: leucocytes G/L, lymphocytes G/L, total CD3+ T cells G/L, total CD4+ T cells G/L, total CD8+ T cells G/L, total CD3+ T cells %, total CD4+ T cells %, total CD8+ T cells %, CD4+/CD8+, CD3-CD56+ %, naive CD4+ T cells %, central memory CD4+ T cells %, effector CD4+ T cells %, naive CD8+ T cells %, central memory CD8+ T cells %, effector CD8+ T cells %, CD8 CDRA+ CCR7%, regulatory T cells %, CD4-CD8-/CD3+ %, CD57+/CD4+ %, CD57+/CD8+ %, CD57%, CD56+/CD4+ %, CD56+/CD8+ %, HLA-DR+/CD4+ %, HLA-DR+/CD8+ %, CD25+/CD4+ %, CD25+/CD8+ %, total B cells G/L total B cells %, transitional B cells %, naive B cells %, natural memory B cells %, post germinal memory B cells %, plasmablasts %, post germinal switched memory B cells %, total NK cells G/L, total NK cells %, cytotoxic NK cells %, inflammatory NK cells %, immunomodulatory NK cells %, CD16- CD56- %, total monocytes %, non-conventional monocytes %. We added age, which might be a variation factor for some of the lymphocyte subpopulations (15). Analysis was performed using Stata 15 (StataCorp, College Station, TX, USA); the optimal number of clusters was chosen using selection criterions of Calinski-Harabasz and Duda-Hart. Biological meaning of the clusters was analyzed by screening the values of every parameter, between all clusters. ANOVA F-test was conducted for parameters with a Gaussian distribution, and a non-parametric Mann-Whitney test was run for other distributions. For significant results, a specific cluster by cluster tests were conducted to identify the significantly different cluster. This was conducted using Student tests for gaussian distributions.




Results


Study Population and Lymphocyte Subset Analysis

Median age of the patients was 70 years (IQR [56-78]), and most were male (n=74, 59%); median body mass unit (BMI) was 27 kg/m2 (IQR [23-32]. Mean time from symptom onset to hospital admission was 11 (sd 5.6) days. Overall, 68 (54.4%) patients were classified as severe, 41 (32.8%) have been admitted to ICU during their follow-up and 14 (11.2%) deceased; 51 (40.8%) patients were treated with corticosteroids during the follow-up (Table 3).


Table 3 | Description of the population.



The lymphocyte subpopulation analysis performed on the day of hospital admission is summarized in Supplementary Table 3. Lymphopenia was observed, with a median value of total lymphocyte count of 0.9 G/L (IQR [0.6-1.3]), affecting CD3+ cells (median 0.6 G/L [0.4-0.9]), CD4+ cells (median 0.4 G/L [0.2-0.6]), CD8+ cells (median 0.2 G/L [0.1-0.3]), NK cells (median 0.1 G/L [0.1-0.2]), and CD19+ cells (median 0.1 G/L [0.1-0.2]). Other characteristics found in the study population were: effector CD8+CCR7- T cells above normal value (median 64% [49-81]), elevated levels of CD19+CD38high plasmablasts (median 7% [3-18]), HLA-DR molecules on CD14+ monocytes (mHLA-DR) in normal ranges (median 35952 AB/C [19850-50973]) (5, 12, 13).



Clusters of SARS-CoV-2 Infected Patients According to Immunophenotypic Profiling

Five clusters of patients were identified regarding immunophenotypic profile (Supplementary Figure 3). Statistical analysis of each cellular subpopulation is reported in Supplementary Table 4; the main characteristics of patients in the different clusters are described in Table 4 and Figure 1.


Table 4 | Clusters of SARS-CoV-2 infected patients based on immunophenotypic profiling.



Some characteristics were observed in all the clusters, such as lymphopenia, an elevated level of effector CD8+CCR7- T cells (with extremely high levels in clusters 4 and 5) and an elevated level of plasmablasts (with extremely high levels in cluster 3).

Patients in cluster 1 were the youngest patients (mean age 56), with low T-cell activation (HLA-DR+/CD4+ mean 7% and HLA-DR+/CD8+ mean 21%) and very low T-cell senescence (CD57+/CD4+ mean 2% and CD57+/CD8+ mean 14%); no mortality was observed in this cluster. Patients of cluster 2 exhibited high T-cell activation (HLA-DR+/CD4+ mean 11% and HLA-DR+/CD8+ mean 34%) and high level of senescent T CD8+ cells (CD57+/CD8+ mean 33%). Cluster 3 was specifically characterized by an extremely elevated level of CD19+CD38high plasmablasts (mean 33%); T-cell activation was very high (HLA-DR+/CD4+ mean 17%; HLA-DR+/CD8+ mean 49%), with very low level of senescent T cells (CD57+/CD4+ mean 2% and CD57+/CD8+ mean 18%). Cluster 4 was characterized by an extremely high level of effector CD8+CCR7- T cells (mean 85%), a very high level of T-cell activation (HLA-DR+/CD4+ mean 16%; HLA-DR+/CD8+ mean 37%) and T-cell senescence (CD57+/CD4+ mean 19% and CD57+/CD8+ mean 52%). Similarly to cluster 4, cluster 5 was characterized by an extremely high level of effector CD8+CCR7- T cells (mean 84%), a very high level of T-cell activation (HLA-DR+/CD4+ mean 14%; HLA-DR+/CD8+ mean 48%) and CD8+ T-cell senescence (CD57+/CD8+ mean 44%); patients in cluster 5 were the oldest (mean age 79). To note, cluster 4 was the only cluster characterized by normal levels of CD8+ cells (mean 0.4 G/L) and a high level of effector CD4+CCR7- T cells (mean 39%) (Table 4; Figures 1, 2).




Figure 1 | Examples of lymphocyte immunophenotypic characteristics for each cluster of patients. (A) Effector memory lymphocytes are defined as CD197- (CCR7-) CD45RA+/- within CD4+ and CD8+ T cells. (B) Activated lymphocytes within CD4+ and CD8+ T cells are defined by HLA-DR expression (C) Senescent lymphocytes within CD4+ and CD8+ T cells are defined by CD57 expression. (D) Plasmablasts are defined within CD19+ IgD- CD27+ cells as CD38high CD27high cells. B PGM, post germinal memory B cells; Pb, plasmablasts.






Figure 2 | Boxplots representing the immunophenotypic characteristics of the five clusters of patients. Statistical analysis by hierarchical ascendant clustering discriminates the 125 patients with COVID-19 of the cohort in five distinct clusters according to the immunophenotypic variables (Supplementary Methods). Age was included in the model. Boxplots represent the median and the 25th to 75th percentiles, the whiskersrepresent the 10th and the 90th percentiles; outside values are represented by points.



Concerning patient characteristics, there was no statistically significant difference among the clusters for sex, BMI, C-Reactive Protein (CRP), classes of severity, O2 requirement and ICU admission. However, a significant difference was observed concerning mortality, with a higher death rate in clusters 2 and 5 compared with the other clusters (Table 5). The main characteristics defining the five clusters based on immunophenotypic profile are shown in Table 6 and Figure 3.


Table 5 | Overall comparison of clinical and biological characteristics between the clusters.




Table 6 | Major characteristics of the five clusters of patients.






Figure 3 | Main characteristics defining the five clusters based on immunophenotypic profile. Clusters are identified with their number, and positioned according to the mean value of the corresponding parameter.






Discussion

This study had the objective of performing a fine analysis of lymphocyte subsets in SARS-CoV-2 infected patients hospitalized in Grenoble Alpes University Hospital between March and September 2020. For this exploratory study, an unsupervised statistical method, called hierarchical ascendant classification (HAC), was chosen. By using this method, we could classify the patients in different clusters on the basis of immunophenotypic data and age of patients, only. The HAC method establishes the ideal number of clusters; clinical data do not interfere upstream in the cluster definition. Thus, this method identified five different clusters of patients. Once the clusters were identified, we examined whether there was a biological and clinical difference between the clusters.

Our results strengthen previous studies showing heterogeneous profiles of SARS-CoV-2 infected patients obtained by unsupervised clustering and pointing out that disease severity may be associated with different profiles of immune response (8, 15–18). Our study focuses on lymphocyte subpopulations, in patients recruited the day of their admission to the hospital and not treated yet. Interestingly, phenotypic clusters of immune response did not exhibit statistically significant differences neither concerning sex, BMI and CRP (parameters that are usually associated with a more severe outcome), nor with high-flow oxygen requirement and ICU admission; however, different mortality outcome could be pointed out.

Even if some characteristics were similar among the different clusters, such as lymphopenia, and an elevated level of effector CD8+CCR7- T cells, some other characteristics were very different: low lymphocyte activation and senescence in cluster 1, extremely elevated level of plasmablasts in cluster 3, high CD4+ and CD8+ T-cell activation in clusters 3, 4 and 5, and high CD8+ T-cell senescence in clusters 2, 4 and 5. The expansion of plasmablasts and plasma cells in some SARS-CoV-2 infected patients has been described (2, 9). Of note, the expression of HLA-DR molecules on circulating monocytes was in normal range in the study population, indicating that patients were mainly in a status of immunocompetence. Immunosuppression status which has been described in some studies (8) has been observed mainly in patients hospitalized in ICU.

Overall, exhibiting low levels of T-cell activation seems to be associated to a better disease outcome, as described in (9); on the other hand, exhibiting profound CD8+ T-cell lymphopenia, a high level of CD4+ and CD8+ T-cell activation and a high level of CD8+ T-cell senescence seems to be globally associated with a higher mortality outcome. The phenotype of exhausted T cells in SARS-CoV-2 infected patients has been described, with the expression of senescence and exhaustion markers such as CD57, PD-1 and CTLA-4 (17). In severe COVID-19 cases, the production of pro-inflammatory cytokines, including IL-1β, IL-6 and TNF-α, is increased leading to the generation of cytokine storm, inducing futher unfovarable outcome and may eventually lead to lymphopenia (19, 20).

In our study, we followed the classification of patients as severe if they required an oxygen therapy > 2 L/min; however many degrees of severity can exist in this group of patients. The lack of informations regarding oxygen therapy strategy, such as oxygen masks, CPAP or mechanical ventilation is a limitation of our study. Patients of our study were all hospitalized and recruited between March and September 2020. Therefore, we described here the immunophenotypic subset profiles of only severe cases from the first wave. It would be interesting to explore the profiles of not hospitalized patients with mild pathology, and those of patients infected with new circulating SARS-CoV-2 variants.

Our study suggests that some lymphocyte parameters might be useful to physicians to better characterize patients at hospital admission; in particular, identification of patients with potential mild (with low levels of T-cell activation) or very serious (with profound CD8+ T-cell lymphopenia, a high level of CD4+ and CD8+ T-cell activation and a high level of CD8+ T-cell senescence) evolution of the pathology could be helpful in order to treat them earlier and more appropriately. In this perspective, specific studies evaluating T-cell activation and senescence in a longitudinal patient follow-up are certainly needed.
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The global coronavirus disease 2019 (COVID-19) pandemic has lasted for over 2 years now and has already caused millions of deaths. In COVID-19, leukocyte pyroptosis has been previously associated with both beneficial and detrimental effects, so its role in the development of this disease remains controversial. Using transcriptomic data (GSE157103) of blood leukocytes from 126 acute respiratory distress syndrome patients (ARDS) with or without COVID-19, we found that COVID-19 patients present with enhanced leukocyte pyroptosis. Based on unsupervised clustering, we divided 100 COVID-19 patients into two clusters (PYRcluster1 and PYRcluster2) according to the expression of 35 pyroptosis-related genes. The results revealed distinct pyroptotic patterns associated with different leukocytes in these PYRclusters. PYRcluster1 patients were in a hyperinflammatory state and had a worse prognosis than PYRcluster2 patients. The hyperinflammation of PYRcluster1 was validated by the results of gene set enrichment analysis (GSEA) of proteomic data (MSV000085703). These differences in pyroptosis between the two PYRclusters were confirmed by the PYRscore. To improve the clinical treatment of COVID-19 patients, we used least absolute shrinkage and selection operator (LASSO) regression to construct a prognostic model based on differentially expressed genes between PYRclusters (PYRsafescore), which can be applied as an effective prognosis tool. Lastly, we explored the upstream transcription factors of different pyroptotic patterns, thereby identifying 112 compounds with potential therapeutic value in public databases.
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Introduction

The coronavirus disease 2019 (COVID-19) pandemic caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has killed 6 million people until May 2022 (1). COVID-19 patients present with different clinical symptoms ranging from mild cold-like symptoms to a high fever, pneumonia, and possibly acute respiratory distress syndrome (ARDS). In the development of severe COVID-19 disease, uncontrolled systemic hyperinflammation caused by a dysregulated immune response leads to the release of pro-inflammatory cytokines and chemokines, a condition that is known as cytokine storm (2). COVID-19 patients show elevated blood levels of many cytokines, including IL-1β, IL-2, IL-6, IL-7, IL-8, IL-10, IL-18, G-CSF, IP-10, MCP-1, MIP-1A, and TNF (3–6). This cytokine storm is closely related to lung damage, multiple organ failure, and a poor prognosis, according to recent research (4, 7–11). Concurrently, several studies have also shown that cytokine blockade can improve the survival rate of patients with COVID-19 (12–15).

A possible mechanism linking cytokine storm to organ damage is inflammatory cell death, namely pyroptosis and necroptosis. Pyroptosis has been intensely studied recently. Some patients with severe COVID-19 may develop a systemic cytokine storm because SARS-CoV-2 promotes cytokine storms by inducing pyroptosis in pro-inflammatory blood-born immune cells (16–19). However, only a few studies about necroptosis and cytokine storm in COVID-19 have been published thus far.

Pyroptosis is a mechanism of programmed cell death characterized by the inflow of sodium ions and water mediated by gasdermin proteins, resulting in cell membrane rupture, excessive cell swelling, and spontaneous release of cytosolic contents into the extracellular space (20). Gasdermin proteins, which consist of an N-terminus with membrane pore-forming activity and an inhibitory C-terminus, are the key regulators of pyroptosis. Upon inflammasome activation, caspase proteins, including caspase-1 and other non-canonical inflammasome caspases (e.g., caspase-4, caspase-5, and caspase-11), cleave gasdermin into two parts (21), thereby unleashing the pore-forming activity of the N-terminus. This N-terminus fragment of gasdermin binds to the cell membrane, forming pores and leading to pyroptosis (22). Pyroptosis triggers the rapid release of a slew of alarmins including, cytokines (IL-1β, IL-18), chemokines, and damage-associated molecular patterns (DAMPs), prompting an immediate response from surrounding immune cells and triggering a pyroptotic chain reaction (23). Thus, pyroptosis plays a key role in the emergence of a cytokine storm, according to recent research (17, 19, 24).

Although pyroptosis is crucial for innate immunity (25, 26), extensive pyroptosis can cause tissue inflammation, organ failure and death, as found in various diseases (27). For example, in atherosclerosis, cholesterol crystals and oxidized low-density lipoprotein cause macrophage pyroptosis, which leads to a massive release of cytokines, promoting inflammation and disease progression (28). In line with these findings, NLRP3 inflammasome or ASC inhibition, which prevent macrophage pyroptosis, can lower infarct size and improve heart function in an animal model of myocardial infarction (29, 30). Similar results have also been observed in alcoholic hepatitis (31), lupus erythematosus (32, 33), and even in the central nervous system (34).

In COVID-19 patients, various cells undergo pyroptosis, including leukocytes (monocytes, macrophages, mucosal-associated invariant T cells) and other type of cells (adipocytes, lung epithelial cells and endothelial cells) (16, 35–39). On the one hand, SARS-CoV-2 nucleocapsid can prevent Gasdermin D cleavage, thus reducing host pyroptosis and suppressing the immune response (40), in addition to inhibiting coronavirus infection by promoting non-classical secretion of β-interferon (41). On the other hand, SARS-COV-2 can stimulate macrophage GSDMD-mediated pyroptosis, which leads to the rapid release of pro-inflammatory cytokines and to a cytokine storm (17). In addition, the synergistic effect of TNF-α and IFN-γ can trigger GSDMD-mediated pyroptosis and promote a cytokine storm, thereby increasing mortality among COVID19 patients (42). However, in cats and dogs, deficiencies of the inflammasome and pyroptosis pathways (cats and tigers do not express AIM2 and NLRP1, and dogs do not express AIM2 and have a shorter form of NLRC4 than humans) may provide an evolutionary advantage against SARS-CoV-2 by reducing cytokine storm-induced host damage (43). Therefore, the role of pyroptosis in COVID-19 remains complex, requiring more comprehensive studies.

Based on transcriptome data of patients with or without COVID-19 available in public databases (GSE157103), we found that the leukocytes of ARDS patients with COVID-19 have considerably higher pyroptotic markers than patients without COVID-19. Moreover, at least two different patterns of pyroptosis occur in patients with COVID-19, one correlated with a poor prognosis and the other with a benign prognosis. These two pyroptosis patterns may be regulated by different upstream transcription factor networks, which could prove therapeutically valuable for drug development.



Materials and Methods


Obtaining RNA-seq Data from the GEO Dataset

From the GEO dataset, we retrieved RNA-seq data (GSE157103) of 126 ARDS patients, namely 100 COVID-19 patients and 26 non-COVID-19 patients, in addition to their clinical data, including gender, age, underlying disease status (diabetes), coagulation (D-dimer, ferritin, CRP, procalcitonin, fibrinogen), and hospital-free days post 45-day follow-up (HFD45), among other parameters. More specifically, HFD45 is defined as the number of days patients lived outside of a hospital from enrollment through death or the end of follow-up (44). The higher HDF45 is, the milder the disease and the better the prognosis will be.



Proteomic Data Collection from the MassIVE Database and Analysis

The label-free quantification (LFQ) intensities of 736 proteins of 126 ARDS patients were collected from Mass Spectrometry Interactive Virtual Environment (MassIVE) (MSV000085703). After calculating the logarithm of the FQL intensities, we used the R package “limma” to calculate the log2(Log2Fold of change) (log2FC) of 736 proteins between two PYRclusters. The 736 proteins were sorted from large to small by log2FC (not absolute value). Then, using the “org.Hs.eg.db” and “clusterProfiler” packages, gene set enrichment analysis (GSEA) was performed based on MSigDB gene sets C2, C5 and C7. Significant gene sets were identified when |Normalized Enrichment Score (NES)|>1 and False Discovery Rate (FDR) < 0.25.



Function and Pathway Analysis of DE Immune Genes

Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed using the “org.Hs.eg.db” and “clusterProfiler” packages. GO terms and KEGG terms were identified as significantly enriched when p.adjust < 0.05.



Estimation of Immune Cell Infiltration Fractions

Single-sample gene set enrichment analysis (ssGSEA) and “Cibersort” were used to analyze the immune cell infiltration fractions. The former was based on the list of Pan-cancer Immune Metagenes (45, 46).



Unsupervised Clustering of COVID-19 Patients

Based on RNA-seq data of 35 pyroptosis-related genes including AIM2, CASP1, CASP3, CASP4, CASP5, CASP6, CASP8, CASP9, ELANE, GPX4, GSDMA, GSDMB, GSDMC, GSDMD, GSDME, GZMA, GZMB, IL18, IL1B, IL6, NLRC4, NLRP1, NLRP2, NLRP3, NLRP6, NLRP7, NOD1, NOD2, PJVK, PLCG1, PRKACA, PYCARD, SCAF11, TIRAP, and TNF, we divided 100 COVID-19 patients into two clusters (PYRcluster) using the “nmf” package. We determine the k value based on the consensusMap function.



Construction of the PYRscore

The differentially expressed genes (DEGs) of two PYRclusters were identified using the “limma” package. Using the median of HFD45 as the cutoff value, COVID-19 patients were divided into two groups. The DEGs in these two groups were calculated using the limma package and subsequently applied for PCA analysis. PC1 and PC2 were used to construct the PYRscore (47).

	



Construction of the PYRsafescore Model

Based on the log2(TPM) of the 570 DEGs between PYRclusters and the HDF45 of each patient, we used the “glmnet” package to build a PYRsafescore model by LASSO regression. We determine the signatures of the model by selecting the lambda value with the smallest mean-squared error by 20-fold-cross-validation. The coefficients of the final signatures were used to calculate the PYRsafescore as follows: protective score = ∑ Coefficienti × Expression level of signaturei. Using the “caret” package, 100 patients were randomly divided into a training group and a test group with a ratio of 2:1. The model built with the training group data was validated in the test group. We used “ROCR” packages to plot receiver operating characteristic (ROC) curves and to calculate area under the curve (AUC) scores to evaluate model performance.



Transcription Factors Enrichment

First, based on the transcription factor targets (TFT) and their gene sets in MSigDB (48), we used the “clusterProfiler” package to enrich the transcription factors from DEGs between PYRclusters.

We then used the “CoRegNet” package to enrich the transcription factor co-regulatory network in COVID-19 patients from PYRcluster1 and PYRcluster2 based on the dataset of transcription factor targets (CHEA, ENCODE, and JASPAR Predicted Transcription Factor Targets, MotifMap and TRANSFAC Predicted Transcription Factor Targets, and TRANSFAC Curated Transcription Factor Targets) from Harmonizome (49, 50). Lastly, the network graph was plotted using the “ggraph” package.



Search for Drugs Targeting Transcription Factors

We used the transcription factors that we screened as keywords to search for the corresponding compounds on ChEMBL (51), thus screening active or repressed compounds based on their role in pyroptosis.



Statistical analysis

The Wilcoxon sum-rank test and the t-test were used to compare different groups, and the Pearson’s product-moment correlation test was used for correlation analysis. All statistical tests were two-sided, and a significant difference was defined as a p-value of 0.05. Power calculations were performed using the following R packages: “pwr” and “rstatix” at sig.level=0.05.




Results


Transcriptome Data Reveal the Pyroptosis Characteristic of Blood Leukocytes from COVID-19 Patients

A GEO dataset provided RNA-seq data and clinical data from 126 samples of 100 patients with COVID-19 and 26 patients without COVID-19 (GSE157103) (44). Initially, we assessed the expression levels of pyroptosis-related gene sets of all patients based on prior studies (52).

The expression of the pyroptosis-related genes AIM2, CASP1, CASP3, CASP6, CASP8, CASP9, GSDMA, GSDMC, GZMB, IL6, NLRP3, NLRP7, NOD1, NOD2, SCAF11, and TIRAP was significantly higher in blood leukocytes of COVID-19 patients, indicating that the level of pyroptosis was significantly increased (Figure 1A). NLRP3, NLRP7, NOD1, NOD2 are closely related to caspase activation (53, 54).




Figure 1 | (A) Boxplot of 35 pyroptosis-related genes’ relative expression between different types of patients. C: COVID-19 patients; NC: none-COVID-19 patients. (B) The Pearson’s correlation between 35 pyroptosis-related genes in COVID -19 patients, R value represents the Pearson’s correlation coefficient. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.



Subsequently, we outlined the correlation patterns of 35 pyroptosis-related genes in COVID-19 patients to investigate relationships between different pyroptosis-related genes. Although most of the 35 genes have a substantial positive association with other genes, several genes are nevertheless negatively correlated with other pyroptosis-related genes. ELANE, for example, is negatively correlated with AIM2, CASP1, CASP3, CASP4, CASP5, CASP6, CASP8, CASP9, GSDMB, GSDMC, GZMA, IL1B, IL6, NLRP1, NLRP2, NLRP3, NOD1, NOD2, PJVK, PLCG1, PRKACA, SCAF11, TIRAP, and TNF. Therefore, the expression of these pyroptosis-related genes in COVID-19 patients presents complex patterns (Figure 1B). Furthermore, each caspase is strongly and positively correlated with the others. For example, the linkage between GSDMA and caspases suggests that its cleavage is related to caspase-3/-6/-8/-9. CASP3 expression is highly linked to GSDME, in line with previous reports on caspase-3 cleavage of GSDME, releasing its activity (22).

By gene set variation analysis (GSVA), we studied changes in the biological function of leukocytes between the two types of patients. Mismatch repair, homologous recombination, replication, cell cycle, and p53 signaling are more enriched in leukocytes of COVID-19 patients, indicating severe cell damage during viral infection and ongoing damage repair (Figure 2A and Supplementary Table 1).




Figure 2 | (A) Gene set variation analysis (GVSA) analysis shows COVID-19 patients’ leukocytes may have been significantly damaged during viral infection and are undergoing damage repair. C: COVID-19 patients; NC: none-COVID-19 patients. (B) The abundance of leukocytes between the different types of patients. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no significance.



By single-sample gene set enrichment analysis (ssGSEA), we also compared the proportions of 28 immune cell types between the two groups and found that the numbers of various immune cells are much higher in COVID-19 patients than in non-COVID-19 patients, indicating a highly active immune response in COVID-19 patients (46) (Figure 2B and Supplementary Table 2). Surprisingly, the numbers of some immune cells, such as macrophage and cd56dim natural killer cells, were lower in COVID-19 patients than in the control group. This difference could be due to cell death caused by massive viral infection and increased pyroptosis (17, 55). Human dendritic cells and T lymphocytes (including CD4+ and CD8+) undergo pyroptosis via the AIM2-Caspase1-gasdermin D and the CARD8-Caspase1-gasdermin D axes (56, 57), respectively. Pyroptosis has also been identified in macrophages and neutrophils (58, 59). Although NK cells have not been documented to undergo pyroptosis on their own, they can participate in this process, playing a key role (60). These results suggests that blood leukocytes either directly undergo pyroptosis or have a synergistic role with pyroptosis in COVID-19 patients.

In summary, blood leukocytes exhibit substantial pyroptotic characteristics in COVID-19 patients.



COVID-19 Patients Showed Different Patterns of Pyroptosis

By non-negative matrix factorization based on 35 pyroptosis-related genes, we clustered the 100 COVID-19 patients into two clusters, PYRcluster1 and PYRcluster2 (Figure 3A and Supplementary Figure 1A). The best clustering result was found when k = 2, with no differences in age, gender, days admitted before enrollment, replacement therapy (pre-enrollment) or underlying disorders between the two clusters, which we called PYRclusters (Supplementary Figures 1B–E, 3A, B).




Figure 3 | (A) Consensus clustering matrix for k = 2. (B) The heatmap of 35 pyroptosis-related genes between the two PYRclusters. Red represents high expression; blue represents low expression. (C) Boxplot of significant pyroptosis-related genes’ relative expression between two PYRclusters. (D–F) The HFD45, ventilator-free days, D-dimer levels between the two PYRclusters. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no significance.



We first explored differences in the expression of pyroptosis-related genes between the two PYRclusters (Figures 3B,C and Supplementary Table 3) and found that PYRcluster1 has a higher expression of NLRC4, NLRP6, CASP5, CASP8, CASP9, GSDMC, and AIM2, whereas PYRcluster2 has a higher expression of GPX4, GSDMD, PYCARD, TNF, IL6, NLRP2, NLRP7, GSDMA, CASP6, GSDMB, NOD1, GZMA, and GZMB.

Subsequently, we found that PYRcluster2 has a higher hospital-free days post 45-day follow-up (HFD45), ventilator-free days and a lower proportion of mechanical ventilation than PYRcluster1 (Figures 3D, E and Supplementary Figure 3C), which suggests a better prognosis. The blood D-dimer level of PYRcluster1 is significantly higher than that of PYRcluster2 (Figure 3F), indicating hypercoagulation. Although albumin and hemoglobin of the two PYRclusters are mostly below the normal range (green dashed line), PYRcluster1 deviates further from the normal range than PYRcluster2. Other clinical features do not differ significantly between the two clusters (Supplementary Figures 2A–C). Based on these results, the highly expressed pyroptosis-related genes of PYRcluster1 may be associated with a poor prognosis. In line with our results, AIM2 and NLRC4 deficiency in dogs and cats provide a protective effect against SARS-CoV-2 by reducing cytokine storm-induced host damage (43).

We further determined differentially expressed genes (DEGs) using the “limma” package, with cutoff criteria of |logFC| >1 and p=0.05, totaling 570 DEGs, and employed Gene ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichments (Figure 4A and Supplementary Figure 2E). In addition, we determined the logFC of 736 proteins between two PYRclusters (FC=PYRcluster2/PYRcluster1) using “limma” from the proteomic data from the same study as the transcriptome data. Subsequently, we employed gene set enrichment analysis (GSEA) based on the log2FC of these proteins (Supplementary Figure 2D, Supplementary Table 4).




Figure 4 | (A) Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment of 570 DEGs Between two PYRclusters, “up” means these pathways of PYRcluster2 were upregulated when compared to PYRcluster1; “down” means these pathways were downregulated. (B) Leukocytes with significantly different expression levels among PYRclusters. (C) ImmuneScore calculated by “estimate” package between two PYRclusters. (D) Pearson’s correlation between expressions of 35 pyroptosis-related genes and abundance of leukocytes, R value represents the Pearson’s correlation coefficient. Annotated bars above and to the left indicate in which PYRcluster each pyroptosis-related gene or leukocyte is highly expressed.



Immune responses such as antigen recognition/presentation, immune cell activation, migration, and replication are relatively enhanced in PYRcluster2 (Figure 4A and Supplementary Figure 2E). Both transcriptome and proteomic results revealed hyperinflammation in PYRcluster1 (Supplementary Figure 2D, Supplementary Table 6). KEGG pathway enrichment data showed that “Coronavirus disease-COVID-19” pathways are markedly upregulated in PYRcluster2, underscoring a highly activated immune process unique to PYRcluster2. PYRcluster1 has a higher NO synthesis level than PYRcluster2, which may be related to the antiviral capacity of its patients (61–63). The highly activated stress response pathway may associated with severe damage caused by the virus and lead to higher levels of immune cell apoptosis in PYRcluster1 (Supplementary Figure 2D, Supplementary Table 6). Furthermore, PYRcluster1 has a markedly increased expression of cytokines, including IL-1, IL-6, IL-8, IL-10, and TNF (Supplementary Table 6), which are typical components of a cytokine storm and result in a poor prognosis (64, 65). Consistent with an increased D-dimer (Figure 3F), the neutrophil extracellular traps (NETs) that promote blood coagulation are highly expressed in PYRcluster1, promoting venous thrombosis and leading to poor prognosis (66, 67). In addition, AIM2, CXCR2 and UBE2W, which were significantly highly expressed in PYRcluster1, were included in the 20 genes associated with distinctly methylated CpG sites between mild and severe COVID-19 patients (68). Their odds ratios were all greater than 1, indicating that their downregulation is beneficial to COVID-19 patients. In conclusion, the two PYRclusters of COVID-19 patients exhibited distinct pyroptotic patterns and clinical features.



Different Pyroptotic Patterns are Associated with Different Leukocytes and Opposite Prognosis

SARS-CoV-2 viruses infect leukocytes and lead to immunodeficiency (69–71). We speculate that leukocyte pyroptosis helps to destroy the virus protective niche and release viruses from cells, thereby enhancing viral clearance and immune recovery. As a result, viruses released by pyroptosis may be further removed by phagocytic cells via phagocytosis.

We first assessed the proportion of different immune cells in the two PYRclusters by ssGSEA. Immune cells highly associated with antivirals, such as activated B, CD4/8+ T, Treg, and NK cells are highly expressed in PYRcluster2 (Figure 4B and Supplementary Figure 4A, Supplementary Table 7). PYRcluster1 had a higher proportion of pro-inflammatory neutrophils. Using “Cibersort”, we discovered PYRcluster2 had a higher proportion of anti-inflammatory M2 macrophages (Supplementary Figure 4A). The hemogram percentages of several cells, such as neutrophils, lymphocytes and monocytes, were consistent with the results of ssGSEA (Supplementary Figure 3F). We then used the “estimate” package to score the two clusters and found that PYRcluster2 shows a greater increase in immune cell infiltration than PYRcluster1 (Figure 4C). As shown in Figure 4D, the expression of characteristic pyroptosis-related genes of PYRcluster1 were significantly positively correlated with its expression of characteristic immune cells. For example, PYCARD, GPX4, GSDMD, GZMA, TNF, NOD1, IL6, NLRP7, CASP6, GSDME, PJVK, GSDMA, and NLPR2 are positively correlated with NK, NKT, regulatory T, γδ T, activated B, and Th17 cells, MDSCs, and monocytes (Figure 4D). Both these pyroptosis-related genes and immune cells are highly expressed in PYRcluster2 (Figures 3C, 4B). Furthermore, leukocytes have stronger phagocytic activity in GO enrichment results in PYRcluster2 than in PYRcluster1 (Supplementary Table 6). In contrast, pyroptosis in PYRcluster1 may produce several pathogen- and damage-related molecular patterns that increase cytokine storm, leading to multiple organ failure and poor prognosis.

We subsequently performed unsupervised clustering of all COVID-19 patients using 570 DEGs and all genes, respectively, yielding two more clusters: DEG and All-Gene clusters. The heatmap demonstrates that these additional clusters match a previous clustering based on the 35 pyroptosis-related genes (Figure 5A and Supplementary Figure 4B–D). These data suggest that distinct patterns of pyroptosis occur in COVID-19 patients, which can be represented by 35 pyroptosis-related genes.




Figure 5 | (A) Heatmap of the DEGs between the gene clusters, different clinical data was shown in the annotation. (B) Pyrscore between two PYRclusters. (C, D) Pearson’s correlations between pyrscore and ventilator-free days(C), HFD45 (D), R value represents the Pearson’s correlation coefficient; grey area represents the 95% confidence interval for the linear fit. The maximum value of ventilator-free days is 28 since this 28-day time frame was initially chosen because most subjects with ARDS will have died or been extubated by Day 28. (E) Mean-squared error (MSE) of different numbers of variables revealed by the LASSO regression model. The red dots represent the MSE values; the grey lines represent the standard error (SE); the two vertical dotted lines on the left and right, respectively, represent optimal values by minimum criteria and 1-SE criteria. “Lambda” is the tuning parameter. (F) AUC of patients in the training group and test group. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no significance.



To better elucidate differences in pyroptotic patterns between PYRcluster1 and PYRcluster2 and their correlation with prognosis, we created a pyroptosis score (pyrscore) (Supplementary Figure 4E). As shown in Figure 5B, PYRcluster1 has a higher score than PYRcluster2. HFD45 and ventilator-free days are negatively correlated with pyroptosis scores (Figures 5C, D), whereas sofa, APACHE-II, D-dimer, and CRP levels are positively correlated (Supplementary Figures 5A–D). In conclusion, PYRcluster1 and PYRcluster2 have different levels of immune response to SARS-COV-2 and pyroptotic patterns, resulting in distinct prognoses.



Development of A Predictive Pyroptotic Prognosis Model

Given that different pyroptotic patterns may have a significant impact on the prognosis of COVID-19 patients, we created a PYRsafescore model based on the HFD45 of COVID-19 patients and DEGs across PYRclusters by least absolute shrinkage and selection operator (LASSO) regression analysis. In a ratio of 2:1, 100 COVID-19 patients were divided into a training group and a test group, and the model was obtained in the training group. “Lambda-min” was chosen as the best value in the cross-validation procedure (Figure 5E and Supplementary Figures 5E). Lastly, based on the log2 value of the expression level of 10 genes, we established the following scoring model:

	

The area under the ROC curve (AUC) values of the model in the training and test groups were 0.907 and 0.879, respectively, indicating that our predictive model performs well (Figure 5F). HFD45 and PYRsafescore are positively correlated (Figure 6A), which suggests that a higher PYRsafescore indicates a better prognosis. In addition to HDF45, the correlation of other clinical variables with PYRsafescore, including sofa, ventilator-free days, APACHE-II, and CRP levels, also demonstrates that our model works effectively (Figures 6B, C and Supplementary Figures 6A, B). Additionally, the expression of these 10 genes between the two PYRclusters also has significant differences (Figure 6D). KEGG analysis indicates that they were closely related to the patient’s immune response (Figure 6E).




Figure 6 | (A, B, C) Pearson’s correlations between PYRsafescore and HFD45 (A), ventilator-free days (B), APACHE-II (C), R value represents the Pearson’s correlation coefficient; grey area represents the 95% confidence interval for the linear fit. (D) Heatmap of signature genes of PYRsafescore; expression of these genes was highly correlated with HFD45 and PYRsafescore. (E) Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment of signature genes of PYRsafescore. (F) Transcription factor enrichment of 570 DEGs between PYRclusters using “clusterProfiler” package based on MSigDB gene set: TFT (transcription factor targets) gene set.



In conclusion, our results proved that the newly created prognosis model has a considerable clinical predictive value.



Transcriptional Regulatory Networks and Potential Drugs in Different Pyroptosis Patterns

Using the “clusterProfiler” package, we first enriched DEGs across PYRclusters for transcription factors based on MSigDB Collections: “regulatory target gene sets” (Figure 6F). We further enriched the transcription factor regulatory networks for all transcriptome data of the two PYRclusters using the “CoRegNet” package. PYRcluster1 has the regulatory network with MNDA, TSC22D3, HMGB2, FOS, EEF1A1, TRIM22, NFKBIA as transcription factors, and PYRcluster2 has the regulatory network with FOS, MNDA, EEF1A1, DAZAP2, DDIT3, HCLS1, NFKBIA, TSC22D3, PTMA, and TRIM22 (Figure 7A and Supplementary Figure 6C, Supplementary Table 8). Notably, both PYRcluster1 and PYRcluster2 are regulated by FOS, EEF1A1, MNDA, and TRIM22.




Figure 7 | (A) Transcription factors regulatory network of PYRcluster1. “Degree” means the number of edges connected to the node. (B) Pearson’s correlation of differentially expressed pyroptosis-related genes and transcription factors in PYRclusters; R value represents the Pearson’s correlation coefficient. Annotation on the left represents in which PYRcluster each pyroptosis-related gene is significantly highly expressed. (C) Pearson’s correlation between different clinical data and transcription factors; R value represents the Pearson’s correlation coefficient.



Once SARS-COV-2 infects cells, EEF1A1 is critical for viral replication. Drug targeting EEF1A has robust antiviral effects in vitro (72). The nuclear factor-kappaB (NF-kappaB)/REL family of transcription factors are activated in response to DNA damage to regulate inflammation and apoptosis resistance (73, 74). Since NFKBIA is highly expressed in COVID-19 patients (75) and tripartite motif-containing (TRIM) 22 can activate NF-kappaB (76) to protect the host from viral infection (77), these two genes have a huge impact on immune disparities between the two PYRclusters. MNDA is a member of the family of hematopoietic interferon (IFN)-inducible nuclear proteins that promotes the degradation of the anti-apoptotic factor MCL-1 and apoptosis in myeloid cells (78, 79).

We then observed the correlation between these transcription factors and the expression of differentially expressed pyroptosis-related genes between PYRclusters and the clinical characteristics of all patients. The correlations between transcription factors and pyroptosis-related genes vary greatly, depending on the PYRclusters (Figure 7B). Pyroptosis-related genes highly expressed in PYRcluster1 are positively correlated with FOS, MAML1, DAZAP2, STAT6, STAT5B, ETS2, HCLS1, TSC22D3, HMGB2, MNDA, TRIM22, NFKBIA, and DDIT3, whereas genes highly expressed in PYRcluster2 are positively correlated with ZNF623, PSMB5, PTMA, EEF1A1, ETS1, CEBPA, and USF2. Moreover, some transcription factors positively correlated with pyroptosis-related genes in PYRcluster2 also have a positive effect on prognosis (Figure 7C).

Taken together, these findings show that distinct pyroptotic patterns may result from different upstream transcriptional regulation pathways. In light of this, we searched the ChEMBL database for compounds that promote or inhibit appropriate transcription factors based on diverse roles in prognosis (51). We screened a total of 112 compounds (Supplementary Table 9) and found that CHEMBL348436 (also known as Cirsimaritin) has the potential to regulate blood leukocyte pyroptosis in COVID-19 patients while simultaneously improving prognosis through FOS and NFKB1A inhibition. In fact, drugs targeting FOS have therapeutic effects in COVID-19 patients (80).




Discussion

Pyroptosis, a mechanism of programed cell death which leads to cell swelling and lysis, plays a key role in innate immunity by disrupting the pathogen replication niche and killing intracellular bacteria through pore-induced intracellular traps (25, 26). However, excessive pyroptosis may trigger an overactive inflammatory response, resulting in a cytokine storm and severe organ damage through IL-6, TNF and NETs (81–83).

The occurrence of a cytokine storm is a major factor in the progression of moderate-to-severe COVID-19. In the therapy of COVID-19, multi-organ failure induced by cytokine storm has become a significant issue (84). Despite the relevance of pyroptosis in the treatment of severe COVID-19 patients, research on COVID-19 and pyroptosis is currently limited. Some studies suggest that the elevated pyroptosis is not conducive to the treatment of the disease but closely related to SARS-CoV-2 infection and cytokine storm (17, 35, 42, 43). By contrast, other studies show that pyroptosis can also be beneficial in fighting SARS-CoV-2 infection (40, 41). A dual role for NLRP3 was reported in a recent study according to which inflammasome-dependent pyroptosis contributes to the hyperinflammatory state of the lungs. However, pyroptosis can release infectious virus, preventing a productive viral cycle, which can help to eliminate viruses (85). In conclusion, the role of pyroptosis in COVID-19 remains unclear.

From the transcriptome data of COVID-19 patients, we found that the blood leukocytes of COVID-19 patients have typical characteristics of pyroptosis. Of the 35 pyroptosis-related genes retrieved from the database, 19 are significantly elevated in COVID-19 patients. Using an unsupervised clustering approach with non-negative matrix factorization, we classified the COVID-19 patients into two populations with distinct pyroptosis patterns. PYRcluster1 featured high AIM2, CASP1, CASP4, CASP5, CASP8, GSDMC, IL1B, NLRC4, NLRP3, NLRP6, and SCAF11 expression, whereas PYRcluster2 featured high CASP6, GPX4, GSDMA, GSDMB, GSDMD, GZMA, GZMB, IL6, NLRP2, NLRP7, NOD1, PJVK, PLCG1, PYCARD, and TNF expression.

Although the most well-known pyroptotic pathway in the present study contain NLRP3, CASP1, and GSDMD (21), pyroptosis can be induced by different inflammatory caspases and involves varied gasdermin proteins, such as NLRC4, caspase-3, caspase-8, caspase-11/4/5 and GSDMC (20, 86–89).

In combination with other clinical information, we found that PYRcluster2 patients had a better prognosis, including a longer HFD45 and a lower ICU hospitalization rate. PYRcluster2 patients also had more immune cells and a higher immune score. Furthermore, the expression of immune cells was highly correlated with the expression of pyroptosis-related genes. To better elucidate the pyroptotic patterns and prognosis, we calculated the “pyrscore” to characterize different pyroptotic patterns and the “PYRsafescore” to better predict prognosis and assist clinical treatment. Higher PYRsafescore scores mean a better prognosis.

Lastly, by transcription factor enrichment, we identified the upstream transcription factors that regulate different pyroptotic patterns and screened a series of compounds with therapeutic potential in public databases.

Currently, only a few drugs are available for controlling SARS-CoV-2 infection, including monoclonal antibodies that neutralize viral proteins (90–92), drugs that inhibit viral replication (93), and new oral drugs from Pfizer and Merck, namely PAXLOVID and Molnupiravir, which inhibit viral replication and viral proteases, respectively (94, 95). Methods for managing excessive inflammatory response, which is the leading cause of severe COVID-19, are very limited and less effective (96): For example, heparin is widely used to prevent blood clots, and some immunosuppressants such as dexamethasone, IL-6 monoclonal antibodies and JAK kinase family inhibitors are used to inhibit inflammation (12–15, 97–99). Our results suggest that pyroptosis plays a key role in the generation of a hyperinflammatory immune response. Therefore, therapeutic strategies targeting pyroptosis have potential value in managing inflammation and hence reducing COVID-19 severity and mortality.

In conclusion, our data reveal different patterns of pyroptosis of blood leukocytes in patients with COVID-19, which is closely related to their prognosis. We speculate the mechanism underlying diverse prognoses is shown in Figure 8. Prognosis prediction models developed based on different pyroptosis patterns are highly valuable for COVID-19 treatment. In addition, compounds that target the transcription factor network that regulates the pyroptotic process may help to develop new drugs for the treatment of patients with severe COVID-19.




Figure 8 | Different patterns of pyroptosis of blood leukocytes in patients with COVID-19.
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The role of the mucosal pulmonary antibody response in coronavirus disease 2019 (COVID-19) outcome remains unclear. Here, we found that in bronchoalveolar lavage (BAL) samples from 48 patients with severe COVID-19-infected with the ancestral Wuhan virus, mucosal IgG and IgA specific for S1, receptor-binding domain (RBD), S2, and nucleocapsid protein (NP) emerged in BAL containing viruses early in infection and persist after virus elimination, with more IgA than IgG for all antigens tested. Furthermore, spike-IgA and spike-IgG immune complexes were detected in BAL, especially when the lung virus has been cleared. BAL IgG and IgA recognized the four main RBD variants. BAL neutralizing titers were higher early in COVID-19 when virus replicates in the lung than later in infection after viral clearance. Patients with fatal COVID-19, in contrast to survivors, developed higher levels of mucosal spike-specific IgA than IgG but lost neutralizing activities over time and had reduced IL-1β in the lung. Altogether, mucosal spike and NP-specific IgG and S1-specific IgA persisting after lung severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) clearance and low pulmonary IL-1β correlate with COVID-19 fatal outcome. Thus, mucosal SARS-CoV-2-specific antibodies may have adverse functions in addition to protective neutralization.


Highlights

Mucosal pulmonary antibody response in COVID-19 outcome remains unclear. We show that in severe COVID-19 patients, mucosal pulmonary non-neutralizing SARS-CoV-2 IgA persit after viral clearance in the lung. Furthermore, low lung IL-1β correlate with fatal COVID-19. Altogether, mucosal IgA may exert harmful functions beside protective neutralization.
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Introduction

The new pandemic coronavirus disease 2019 (COVID-19) is a highly transmittable mucosal viral infection. It is caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) (1), an enveloped positive-strand RNA virus (2). SARS-CoV-2 infection commonly induces fever, unproductive cough, myalgia, and fatigue and, in extreme cases, leads to the development of acute respiratory distress syndrome (ARDS) and progression from ARDS to death (3).

The SARS-CoV-2 viral membrane contains the spike (S), a viral glycoprotein essential for virus entry in target cells. The S protein is composed of two subunits, S1 and S2, which are cleaved by a serine-like protease (4). S1 contains the receptor-binding domain (RBD) that binds to the host cell receptor angiotensin-converting enzyme 2 (ACE2). The cleavage releases the S2 domain, which, in turn, mediates viral fusion in an endosomal compartment (4) as in other coronaviruses (5), resulting in cell infection and virus replication.

Given the tremendous effort made by the scientific community, 24 vaccines have been approved for use in humans as of July 2022 (6). While these findings are more than encouraging, the course that the pandemic will take due to vaccination can only be assessed in the long term. In addition, new epidemic waves arise due to the emergence of SARS-CoV-2 variants (7). Therefore, investigations on SARS-CoV-2 pathophysiology remain a priority, especially in the respiratory tract, the main portal of entry and replication site of the virus.

The humoral immune response against SARS-CoV-2 has been extensively evaluated in the serum of COVID-19 individuals (8). Seroconversion occurs between 7 and 14 days after the onset of symptoms in the majority of subjects. Antibody titers persist for weeks following virus clearance (9), and the neutralizing activity is detectable within a week after the onset of symptoms (3, 10).

Conversely, very limited data exist on the mucosal SARS-CoV-2-specific immune response, especially in the respiratory tract, the main portal of entry and replication site of the virus. Bronchoalveolar lavage (BAL) fluid is representative of the pulmonary microenvironment in terms of lung cell types, cytokines, and mucosal antibodies. BAL appears thus as an accessible fluid ideal for profiling the mucosal antibody response to SARS-CoV-2 during the course of the infection. IgA is the predominant antibody in mucosal regions, such as the respiratory tract (11) and the second most abundant after IgG in serum. The protective role of secretory IgA during COVID-19 was highlighted in different studies, most of them performed at a systemic level (12, 13). Sterlin et al. (13) measured the frequency of antibody-secreting cells and the presence of SARS-CoV-2-specific neutralizing antibodies in the serum, saliva, and BAL and found that the humoral response was dominated by IgA. Peripheral expansion of IgA plasmablasts with mucosal homing potential was detected shortly after the onset of symptoms. Serum IgA contribution to virus neutralization was higher than that of IgG, but spike-specific serum IgA decreased notably 1 month after the onset of symptoms. In contrast, saliva IgA remained detectable for up to 11 weeks post-infection (13). Which factors contributed to severe COVID-19 mucosal IgA in the lung remains unclear.

While serum monomeric IgA is produced by plasma cells in the bone marrow, secretory IgA is produced locally as dimeric IgA by plasma cells residing at the mucosal surfaces. Consequently, systemic and humoral immune responses are highly compartmentalized, and the systemic and mucosal humoral immune responses have different repertoires (14). A protective anti-SARS-CoV-2 IgA response in the lung may block infection and in turn transmission and is highly desirable for designing future protective vaccines (15–17). However, IgA may also play harmful roles in SARS-CoV-2 pathogenesis (18). Mucosal antibodies raised during infection may contribute to the protective hybrid immunity resulting from vaccination after COVID-19 recovery that appears superior compared with vaccination of SARS-CoV-2 naïve individuals or immunity raised by natural SARS-CoV-2 infection (19).

Memory B cells can expand and differentiate into antibody-secreting cells upon an antigenic challenge (20). The generation of memory B cells in the blood in the context of SARS-CoV-2 infection has been recently evaluated in several sophisticated studies (19, 21). Surprisingly, there is no evaluation of B cells in the lungs. In this context, BAL represents a valuable tool to explore this field in severe SARS-CoV-2-infected subjects.

A specific cytokine pattern has been shown to contribute to COVID-19 severity with the development of a cytokine storm syndrome accompanied by a hyperinflammation syndrome (22). The serum cytokine profile detected in COVID-19 severe cases includes increased production of IL-2, IL-7, granulocyte–macrophage colony-stimulating factor (GM-CSF), TNF-alpha, CXCL10, MCP1/CCL2, and MIP1-alpha (22). Hyperinflammation driven by SARS-CoV-2 infection is thus strongly correlated with COVID-19 mortality. The cytokine patterns at the local lung level and their contribution to COVID-19 have been recently reviewed elsewhere (23), but their correlation with mucosal IgG or IgA remains unclear. Therapeutic strategies for counteracting inflammation in COVID-19 severe cases are required for improving patient recovery from respiratory failure. To achieve this goal, it is mandatory to clarify the cytokine profile not only in serum but also in the lung.

In this study, we profiled the mucosal-specific IgA and IgG and their corresponding B cells in patients with severe COVID-19 stratified in two categories, either experiencing virus replication in the lung and after the virus  has been cleared from the lung. The neutralizing activities of these antibodies were evaluated as well as the mucosal cytokine profile in BAL. Correlations between these parameters and patient clinical outcomes reveal a signature associated with non survival.



Methods


Patients and ethical statements

This non-interventional study was approved by the institutional review board of the ethical committee for research (CER) of the University of Paris Saclay (CER-Paris-Saclay-2020-050) and conformed to the principles outlined in the Declaration of Helsinki. Accordingly, all participants were informed in writing about the study and were given the option to not participate. We studied prospective samples from 48 COVID-19 and 21 non-COVID patients admitted at the Cochin (Paris, France), Ambroise Paré (Boulogne-Billancourt, France), and Raymond Poincaré (Garches, France) Hospitals between March and June 2020. All patients had a COVID-19 diagnosis confirmed by SARS-CoV-2 RNA RT-qPCR in nasopharyngeal swabs at the hospital. Clinical data submitted by the participating centers were anonymized and encrypted.



Sample collection

BAL samples were collected as described (24) and processed as indicated in our recent study (25). Briefly, a volume of 50 ml of isotonic saline was injected with a recovery of 6 to 18 ml, and the collected fluid was processed within 3 h. BAL was passed through a 70 μm strainer and collected in a 50 ml tube. After the centrifugation of 500 g for 10 min, fluid was collected, aliquoted at 1 ml, and stored until use at −80°C in a biosafety level 3 (BSL3) laboratory. The BAL cells were resuspended in 10% dimethyl sulfoxide (DMSO) in fetal calf serum (FCS) and stored at −80°C until use in flow cytometry analyses. BAL fluids without cells were aliquoted in 60 μl fractions, inactivated at 56°C for 30 min in the BSL3 facility, and stored at −80°C for subsequent use.



Enzyme-linked immunosorbent assays

The concentration of total IgG and IgA in BAL secretions was measured by sandwich enzyme-linked immunosorbent assay (ELISA) as we described (26) using polyclonal goat antihuman IgG or IgA (Biosystems, Burlingame, CA, USA) for coating and polyclonal goat anti-human IgG (Nordic, Tilburg, The Netherlands) or polyclonal goat anti-human IgA (Nordic) for detection; standards were purified human serum IgG (Sigma, St. Louis, MI, USA; I2511) or purified human colostral IgA (Sigma, I2636). BAL IgG and IgA specific to SARS-CoV-2 S1, S2, RBD, and nucleocapsid protein (NP) were determined by an ELISA as described below. IgG and IgA anti-S1 detection was performed using the anti-SARS-CoV-2 ELISA Kit (EI 2606-9620 G and EI 2606-9620 A; Euroimmun, Mountain Lakes, NJ, USA) following the manufacturer’s instructions. IgG and IgA to NP were measured using the NOVATEC ELISA KIT according to the manufacturer’s instructions. For IgG and IgA anti-S2 and anti-RBD quantification, 96-well, flat-bottomed plates (Nunc-Immun Microwell, Thermo Fisher Scientific, Odense C, Denmark) were coated overnight at 4°C with 1 ng/well, or 100 ng/well, of SARS-CoV-2 spike S2 protein and SARS-CoV-2 spike RBD Wuhan protein (LifeTein, Somerset, NJ, USA) and recombinant human SARS-CoV-2 spike RBD variants Alpha (B.1.1.7), Beta (B.1.351), P.1 (Gamma), and Delta (B.1.617) (Diaclone, Besançon, France). After 24 h, a blocking solution (200 µl per well of bovine serum albumin (BSA) 2% diluted in phosphate-buffered saline (PBS) with 0.1% Tween 20 (PBST)) was added, and plates were incubated for 2 h at 37°C followed by five washes with PBST. BAL samples were diluted in PBST (1/50 and 1/100 dilution), and 100 µl of diluted samples were added to the plates for 2 h at 37°C. After several washes, goat anti-human IgG labeled with horseradish peroxidase (HRP) or goat anti-human IgA-HRP (Jackson Immunoresearch, Ely, UK) was added to each well for 1 h at room temperature. The reaction was developed with tetramethylbenzidine (TMB)-ELISA solution (Eurobio Scientific, Essonnes, Ile-de-France, France) for 15 min prior to stopping with H3PO4 (1 M). The absorption at 450 nM (OD450) was read on a Spectramax spectrophotometer (Molecular Devices, Wokingham, UK). Samples from COVID-19-negative subjects in the intensive care unit (ICU) were tested as negative controls. As for another mucosal sampling, the volume of mucosal BAL sampled in each individual varies from individual to individual for various reasons such as patient morphology and COVID-19 pathology specificities (27). Thus, to compare antigen-specific antibody isotype, IgG, and IgA, in the BAL, for each isotype, we normalized the OD450 values measuring specific binding to each antigen to the total antibody isotype concentration as we described earlier (26, 28, 29). Results are shown in arbitrary units (AU) calculated as follows: (OD450 measured in antigen-specific IgA or IgG ELISA/total IgA or IgG concentration (μg/ml)).

As internal standard control, the WHO International Standard (WHO IS, National Institute for Biological Standards and Control, NIBSC, UK, cod. 20/136) and the WHO Reference Panel (WHO RP, NIBSC, cod. 20/268) for anti-SARS-CoV-2 antibody were tested at 1:100 dilution in the ELISA for S1 and S2 and the Novatec kit for NP to check the concordance with our results, as previously described (30).

For the detection of IgA-SARS-CoV-2 immune complexes, ELISA was performed as above, except for the coating conditions. Plates were coated with the polyclonal rabbit anti-SARS-CoV-2 spike (Genetex GTX135356) at 50 ng/well. Specificity was established using BAL from three different non-COVID individuals. These values were considered as background and subtracted from the presented data.



Cell lines

HEK 293T/17 cells were obtained from the American Type Culture Collection (ATCC, Manassas, VA, USA) and cultured in Dulbecco’s modified Eagle medium (Lonza, Basel, Switzerland) supplemented with 10% fetal bovine serum, 100 units/ml of penicillin, and 100 µg/ml of streptomycin (Euroclone, Pero, Italy). HEK 293T/17-ACE2/TMPRSS2 cells were generated by co-transfection of pCAGGS encoded human ACE2 and human TMPRSS2 using FuGENE® HD Transfection Reagent (Promega, Madison, WI, USA) according to the manufacturer’s instruction. After 24 h, cells were detached and used for downstream assays.



Production of SARS-CoV-2 pseudotyped viruses

A lentivirus-based SARS-CoV-2 pseudotyped virus (PSV) was generated, as previously described (31). Briefly, HEK 293T/17 cells were co-transfected with a SARS-CoV-2 spike encoding plasmid, a p8.91 HIV Gag-pol packaging construct, and a pCSFLW plasmid encoding a firefly luciferase reporter using Fugene® HD transfection reagent, according to the manufacturer’s instruction. To generate PSVs of the SARS-CoV-2 variants of concern, spike plasmids encoding the mutations for Alpha (B.1.1.7), Beta (B.1.351), and Gamma (P.1) were commercially synthesized and used instead. Cells were incubated for 48 h prior to collecting and filtrating supernatant containing PSVs, using a 0.45 µm cellulose acetate filter. PSVs were then aliquoted and stored at −80°C.



Titration of SARS-CoV-2 pseudotyped viruses

Viral titers were determined by transducing 104 HEK 293T/17-ACE2/TMPRSS2 cells with twofold serial dilutions of PSVs to each well of a 96-well titration plate, as previously described (31) After 48 h post-incubation at 37°C 5% CO2, firefly luciferase expression was quantified by the Bright-Glo™ assay luciferase system (Promega) and the VICTOR X Light Luminescence Plate Reader (PerkinElmer, Waltham, MA, USA). Each relative luminescence unit (RLU) value obtained at different PSV dilution points was converted into RLU/ml, and the arithmetic mean of these concentrations was considered as the PSV production titer (expressed as RLU/ml).



Pseudotype-based microneutralization assay

Neutralization activity of previously heat-inactivated (56°C for 30 min) plasma from COVID-19 patients was measured using a single round PSV infection of HEK 293T/17-ACE2/TMPRSS2-transfected cells. Plasma collected prior to the emergence of SARS-CoV-2 was used as negative controls. Neutralization assays were performed by incubating 106 RLU of SARS-CoV-2 Wuhan, Alpha, Beta, or Gamma pseudotyped viruses with endpoint twofold serial dilutions of BAL samples (starting from 1:5) at 37°C 5% CO2 for 1 h before addition of 104 HEK 293T/17-ACE2/TMPRSS2 cells per well. All samples were measured twice in duplicate. After 48 h at 37°C, the cells were lysed, and luciferase activity was measured as previously reported (32). Neutralization titers were converted into half-maximal inhibitory concentration (IC50) using Prism software, as previously described (32).



Flow cytometry

BAL cells were thawed from frozen aliquots and fixed with 4% paraformaldehyde (PFA) for 30 min. After successive washes with PBS-BSA, cells were incubated for 30 min, at room temperature, with the following antibodies coupled to fluorophores diluted in permeabilization buffer (PBS 0.1% Saponin 2% FCS): CD3 Pacific Blue (BD ref: 558117, 1:20 v/v), CD19 APC-H7 (BD ref: 560177, 1:40 v/v), CD27 PE (BD ref: 566944, 1:20 v/v), CD21 PE-Cy7 (BD ref: 561374, 1:20 v/v), CD38 BV711 (BD ref: 563965, 1:40 v/v), and CD138 APC (BD ref: 347216, 1:20 v/v). Then, cells were labeled with either human fluorescein isothiocyanate (FITC)-conjugated IgA (Jackson ref: 309-095-011, 1:100 v/v) or human FITC-conjugated IgG (Jackson ref: 709-096-149, 1:50 v/v). Cells were then analyzed by flow cytometry (Guava easyCyte 12HT base system, Millipore, Billerica, MA, USA) using a gating strategy shown in Supplementary Figure 1 to evaluate various B-cell subset frequencies.



Cytokine analyses

After frozen aliquots of BAL fluid were thawed, samples were directly processed for multiplex detection of the following cytokines, according to the distributor’s instructions: MIP-1α, G-CSF, M-CSF, IL-1α, IL-1β, IL-6, IL-8, TNF-α S100A8, S100B, and CXCL4 (R&D Luminex, R&D, Austin, TX, USA). Samples were analyzed in a Bio-Plex 200 system (Bio-Rad, Hercules, CA, USA) following the manufacturer’s instructions.



Statistical analysis

Analysis of data was performed using Microsoft® Excel 2011 and GraphPad Prism® version 9 (GraphPad software). Summary statistics, mean with standard error of the mean (SEM) and percentages, are shown. Statistical tests were performed considering non-normal distributions (non-parametric tests, unpaired Mann–Whitney test, or paired Wilcoxon test, as indicated). Correlations were assessed by two-tailed Spearman’s correlation coefficients. All tests were two-sided with p-values of 0.05 or less denoting statistical significance. The results are presented as box or violin plots with individual values represented as dots.

Univariate and multivariate logistic regression models were used to assess predictors of hospital mortality, with odds ratio (OR) and 95% confidence intervals [95% CIs] used as the measure of association with the outcome.

Bayesian logistic regression was applied to BAL cytokine measurements using the RStanArm package in the R language.




Results


The presence of SARS-CoV-2 in bronchoalveolar lavages from individuals with severe COVID-19 defines an active virus replication phase in the nasopharyngeal mucosa

A total of 69 BAL samples were collected from SARS-CoV-2-infected (severe COVID-19, n = 34) and non-infected (non-COVID-19, n = 21) individuals in the intensive care unit between March and June 2020 whose clinical data are summarized in Table 1. Samples were obtained at the enrolment, and 10 individuals provided longitudinal samples. Furthermore, BAL samples were stratified in two groups according to viral gene detection, referred to as SARS-CoV-2+ BAL (mean viral load in BAL: 3.27 × 106 ORF1 copies/ml ± 2.11 × 106), and RT-qPCR negative, referred to as SARS-CoV-2 neg BAL (no detectable viral load in BAL). The experimental design and the cross-sectional sampling during the disease course of the patients are shown in Figures 1A, B respectively.


Table 1 | Clinical data of individuals involved in the study.






Figure 1 | Total and specific IgG and IgA in BAL from SARS-CoV-2-infected and non-infected individuals. (A) Graphical representation showing the overall study design and the characteristics (number, age, body mass index (BMI), sex (F = female, M = male), diabetes, and fatality rates) of the individuals included in the study. Illustration with images from Servier Medical Art, licensed under the Creative Commons Attribution 3.0 Unported License. (B) Timeline of the course of disease for enrolled patients infected with SARS-CoV-2. (C) SARS-CoV-2 containing (SARS-CoV-2+) samples correspond to the early phase, whereas those lacking virus (SARS-CoV-2−) correspond to a late phase of the disease. Violin plots of time from onset of symptoms to sampling for each sample in SARS-CoV-2+ and SARS-CoV-2− BAL. p-Values were calculated by using Mann–Whitney test. (D) Comparison between values of total IgG and IgA (μg/ml) in BAL from SARS-CoV-2-infected individuals (SARS-CoV-2+ and SARS-CoV-2− BAL) and COVID-19 non-infected individuals. p-Values were calculated by using Wilcoxon test: *, p < 0.05; **, p < 0.01; ****, p < 0.0001. Dashed line: cutoff value for antibody detection. Negative values are not shown. BAL for bronchoalveolar lavage.



When the presence of SARS-CoV-2 in BAL was correlated to patient clinical data, the mean time from the onset of symptoms to sampling was shorter for virus-containing BAL (22 ± 4.4 mean days) compared to virus-free BAL (38 ± 3 mean days, p = 0.003, unpaired Mann–Whitney test, Figure 1C). Although they partially overlapped due to the heterogeneous dynamic of viral persistence (33, 34), the two groups appeared thus to be statistically significantly different when stratified by time from onset of symptoms. We therefore associated the presence of the virus in BAL with the phase of the disease (35). SARS-CoV-2+ BAL corresponded to an early phase of virus replication, whereas SARS-CoV-2 neg BAL corresponded to a late phase of the infection when after the virus  has been cleared from the lung. Accordingly, SARS-CoV-2+ BAL and SARS-CoV-2 neg BAL are referred to as BAL from the early and late phases of COVID-19 disease, respectively.



Bronchoalveolar lavages from individuals with severe COVID-19 are a suitable fluid to investigate the presence of SARS-CoV-2-specific IgG and IgA antibodies

To study the dynamics of the lung humoral anti-SARS-CoV-2 immune response in severe COVID-19, we first quantified the presence of total IgG and IgA in BAL samples by ELISA (Figure 1D). Although monomeric IgA can be present in BAL, the prevalent class of antibodies in BAL is mucosal secretory IgA (13). We thus refer in the following to IgA as mucosal IgA. Total IgG and IgA were detected in >90% of early COVID-19 samples, whereas the proportion decreased to >65% in late COVID-19 samples when the virus was undetectable. The concentration of total IgG was statistically higher than that of IgA in all BAL samples from COVID-19 patients (early COVID-19 sample mean 82 ± 22 μg/ml for IgG vs 27 ± 8.1 μg/ml for IgA, p < 0.0001, late COVID-19 sample mean: 27 ± 8.1 μg/ml for IgG vs 9 ± 3.8 μg/ml for IgA, p = 0.01).



Spike- and N-specific IgA and IgG mucosal responses develop when the virus replicates in bronchoalveolar lavages and persist after virus elimination with more abundant specific IgA than IgG

S1, which includes the ACE2 RBD, and S2 subunits, accessible at the virus surface, are likely targets for COVID-19 protective antibodies. The internal NP, the most abundant in infected cells, offers a sensitive marker of infection (36). IgG and IgA targeting these antigens were quantified in all BAL samples from severe COVID-19 patients.

We found that 27%, 33%, 47%, and 50% of SARS-CoV-2+ BAL had IgG to S1, S2, RBD, and NP, respectively, and 33%, 40%, 53%, and 57% had IgA specific to S1, S2, RBD, and NP, respectively (Figure 2A). The S1-specific IgA and RBD-specific IgA were slightly higher than IgG (no statistical differences due to low sample numbers). Conversely, IgA specific for S2 and NP was statistically significantly higher than IgG (32 ± 7.6 for S2-IgA vs 5.5 ± 2.3 for S2-IgG, p = 0.01; 62 ± 3.2 for NP-IgA vs 3.7 ± 1.4 for NP-IgG, p = 0.03).




Figure 2 | S1-, RBD-, S2-, and NP-specific IgG and IgA in SARS CoV-2+ vs SARS-CoV-2− BAL. (A) S1-, S2-, RBD-, and NP-specific IgG and IgA responses in SARS-CoV-2+ BAL (B) S1-, S2-, RBD-, and NP-specific IgG and IgA responses in SARS-CoV-2− BAL. (A, B) Proportion of specific IgG or IgA over total IgG or IgA measured by ELISA. Specific (OD450)/total IgA or G (μg/ml) are shown. p-Values were calculated by using Mann–Whitney test: *, p < 0.05; **, p < 0.01; ***, p < 0.005. (C) Correlations between specific S1-, RBD-, S2-, and NP-specific IgG antibodies in SARS-CoV-2+ BAL (red dots) and SARS-CoV-2− BAL (gray dots) and onset of symptom to sampling date (days). (D) Correlations between S1-, RBD-, S2-, and NP-specific IgA antibodies SARS-CoV-2+ BAL (red dots) and SARS-CoV-2− BAL (gray dots) and onset of symptom to sampling date (days). (E) Correlation between specific S1, RBD, S2, and NP IgA and IgG antibodies in SARS-CoV-2+ BAL individuals. (F) Correlation between S1-, RBD-, S2-, and NP-specific IgA and IgG in SARS-CoV-2− BAL individuals. All correlations were calculated using Spearman’s test. RBD, receptor-binding domain; NP, nucleocapsid protein.



Similarly, late in COVID-19 infection when virus replication was resolved, 38%, 59%, 50%, and 20% of SARS-CoV-2 neg BAL had IgG to S1, S2, RBD, and NP, respectively, and 65%, 65%, 55%, and 26% had IgA to S1 and S2, RBD, and NP, respectively (Figure 2B).

The same IgA to IgG ratio was observed in late SARS-CoV-2 neg BAL samples as shown in Figure 2B, with S1-specific IgA statistically significantly higher than IgG (112 ± 30 vs 19 ± 6.4 respectively, p = 0.02). S2-specific IgA was higher than IgG (69.5 ± 19 vs 26 ± 10 respectively, p = 0.02), whereas anti-NP of both isotypes was present in an equal proportion of patients (55% vs 50%, respectively). Finally, following the same pattern, N-specific IgA was higher compared to IgG (mean N-specific IgA and IgG: 44 ± 13 vs 15 ± 6.2 respectively, p = 0.007).

We next correlated the anti-S1, RBD, S2, NP IgG and IgA responses with the onset of symptoms to sampling to evaluate the antibody kinetic. As shown in Figure 2C, SARS-CoV-2-specific IgG was detected early during the infection in SARS-CoV-2+ BAL. S1 and NP-IgG persisted during the disease and after viral clearance from the lung, whereas S2-IgG slowly decreased in SARS-CoV-2 neg BAL. RBD-specific IgG declined once the virus was eliminated from the BAL (Figure 2C, gray dots). Kinetics of the specific IgA responses mirrored that of the IgG: specific antibodies appeared at the initial phase of infection (SARS-CoV-2+ BAL, Figure 2D, red dots) and persist over time (SARS-CoV-2− BAL, Figure 2D, gray dots).

The specific level of BAL IgA anti-S1, anti-RBD, anti-S2, and anti-NP correlated with that of IgG in both the early (Figure 2E) and late phases (Figure 2F) of COVID-19. In SARS-CoV-2+ BAL, corelation between IgG and IgA was higher for S1 (0.8, p = 0.001) followed by RBD-specific response (r = 0.5, p = 0.001) (Figure 2E). The strongest correlation in SARS-CoV-2 neg BAL patients was observed for anti-S2 and anti-NP IgA and IgG (r = 0.6, p = 0.0002) followed by S1 (r = 0.4, p = 0.005, Figure 2F). These results show that IgG and IgA simultaneously evolve during severe COVID-19 development, independently of viral replication.

In summary, severe COVID-19 patients are capable of mounting a virus-specific mucosal immune response, which persists after virus elimination with higher levels of IgA than IgG.



Bronchoalveolar lavages from COVID-19-infected individuals contain IgA-SARS-CoV-2 immune complexes

Unexpectedly, although in agreement with other studies on serum samples, a small but significant fraction (12%) of the BAL tested in our study had no detectable IgA against all antigens tested. In line with our findings, a recent study demonstrated that a high proportion of patients had neither detectable viral-specific IgG nor IgA in their nasopharyngeal compartments (37), although the reasons underlying these findings were not studied.

We hypothesized that the presence of IgG or IgA immune complexes (ICs) could prevent the detection of anti-SARS-CoV-2 antibodies in these samples, in line with the recent report that ICs are potential determinants of the cytokine storm in severe COVID-19 (38). We thus established an ELISA to measure IgG and IgA complexed with spike antigens (Figure 3).




Figure 3 | BAL from SARS-CoV-2-infected individuals contain IgG- and IgA-spike immune complexes (ICs). (A) Anti-spike IgG ICs were detected in 32 of the 48 samples analyzed by ELISA. Indicated with a red asterisk are individuals who had undetectable levels of IgG anti-spike/NP antibodies. (B) Anti-spike IgA ICs were detected in 25 of the 48 samples analyzed by ELISA. Indicated with red asterisk are individuals who had undetectable levels of IgA anti-spike/NP antibodies. (C, D) Comparison of presence of ICs made of spike with IgG (c) or IgA (D) in SARS-CoV-2+ BAL individuals and SARS-CoV-2− BAL subjects. p-Values were calculated by using Mann–Whitney test: *, p < 0.05. (E, F) Comparison of presence of ICs made of spike with IgG (E) or IgA (F) in survivors vs non-survivors. (G, H) Correlation between specific S1 and levels of ICs made of spike with IgG (G) or IgA (H). Correlations were calculated using Spearman’s test. BAL, bronchoalveolar lavage; NP, nucleocapsid protein.



IgG-spike ICs were detected in 32 of the 48 samples analyzed (66%, Figure 3A). Interestingly, five out of 11 individuals negative for specific IgG against S1, RBD, S2, and NP (CA4, CC31, CA32, CC44, CA53, CA59, CA98, and CA30) had detectable levels of IgG-spike ICs (CC44, CA53, CA98, CA30, and CA58; Figure 3A, red asterisks), indicating that spike-specific IgG is present in these BAL but remains associated with the virus or free spike. Regarding IgA, spike ICs were present in 25 of the 48 samples analyzed (52%, Figure 3B). Remarkably, four out of six individuals negative for specific IgA against S1, RBD, S2, and NP (CA4, CC51, CC89, CA30, CA58, and CA77) had detectable levels of IgA-spike ICs (CA4, CC51, CC89, and CA30; Figure 3A, red asterisks), mirroring what we measured in the case of IgG. IgG-spike ICs were detected in the same proportions in either the early or late phase of the infection (Figure 3C). On the contrary, IgA-spike ICs were predominant in individuals with no virus in BAL, in the late phase of infection (mean SARS-CoV-2+ BAL vs SARS-CoV-2 neg BAL 0.12 ± 0.009 vs 0.15 ± 0.007, p = 0.03, Figure 3D).

The presence of both IgG and IgA ICs was not associated with survival (Figures 3E, F respectively). However, we revealed that three out of the four individuals with detectable levels of IgA-spike ICs but undetectable anti-spike IgA underwent a fatal issue (Figure 3F, red dots).

Finally, anti-S2 IgG statistically correlated with IgG ICs (p = 0.008, r = 0.4, Spearman’s correlation, Figure 3G) and anti-S1 IgA with IgA ICs (p = 0.008, r = 0.4, Spearman’s correlation, Figure 3H).

Altogether, these results demonstrate that BAL from SARS-CoV-2-infected individuals contain IgA-spike ICs, which were more predominant in the late phase of the infection. Furthermore, IgA ICs might impair direct detection of spike-specific IgA by direct ELISA, and more importantly, IgA ICs in BAL might be adverse for patient disease development, most likely by stimulating myeloid cells via Fc-alpha receptors, as shown recently for IgG via Fc-gamma receptors (39, 40).



Mucosal IgG and IgA targeting the receptor-binding domain from the ancestral SARS-CoV-2 cross-reacted with receptor-binding domain from emerging variants

The emergence of SARS-CoV-2 variants roused the question of whether the humoral response developed against the ancestral virus could offer cross-protection against the genetic variants. The spike protein is the main viral protein subjected to mutations, especially in the RBD, the principal spike subunit targeted by neutralizing antibodies. The N501Y mutation is the main mutation detected in the Alpha (B.1.1.7) variant that appeared in the United Kingdom (7, 41). The B.1.1.7 variant emerged independently in South Africa (42), whereas the Gamma variant (P.1) appeared in Brazil due to travelers from Japan and the B.1.617.2 Delta variant in India (43). A significant cross-protection of vaccinated individuals is detected against these new variants (44–46). The cross-reactivity of mucosal antibodies elicited from patients during natural SARS-CoV-2 infection remains unknown.

Therefore, we evaluated whether mucosal anti-RBD IgA and IgG elicited toward the Wuhan virus in the BAL we collected would cross-react with the RBD from the Alpha (B.1.1.7), Beta (B.1.351), Gamma (P.1), and Delta (B.1.617) variants. When tested in ELISA, >50% of the BAL samples had IgG cross-reacting with the Alpha, Beta, and Gamma RBD variants (52% to Alpha, 61% to Beta, and 50% to Gamma; Figure 4A), whereas 43% cross-reacted with the Delta RBD variant, all compared with 52% of the Wuhan ancestral RBD (Figure 4A). Moreover, quantitatively, the level of IgG specific to the Delta RBD was lower than that of the Alpha (mean, 10 ± 3.1 vs 37 ± 14 respectively, p = 0.005) and the Beta ones (mean, 10 ± 3.1 vs 22 ± 5.9 respectively, p = 0.0005). In contrast, IgA targeting the Alpha, Beta, and Gamma RBD variants was only detected in 25% to 47% of the study population (Figure 4B). However, 50% of the samples had IgA specific to Delta RBD (Figure 4B), compared with the 43% IgG response. Of note, 18% and 11% of the individuals failed to raise IgG and IgA, respectively, against any of the variants or to the RBD Wuhan variant. In contrast, 15% and 5% of the individuals had IgG and IgA against all variants (including the ancestral Wuhan one), respectively. Finally, only 7% and 9% of the individuals developed IgG and IgA, respectively, to the sole Wuhan RBD (Figure 4C).




Figure 4 | IgG and IgA antibodies from BAL from SARS-CoV-2-infected individuals against RBD protein from SARS-CoV-2 Alpha (B.1.1.7), Beta (B.1.351), Gamma (P.1), and Delta (B.1.617) variants. (A) Specific IgG responses against Alpha, Beta, Gamma, and Delta RBD in BAL from SARS-CoV-2-infected individuals. (B) Specific IgA responses against Alpha, Beta, Gamma, and Delta RBD in BAL from SARS-CoV-2-infected individuals. (A, B) Proportion of specific IgG or IgA over total IgG or IgA measured by ELISA (specific (OD450)/total IgA or G (μg/ml)) are shown. (C) Pie charts showing the percentages of the different responses of IgG (left) and IgA (right) to Wuhan RBD and the different variants. (D–H) Comparison between specific IgG and IgA responses detected against the RBD from ancestral Wuhan strain (D), Alpha (E), Beta (F), and Gamma (G)and Delta (H) variants. Correlation between IgG (I) and IgA (J) specific to Wuhan RBD and IgG and IgA antibodies specific for Alpha, Beta and Gamma variants. Correlations were calculated using Spearman’s test. p-Values were calculated by using Wilcoxon test. *, p < 0.05; **, p < 0.01; ***, p < 0.005,  ****, p < 0.0001. Dashed line: cutoff value for antibody detection. BAL, bronchoalveolar lavage; RBD, receptor-binding domain.



The magnitude of the IgA response toward RBD was higher than that of the IgG for the Beta, Gamma, and Delta variants (mean for anti-Beta RBD response: 38 ± 7 vs 21 ± 6, respectively, p = 0.02; mean for anti-Gamma RBD response: 29 ± 5 vs 17 ± 6 respectively, p = 0.0; mean for anti-Delta RBD response: 8 ± 3 vs 28 ± 10 respectively, p = 0.01, Figures 4F–H), as observed for the Wuhan strain (Figure 4D). In contrast, no differences were observed for the Alpha variant (Figure 4E). Finally, when analyzed at the individual sample level, only the magnitude of IgA to RBD Alpha (p = 0.01, r = 0.34, Spearman’s correlation, Figure 4I) and Gamma (p = 0.01, r = 0.3, Spearman’s correlation, Figure 4J) correlated.

Altogether, our results showed that i) in the majority of BAL, IgG and IgA had cross-variant neutralization capacity; ii) Beta, Gamma, and Delta RBD-specific IgA are higher than IgG in line with what was observed for Wuhan RBD-specific antibodies; iii) 11% to 18% of the individuals developed neither IgG nor IgA to any variant RBD studied; iv) conversely, 5% to 15% of the individuals developed IgG and IgA to all RBDs studied.



Bronchoalveolar lavages neutralized SARS-CoV-2 infection more efficiently earlier than at the later stage of disease in vitro

To gain insight into the functions of mucosal SARS-CoV-2-specific IgA and IgG, we evaluated BAL neutralization activities. First, we compared the IC50 neutralization titers of SARS-CoV-2+, SARS-CoV-2 neg, and non-COVID-19 BAL. We found that 38% and 51% of virus containing and virus lacking BAL neutralized SARS-CoV-2 infection, respectively, whereas BAL from non-COVID-19 patients lacked neutralizing activity (Figure 5A). IC50 neutralization titers were statistically significantly higher in SARS-CoV-2+ compared with SARS-CoV-2 neg BAL (mean 324 ± 123 vs 89 ± 26 respectively, p = 0.01). This indicated that neutralizing antibodies developed early after infection when the virus replicates and decreased later after the virus  has been cleared from the lung. Accordingly, the IC50 neutralization titers, plotted as a function of onset of symptoms to sampling time, first sharply rose during the first 3 weeks of the disease before slowly declining (Figure 5B). For ethical reasons, we could not collect enough samples from severe COVID-19 patients to purify each antibody isotype from these mucosal fluids. To attribute the neutralization observed to one isotype, we had to rely on correlations. Early in infection, IC50 neutralization titers of SARS-CoV-2+ BAL positively correlated with S1-specific IgG and IgA (Figures 5C, D respectively).




Figure 5 | IC50 neutralization titers in BAL from COVID-19 individuals. (A) Comparison of IC50 neutralization titers between SARS-CoV-2+ BAL and SARS-CoV-2− BAL samples. (B) Correlations between IC50 neutralization titers and the onset of symptoms to sampling date in SARS-CoV-2+ BAL (light blue squares) and SARS-CoV-2− BAL (purple dots) individuals. (C) Correlation between IC50 neutralization titers and spike-specific IgG in SARS-CoV-2+ and SARS-CoV-2− BAL. (D) Correlation between IC50 neutralization titers and spike-specific IgA in SARS-CoV-2+ and SARS-CoV-2− BAL. (E) Correlation between neutralization activity and hospitalization time in SARS-CoV-2+ and SARS-CoV-2− BAL. (F) IC50 neutralization titers of BAL from SARS-CoV-2+ individuals against ancestral Wuhan, and Alpha, Beta, and Gamma SARS-CoV-2 variants. A specific color is associated with each individual. All correlations were calculated using Spearman’s test. p-Values were calculated by using Mann–Whitney test. *, p < 0.05; **, p < 0.01. BAL, bronchoalveolar lavage.



The presence of neutralizing activity has been associated with a worse outcome in many studies (47–49). To address this issue, hospitalization duration for each individual was calculated (Supplementary Figure 2A) and correlated with the corresponding BAL neutralization titers. A positive correlation was only observed between IC50 and patient hospitalization duration for SARS-CoV-2 neg BAL (p = 0.04, r = 0.4, Figure 5E), suggesting that long-lasting mucosal neutralizing antibodies may be disadvantageous for patient recovery. Accordingly, the hospitalization duration was shorter for individuals with SARS-CoV-2+ compared to SARS-CoV-2 neg BAL (mean duration: 35 ± 5.8 vs 49 ± 5.4 days). Indeed, the former showed sharp neutralizing antibodies rise cross-sectionally, whereas the latter had a stabilized neutralizing response.

Altogether, the early mucosal neutralizing response might exert a protective function; conversely, in the later phases associated with virus clearance from the pulmonary mucosa, additional non-neutralizing roles of neutralizing antibodies might be responsible for adverse effects (50). More analyses in larger cohorts of patients are required to confirm this conclusion.



Broncho alveolar lavages from severe  COVID-19 patients infected by the ancestral SARS-CoV-2 neutralize later SARS-CoV-2 variants

Neutralization activities against RBD from the Wuhan (WT), Alpha (B.1.1.7), Beta (B.1.351), and Gamma (P.1) variants were evaluated in the BAL from 14 SARS-CoV-2+ and 10 SARS-CoV-2 neg patients; neutralization activities against all the viruses considered were detected in 66%, 46%, 25%, and 33% of the individuals, respectively (Figure 5F).

As expected, neutralization titers against the Wuhan virus were higher compared to those against the Alpha (mean 215 ± 55 and 74 ± 27 respectively, p = 0.004), Beta (mean 215 ± 55 and 37 ± 3.2 respectively, p = 0.01), and Gamma (mean 215 ± 55 and 75 ± 24 respectively, p = 0.02) variants (Figure 5F).

Altogether, these data supported our previous findings showing that the majority of BAL contained mucosal antibodies to viral variants indicative of a potent cross-neutralization capacity.



Non-survivors developed persistent SARS-CoV-2 spike and NP-specific IgG and S1-specific IgA

To investigate whether mucosal SARS-CoV-2-specific antibodies could play a role in the patient’s survival, we stratified BAL samples according to the outcome of patients, referred to as survivors and non-survivors. In survivors, the S2- but not S1- or RBD-specific IgA response was statistically higher compared with corresponding IgG (mean 41 ± 7.9 and 26 ± 10.5, respectively, p = 0.02, Figure 6A). Conversely, in non-survivors (Figure 6B), S1- and RBD-specific but not S2-specific IgA predominated over IgG (mean S1-IgA: 71 ± 26 vs S1-IgG: 13 ± 7.8, p = 0.007; mean S2-IgA: 83 ± 30 vs S2-IgG: 12 ± 7.7, p = 0.009). The dominant NP-specific IgA responses occurred independently of survival (in survivors: mean anti-NP-IgA: 56 ± 21 vs anti-NP IgG: 13 ± 3.2, p = 0.007, Figure 6A; in non-survivors, mean anti-NP-IgA: 36 ± 12, vs anti-NP IgG 5.9 ± 2.7 p = 0.01, Figure 6B).




Figure 6 | Specific IgG and IgA responses in COVID-19+ survivors vs non-survivors. (A) Specific S1-, S2-, RBD-, and NP-specific IgG and IgA responses in survivors and non-survivors. p-Values were calculated by using Wilcoxon test (A, B) Dashed line: cutoff value for antibody detection. (C) Comparison of the kinetics from the cross-sectional SARS-CoV-2-specific IgG responses in survivors (S) versus non-survivors (NS). (D) Comparison of the kinetics from the cross-sectional SARS-CoV-2-specific IgA responses in survivors (S) versus non-survivors (NS). All correlations were calculated using Spearman’s test. *, p < 0.05; **, p < 0.01. RBD, receptor-binding domain; NP, nucleocapsid protein.



However, analyses of the IgA or IgG S-specific responses varied with the patient outcome with S2-specific IgG being statistically significantly higher in survivors compared with non-survivors (mean S2-IgG equal to 26 ± 4.0 vs 12 ± 7.7, in survivors vs non-survivors, p = 0.03, Supplementary Figure 3A). Conversely, the S2-specific IgA response was statistically significantly higher in non-survivors compared with survivors [mean S2-IgA survivors, 41 ± 10 vs IgG anti-S2 non-survivors: 83 ± 30, p = 0.01 (Supplementary Figure 3B)].

In a cross-sectional analysis, we then investigated whether the kinetics of specific antibodies might vary with patient survival. We found that the levels of IgG and IgA toward S1, RBD, S2, and NP were similar, irrespective of survival (mean of 33 ± 3.3 vs 33 ± 4.5 days for survivors and non-survivors, respectively, Supplementary Figure 2B). In non-survivors only, S1-, RBD-, S2-, and NP-specific IgG and S1-specific IgA increased over time (Figures 6C, D), Moreover, surviving individuals had higher but transient S2 specific IgG response in the lungs (Figure 6C). These results highlighted that antibody persistence, but not their amount, might play an adverse role in COVID-19 pathogenesis.



In contrast to Survivors, Non-survivors lose neutralizing antibody response over time

We next evaluated the involvement of neutralizing antibodies in patient outcomes. For individuals developing neutralizing activities in BAL, the neutralization titers in survivors and non-survivors were not statistically significantly different (mean equal to 184 ± 70 vs 94 ± 35, respectively, Figure 7A); and no differences in the kinetics of the neutralizing response between survivors and non-survivors were detected (Figure 7B). However, in non-survivors (Figure 7C), the IC50 neutralizing titers started to rise in direct correlation with time (from the onset of the disease to sampling) in SARS-CoV-2+ BAL (r = 1, p = 0.3), whereas it decreased in SARS-CoV-2− BAL (r = −1, p = 0.08). Of note, in both cases, the correlation was not statistically significant due to the small sample size. These data suggest that, in severe COVID-19 patients, a strong neutralizing activity mounted at the early phase of the disease when the virus replicates, followed by its decrease when the virus disappears is not sufficient. As previously speculated, mucosal antibodies might have additional activities, likely contributing to the fatal outcome of these patients (51, 52), although more samples need to be analyzed to confirm this hypothesis. In this context, some BAL samples were tested for antibody-dependent enhancement (ADE) activity using the protocol established by Wu et al. (53), but no ADE activity was detected (data not shown).




Figure 7 | Neutralization activities in COVID-19+ survivors vs non-survivors. (A) Comparison between IC50 neutralization titers between survivors and non-survivors. (B) Cross-sectional representation of neutralizing antibodies in survivors vs non-survivors, shown as correlation between IC50 neutralization titters and time from symptom onset to sampling date in survivors and non-survivors. (C) Cross-sectional representation of neutralizing antibodies in non-survivors, shown as correlation between IC50 neutralization titters and time from symptom onset to sampling date, in SARS-CoV-2+ BAL and SARS-CoV-2− BAL individuals. All correlations were calculated using Spearman’s test. p-Values were calculated by using Wilcoxon test. BAL: bronchoalveolar lavage.





B cell subsets remained stable over the course of the disease

Mucosal antibodies are raised locally after mucosa-specific homing of B cells (54). Therefore, we characterized B-cell populations in BAL from our cohort. Five B-cell populations were analyzed by flow cytometry: i) CD27- CD21+ naïve B, ii) CD27+ CD21- activated memory B cells, iii) CD38+ CD138+ plasma B cells, iv) CD27+ CD21+ resting memory B cells, and vi) CD27- CD21+ tissue memory B cells. In addition, B cells were stratified according to the presence of IgG and IgA (as shown in the gating strategy, Supplementary Figure 1).

IgG plasma B-cell proportion was higher in BAL from COVID-19 compared to non-COVID-19 subjects (mean 22 ± 33.8 vs 3.9 ± 1.7 p = 0.004, Figure 8A). A trend toward a higher proportion of activated and resting memory B cells in infected compared with non-infected was also observed (Figure 8A). Similarly, IgA activated, plasma, and resting memory B-cell proportions were higher in COVID-19 than in non-COVID-19 subjects (Figure 8B). The percentages of IgA and IgG naïve, activated, plasma, resting, and tissue memory B-cell proportions remained similar irrespective of virus detection in BAL (Figures 8C, D) and did not have an impact on COVID-19 outcome (Figures 8E, F).




Figure 8 | Analysis of B-cell phenotype in BAL supernatant from SARS-CoV-2-infected individuals. From total B cells, five B-cell populations were defined including Naïve B cells, activated memory B cells, plasma B cells, resting memory B cells, and tissue memory B cells according to a gating strategy shown in Supplementary Figure 1, which were further labeled for IgG (IgG+) and IgA (IgA+). (A) Frequencies of different IgG+ B-cell populations between COVID-19+ and COVID-19− individuals in the total B-cell population shown as violin plots. (B) Frequencies of different IgA+ B-cell populations between COVID-19+ and COVID-19− individuals in the total IgA+ B-cell population shown as violin plots. (C) Frequencies of different IgG+ B-cell populations between SARS CoV-2+ BAL and SARS CoV-2− BAL individuals in the total IgG+ B-cell population shown as violin plots. (D) Frequencies of different IgA+ B-cell populations between SARS CoV-2+ BAL and SARS CoV-2− BAL individuals in the total IgA+ B-cell population shown as violin plots. (E) Frequencies of different IgG+ B-cell populations between survivors and non-survivors in the total IgG+ B-cell population shown as violin plots. (F) Comparison of different IgA+ B-cell populations between survivors and non-survivors in the total IgA+ B-cell population shown as violin plots. p-Values were calculated by using Mann–Whitney test *, p < 0.05; **, p < 0.01.





Cytokine levels in bronchoalveolar lavages from SARS-CoV-2-infected individuals

The following cytokines related to inflammation and B-cell response were quantified: MIP-1 alpha, G-CSF, IL-1β, IL-8, S100A8, TNF-alpha, MCP-1, CXCL10, IL-1α, IL-6, M-CSF, and S100B. BAL from SARS-CoV-2-infected individuals had higher levels of MIP-1 alpha, G-CSF, IL-1β, IL-8, S100A8, TNF-alpha, MCP-1, IL-1α, IL-6, M-CSF, and S100B, compared to those of uninfected ones (Figure 9A). The levels of all cytokines persisted after virus elimination from BAL (Figure 9B). Moreover, IL-1α, IL-1β, and IL-8 were statistically significantly higher in virus-free compared to virus-containing BAL, and their levels increased during disease progression (mean IL-1α SARS-CoV-2+ BAL vs SARS-CoV-2 neg BAL 15 ±7.7 vs 72 ± 21 respectively, p = 0.02; mean IL-1β: 1,815 ± 718 vs 71 ± 24, respectively, p = 0.01; mean IL-8: 14,255 ± 4,167 vs 2,540 ± 1,543 respectively, p = 0.04). These data indicated that the persistence of these cytokines is independent of the presence of the virus in the BAL. Conversely, an opposite scenario was observed for CXCL-10 (Figure 9A): high levels of CXCL-10 were detected in SARS-CoV-2+ BAL and then decreased with time (mean 591 ± 187 vs 52 ± 12, respectively, p = 0.001). The kinetics of the cytokine level revealed a positive correlation between the amounts of IL-1β and IL-1α and the time from symptom onset to sampling (IL-1β: p = 0.04, r = 0.3; IL-1α: p = 0.02, r = 0.3, Figure 9C). Additionally, both IL-1β and IL-8 correlated with RBD-specific IgA (IL-1β p = 0.006 r = 0.4, IL-8 p = 0.0003 r = 0.5, Figure 9D), whereas both S100A8 and IL-6 correlated with S2-specific IgA (S100A8 p = 0.04 r = 0.4, IL-6 p = 0.02 r = 0.37; Figure 9E). Higher levels of IL-1β were found in BAL from survivors but only when the virus replicates (mean survivors vs non-survivors 102 ± 40 vs 15 ± 7.7, p = 0.05, Figures 9F, G). Therefore, patients having low levels of IL-1β in SARS-CoV-2+ BAL might be prone to develop fatal COVID-19 as compared to those with high levels. In contrast, at a later phase of the disease, IL-1β levels might not affect survival.




Figure 9 | Analysis of cytokines in BAL fluid. Quantification of the following cytokines in BAL from SARS-CoV-2-infected individuals: MIP-1α, G-CSF, IL-1β (IL-1β), IL-8, S100A8, TNF-a, MCP-1, CXCL10, IL-1α (IL-1A), IL-6, M-CSF, and S100B. (A) Mean amounts of cytokines (pg/ml) evaluated between COVID-19+ and COVID-19− individuals. (B) Mean amounts of cytokines (pg/ml) evaluated between BAL SARS CoV-2+ and BAL SARS CoV-2− individuals. (C) Cross-sectional concentration (pg/ml) of IL-8, IL-1β, and IL-1A as function of time from onset of symptoms to sampling date. (D) Correlation between RBD-specific IgA (shown as proportion of specific IgG or IgA over total IgG or IgA measured by ELISA (specific (OD450)/total IgA or G (μg/ml)) and IL-1β and IL-8 concentration (pg/ml). (E) Correlation between S2-specific IgA (shown as proportion of specific IgG or IgA over total IgG or IgA measured by ELISA (specific (OD450)/total IgA or G (μg/ml)) and S100A8 and IL-6 concentration. (F) Comparison of the levels of IL-1β (pg/ml) between survivors and non-survivors in SARS-CoV-2+ BAL individuals. (G) Comparison of the levels of IL-1β (pg/ml) between survivors and non-survivors in individuals BAL SARS-CoV-2−. p-Values were calculated by using Mann–Whitney test. *, p < 0.05, **, p < 0.01; ***, p < 0.005, ****, p < 0.0001. BAL, bronchoalveolar lavage; G-CSF, granulocyte colony-stimulating factor; RBD, receptor-binding domain.



These results were confirmed by applying Bayesian logistic regression on BAL cytokines measurements to model the association of the odds ratio of non-surviving against surviving probability (referred to as odds ratio). Cytokines were significantly associated with the odds ratio only when samples were further stratified according to the phase of the disease. In agreement, only IL-1β was statistically significantly associated with the odds ratio early in infection. Indeed, the estimated one-sided 97.5% credible interval of its coefficient was less than 1, indicating it was a negative risk factor. IL-1β loses its association with the odds ratio later in the disease. These data suggest that a higher level of lung IL-1β might be predictive of patient survival only during the early phase of infection. Additional studies using longitudinal sampling are needed to definitively establish whether IL-1β could be a marker of severity during the course of the diseases.




Discussion

The humoral immune response against SARS-CoV-2 has been extensively evaluated in the serum of COVID-19 individuals (8), but very limited data exist on the mucosal immune response, including that in the respiratory tract, the main portal of entry and the replication site of the virus. Previous studies on SARS-CoV-2 humoral immunity have been conducted addressing compartments other than BAL, namely, saliva (55, 56) and tears (57), although these fluids are not produced at the primary site of infection. Conversely, BAL fluid is representative of the pulmonary microenvironment in terms of lung cell types, lung cytokines, and mucosal antibodies.

In this study, we profiled the mucosal humoral immune response to SARS-CoV-2 spike and NP in BAL from severe COVID-19 patients and evaluated their neutralizing activity. BAL were stratified according to the presence or absence of SARS-CoV-2, corresponding to an early phase of the disease lasting 3 weeks [longer than reported for mild COVID-19 (58)] and a later phase lasting more than five additional weeks. We found that sustained levels of non-neutralizing S1, RBD, S2, and NP-IgG and S1-IgA were associated with fatal outcomes once SARS-CoV-2 was cleared from the lungs. Conversely, at the early stages of viral replication, high levels of IL-1β in the BAL might be associated with survival.

Previous studies on sera from COVID-19 patients have shown that IgA is prevalent in the early SARS-CoV-2 systemic humoral responses (13). These circulating monomeric IgA antibodies appeared from day 4 after the onset of symptoms, peaked at week 3, and persisted longer than IgM (12). Importantly, Wang et al. (59) showed that plasma RBD-specific IgA had lower neutralizing activities than their IgG counterpart. Conversely, dimeric IgA engineered from monomeric RBD-specific IgA neutralized on average 15 times more SARS-CoV-2 than the monomeric form, suggesting the importance to study the native secretory form of IgA in mucosal lung fluids. Furthermore, in an integrated analysis of SARS-CoV-2 spike-specific antibodies, cytokines, viral load, and bacterial communities in paired nasopharyngeal swabs and plasma samples from a cohort of clinically distinct COVID-19 patients during acute infection, differential compartmentalization of the SARS-CoV-2 immune responses was reported (37).

The mucosal humoral responses in BAL contain secretory IgA and IgG, produced locally in the mucosa prior to secretion in the alveolar space, and have an antigenic repertoire distinct from the serum humoral response (14, 26, 60). We found that both SARS-CoV-2-specific IgA and IgG responses developed simultaneously after a week of infection when the virus replicates in BAL. However, when the virus is cleared from the lung mucosa at later stages of COVID-19, virus-specific IgA predominates over IgG. In agreement, the mucosal virus-specific IgA response has been detected early after infection, at day 6 post symptoms onset (40). Such lung IgA response was higher than that detected in serum samples (13) most likely because SARS-CoV-2 infection initiated in the nasal mucosa propagates rapidly to the lung initiating a local immune response. Conversely, the mucosal spike- and NP-specific IgG responses developed later, from day 18 post-symptom onset, whereas in the serum, RBD-specific IgG emerged at day 11, peaking at day 23 (61, 62). In our cross-sectional analysis of BAL from severe COVID-19 patients, all specific IgA responses increased from the initial phase of the infection. After the virus  has been cleared from the lung S1-specific IgA notably decreased, whereas RBD-, S2-, and NP-specific IgA persisted or slowly decreased, in agreement with a sustained detection of IgA- and IgG-specific B-cell populations.

Our findings revealed that IgA might also play an adverse role in SARS-CoV-2 infection, as we have recently reported for serum IgA in a different cohort of patients (18). Indeed, we found that non-survivors developed higher amounts of S1- and RBD-specific IgA than IgG as compared to survivors, and S1-IgA increased over time in these subjects. However, BAL S1-, RBD-, S2-, and NP-specific IgG developed over time in non-survivors. Thus, virus-specific IgG might contribute to a worthy outcome by exacerbating mucosal innate immune cells such as alveolar macrophages via their respective Fc receptors (39, 40), an interaction reinforced by a lack of antibody fucosylation as observed for serum antibodies (39, 63, 64).

Together with IgG that stimulates the innate immune inflammatory response by interacting with Fc-gamma receptors, IgA contributed to this inflammatory pathway. Upon opsonization of bacteria, IgA binds to its receptor FcαRI (CD89), resulting in a cross-talk with Toll-like receptors (TLRs) that, in turn, lead to the production of pro-inflammatory cytokines (TNF-alpha, IL-1β, IL-6, and IL-23) by human macrophages, monocytes, and Kupffer cells (65). FcαRI is expressed by monocytes and several macrophage subsets including alveolar ones. Accordingly, we might speculate that virus-specific mucosal IgA forms immune complexes with the spike. These complexes might bind to FcαRI on macrophages, triggering a persistent cytokine storm, as suggested for IgG (39). Accordingly, IgA was abundant in a fraction of BAL from severe COVID-19 patients that we analyzed. However, additional studies are necessary to confirm this hypothesis.

A robust, although delayed, level of serum IgA, although IgG-independent, has been previously associated with a worse outcome and disease severity (13, 65, 66). This evidence reinforces the importance of antibody compartmentalization, which role might differ between serum and mucosa, likely due to antibody isotype fine antigenic specificities as reported recently in COVID-19 (37).

S2-specific mucosal IgA levels correlated positively with inflammatory cytokines present in BAL such as S100A8 and IL-6. Accordingly, pulmonary IgA developing at the primary site of SARS-CoV-2 infection may participate in virus-driven hyperinflammation, a phenomenon that is strongly correlated with COVID-19 mortality. In particular, increased levels of IL-6 observed in individuals with fatal COVID-19 (67) might favor isotype switching of mucosal B cells to IgA. Additionally, soluble IgA could have induced IL-6 production by normal human lung fibroblasts, together with other cytokines (IL-8, MCP-1, and GM-CSF) (68). This bidirectional interaction may create an autocrine loop, thereby participating in the uncontrolled cytokine storm driving fatal outcomes in COVID-19 patients. Moreover, pulmonary S1-specific IgA strongly positively correlated with IL-8 levels, which could contribute to the hyperinflammation and increase the mucosal antigen-specific antibodies (69), providing a potential biomarker of COVID-19 severity.

The emergence of SARS-CoV-2 variants, including those in the United Kingdom (Alpha, B.1.1.7), South Africa, (Beta, B.1.351), Brazil (Gamma, P.1), and India (Delta, B.1.617) induced serious concerns worldwide about the capability of SARS-CoV-2 antibodies raised by natural infection or vaccination to offer cross-protection.

Previous infection with other coronaviruses could play a role in the development of cross-reacting antibodies, although only 1% of these individuals developed RBD-specific antibodies more commonly observed for the SARS-CoV-2 full-length S and against the NP protein (70). Preexisting, cross-reactive antibodies preferentially target specific, immunodominant epitopes located in functional sites of the S2 subunit (71). Finally, antibodies against other human coronaviruses (HCoV) are also boosted by SARS-CoV-2 infection, particularly during severe COVID-19 illness (72). Whether these cross-reactive antibodies confer any protection against infection or whether they modulate disease severity is unclear. One report found that levels of pre-pandemic or pre-infection cross-reactive SARS-CoV-2-binding antibodies did not correlate with protection from SARS-CoV-2 infection and hospitalization (70), while others found opposite results (73). Altogether, these studies highlighted that factors other than serum antibodies might play a role in cross-protection, including T-cell responses and cross-protective mucosal antibody responses.

Fifty percent of BAL samples contained IgG cross-reacting with the Alpha, Beta, and Gamma RBD variants, whereas 43% cross-reacted with the Delta RBD variant, all compared with 51% of the Wuhan RBD. In contrast, IgA specific to the Alpha, Beta, and Gamma RBD variants was detected in BAL from 25% to 47% of the studied population. These data are in line with the detection of RBD-specific IgA and IgG in BAL from five and four out of eight patients as reported by Sterlin et al. (12, 13).

Surprisingly, 50% of our BAL samples collected when the Wuhan virus was circulating had IgA specific to Delta RBD, suggesting that infection with the Wuhan virus induced a strong cross-reactivity response. This may have contributed to the lack of reinfection cases in countries when the Delta variant predominated. Mucosal antibodies induced by Wuhan virus infection were also largely cross-reactive for other variants, as the few individuals we studied developed lung IgG or IgA targeting only the RBD from the ancestral lineage (7% and 9%, respectively), whereas 15% and 5% had IgG and IgA, respectively, against all variants.

Altogether, this set of results suggested that a previous severe COVID-19 might confer cross-protection to re-infection with at least the Alpha, Beta, and Gamma variants at the site of viral entry, in agreement with the epidemiological data recorded and mentioned earlier (44, 45). Our data present an encouraging scenario in which individuals vaccinated with Wuhan spike-based vaccines may be protected from infection with SARS-CoV-2 variants.

At the functional level, neutralization titers are higher in individuals with SARS-CoV-2 in the BAL early in infection likely resulting from anti-S1 IgG and IgA activities, as indicated by their positive correlation. In agreement with the present data, neutralizing antibodies have been identified in serum from COVID-19 patients (3), and the BAL from patients with severe COVID-19 showed a similar IC50 neutralizing titer range (12, 13). Later in the disease, neutralizing antibodies strongly decrease, probably because the antibody-mediated antiviral activity is not required when the virus  has been cleared.

The relationship between the presence of virus-specific neutralizing activity in the sera and the patient outcome remains controversial. Neutralizing titers have been reported in asymptomatic individuals (74, 75). A rapid decline in the neutralizing response (47) or a decline within 3 months following SARS-CoV-2 infection was observed (76) in larger longitudinal cohorts, and neutralizing titers strongly correlated with disease severity (47). We now report that mucosal antibody neutralizing activities are similar, independently of the patient outcome or hospitalization time. Accordingly, the function of SARS-CoV-2-specific reported antibodies in serum and mucosal compartments differs, as in COVID-19 (37) and other pathologies, such as HIV (77). Regarding the kinetics of the neutralizing antibodies, a rapid decay in serum anti-SARS-CoV-2 antibodies in patients has been reported (78, 79). Similarly, we found that at the mucosal lung level, neutralizing antibodies decreased over time but over a longer period compared with blood (78, 79). Furthermore, the levels of S1-, RBD-, S2-, and NP-specific mucosal IgG and S1-specific mucosal IgA in non-survivors with no virus in BAL persist, suggesting that persistent spike- and NP-specific antibodies are non-neutralizing. These antibodies might rather contribute via their interaction with FcαR on innate immune cells to this long-lasting severe COVID-19 state (39, 63–65).

At the pulmonary level, we found that SARS-CoV-2 infection increased the IgG plasma B cells as well as IgA activated, plasma, and resting memory B cells, although no differences were observed along with disease development or outcome. Accordingly, in a recent cross-sectional study of 188 recovered COVID-19 cases, the frequencies of SARS-CoV-2 spike-, RBD, and NP-specific memory B cells increased over the first 4 months post symptom onset. In agreement with our data, the development of circulating B-cell memory to SARS-CoV-2 was robust and likely long-lasting (19). Although we could not detect differences in whole B-cell phenotypes between survivors and non-survivors, differences might have been observed for SARS-CoV-2 antigen-specific B cells. Indeed, the analysis of S-specific B cells resulted in a more complex phenotype than previously expected. It combines two synchronous responses, each with individual dynamics during the extra-follicular reaction (19, 21), with mobilization of near-germline B-cell clones specific for SARS-CoV-2 S protein. In addition, these B cells could correspond to preexisting highly mutated memory B specific for the S protein of other seasonal beta-coronaviruses. Furthermore, we cannot exclude the presence of mucosal IgA-specific B-1 cells in BAL (80). Hence, in addition to secreting IgA (81), B-1 cells might have additional regulatory functions (82). Being rapidly raised in large amounts at the mucosal site, mucosal spike-specific IgA might serve as an early diagnosis biomarker, as already suggested (55, 56). More analyses on the fine epitope specificity of BAL IgA would be needed to improve the predictive value of BAL IgA in severe COVID-19 outcomes.

A mucosal vaccine targeting SARS-CoV-2 RBD administered via oral or nasal targets to induce secretion of IgA within the upper respiratory tract mucosa has been designed and tested (83, 84). In preclinical models, a vaccine-induced IgA was efficient at preventing COVID-19 development, but also at blocking viral transmission. Furthermore, nasal vaccination could not only be used for initial vaccination but also as a boost (85, 86). Hence, anti-spike/N IgA could also eliminate virally infected cells by ADCC (87) or ADCP (77) as shown in other mucosal viral diseases (14, 26, 60) using innate immune cells expressing Fcα-receptor and acting as second-chance protection.

In conclusion, this study highlights the similarities and differences between systemic and mucosal host immune responses after SARS-CoV-2 infection. Our findings revealed that sustained levels of S1-, RBD-, S2-, and NP-specific IgG and S1-specific IgA once SARS-CoV-2 was cleared from the lungs were associated with fatal outcomes. The loss of neutralizing activity in non-survivors at later stages of COVID-19 suggested that the persisting antibodies might be non-neutralizing although preserving functions mediated by Fc-R expressing myeloid cells. Further studies are needed to understand the role of non-protective antibodies in the pathogenesis of fatal COVID-19 disease, especially the interaction with innate immune cells via FcαR and their involvement in the cytokine storm. These findings are relevant to the design of new strategies for generating effective sterilizing vaccines and therapeutics, especially in COVID-19 convalescent individuals.
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COVID-19 (n = 70) HD (n =47) TCZ (n = 45) non-TCZ (n = 25) p value*

Male/Female 41/29 24/23 28/17 13/12 ns
Age, median (IQR) years 66 (53-77) 61 (65-67) 64 (54-76) 69 (51-81) ns
ARDS/non-ARDS 34/36 = 13/32 21/4 p<0.0001
Deaths/Alive 14/56 = 10/35 4/21 ns
Comorbidities 46 = 27 19 ns
Others 28 - 16 12 ns
Hypertension 29 - 19 10 ns
Cardiovascular 20 = 9 " ns
Diabetes 17 = 8 9 ns
Respiratory 8 - 6 2 ns
Neoplasia 6 - 4 2 ns
Renal 3 = 2 1 ns
Laboratory findings
Neutrophils (x10%/L) 4.4 (3.0-6.4) = 5 (3.0-6.4) 4 (3.1-6.3) ns
Lymphocytes (x10%L) 0.9 (0.6-1.4) = 0.8 (0.6-1.1) 1.4(0.9-1.9) p=0.0009
Monocytes (x10%L) 0.4 (0.3-0.7) - 5(0.3-0.7) 4 (0.2-0.8) ns
NLR 4.5 (2.6-7.5) ~ 5.8 (3.0-9.1) 3.3 (2.0-6.1) p=0.0185
CRP (mg/di) 4.1(0.7-10.6) = 5.4 (3.1-12.7) 7 (0.2-6.4) p=0.0007
D-dimer (ug/mi) 0.8 (0.3-1.5) - 1.0 (0.4-1.6) 5(0.3-4.1) ns
Ferritin (ng/m) 394 (179-653) = 538 (363-1111) 179 (107-389) p=0.0018
LDH (UL) 272 (224-380) - 301 (257-425) 220 (185.3-252) p<0.0001

TCZ, tocilizumab; n, number; IQR, interquartile range; ARDS, Acute distress respiratory syndrome; NRL, neutrophil/lymphocyte ratio; CRP, C-reactive protein; LDH, lactate
dehydrogenase; ns, not significant. The 2-tailed X° test or Fisher's exact test was used for comparing proportions between TCZ and non-TCZ groups. The nonparametric
comparative Mann-Whitney test was used to compare medians between TCZ and non-TCZ groups.

*The differences were evaluated between TCZ and non-TCZ groups.
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A. Clinical data alone

Day True Severity Estimated S1 (n) estimate S2a, 2b, 3 (n) Error Rate Accuracy

day 4-7 S1(n) 3 2 0.40 0.78
S2a, 2b, 3 (n) 0 4 0.00

day 5-8 S1(n) 3 1 0.25 0.90
S2a, 2b, 3 (n) 0 6 0.00

day 6-9 S1(n) 1 2 033 0.78
S2a, 2b, 3 (n) 0 6 0.00

day 7-10 S1(n) 1 2 0.67 0.75
S2a, 2b, 3 (n) 0 5 0.00

day 8-11 S1(n) 1 3 0.75 0.63
S2a, 2b, 3 (n) 1 6 0.14

day 9-12 S1(n) 1 3 0.75 0.60
S2a, 2b, 3 (n) 1 5 017

B. Clinical data + antibody data

Day True Severity Estimated S1 (n) Estimate S2a, 2b, 3 (n) Error Rate (%) Accuracy

day 4-7 S1(n) 4 1 0.20 0.89
S2a, 2b, 3 (n) 0 4 0.00

day 5-8 S1(n) 3 1 0.25 0.90
S2a, 20, 3 () 0 6 0.00

day 6-9 S1(n) 0 3 1.00 0.67
S2a, 2b, 3 (n) 0 6 0.00

day 7-10 S1(n) 0 3 1.00 0.63
S2a, 2b, 3 (n) 0 5 0.00

day 8-11 S1(n) 0 4 1.00 0.64
S2a, 2b, 3 (n) 0 7 0.00

day 9-12 S1(n) 0 4 1.00 0.60
S2a, 20, 3 (n) 0 6 0.00
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A. Clinical data alone

Day True Severity Estimated S1 (n) estimate S2a, 2b, 3 (n) Error Rate Accuracy

day 4-7 S1,2a(n) 6 0 0.00 0.67
S2b, 3 (n) 3 0 1.00

day 5-8 S1,2a(n) 4 1 0.20 0.60
S2b, 3 (n) 3 2 0.60

day 6-9 S1, 2a (n) 3 1 0.25 0.56
S2b, 3 (n) 3 2 0.60

day 7-10 S1, 2a () 1 2 0.67 0.50
S2b, 3 (n) 2 3 0.40

day 8-11 S1, 2a () 3 2 0.40 0.45
S2b, 3 (n) 4 2 0.67

day 9-12 S1,2a(n) 3 2 0.40 0.60
S2b, 3 (n) 2 3 0.40

B. Clinical data + antibody data

Day True Severity Estimated S$1 (n) Estimate S2a, 2b, 3 (n) Error Rate (%) Accuracy

day 4-7 S1,2a(n) 6 0 0.00 0.67
S2b, 3 (n) 3 0 1.00

day 5-8 S1, 2a () 5 0 0.00 0.50
S2b, 3 (n) 5 0 1.00

day 6-9 $1,2a(n) 4 0 0.00 0.44
S2b, 3 (n) 5 0 1.00

day 7-10 S1,2a(n) 3 0 0.00 0.38
S2b, 3 (n) 5 0 1.00

day 8-11 81, 2a(n) 5 0 0.00 0.45
S2b, 3 (n) 6 0 1.00

day 9-12 81,2a(n) 3 2 0.40 0.50
S2b, 3 (n) 3 2 0.60
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A. Clinical data alone

Day True Severity Estimated S1 (n) Estimate S2a, 2b, 3 (n) Error Rate Accuracy

day 4-7 S1(n) 8 1 o1 0.93
S2a, 2b, 3 (n) 1 17 0.06

day 5-8 S1(n) 5 5 0.50 0.82
S2a, 2b, 3 (n) 1 23 0.04

day 6-9 St (n) 9 2 0.18 092
S2a, 2b, 3 (n) 1 27 0.04

day 7-10 s1(n) 9 3 0.25 0.89
S2a, 2b, 3 (n) 2 31 0.06

day 8-11 s1(n) 6 6 0.50 0.76
S2a, 2b, 3 (n) 5 28 0.15

day 9-12 S1(n) 7 4 0.36 0.88
S2a, 2b, 3 (n) 3 42 0.07

B. Clinical data + antibody data

Day True Severity Estimated S$1 (n) Estimate S2a, 2b, 3 (n) Error rate (%) Accuracy

day 4-7 S1(n) 6 3 0.33 0.74
S2a, 2b, 3 (n) 4 14 0.22

day 5-8 s1(n) 5 5 0.50 0.85
S2a, 2b, 3 (n) 0 24 0.00

day 6-9 s1(n) 8 3 027 0.92
S2a, 2b, 3 (n) 0 28 0.00

day 7-10 s1(n) 8 4 0.33 0.89
S2a, 2b, 3 (n) 1 32 0.03

day 8-11 S1(n) 5 7 0.58 0.82
S2a, 2b, 3 (n) 1 32 0.03

day 9-12 s1(n) 7 4 0.36 0.91
S2a, 2b, 3 () 1 44 0.02
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A. Clinical data alone

Day True Severity Estimated S1, 2a (n) Estimate S2b, 3 (n) Error Rate (%) Accuracy

day 4-7 S1,2a(n) 22 0 0.00 0.93
S2b, 3 (n) 2 3 0.40

day 5-8 S1,2a(n) 25 2 0.07 0.80
S2b, 3 (n) 5 3 0.63

day 6-9 S1, 2a(n) 26 1 0.04 092
S2b, 3 (n) 2 10 017

day 7-10 S1,2a(n) 26 3 0.10 0.77
S2b, 3 (1) 7 8 0.47

day 8-11 S1,2a(n) 22 8 027 0.77
S2b, 3 (n) 4 18 0.18

day 9-12 S1,2a(n) 25 4 0.14 0.84
S2b, 3 (n) 5 22 0.23

B. Clinical data + antibody data

Day True Severity Estimated S1 (n) Estimate S2a, 2b, 3 (n) Error Rate (%) Accuracy

day 4-7 S1, 2a (n) 22 0 0.00 0.96
S2b, 3 (n) 1 4 0.20

day 5-8 S1,2a(n) 26 1 0.04 0.91
S2b, 3 (n) 2 6 0.25

day 6-9 S1,2a(n) 25 2 0.07 0.95
S2b, 3 (n) 0 12 0.00

day 7-10 S1,2a(n) 29 0 0.00 0.89
S2b, 3 (n) 5 10 0.33

day 8-11 S1,2a(n) 25 5 0.17 0.88
S2b, 3 () 1 21 0.05

day 9-12 S1,2a(n) 26 3 0.10 0.84
S2b, 3 (n) 6 21 0.22
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Proteins Results of our study Previous findings Biomarker predictor Refs

Selenoprotein P (SELENOP) Overrepresented in recovered cases Lower levels in COVID-19 Disease recovery (38)
patients Validated by ELISA
Coagulation factor IX (F9) Overrepresented in all COVID-19 patients. Correlation with  Decrease in protein levels from  Disease progression (2,
symptomatology nonsevere to severe patients 39,
40)
Coagulation factor XII (F12) Overrepresented in all but nonsevere COVID-19 patients Not identified Unsupportive profile (40)
Carboxypeptidase B2 (CPB2) Overrepresented in all but asymptomatic COVID-19 Not identified Disease severity (41)
patients Validated by ELISA
Transmembrane protein 198 (TMEM198) Underrepresented in asymptomatic and severe COVID-19  Not identified Unsupportive profile (42,
patients 43)
ATP-binding cassette sub-family F Overrepresented in asymptomatic and underrepresented  Not identified Symptomatology and (44)
member 1 (ABCF1) in nonsevere and severe COVID-19 patients disease progression
Insulin-like growth factor-binding protein  Underrepresented in all COVID-19 patients Increase in protein levels from SARS-CoV-2 infection (22,
complex acid labile subunit (IGFALS) nonsevere to severe patients 44)
(45)
(46)
(47)
Serum paraoxonase/ Underrepresented in nonsevere and recovered COVID-19  Increase in protein levels from  Disease recovery (22,
arylesterase 1 (PON1) patients nonsevere to severe patients Reduction in 48,
thyroiditis 49)
Validated by ELISA
Pregnancy zone protein (PZP) Underrepresented only in asymptomatic cases Not identified Symptomatology (50)
Validated by ELISA
Vitamin K-dependent protein S (PROS1)  Overrepresented in recovered, nonsevere, and severe Associated with COVID-19 Disease progression (51)
COVID-19 patients but with lower levels in severe cases coagulopathy Symptomatology

Proteins related to COVID-19 symptomatology and used for the identification of candidate prognosis biomarkers. Protein representation refers to significant differences when compared to
healthy controls. Full data are disclosed in Supplementary Data 1 and Figures 5, 7.
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In intubated COVID-19 patients: higher NLR and PLR and lower LMR were observed compared with healthy individuals.

NLR, PLR, and MLR were all higher in COVID-19 patients [order of higher AUC: MLR (0.892) > PLR (0.748) > NLR (0.722)].
Both NLR and PLR correlated (order of higher correlation: NLR > PLR).

Both NLR and PLR were higher is SARS-CoV-2 (+) patients [order of higher AUC: PLR (0.669) > NLR (0.615)].

NLR correlated in the multivariate analysis, but d-NLR, LMR, and PLR did not.

NLR, d-NLR, and PLR correlated with disease severity (order of better prediction: NLR > d-NLR > PLR). LMR did not correlate.
In this meta-analysis, NLR correlated better than PLR (SMD: 2.80 vs. 1.82).

In patients with type 2 diabetes meliitus: both NLR and LMR correlated with disease severity (AUC: NLR = 0.730, p = 0.002;
LMR = 0.322, p = 0.015).

NLR, d-NLR, and PLR correlated with disease severity [order of higher AUC: NLR (0.808) > d-NLR (0.803) > PLR (0.769)]. LMR did
not correlate (AUC = 0.296).

NLR remained independently related in the logistic regression analysis. PLR only correlated in the univariate analysis. No correlation
was observed for LMR.

NLR, PLR, and LMR could predict disease severity (order of higher AUC: NLR > LMR > PLR).

NLR, PLR, and LMR predicted progression to ARDS.

Among patients with severe disease, NLR correlated with ICU admission, but LMR and PLR did not.

NLR, PLR, and LMR predicted ICU admission (order of better prediction: NLR > PLR > LMR).

NLR predicted the need for mechanical ventilation, but PLR did not.

In patients with type 2 diabetes mellitus, NLR correlated (multivariate analysis), but LMR did not (univariate analysis).

In patients with type 2 diabetes mellitus, NLR independently correlated but LMR was not related in the univariate analysis.

NLR and d-NLR correlated, but LMR and PLR did not.

NLR correlated, but PLR did not.

NLR could predict this parameter, but PLR could not.

In patients with type 2 diabetes meliitus, NLR independently correlated but LMR did not correlate in the univariate analysis.

NLR, neutrophil to lymphocyte ratio; PLR, platelet to lymphocyte ratio; LMR, lymphocyte to monocyte ratio; MLR, monocyte to lymphocyte ratio; d-NLR, derived-NLR; AUC, area under the
curve; SMD, standardized mean difference; ARDS, acute respiratory distress syndrome; ICU, intensive care unit; PCR, polymerase chain reaction.
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(68)  COVID-19 diagnosis Sl and NLR were higher in patients with SARS-CoV-2 diagnosis in the multivariate analysis (order of higher AUC: Sll > NLR). PLR
did not correlate.

(71)  Disease severity Higher hsCAR, higher hsCPAR, and lower PNI correlated in the multivariate analysis, but d-NLR and SlI only correlated in the
univariate analysis. NLR, PLR, LMR, and AFR did not correlate.

(79)  Disease severity Both CAR and NLR predicted disease severity in the multivariate analysis, but CAR had higher OR (OR = 17.65, p = 0.001 vs.
OR =151, p = 0.007).

(80) Disease severity In this meta-analysis, both NLR and LCR predicted disease severity [order of better prediction: NLR (SMD: 2.404) > LCR (SMD:
-0.912)]

(61)  Mortality In cancer patients: higher NLR, lower PNI, higher mGPS, and higher Pl all predicted an increased mortality (o < 0.0001 for all), PLR
did not.

(70)  Mortality NLR, d-NLR, SlI, and PNI all predicted mortality.

(81)  Mortality NLR, d-NLR, and SlI all predicted mortality in the univariate analysis; however, only Sll was significant in the multivariate analysis.

(82)  Mortality PNI independently predicted mortality in the multivariate analysis (AUC: 0.849). NLR and PLR significantly correlated in the

univariate analysis.
(64)  Mortality, ICU admission, ~ Higher LCR on day 1 predicted an increased need for ICU admission and invasive mechanical ventilation. NLR could not predict

requiring invasive any of the variables on day 1.
mechanical ventilation, Lower LCR on day 7 predicted increased mortality, while higher NLR correlated with requiring invasive mechanical ventilation and
and dialysis mortality.

Sli, systemic immune-inflammation index; NLR, neutrophil to lymphocyte ratio; PLR, platelet to lymphocyte ratio; AUC, area under the curve; hsCAR, high-sensitivity C-reactive protein to
albumin ratio; hsCPAR, high-sensitivity C-reactive protein to prealbumin ratio; PNI, prognostic nutritional index; LMR, lymphocyte to monocyte ratio; d-NLR, derived-NLR; AFR, albumin to
fibrinogen ratio; CAR, C-reactive protein to albumin ratio; OR, odds ratio; LCR, lymphocyte to C-reactive protein ratio; SMD, standardized mean difference; mGPS, modified Glasgow
prognostic score; Pl, prognostic index.
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Study Domain 1* Domain 2* Domain 3 Domain4* Domain5 Domain6 Domain7 Domain8* Domain9* Domain 10 Total Score

Vanhems et al. 1 0 0 0 0 1 1 1 0 0 4
Snell et al. 1 1 1 1 0 0 0 1 1 0 6
Coll et al. 1 0 1 0 0 1 1 0 1 1 6
Gonfiotti et al. 0 1 1 1 0 1 1 1 1 0 7
Garatti et al. 1 0 0 1 1 1 1 1 1 1 8

‘Indicate core quality domains, as considered in sensitivity analysis.
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United States, US
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South Korea
Brazil

Japan
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Germany
International
Poland

Denmark

India

Canada

Ireland
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10%
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Statement Number of studies  Risk of Indirectness Inconsistency Imprecision Other Effect Overall

and patients bias considerations  size quality of
evidence
“In the general adult population, 21 studies, 8251 Serious - Not serious  Very serious Not serious  Publication bias RR 1.301 Low/very
nosocomial COVID-19 is associated patients. Very suspected 2 95% Cl: low
with a greater risk of inpatient mortality ~ Probable nosocomial: ~ serious 1.005 to
compared to individuals hospitalised 1513 1.683
with community-acquired COVID-19” Probable community:
6738

“In an immunosuppressed adult 3 studies, 1069 Serious”  Not serious  Not serious Serious’ Publication bias RR 2.14 Low/
population, nosocomial COVID-19 is patients. suspected 2 95% Cl: Moderate
associated with a greater risk of Probablenosocomial: Strong 1.76 to
inpatient mortality compared to 152 association * 2.61
individuals hospitalised with community- Probable community:
acquired COVID-19” 917

Created using GRADEPTo online tool, https://gradepro.org/. * All studiies scored moderate/high in formal assessment; however, follow-up duration was limited; ! Significant uncertainty
associated with heterogeneity assessment: I = 0.00%, 95% Cl: 0.00 to 96.6%, downgrade by 1 level; 2 Mortality reporting bias suspected by country, downgrade by 1 level; ® RR > 2.0
with consistent effect from =2 studies, upgrade by 1 level.
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Study Author Domain 1* Domain 2* Domain 3* Domain 4 Domain 5 Domain 6 Domain 7* Domain 8* Total Score

Ajayi et al. 1 1 1 0 0 1 0 0 4
Brill et al. 1 1 1 0 0 1 1 0 5
Lee et al. 1 1 1 0 0 1 0 1 5
Bhogal et al. 1 1 1 0 1 1 1 0 6
Elkrief et al. 1 1 1 0 1 1 1 0 6
Carter et al. 1 1 1 0 1 1 1 1 7
Khan et al. 1 1 1 0 1 1 1 1 7
Ponsford et al. 1 1 1 0 1 1 1 1 7

‘Indicate core quality domains, as considered in sensitivity analysis.
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Study Author Domain 1* Domain 2* Domain 3* Domain 4* Domain 5 Domain 6 Domain 7* Domain 8 Total Score

Jewkes et al. ! 1 1 1 0 0 0 0 4
Wake et al. 1 0 1 1 0 0 1 0 4
Sanchez et al. 1 1 1 1 0 0 1 0 5
Harada et al. 1 1 1 1 1 1 0 0 6
Davis et al. 1 1 1 1 1 1 1 0 7
Cao et al. 1 1 1 1 1 1 1 0 7
Khonyongwa et al. 1 1 1 1 1 1 1 1 8
Lakhani et al. 1 1 1 1 1 1 1 1 8

Indicate core quality domains, as considered in sensitivity analysis.
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Reference

Ajayi et al.
(24)

Bhogal et al.

(25)

Brill et al.
(26)

Cao et al.
(27)

Carter et al.
(12)

Coll et al.
(28)

Davis et al.
(29)

Elkrief et al.
(1)

Garatti et al.
(30)

Study type  Country
Retrospective UK
cohort
Retrospective UK
cohort
Retrospective UK
cohort
Retrospective  China
cohort
Prospective UK and
cohort Italy
Retrospective  Spain
case series

Retrospective UK

cohort

Prospective Canada
cohort

Retrospective ~ Italy
case series

Study population
and setting

39 hospitalized adult
trauma patients with
RT-PCR diagnosis of
COVID-19 admitted
to London centre.
179 hospitalized
adult cancer patients
with RT-PCR
diagnosis of COVID-
19 across 6 hospitals
in England.

450 hospitalized
adults with RT-PCR
diagnosis of COVID-
19in London
teaching hospital

78 adults
hospitalized with
laboratory-confirmed
COVID-19 in Wuhan
(24 healthcare
workers excluded)

1564 hospitalized
adults with
laboratory-confirmed
COVID-19 across 10
UK and 1 Italian
hospitals

778 solid organ
transplant and
hematopoietic stem
cell transplant
recipients with
clinical-laboratory
COVID-19 diagnosis
across 61 Spanish
transplant centres.
222 hospitalized
adults with a RT-
PCR confirmed
diagnosis of COVID-
19 within department
of medicine for
elderly across 3
Scottish (UK)
hospitals

249 hospitalized
adults with cancer
and a laboratory-
confirmed diagnosis
of COVID-19 (3
children excluded)
10 hospitalized
adults undergoing
urgent cardiac
surgery in ltalian with
a clinical diagnosis of
COVID-19

Study
period *

26/1/20 to
14/4/20
(80 days)

1/3/20 to
10/6/20
(102 days)

10/3/20 to
8/4/20
(30 days)

3/1/20 to
1/2/20
(30 days)

27/2/20 to
28/4/20
(62 days)

20/2/20 to
13/7/20
(145 days)

18/3/20 to
20/4/20
(34 days)

3/3/20 to
23/5/20
(82 days)

21/2/20 to
08/03/20
(17 days)

Nosocomial
case definition

No explicit
definition.

“Probable”: 8-14
days.

“Definite”: > 14
days following
admission

RT-PCR
diagnosis made
>14 days
following
continuous
admission.
Close contact
with known
positive case
whilst admitted to
hospital or
outpatient visit in
last 14 days
“Definite”: > 14
days from
admission to
diagnosis.

No explicit
definition given.

RT-PCR
diagnosis made
>14 days
following
admission.

Diagnosis of
COVID-19 >6
days after
unrelated
admission.

Clinical diagnosis
made > 8 days
following
admission.

Number of Mortality Critical
participants (%)* care
()T, * admission

Community: ~ Community: ~ Not
12 (30.8%) 1(8.3%) reported.
Nosocomial: ~ Nosocomial:
27 (69.2%) 7 (25.9%)
Community: ~ Community: ~ Not
145 (82.8%) 36(24.8%)  reported.
Nosocomial:  Nosocomial:
28 (16.2%) 18 (64.3%)
Community: ~ Community: ~ Not
419(93.1%) 166 (39.6%) reported.
Nosocomial: ~ Nosocomial:
31 (6.9%) 7 (22.6%)
Community: ~ Community: ~ Not
68 (87.2%) 15 (22.1%) reported.
Nosocomial: ~ Nosocomial:
10 (12.8%) 2(20.0%)
Community: ~ Community: ~ Not
1368 (87.5%) 372 (27.2%) reported.
Nosocomial: - Nosocomial:
196 (12.5%) 53 (27.0%)
Community: ~ Community*: ~ Not
679 (87.3%) 133 0f 570 reported.
Nosocomial:  (23.3%)
99 (12.7%) Nosocomial*:

37 of 77

(48.1%)
Community: ~ Community: ~ Community:
119 (63.6%) 54 (45.4%) 0 (0.0%)
Nosocomial: ~ Nosocomial: ~ Nosocomial:
103 (46.4%) 41 (39.8%) 4 (3.9%)
Community: ~ Community: ~ Community:
202 81.1%) 49 (24.3%) 27 (13.4%)
Nosocomial: ~ Nosocomial: ~ Nosocomial:
47 (18.9%) 22 (46.8%) 6 (12.8%)
Community: ~ Community: ~ Community:
4 (40%) 1 (25.0%) 1 (25.0%)
Nosocomial: ~ Nosocomial: ~ Nosocomial:
6 (60%) 0(0.0%) 0 (0.0%)

Length of follow-
up

Until death or
discharge.

Until discharge,
death, or last
available follow-up
17/6/20 (minimum
7 days; median
44).

Until death or
discharge.

Until death or
discharge, until
15/2/20 (minimum
14 days).

Until death or
discharge
(minimum 7 days).

Not explicitly
defined.
*Outcome data
available in 647
only.

30-day mortality
following date of
RT-PCR testing

Until death or last
follow-up (median
25 days).

Until death or
discharge (median
25 days post
symptom onset).
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Patient Sex  Age  SampleOrigin  ICUdays  Days untildemise  BMIindex Pre-existing condition Treatment Cause of death

1-COVID-19 82 France 1 17 241 NA. NA. Muitivisceral failure
2-COVID-19 51 France 10 20 345 Small airways obstruction/Leukemia AINS Pulmonary embolism
3-COVID-19 80 France 4 1 239 Meningioma NA. Multivisceral failure.
4-COVID-19 59 France 13 18 284 Asthma Corticoids Pulmonary embolism
5-COVID-19 51 France " 18 38 Small airways obstruction/Arthritis NA. Massive Pulmonary embolism
6-COVID-19 76 France 11 14 31.2 NA. Methotrexate Septic shock
7-COVID-19 51 France 53 30 35.1 NA. NA. Pulmonary embolism
8-COVID-19 N.A. France NA. NA. NA. NA. Home NA.

9-COVID-19 NA France NA. NA. NA. NA. Home NA.

10-COVID-19 NA. France NA. NA. NA. NA. Home

11-COVID-19 N.A. France NA. NA. NA. NA. Home

1-LC NA. USA NA. NA. NA. Lung cancer NA.

2-LC N.R. USA NA. NA. N.R. Lung cancer N.R.

3-LC N.R. USA NA. NA. N.R. Lung cancer N.R.

4-LC N.R. USA NA. NA. N.R. Lung cancer NR.

1-TB 58 USA NA. NA. N.R. B NA.

2-TB 65 USA N.R. NA. N.R. B NA.

COVID-19, Coronavirus disease 19; LC, Lung Carcinoma: TB, tuberculosis; N/A, not applicable; N/R, not register: F, female: M, Male; AINS, non-steroidal anti-inflammatory drugs.
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Study Flow Diagram

Records identified through searching:
Embase, Ovid Medline,
Social Policy & Practice: n = 2149
MedRxiv pre-print server: n =71
Search performed 9-FEB-2021

Identification

Records after duplicates removed
N=1478

Screening

Full-text articles assessed for eligibility
N=195

Eligibility

Describes nosocomial covid-19 outbhreak
N =67

Mortality risk by
covid-19 origin
N=21

Risk of critical care
admission

Abstracts screened

—]

Records excluded
N=1283

Records excluded
N= 128

Does not meet outbreak
definition, n = 46
Incorrect study design, n =39
Incorrect study type, n=19
Incorrect population, n=10
Incorrect outcome, n=7
Insufficient information, n =6
Duplicate population,n=1

Mortality covid-19 outcomes
unreported in community and
nosocomial groups, n = 46

Critical care admissions
unreported, n =60
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Male (n = 40)

Female (n = 4)

Age [median, (range)]
Disease severity [n, (%)]
asymptomatic
moderate

severe

Sampling time [median, (range)]
Complications [n, (%)]
hypertension
hyperlipidemia
diabetes

tumor

intestinal diseases

43 (29-59)
39 (97.5%)
1 (2.5%)
0(0.0%)
2(1-13)

5 (12.5%)
2 (5.0%)
1 (2.5%)
1 (2.5%)
2 (5.0%)

53 (37-62)

2 (50.0%)

1 (25.0%)

1 (25.0%)
2(1-6)
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Control+3 subgroups

Control+2 subgroups

All ages
Under 60
All ages
Under 60

na

0.0337
0.0010
0.0084
0.0005

ns

0.8188
0.5749
0.9310
0.5245

Nas

0.1947
0.0977
0.0666
0.0712

Nc

0.6295
0.1671
0.8992
0.2001

Nasc

0.6599
0.3515
0.2496
0.1537

Nor

0.7310
0.5630
0.5729
0.3963
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Loci

HLA-A

HLA-B

HLA-DRB1

Indices

h
%homozygotes

h
%homozygotes

h
9%homozygotes

h
%homozygotes

All patients

0.8810
16.20
(23/142)
0.8820
11.27
(16/142)
0.8700
17.61
(25/142)
0.8663
11.27
(16/142)

All controls

0.8909
11.19
(16/143)
09191
5.59
(8/143)

0.8799
16.78
(24/143)

Mild/Moderate

0.8693
13.04
(6/46)

0.8762

6.52
(3/46)

08715
13.04
(6/46)

0.8542

8.70
(4/46)

Severe

0.8889
21.15
(11/52)
0.8852
17.31
(9/52)
0.8711
19.23
(10/52)
0.8707
13.46
(7/52)

Critical

0.8670
13.64
(6/44)

0.8696

9.09
(4/44)

0.8489
20,45
(9/44)

0.8502
11.36
(5/44)

Severe/Critical

0.8814
17.71
(17/96)
0.8820
13.54
(13/96)
0.8665
19.79
(19/96)
0.8662
12.50
(12/96)
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Time (days) RNA saliva IgA RNA or saliva IgA
n positive rate (%) n positive rate (%) n positive rate (%)
1-7 14 35.90 6 15.38 19 48.72
8-14 5 12.82 3 7.69 8 20.51
1-14 16 38.46 8 20.51 20 51.28
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Serum Saliva

Collection time (days) IgA 19G IgM Collection time (days) IgA 19G IgM

2 0.98 =) 8.08 (+) 4.52 (+) 3 0.35 (=) 0.43 (=) 1.76 (+)
2 214 (+) 126 (+) 517 (+) 3 1.03 (+) 0.46 (=) 0.27 (-)
4 3.93 (+) 7.55 (+) 02 (=) 3 1.32 (+) 0.65 (=) 0.17 (=)
5 1.88 () 20.68 () 6.82 () 4 1.75 ) 1.78 ) 2.56 (+)
5 037 ) 853 ) 0.85 &) 4 112 +) 0.54 &) 0.44 )
7 115 +) 224 +) 48 +) 6 1.13 +) 0.04 &) 0.12 )
8 485 ) 18.82 ) 343 +) 7 0.14 ) 1.37 o) 0.21 )
8 45 ) 5.64 ) 0.16 ) 8 47 (+) 0.3 ) 0.04 &
9 1.21 ) 17.74 ) 0.24 ) 10 1.47 (+) 1.95 ) 0.29 )
11 1.36 +) 103 +) 0.08 =) 10 5.21 (+) 0.04 =) 0.04 (-)
11 0.66 “) 3.49 ) 045 ) 12 0.09 ) 1.37 ) 0.22 &
12 2.42 () 12.36 () 028 ) 12 0.41 =) 2.43 ) 0.13 )
13 0.71 ) 12.98 ) 0.41 &) 12 1.23 +) 0.19 ) 0.25 )
14 6.06 +) 5.66 +) 0.26 ) 13 4.15 (+) 0.54 =) 268 (+)
19 0.99 “) 38 ) 0.12 ) 20 1.03 (+) 0.16 ) 0.12 )

The first column of each type of immunoglobulins was COI value and the second column was the qualitative result. (+) means positive and (-) means negative.
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Immunoglobulin Positive (+) Negative (-) total Positive rate (%)

IgA 14 30 44 31.82
I9G 7 37 44 15.91
IgM 4 40 44 9.09
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Lymphocytes G/L

CD8" T cells

Effector CD8" T cells
Effector CD4" T cells
CD4* and CD8+ activation
CD8" senescence

CD4" senescence
Plasmablasts

mHLA-DR

Mortality'

Cluster 1

low

low

high

normal

low activation
low senescence
low senescence
normal/high
normal

0

Cluster 2

low

very low

very high
normal

high

high

low senescence
high

normal/low

17.4

1h=0.005 cluster 1 against others; p= 0.006 clusters 2 and 5 against others.

Cluster 3

low

very low

very high
normal

very high

low senescence
low senescence
extremely high
normal/low

95

Cluster 4

low

normal
extremely high
high

very high

very high

very high

high

normal

1.1

Cluster 5

low

low

extremely high
normal

very high

very high

high

high

normal

26.1
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Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 p-value
Men, n (%) 24 (58.5%) 13 (66.5%) 14 (66.7%) 12 (70.6%) 11 (47.8%) 0.630'
BMI, kg/m?, mean (sd) (n=94) 26.5 (6.3) 28.4 (4.7) 286 (5.8 275(7.2) 27.2(8.2) 0.745%
CRP, mg/L, median [IQR] (n=99) 41 [18;100] 95 [31;155] 84 [18;131] 55.5[19.5;121] 62.5 [48;151.5] 0.641°
Mortality, dead, n (%) 0 (0%) 4 (17.4%) 2 (9.5%) 2 (11.8%) 6 (26.1%) 0.005" cluster 1 against others;
0.006" clusters 2 and 5 against others
Severe Covid19*, n (%) 8 (43.9%) 14 (60.9%) 16 (76.2%) 9 (52.9%) 11 (47.8%) 0.154'
ICU admission, n (%) 1 (26.8%) 8 (34.8%) 12 (57.1%) 5 (29.4%) 5 (21.7%) 0.121"
Oxygen requirement, n (%) 27 (65.8%) 17 (73.9%) 16 (76.2%) 14 (82.3%) 13 (66.5%) 0.426'
Corticosteroid treatment, n (%) 2 (29.3%) 13 (56.2%) 13 (61.9%) 7 (41.2%) 6(26.1%) 0.033'

"Fisher exact test.
?F-test Anova due to normality distribution.
3Kruskal Wallis test due to non-normality distribution.

“Severe Covid19 defined as: 0.>2L/min, ICU admission, LTE, decease.
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Cluster 1
Population size, n (%) 41 (33)
Age, mean (sd) 56. (18.7)
Lymphocytes G/L, mean (sd) 1.1 (0.62)
CD8* G/L, mean (sd) 0.2(0.17)
Effector CCR77/CD8" %, 43 (12.1)
mean (sd)
Effector CCR77/CD4" %, 13 (6.5)
mean (sd)

HLA-DR*/CD4* %, mean (sd) 73.2)

HLA-DR*/CD8" %, mean (sd) 21 (9.2)

CD57*/CD4* %, mean (sd) 1.7(1.7)

CD57*/CD8" %, mean (sd) 14.2 (6.4)

CD38"9"/CD19* %, mean 7.8(7.5)

(sd)

mHLA-DR AB/C®, mean (sd) 42043
(17037)
(n=13)

"Kruskal-Wallis equality-of-populations rank test.

Cluster 2

23 (18)
67 (11.6)

14 (5.1)
11(5.8)
34(11.9)

1.7(12)

33.1(12.2)

8.3(6.9)

25217
(17484)
(n=10)

2Two-sample Wilcoxon rank-sum (Mann-Whitney) test.

3Two-sample t test with unequal variances.
*ANOVA F-test.

Cluster 3

21(17)
70 (12.8)

09 (0.6)
0.2(0.14)

67 (12.2)

21(162)
17 (11.6)
49 (18.1)

4979

19.5 (11.9)

33.2(21.7)

21009
(9785)
(n=8)

Cluster 5

23 (1)
79 (10.8)

21 (106)
4(7.2)
48 (17.6)

57 (5.3)

43.5 (12.7)

95 (8.8

47150
(19101)
(n=11)

5 mHLA-DR AB/C : HLA-DR expression on CD14* monocytes (number of antibodies fixed per cell).

p-valueglobal
test

p=0.0001"
0.27"

p=0.0014"

p=0.0001"

p=0.0001"
p=0.0001"
p=0.0001"
p=0.0001"
p=0.0001"
p=0.0001"

p=0.004*

p-value comparaison 2 by 2

p<0.00012
cluster 1 against others;
cluster 5 against others

p<0.00012

cluster 4 against others
p<0.0001%

cluster 1 against others; clusters 4 and 5
against others

p<0.0001*

cluster 4 against others
p<0.00012

clusters 3, 4 and 5 against others
p<0.00012

clusters 3, 4 and 5 against others
p<0.00012

cluster 4 against others
p<0.00012

clusters 1 and 3 against others
p<0.00012

cluster 3 against others
p<0.0001°

clusters 2 and 3 against others
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n
Men, n (%)

Women, n (%)

Time from symptom onset to first biological sample: mean
(sd)

Age: median [IQR]

BMI: median [IQR]

CRP: median [IQR]

Mortality, n (%)

Severe COVID19', n (%)

ICU admission, n (%)

Oxygen requirement, n (%)

Limitation of therapeutic effort (LTE), n (%)

Treated with corticosteroids, n (%)

Study population

125

74 (59%)
51 (41%)
11 (5.6)

70 [55.6; 78.5]
27.1[23.3; 31.9]
61 [25; 133]
14 (11.2%)
68 (54.4%)
41 (32.8%)
87 (69.6%)

3 (2.4%)

51 (40.8%)

IQR: interquartile range.

"Severe Covid19 defined as: 0-<2L/min, ICU admission, L TE, decease.
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Cell subset Immunophenotype
T-cell subsets

Total CD4* T cells CD3* CD4*

Naive CD4* T cells CD45RA* CCR7*

Central memory CD4* T cells
Effector CD4™ T cells
Regulatory T cells

Total CD8" T cells

Naive CD8* T cells

Central memory CD8* T cells
Effector CD8" T cells

B-cell subsets

Total B cells

Transitional B cells

Naive B cells

Natural memory B cells

Post germinal memory B cells
Plasmablasts

NK cells

Total NK cells

Cytotoxic NK cells
Immunomodulatory NK cells
Inflammatory NK cells
Monocytes

Total monocytes
Non-conventional monocytes

CD45RA” CCRT*
CD45RA* CCR7

CD4* CD127"°" CD25"9"
CD3* CD8*

CD45RA* CCR7*
CD45RA” CCRT*
CD45RA*~ CCR7

CD19*

IgD* CD27" CD10* CD38"a"
IgD* CD27 CD10” CD38"
IgD* CD27*

IgD” CD27* CD38°"

IgD" CD27"9" cpaghien

CD56" or CD16* and CD3"
CD56" CD16* CD3"
CD56 CD16* CD3"
CD56" CD16™ CD3"

CD45Meh gggintermediate
CD16*
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Parameter

N
Age (yrs)
Gender, % (n)
Male
Female
Symptoms
Fever
Cough
Breath Shortness
Bilateral lung involvement
CBC
Leukocytes #
Neutrophils #
Lymphocytes #
NLR
Monocytes #
Platelets #
Previously tested positive
for SARS-CoV-2
D-dimer test, (ng/ml)

CBC, complete Blood Count; NLR, Neutrophi/lymphocyte ratio, Data are median (min-max); #, 1x10%/L.
“statistically significant compared to healthy and vaccinated subjects (p<0.05).

®Normal range of laboratory.
SND = Not Done.

Healthy Subjects

30
34.8 (26-56)

66.7 (20)
33.3 (10)

(3.7-10°
(1.7-6)
(-9
ND
(0.2-1)
(130-430)
0/30

<255

Vaccinated subjects

62
34.7 (18-68)

40.3 (25)
59.7 (37)

ND
ND
ND
ND
ND
ND
27/62

ND

COVID-19 patients

52
47.8 2 (15-82)

71.2@7)°
28.8 (15)

23 (44.2%)
22 (42.3%)
27 (52 %)

21 (40.4 %)

7.4 (3.3-15.1)
4.8((2.3-11.8)
1.1(0.2-3.8)
5.6 (0.9-35.5)
0.4 (0.1-1.3)
217 (105-431
Not applicable

298 (67-3760)
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ICU admission

Last determination

rs p-value rs p-value

G-MDSCs vs. M-MDSCs 0.296 0.0071* 0.326 0.0028*
vs. CD4*PD-1"0X40™ T cells 0.140 0.2113 0.526 0.0004*

vs. CD8"PD-1*OX40™ T cells 0.293 0.0081* 0.377 0.0014*

vs. total PD-1"0X40™ T cells 0.261 0.0184* 0.473 0.0009*

vs. Tregs -0.013 0.9071 -0.323 0.0030*

Total MDSCs vs. CD4*PD-1*0OX40™ T cells 0.088 0.4332 0.246 0.0271*
vs. CD8*PD-1*OX40™ T cells 0.126 0.2624 0.280 0.0114*

vs. total PD-1*OX40™ T cells 0.131 0.2453 0.296 0.0072*
CD4*PD-1*0X40™ T cells vs. CD8"PD-1*0X40" T cells 0.340 0.0021* 0.579 0.0001*
CD4*OX40"PD-1" T cells vs. CD8"OX40"PD-1" T cells 0.255 0.0223* 0.536 0.0002*
Tregs vs. CD4"OX40"PD-1" T cells 0.504 0.0002* 0.516 0.0003*
vs. CD8*OX40*PD-1" T cells 0.285 0.0103* 0.520 0.0003*
vs. total OX40*PD-1" T cells 0.489 0.0004* 0.857 0.0001*

MDSCs, myeloid-derived suppressive cells; G-MDSCs, granulocytic MDSCs; M-MDSCs, monocytic MDSCs; Tregs, regulatory T cells.

*Statistically significant differences.
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Characteristics N (%)

Patients 80 (100.00)
Age (years)® 62 (59-66)
Female sex 16 (23.75)
Comorbidities
COPD 11(13.75)
Chronic heart failure 7 (8.79)
Cancer 3(3.75)
Chronic kidney disease 1(1.25)
Liver cirrhosis 1(1.25)
Diabetes 17 (21.25)
Body mass index (kg/m2)a 29.40 (28.50-31.10)
APACHE II* 10 (8-11)
SOFA score® 4 (4-4)
Mechanical ventilation (at any time in the ICU) 52 (65.00)
Treatment
Corticosteroids 80 (100.00)
Tocilizumab 10 (12.50)
CRRT 6 (7.50)
ECMO 7 (8.75)
Complications in ICU
Nosocomial infection 43 (53.75)
Septic shock 23 (28.75)
Acute renal failure 20 (25.00)
ICU mortality 38 (47.50)
Hospital mortality 40 (50.00)
90-day mortality 39 (48.75)

COPD, chronic obstructive pulmonary disease; SOFA, Sequential Organ Failure
Assessment; APACHE, Acute Physiology and Chronic Health Evaluation; CRRT,
continuous renal replacement therapy; ECMO, extracorporeal membrane oxygenation.
aPata shown as median and 95% confidence intervals.
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R-HSA-1280215: Cytokine Signaling in Immune systemé=
G0:0046649: lymphocyte activation ¢=

WP3945: TYROBP causal network in microglia

G0:0050778: positive regulation of immune response ¢=
hsa05140: Leishmania infection

R-HSA-1280218: Adaptive Immune System €=

WP3937: Microglia pathogen phagocytosis pathway
G0:0030595: leukocyte chemotaxis

G0:0032103: positive regulation of response to external stimulus
R-HSA-913531: Interferon Signaling 4=

G0:0019221: cytokine-mediated signaling pathway ¢=
R-HSA-6798695: Neutrophil degranulation
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ko05152: Tuberculosis

G0:0050764: regulation of phagocytosis

hsa04742: Taste transduction
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BAL SARS-CoV-2+ BAL SARS-CoV-2 neg Non COVID-19- Total
N=11 N=23 N=21 N=55
Mean (IQR) Mean (IQR) Mean (IQR) Mean (IQR)
Age (years) 65 (69-76) 64.5 (58-72) 60 (45-72) 63 (48-73)
N (%) N (%) N (%) N (%)
Gender
Female 3(27) 7 (30) 8 (38) 18 (32)
Male 8(73) 16 (70) 13 (62) 37 (68)
Outcome
Survivor 7 (64) 14 (61) 21 (100) 42 (76)
Non-survivor 4 (36) 9(39) 0 (0) 13 (24)
Reason of admission
Pneumonia/sepsis/ARDS 3(27) 8 (34) 0(0) 11 (20)
Fever/cough 4 (36) 5(21) 6 (28) 15 (27)
Dyspnea 3(27) 8 (34) 3(14) 14 (25)
Hypercapnic coma-pneumonia 1(9) 0(0) 0(0) 1(1)
Sarcoidosis 0(0) 0(0) 1(4) 1)
Bronchial congestion 0(0) 0(0) 2(9) 2(03)
Psychomotor slowness 0(0) 0 (0) 1(4) 1(1)
Anosmia and ageusia 0(0) 0(0) 1(4) 1(1)
Left adrenal mass 0(0) 0(0) 2(9 203
N/A 0(0) 2(8) 5(23) 7(12)
Diabetes
Yes 1(9) 14 (60) 0 (0) 15 (27)
No 9 (81) 6 (26) 17 (80) 32 (58)
N/A 1(9) 3(13) 4 (19) 8 (14)
Obesity
Yes 1(9) 7 (30) 2(9) 10 (18)
No 9 (81) 15 (65) 18 (85) 42 (76)
N/A 1(9) 1(4) L™ 305
Cardiovascular disease
Yes 2(18) 5(21) 4(19) 11 (20)
No 8(72) 17 (74) 13 (62) 38 (69)
N/A 1(9) 1(4) 4(19) 6 (11)

BAL, bronchoalveolar lavage; IQR, interquartile range; ARDS, acute respiratory distress syndrome. N/A, Non available.
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rs35044562genotype

COVID-19 Clinical Manifestations AA AG + GG x2 d.f. P OR (95% CI)

Severe (n = 40) 22 18

Vs

Asymptomatic (n = 120) 104 16 17.98 1 0.000 5.32 (2.53 - 12.01)
Pauci-symptomatic (n = 90) 80 10 18.82 1 0.000 6.55 (2.65 - 16.19)
Moderate (n = 108) 86 22 8.978 1 0.003 3.20 (1.47 - 6.97)
Asymptomatic, Pauci-symptomatic, 270 48 21.13 1 0.000 4.60 (2.29-9.22)

Moderate (n = 318)

X2 = Chi square; d.f., degrees of freedom; p, p value; OR, Odds ratio (s), Cl, confidence intervals.
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Allele and Genotype distribution

Gene SNP Asymptomatic, pauci-symptomatic, moderate (n = 318) Severe (n = 40)
LZTFLT 1535044562 (A>G) Allele (%) Xee (%) Ko
(n=2358) A 921 0.0007, 775 3.372,
G 79 p=0979 225 p =0.066
Genotype (%) (%)
AA 84.9 55
AG 14.5 45
GG 0.6 0
OAS3 151156361 (T>C) Allele (%) Xoe (%) Xee
(n=358) T 35.2 0.019 325 0.026
¢} 64.8 p=0.890 67.5 p=0.872
Genotype (%) (%)
T 12.6 10
TC 45.3 45
CcC 421 45

)(,?,WE =Hardy-Weinberg equilibrium Chi square value;

= Hardy-Weinberg equilibrium p value.
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Allele and Genotype distribution

Gene SNP Control population (n = 314) COVID-19 patients (n = 358)
LZTFL1 rs35044562 (A>G) Allele (%) Xowe (%) X
(n=672) A 87.7 0.82, 90.5 057,
G 123 p=037 95 p=0.45
Genotype (%) (%)
AA 76.4 81.6
AG 22.6 17.9
GG 1.0 05
OAS3 rs1156361 (T>C) Allele (%) p (%) X
(n=672) T 35 0.13, 34.4 0.004,
C 65 p=0.72 65.6 p=095
Genotype (%) (%)
T 12.7 1.7
TC 44.6 45.3
cCc 42.7 43.0

)(f,wg =Hardy-Weinberg equilibrium Chi square value;

= Hardy-Weinberg equilibrium p value.
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Study
Samples

#Case vs. Age median Gender

Control year (IQR)
ICU 58.7(17.7)
43 vs. 25

GIM 66.1(25.2)
48 vs. 50

“IMP 72.2(14.8)
33 vs. 50

‘REP 64.3(12.7)
52 vs. 11

‘MGH 58.0(30.)
305 vs. 78

[%]

M=86
F=14

COVID-19 Patient Metadata

Co-morbidities [%] Smoking BMI

[%]

Heart diseases=12 4.6
Diabetes=16
Hypertension=40

Acute kidney

injury=61

Heart diseases=15 0.0
Cancer=15

Diabetes=25
Hypertension=44

ESRD=13

Chronic kidney

disease=4

Acute kidney

injury=10

Diabetes=62 1.8
ESKD=100

Diabetes=63 4.3
ESKD=100

Heart diseases=16 3.6
Diabetes=36
Hypertension=48
Hyperlipidemia=22

Chronic lung

disease=22

Kidney disease=13
Immunocompromised =8

[aR]

274
(6.5)

27.1
7.8)

NA

NA

29
(8.0)

COVID-19
Severity [%]

Severe
ARDS=100

Mild/
Moderate=63
Severe=37

Mild/
Moderate=51
Severe=49

Mild/
Moderate=29
Severe=71

Mild/
Moderate=69
Severe=31

Ethnicity[%] Olink panels

White=35 Infl., CVD Il &1l
Black=7

Asia=9

Other=49

White=50 Infl., CVD 1 &Il
Black=13

Asia=4

Other=33

White=29 Infl., Immune
Black=15 Response CVD Il &
South i

Asia=33

Asia=7

Others=16

White=24 Infl., Immune
Black=17 Response CVD Il &
South n

Asia=26

Asia=15

Others=17

Hispanic=54 Olink® Explore 1536
Black=10

Not

described=36

Sampling  Reference

matrix

Plasma

Serum

Plasma

Serum

Plasma

NA

No reference
available

a7

(17)

(19)

*These are the numbers used in the current analysis after removal of additional samples that have been measured from the same patients on successive time-points.

NA, Not available.
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Cell populations Patient status ICU admission Week 1

Week 2

Week 3

Granulocytes Discharge 9,000 (8,540-10,200) 11,135 (10,310-15,510)
Death 9,600 (8,400-10,990) 18,770 (11,410-16,630)

Monocytes Discharge 360 (270-460) 930 (660-1,180)
Death 410 (340-1,180) 520 (350-720)

Total lymphocytes Discharge 830 (610-940) 1,520 (1,040-1,980)
Death 690 (5620-820) 640 (470-820)

T cells Discharge 414 (336-593) 988 (616-1,314)
Death 361 (263-458) 400 (320-504)

CD4 T cells Discharge 226 (168-380) 734 (370-932)
Death 219 (163-249) 299 (222-349)

CD8 T cells Discharge 128 (102-155) 258 (162-342)
Death 100 (78-154) 94 (52-138)

B cells Discharge 168 (122-226) 308 (222-439)
Death 144 (107-173) s (113-198)

NK cells Discharge 112 (70-130) 95 (68-129)
Death 96 (58-137) 54 (40-75)

Cell counts (in cells per microliter) are presented as the median and 95% confidence intervals.
NK cells, natural killer cells.

9,800 (8,320-11,560)
11,240 (9,040-13,920)
860 (630-940)
490 (320-750)
1,440 (1,020-1,830)
785 (660-1050)
1,094 (708-1,269)
537 (471-755)
663 (521-966)
388 (200-515)
177 (139-379)
128 (88-178)

264 (145-384)
172 (134-230)
104 (69-145)

66 (37-127)

9,150 (5,930-17,580)
10,980 (5,620-19,310)
600 (410-1,130)
520 (330-750)
1315 (890-1,610)
940 (600-1,520)
947 (632-1,187)
705 (366-1,533)
723 (444-874)
429 (218-610)
202 (155-564)
172 (54-289)
218 (145-438)
192 (85-255)

119 (70-187)

65 (58-150)
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Demographic and Clinical Characteristics

Age, mean + SD, years
Sex, n (%)
Males
Females
COVID-19 severity score, n (%)
Mild
Hospitalized
Moderate
Severe
Critical
ICU admission, n (%)
Survival, n (%)
Pulmonary embolism, n (%)
Peak p-dimer, median (range), ug/L
Peak LDH, median (range), U/L
Peak ferritin, median (range), mg/L
Peak CRP, median (range), mg/L

11 (14)
2,724 (<150-8,819)
429 (200-842)
1,449 (128-10,437)
217 (13-549)
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Biomarkermedian COVID-19 encephalopathy (E) COVID-19 encephalitis (€) (n=14) HC Significance*
(IGR) (n=25)
Serum (n=14) CSF (n=16) Serum (n=11) CSF (n=11) Serum (n=46) CSF (n=24)
ocB = 0 = 0 = =
14-3-3 protein - 5089 (3133- - 5272.5 (3176- - -
9847) 9049)
NfL 2415 (725-857) 1543 (740- 484 (4.8-285) 650 (446-4603)  14.4 (9.4-21.9)  764.5 (472.5- Serum: ESHC (p<0.001)
2083) 896.5) CSF: E>HC (p=0.012)
IL-1b 3.7 (1.6-13.9) 0.8(0.3-0.8) 5.2 (2.3-59.4) 0.8 (0.4-0.8) 1.6 (1.6-8) 0.8(0.4-0.8) Serum: e>HC (p=0.041)
IL-1RA 34.3 (10.1-76.3) 0.4 (0.3-0.4) 25.8 (6.1-31.1) 0.5(0.4-0.7) 14.5-17.1) 0.4(0.3-0.4)  Serum: E>HC (p<0.001) e>HC
(p=0.045)
IL-6 16.8 (6.2-61.1) 3.9 (2.1-19.8) 10.2 (1.6-14.9) 11.5 (2.5-38.1) 0.9 (0.6-2.5) 1.9(1.7-2.8)  Serum: E>HC (p<0.001);
e>HC (p<0.001)
CSF: E>HC (p=0.019); e>HC
(p=0.002)
IL-8 34.2 (21-72.2) 832 (68.8-  35.7(17.6-946)  116.3 (45.9- 83 (4.7-10.3)  47.3(41.2-56) Serum: E>HC (p<0.001);
161.1) 1848) e>HC (p<0.001)
CSF: E>HC (p<0.001); esHC
(p=0.014)
IL-10 10.1 (2.6-25.2) 1(0.3-2) 2.8 (2.6-20.4) 1.9 (1.1-89) <26 1.8(1.4-2.2)  Serum: E>HC (p=0.025);
e>HC (p=0.047)
CSF: E<HC (p=0.029)
IL-17a 2(1.3-4.5) 0.6 (0.3-0.6) 1.3(0.8-20.6) 0.5 (0.2-0.6) 1.3(1.3-6.1) 0.4 (0.3-0.6)
IL-18 30.4 (85-56.7)  0.5(0.2-0.7)  26.4(12.3-88.1) 0.6 (0.2-1) 12.9(7.8-185) 0.3(0.25-0.3) CSF: e>HC (p=0.026)
IP-10 301.5 (162.4- 158.7 (32.1- 493.7 (60.6- 612.1 (82.9- 142.9(109.5-  518.2(236.4- Serum: E>HC (p=0.008)
606.3) 1048.1) 819.5) 27763.5) 178.7) 899.6)
G-CSF 4.8 (4.8-12.3) <2.4* 14.9 (4.8-34.7) 2.4 (2.4-41) 4.8 (4.8-12.3) <24
INFo2 8(8-9.9) 1.5 (0.4-2.1) 8(8-17.9) 2(0.3-2.3) 8 (8-33.4) 0.8(0.5-1.1)
INFy 2.3(1.3-13) <0.6" 3.3(1.3-22.2) <0.6" 4.2(1.3-17.7) <0.6*
TNFo. 46.9 (20.1-131.3) 1(0.9-1.3 32.3 (23.8-64) 1.7 (0.9-2) 27.7 (16.6-65.2)  1.1(0.9-1.2)
Fractalkine 169.6 (111.3- 51.2 (22.1- 1416 (96.5-404) 35 (17.6-72.8) 132.4 (64.3- 51.3 (38.5-
390.7) 75.9) 260.4) 65.6)
MCP1 622.1(331.2- 1216 (873.4- 345.4 (285.9-  1227.2 (613.4-  422.6(297.8-  666.2 (506.5- CSF: E>HC (p=0.005); e>HC
892.3) 3932.3) 629.7) 3150.4) 504.3) 882.2) (p=0.023)
MCP3 22.2 (15.4-148.7) <4 26.7 (8-81.3) <4+ 19.6 (8-59.6) <4
MIG 4821.5 (2232.1- 53.7 (21.3- 5563.3 (4237.7- 68.1 (21.7- 1936.9 (989.9- 29.1 (16.6-  Serum: E>HC (p=0.002);
17391.3) 131.6) 9006.4) 692.9) 3544.9) 55.6) e>HC (p=0.002)

CSF: e>HC (p=0.03)

(*) Only significant differences of pairwise comparisons (between COVID-19 encephalopathy [E], COVID-19 encephalitis [e] and healthy controls [HC]) in post-hoc analyses with Bonferroni
correction for multiple comparisons are detailed.
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Female, n (%) 24 (40)

Age, median (IQR) 66 (56-75)
Neurologic diagnostic category, n (%)
—Encephalopathy 25 (42)
—Encephalitis 14 (23)
—Peripheral nervous system syndrome’ 13 (22)
—Stroke 7(12)
—Transverse myelitis 1)
ICU stay, n (%) 27 (45)
Duration of ICU stay, in days, median (IQR) 22 (10-33)
Brain MR, n (%) 42 (70)
—Normal 28/42 (67)
—Large-vessel ischemic lesion 5/42 (12)
—Multifocal cortical/subcortical T2/FLAIR hyperintense lesions in the cerebral hemispheres, basal ganglia and/or brainstem 3/42 (7)
—Mesial temporal T2/FLAIR hyperintense abnormalities 2/42 (5)
—Intraparenchymal lobar hemorrhagic lesions 2/42 (5)
—Leptomeningeal enhancement 1/42 (2)
—Dorsal spinal cord T2/FLAIR hyperintense lesion 1/42 (2)
Lumbar puncture, n (%) 27 (45)
—Normal 14/27 (52)
—Pleocytosis (>56 WBC/uL), median (range) 10/27 (37), 70 WBC/uL (13-95)
—lIncreased protein concentration (>60 mg/dL) 7/27 (26)
EEG, n (%) 19 (32)
—Normal 4/19 (21)
—Diffuse slow background activity 11/19 (68)
—Epileptiform activity 4/19 (21)
COVID-19 severity,? n (%)
—Mild® 15 (25)
—Moderate® 16 (27)
—Severe® 29 (48)
mRS pre-COVID-19, median (IQR) 1(0-2)
—0-1,n (%) 36 (60)
—2-3,n (%) 15 (25)
—>3,n (%) 9(15)
mRS at 18 months follow-up, median (IQR) 2(1-3)
—0-1,n (%) 24/49 (49)
—2-3,n (%) 15/49 (31)
—4-5, 1 (%) 2/49 (4)
—6, n (%) 8/49 (16)

EEG, electroencephalogram; FLAIR, Fluid-attenuated inversion recovery weighted MRI sequences; ICU, intensive care unit; IQR, interquartile range; MRI, magnetic resonance imaging;
mRS, modified Rankin Scale; WBC, white blood cells. (1) Critical care myopathy, 11 (18%); Peripheral nerve syndrome, 2 (3%). (2) According to the respiratory status. (3) Patients with non-
or mild pneumonia or systemic disease, and without supplementary oxygen requirements. (4) Patients with hypoxemia requiring non-invasive supplementary oxygen. (5) Critically ill patients
in respiratory failure requiring assisted ventilation, septic shock and/or multi-organ dysfunction.





OPS/images/fimmu.2022.888661/fimmu-13-888661-g005.jpg
s oo






OPS/images/cover.jpg
& frontiers | Research Topics.

Definition of the immune
parameters related to
COVID-19 severity






OPS/images/fimmu.2022.888661/fimmu-13-888661-g004.jpg





OPS/images/fimmu.2022.891147/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2022.790334/fimmu-13-790334-g005.jpg
% of

neutralisation

0251 4 16 64 256
PS5 1gG Concentration (ug/ml)

P5 1gG alone
P519G +IVIG 1
P519G + IVIG 2
P51gG + IVIG 3





OPS/images/fimmu.2022.790334/fimmu-13-790334-g004.jpg





OPS/images/fimmu.2022.853265/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2022.790334/fimmu-13-790334-g003.jpg
“R?é%%§§§

AEAEEA S,

A0 SARS Co2 atbody responss

e

ot
€ F
g ety
3 HE
gzn
o






OPS/images/fimmu.2022.880961/table1.jpg
Mechanism  Aspect of Symptom Addressed Role of LL-37
Physiology
Antiviral Vasculature  Infection of pericytes that leads to dysregulated LL-37 directly binds to SARS-CoV-2 and inhibits infection of pericytes.
constrictive behavior that can narrow blood vessels,
increasing risk of thrombosis.
SARS-CoV-2 downregulates ACE, thereby, LL-37 directly binds to SARS-CoV-2 preventing it from downregulating ACE
accumulating Bradykinin and increasing thereby preventing accumulation of bradykinin.
vasopermeability to polymorphonuclear leukocytes
(PMN), cytokine release, and neutrophilic mucositis.

Neurological Astrocytes are disproportionately infected by SARS- LL-37 directly binds to SARS-CoV-2 and can incapacitate the virus before it can
CoV-2 and their infection has been hypothesized as the  infect astrocytes.
source of the symptom “brain-fog” associated with
COVID-19.

Infection of pericytes impairs their ability to effectively LL-37 directly binds to SARS-CoV-2 and inhibits infection of pericytes that leads
regulate the blood-brain barrier (BBB). Pericytes prevent to dysregulated constrictive behavior that can narrow blood vessels and affect
vessel degeneration and BBB disruption, and act as the integrity of the BBB.
phagocytes by performing pinocytosis. One in vivo
study of SARS-CoV-2 infection of pericytes revealed
vasoconstriction in the BBB.
Immuno- Vasculature  Thrombosis - Neutrophil extracellular traps (NETs) serve  LL-37 has been proven necessary for NET removal and we hypothesize it does
modulatory as scaffolds for fibrin and platelets to bind and form so through the condensation of the DNA in NETs and signaling macrophages for
thrombi in COVID-19 patients. These thrombi are the NET clearance.
cause of death in some patients. NETSs also increase
production of interleukin 6, which is associated with
cytokine storm.

Metabolism  Hyperglycemia and diabetes are associated with more  LL-37 can combat hyperglycemia and prevent beta-islet cell incapacitation
severe COVID-19 due to creation of reactive oxygen through promotion of Ca®* mobilization that leads to insulin release, Beta-islet
species, higher baseline inflammation, increased NET cell neogenesis, prevention of islet amyloid polypeptide self-assembly, and
production, and reduced NET clearance. reducing inflammatory profiles of macrophages surrounding Beta-islet cells. LL-

37 can also stimulate angiogenesis and neovascularization to support repair of
endothelial damage due to early infection.

Neurological Virally activated neutrophils can cause demyelination of ~ LL-37 reduces the inflammatory immune profile of neutrophils that have been

the CNS.

SARS-CoV-2 infection in @ macaque model showed
infection in the brain and production of Lewy bodies,
collections of alpha-synuclein plaque associated with
Parkinson's disease.

stimulated by a pathogen.
LL-37 can inhibit alpha-synuclein aggregation and oligomer induced cell damage.
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LL-37's Potential Relationship to Type 2 Diabetes and Hyperglycemia

LL-37 may inhibit symptoms
of hyperglycemia through
insulin secretion and
diabetes through reduction
of amyloid peptide and
neogenesis of B-cells.

| Positive Effects of LL-37 |

Negative Effects of Hyperglycemia &
Diabetes

Effects on Pancreatic B Cells ¥ * + \
-} Amyloid Peptide tite  tTNFa PNFB tiLip
- T Intracellular Ca?* Mobilization

L—» |nsulin Secretion \ )

- Neogenesis of B Cells

Endothelial Functions

-ArTglogenesw o Cytokine Storm Wound Healing
- Stimulates Revascularization

LL-37 may combat reduced
wound healing in COVID-19 COVID-19 Symptoms
patients by promoting
angiogenesis and
revascularization
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Days since test/symptom onset Sex* Age FvC FEV1 FEV1/FVC
Sensation of fever Corr. coeff. (rho) -0.07 0.10 0.07 -0.05 -0.04 0.02
p-value 0.153 0.045 0.161 0.323 0.402 0.727
Headache Corr. coeff. (rho) -0.08 0.31 0.25 -0.06 -0.04 0.05
p-value 0.128 <0.001 <0.001 0.238 0.404 0.300
Muscle ache Corr. coeff. (rho) -0.13 0.26 0.21 -0.06 -0.06 0.04
p-value 0.014 <0.001 <0.001 0.268 0.234 0.438
Unusual fatigue after physical activities Corr. coeff. (rho) 0.00 0.25 0.27 0.03 0.02 0.00
p-value 0.982 <0.001 <0.001 0.570 0.692 0.925
General infectious symptoms, total score Corr. coeff. (rho) -0.07 0.32 0.24 -0.05 -0.05 0.06
p-value 0.190 <0.001 <0.001 0.291 0.361 0.242
Dyspnoea Corr. coeff. (rho) 0.06 0.21 0.15 -0.03 -0.04 0.03
p-value 0.211 <0.001 0.003 0.541 0.419 0.557
Coughing Corr. coeff. (rho) -0.01 0.00 0.04 0.04 0.01 -0.10
p-value 0.859 0.961 0.399 0.428 0.910 0.056
Airway symptoms, total score Corr. coeff. (rho) 0.01 0.15 0.13 -0.01 -0.04 -0.05
p-value 0.830 0.003 0.010 0.812 0.405 0.291

*Male sex is reference category. FVC, forced vital capacity; FEV1, forced expiratory volume 1 second. P-values <0.05 and their related correlation coefficients are indicated with bold red.
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COVID-19 (n = 390) Non-COVID (n = 108) p-value*
Sensation of fever - mean (SD) 1.7(1.0) 1.4(0.7) 0.004
Confidence interval 1610 1.8 12t01.5
Sore throat - mean (SD) 1.9(1.1) 1.6(0.8) 0.063
Confidence interval 1.8102.0 15t01.8
Headache - mean (SD) 25(1.3 22(1.1) 0.047
Confidence interval 241026 20t02.4
Muscle ache - mean (SD) 20(1.3 1.7 (1.0) 0.015
Confidence interval 19t02.1 15t01.9
Unusual fatigue after physical activities - mean (SD) 2.5(1.4) 1.7 (0.9 <0.001
Confidence interval 23t02.6 15t01.8
General infectious symptoms, total score - mean (SD) 10.5 (4.4) 8.5(2.9) <0.001
Confidence interval 10.1t0 11.0 80t09.1
Breathlessness - mean (SD) 21(1.3 1.5(0.7) <0.001
Confidence interval 19t022 13t01.6
Coughing - mean (SD) 25(1.3 1.8(0.9) <0.001
Confidence interval 241026 1.6t02.0
Running nose - mean (SD) 2.6(1.3 25(1.2) 0.349
Confidence interval 251027 22t027
Airway symptoms, total score - mean (SD) 7229 5.8 (2.0 <0.001
Confidence interval 691075 541t06.1

"Based upon Mann-Whitney U-tests. General infectious symptoms total score has a range from 5 to 25. Airway symptoms total score has a range from 5 to 15. SD, standard deviation. P-

values <0.05 are indicated with bold red.
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Days since Sex* Age FvC FEV1 FEV1/FVC General infectious Airway

test/symptom onset symptoms symptoms
Plasma IL-1B Corr. coeff. (rho) -0.24 -0.05 0.02 -0.02 -0.03 -0.01 -0.08 -0.01
p-value <0.001 0.8320 0.760 0.694 0.573 0.823 0.564 0.786
Plasma IL-4 Corr. coef. (rho) -0.04 -0.17 0.12 0.17 0.17 0.00 0.07 0.09
p-value 0.459 0.001 0.017 0.001 0.001 0.931 0.172 0.083
Plasma IL-7 Corr. coef. (rho) -0.07 -0.11 -0.01 0.08 0.10 0.04 -0.02 -0.03
p-value 0.159 0.028 0.798 0.115 0.050 0.382 0.748 0.602
Plasma IL-8 Corr. coeff. (rho) -0.24 -0.04 0.01 0.05 0.05 0.01 -0.02 -0.07
p-value <0.001 0.380 0.859 0.284 0.290 0.845 0.656 0.207
Plasma IL-12 Corr. coeff. (rho) 0.15 -0.08 0.00 0.02 0.03 0.00 -0.08 -0.06
p-value 0.003 0.131 0.992 0.711 0.521 0.959 0.123 0.237
Plasma IL-13 Corr. coef. (rho) -0.19 -0.07 0.03 0.03 0.02 -0.05 -0.04 -0.02
p-value <0.001 0.180 0.566 0.556 0.658 0.329 0.489 0.710
Plasma TNF-o. Corr. coef. (rho) -0.32 -0.16 -0.06 0.06 0.02 -0.07 -0.04 -0.01
p-value <0.001 0.002 0.202 0.245 0.751 0.170 0.389 0.863
Plasma IP-10 Corr. coeff. (rho) 0.02 -0.03 0.09 0.02 0.00 -0.07 -0.02 0.03
p-value 0.704 0.5938 0.086 0.730 0.991 0.193 0.693 0.603
Plasma Eotaxin Corr. coeff. (rho) 0.04 -0.15 0.17 0.18 0.19 0.02 0.01 0.00
p-value 0.435 0.003 0.001 0.001 <0.001 0.639 0.875 0.955
Plasma MIP-1a. Corr. coeff. (rho) -0.04 -0.02 0.04 0.05 0.03 -0.04 -0.01 -0.01
p-value 0.488 0.711 0.466 0.310 0.523 0.458 0.816 0.836
Plasma GM-CSF Corr. coef. (rho) 0.15 -0.08 -0.02 0.10 0.11 -0.05 -0.05 0.01
p-value 0.004 0.114 0.749 0.042 0.038 0.286 0.298 0.906
Plasma bFGF Corr. coeff. (rho) 0.20 -0.03 0.03 0.03 0.04 0.05 0.03 -0.01
p-value <0.001 0.502 0.599 0.523 0.438 0.361 0.512 0.820
Plasma TCC Corr. coeff. (rho) -0.10 0.02 0.09 0.02 0.00 -0.06 0.02 -0.02
p-value 0.050 0.661 0.077 0.694 0.961 0.204 0.730 0.675
Plasma C3bc Corr. coeff. (rho) 0.07 0.03 0.00 -0.01 -0.03 -0.08 0.04 0.01
p-value 0.147 0.5685 0.996 0.840 0.561 0.140 0.473 0.878

"Male sex is reference category. IL, interleukin; TNF, tumour necrosis factor; IP, Interferon gamma-induced protein; MIP, Macrophage inflammatory protein; GM-CSF, granulocyte
macrophage colony stimulating factor; bFGF, basic fibroblast growth factor; TCC, terminal complement complex; C3bc, complement component 3, part be. FVC, forced vital capacity;
FEV1, forced expiratory volume 1 second. P-values <0.05 and their related correlation coefficients are indicated with bold red.
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T2DM NDM P value

n=25 n=10
Age, median (IQR), years 46 (36-59) 49 (40.25-55.50) N. A
Sex, man/woman, n (%) 17 (68%)/8 (32%) 7 (70%)/3 (10%) N. A
Hemoglobin, gnvdl median (IQR) 12.2 (11.35-13.60) 14.25 (13.7-14.9) 0.0475
Platelets 10%uL median (IQR) 193 (154.5-235) 165 (159.5-197.5) 0.4027
White blood cells 10%/uL, median (IQR) 6.1 (5.00-57.65) 5.8 (5.2-5.575) 0.4172
Neutrophils %, median (IQR) 75 (65.5-84) 55 (44.75-62) 0.0004
Lymphocytes %, median (IQR) 22 (15.5-29.75) 36 (26.75-39.75) 0.0349
Eosinophils %, median (IQR) 0 3 (3-4.5) <0.0001
Monocytes %, median (IQR) 7 (6-9) 9 (8.5-10) 0.0373
D-dimer pg/mL, median (IQR) 0.45 (0.29-1.61) 0.19 (0.15-0.25) 0.0048
Ferritin ng/mL, median (IQR) 224.7 (145.9-464.1) 115 (110-289.5) 0.4975
Fasting plasma glucose mg/dL, median (IQR) 215 (142.72-244) 95.5 (88-101) <0.0001
Ho1AC %, median (IQR) 6.9 (6-9) N.T N. A
CRP mg/mL, median (IQR) 69.62 (34.95-211) 13.28 (4.44-18.65) 0.0013
Serum SGOT U/L, median (IQR) 46.9 (30.2-64.6) 38 (30.75-43.25) 0.4432
Serum SGPT U/L, median (IQR) 27.6 (20-42) 40.5 (24.5-76.5) 0.1335

Hb1AC, glycated hemoglobin; CRP, C-reactive protein; Serum SGOT, serum glutamic-oxaloacetic transaminase; Serum SGPT, serum glutamic-pyruvic transaminase; N.T., not tested;

N.A., not applicable.
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COVID-19 (n = 320) Non-COVID (n = 98) p-value*

FVC, L - mean (SD) 4.2 (0.95) 4.2 (0.83) 0.704
Confidence interval 411043 40to 4.4

FVC, % of predicted - mean (SD) 99.9 (9.9 99.9 (10.5) 0.972
Confidence interval 98.8 to 101.0 97.8 t0 102.0

FVC < LLN - no. (%) 0(0.0) 1(1.0) 0.234
FEV1, L - mean (SD) 3.6(0.74) 3.6 (0.67) 0714
Confidence interval 35t03.7 351037

FEV1, % of predicted - mean (SD) 98.7 (10.1) 98.4(9.9) 0.786
Confidence interval 97.61099.8 96.4 to 100.4

FEV1 < LLN - no. (%) 5(1.6) 0(0.0) 0.595
FEV1:FVC ratio - mean (SD) 0.86 (0.065) 0.86 (0.063) 0.929
Confidence interval 0.85t0 0.87 0.85 t0 0.87

FEV1:FVC ratio < 0.7 - no. (%) 722 2(2.0) 1.000

‘Based upon Student t-tests and Fisher's excact test, as appropriate. SD=standard deviation; FVC, forced vital capacity; LLN, lower limit of normal: FEV1, forced expiratory volume 1
second. Individual spirometry recordings that did not safisify established quality criteria (°2) were excluded from the analyses.
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COVID-19 (n = 389) Non-COVID (n = 106) p-value*

Plasma hsCRP, ug/mL - median (IQR) 0.83(2.2) 1.3 (8.0 0.153
Confidence interval 0.73t0 1.1 072t01.7

Plasma IL-1B, pg/mL - median (IQR) 0.63 (0.97) 0.0088 (0.22) <0.001
Confidence interval 04710 0.78 0.0072 to 0.19

Plasma IL-2, pg/mL - median (IQR) 0.69 (1.9) 0.030 (1.6) 0.474
Confidence interval 047t0 1.1 0.030to 0.78

Plasma IL-4, pg/mL - median (IQR) 1.5 (0.80) 0.88 (0.74) <0.001
Confidence interval 1.3t0 1.5 0.75 10 0.92

Plasma IL-7, pg/mL - median (IQR) 12.6 (13.8) 4.8 (10.7) <0.001
Confidence interval 11.5t012.6 211057

Plasma IL-8, pg/mL - median (IQR) 0.80 (2.0) 0.10(0.18) <0.001
Confidence interval 0.58t0 1.1 0.078 t0 0.11

Plasma IL-9, pg/mL - median (IQR) 68 (130) 70 (129) 0.595
Confidence interval 60 to 81 5410 85

Plasma IL-12, pg/mL - median (IQR) 1.5(4.6) 0.19(3.4) <0.001
Confidence interval 14t015 0.15t0 1.1

Plasma IL-13, pg/mL - median (IQR) 0.26 (0.56) 0.51(1.1) <0.001
Confidence interval 0.25t0 0.27 0.45 to 0.66

Plasma IL-17A, pg/mL - median (IQR) 1.6(2.7) 1.424) 0.961
Confidence interval 1.3t020 0.69t0 2.0

Plasma TNF, pg/mL - median (IQR) 7.5(7.1) 4.3 (6.0) <0.001
Confidence interval 6.7t08.2 3.0to 5.4

Plasma IFN-y, pg/mL - median (IQR) 1.3(1.6) 0.94(1.2) 0.901
Confidence interval 1.0t0 1.3 0.941to 1.1

Plasma MCP-1, pg/mL - median (IQR) 12.3(7.3) 12.5(8.3) 0.116
Confidence interval 11.9t0 129 11.7to 14.0

Plasma IP-10, pg/mL - median (IQR) 149 (71) 115 (50) <0.001
Confidence interval 141 to 156 106 to 123

Plasma Eotaxin, pg/mL - median (IQR) 14.7 (7.4) 12.7 (6.3) 0.001
Confidence interval 14.0t0 16.2 11.6t0 13.6

Plasma MIP-1c, pg/mL - median (IQR) 0.77 (0.40) 0.86 (0.39) 0.001
Confidence interval 0.67 to 0.82 07910 1.0

Plasma MIP-1pB, pg/mL - median (IQR) 25 (38) 25 (34) 0.520
Confidence interval 22to0 27 211028

Plasma RANTES, pg/mL - median (IQR) 267 (404) 271 (347) 0.242
Confidence interval 237 to 295 230to 310

Plasma GM-CSF, pg/mL - median (IQR) 0.1 (0.58) 0.016 (0.019) <0.001
Confidence interval 0.11t00.34 0.013 to 0.021

Plasma bFGF, pg/mL - median (IQR) 3.4 (6.0 1.3(1.2 <0.001
Confidence interval 27t03.4 111015

Plasma GDF-15, ng/mL - median (IQR) 0.37 (0.14) 0.36 (0.15) 0.354
Confidence interval 0.36 t0 0.38 3.33 10 0.39

Plasma TCC, CAU/mL - median (IQR) 0.18 (0.21) 0.0029 (0.17) <0.001
Confidence interval 0.16t0 0.20 0.0023 to 0.060

Plasma C3bc, ng/mL - median (IQR) 39(23 3.0(1.3) <0.001
Confidence interval 3.7to 4.1 271082

*Based upon Mann-Whitney U-test. IQR, interquartile range; hsCRP, high-sensitive assay of C-reactive protein; IL, interleukin; TNF, tumor necrosis factor; IFN, interferon; MCP, Monocyte
chemotactic protein; IP, Interferon gamma-induced protein; MIP, Macrophage inflammatory protein; RANTES, Regulated on activation, normal T-cell expressed and secreted; GM-CSF,
granulocyte macrophage colony stimulating factor; bFGF, basic fibroblast growth factor; GDF, growth/differentiation factor; TCC, terminal complement complex; CAU, complement
activation unit; C3b, complement component 3, part bc. P-values <0.05 are indicated with bold red.
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COVID-19 (n = 405) Non-COVID (n = 109) p-value*

Sex - no. of males (%) 160 (39.5) 38 (34.9) 0.780
Age, years - median (range) 17.8 (12.9) 17.7 (12.3) 0.124
BMI, kg/m? - mean (SD) 22.8 (4.4) 226 (4.2) 0.772
Days since symptom onset/postive test - median (range) 18 (22) na. na.

Serum SARS-CoV-2 total antibody titer™ -.median (IQR) 6.7 (16.2) na. n.a.

Tympanic temperature, °C - mean (SD) 36.76 (0.38) 36.65 (0.36) 0.008
Respiratory frequency, breath/min - mean (SD) 16.7 (5.1) 16.7 (3.7) 0.967
8205, % - mean (SD) 98.6 (1.2) 98.6(1.2) 0.575
Blood pH - mean (SD) 7.36 (0.03) 7.36 (0.03) 0.492
Blood pCO,, kPa - mean (SD) 6.3 (0.7) 6.3 (0.8 0.353
Blood HCO3, mmol/L - mean (SD) 26.2 (1.8 25.8(1.9) 0.036
Blood Haemoglobin, g/dL - mean (SD) 13.5(1.2) 13.6 (1.0) 0.491
Blood Platelet count, 10° cells/L - mean (SD) 260 (57) 254 (50) 0.302
Blood Leukocyte count, 10° cells/L - mean (SD) 5.9(1.5) 56 (1.3 0.039
Blood Lymphocyte count, 10° cells/L - mean (SD) 2.1(0.6) 2.1(0.5) 0.402
Blood Monocyte count, 10° cells/L - mean (SD) 0.46 (0.15) 0.42 (0.14) 0.040
Blood Neutrophil count, 10° cells/L - mean (SD) 3.2(1.2) 3.0(1.0 0.092
Neutrophil-to-Lymphocyte ratio — mean (SD) 1.6 (0.66) 1.5(0.63) 0.405
Systemic immune-inflammation index (Sll)*** - median (IQR) 373 (235) 365 (249) 0.361
Serum total IgG, g/L - mean (SD) 1.1 2.2 10.7 (2.0) 0.096
Serum total IgM, g/L - mean (SD) 1.3(0.5) 1.2(0.6) 0.111
Serum total IgA, g/L - mean (SD) 17(0.8) 17(0.7) 0437

*Based upon Chi-square test, Mann-Whitney U test or Student t-test, as appropriate. **Total IgG/IgM against SARS-CoV-2 nucleocapsid antigen. ***Sli=Neutrophils x Platelets/
Lymphocytes. BMI, body mass index; n.a., not applicable; IQR, interquartile range; SD, standard deviation. P-values <0.05 are indicated with bold red.
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Demographics Mild to moderate (n=20) Severe (n=17) p-value
Age (Mean + SD) 51.4 £15.39 52.59 + 12.69 0.802
Weight (Mean + SD) 76.35 + 15.96 74.35 +12.03 0.706
Height (Mean + SD) 166.75 + 12.28 165.09 + 10.8 0712
BMI (Mean + SD) 27.7 £ 5.06 27.78 + 6.42 0.970
Females 7/20 (35) 117 (6.9) 0.048
Males 18/20 (65) 16/17 (94.1)
Blood type [N (%])] 0.64
A+ 2(10) 1(6.9)
B+ 4(20) 5 (29.4)
AB+ 1(5) 0(0)
AB- 9 (45) 1(6.9
O+ 0 9 (52.9)
o- 1(5) 0(0)
Clinical Presentation
Symptoms [N (%)] 0471
Fever 14 (70) 8(47.1)
Cough 10 (50) 8 (47.1)
Diarrhea 3(15) 1(6.9
Dyspnea 6 (30) 4(23.5)
Confusion 1(5) 0(0)
Nausea/Vomiting 2(10) 0(0)
Complications
None 15 (75) 8(47.0) 0.118
Thromboembolic event 5 (25) 1(6.9
Hepatic failure 1) 0(0)
Renal insufficiency 0 6(35.2)
Bacterial co-infection 0 5 (29.4)
Fungal co-infection 0 5 (29.4)
Radiology
X-ray finding [N (%)] 0.299
None 3(15) 1(6.9)
Consolidation 10 (50) 10 (58.8)
Ground glass opacities 4 (20) 1(6.9
Pneumothorax 1(5) 1(5.9
CORAD score [N (%)] 047
1 2 (10) 2(11.8)
2 1(5) 0(0)
4 1(5) 0(0)
6 2 (10) 6(35.3)
Lab Investigations (Mean =+ SD)
ANC (10A3/uL) 6.57 £2.95 18.1 +7.83 0.055
ALC (1073/uL) 1.70 + 1.07 3.81 + 3.65 0.242
ANC/ALC (ratio) 6.44 + 6.06 12.47 £ 14.23 N/A
CRP (mg/L) 38.14 + 56.31 130.55 + 126.64 0.001
Creatinine (mg/dL) 0.78 £ 0.21 1.38 +1.07 0.006
ALT (U/L) 117.57 + 180.82 115,14 + 226.6 0.701
AST (U/D) 87.47 £ 131.72 188 + 308.18 0.005
D-Dimer (ug/mL) 1.43+273 2.87 +3.18 <0.001
Ferritin (ng/mL) 568.28 + 505.40 1468.19 + 1297.54 0.004
PT (secs) 14.65 +1.43 15.49 +2.28 0.367
aPTT (secs) 39.77 + 6.25 45.44 +9.27 0.041
LDH (U/L) 359.65 + 219.76 597.79 + 262.56 0.005
BUN (mg/dL) 19.31 +8.21 67.54 + 66.79 <0.001
Albumin (g/dL) 3.32 £ 0.46 2.83 £+ 0.93 0.04
Bilirubin (mg/dL) 0.86 + 1.04 0.57 £ 0.36 0.490
Hb (g/dL) 12.01 £2.37 11.48 £ 2.48 0.166
Platelets (1073/uL) 269.50 + 109.85 287.47 +137.72 0.445
WBC (1073/uL) 9.17 +£3.38 17.46 + 8.8 0.008
Management
Azithromycin 1(5) 0(0) 0.63
Clexane 12(60) 4(23.5) 0.157
Corticosteroids 6(30) 8 (47.1) 0.97
Favipiravir 6 (30) 5(29.4) 0.16
Hydroxychloroquine 15 (75) 10 (68.8) 0.59
Interferon-1B8 5 (25) 3(17.6) 0.24
Kaletra (Lopinavir/ritonavir) 12 (60) 14 (82.4) 0.07
Tociizumab 2 (10) 6(35.9) 0.35
Received medications* 18 (90) 15 (88.2)
Pressor support 2(10) 13 (76.5) <0.001
Oxygen supplement 0.001
Room air 4(20) 0(0)
Oxygen mask, Nasal canula, HFO, NIV 15 (75) 0()
Mech Ventilation 0 17 (100)
Fatality N (%) 0.374
Died 1(5) 6(35.2)
Discharged from the hospital 19 (95) 11 (64.7)

*Four patients (1 mild, 1 moderate, and 2 severe cases were considered untreated as the samples were withdrawn on the day of admission). Assessment of severity: Mild to moderate is
defined as no or mild pneumonia. The severe type was defined as patients with at least one of the following symptoms: shortness of breath (breathing rate > 30/min), SaO2 at rest < 93%,
partial pressure of oxygen in arterial blood (PaO2)/inspired oxygen fraction (FiO2) < 300 mmHg, or lung infiltrates > 50% within 24 to 48 h. Forty age- and gender-matched healthy controls
(age = 47.18+ 16.66 years, 24 males and 16 females) were included. The selected healthy controls had a normal BMI and HBA1c ranges to avoid having any confounding factors such as
obesity or prediabetes. ALC, Absolute lymphocytic count; ALT, alanine aminotransferase; ANC, Absolute neutrophil count; AST, aspartate aminotransferase; BUN, Blood Urea Nitrogen;
CRP, C-reactive protein; GGT, y-glutamyl transferase; Hb, hemoglobin; LDH, lactate dehydrogenase; N/A = not available; PT, prothrombin time; PTT, partial thromboplastin time; WBC,

White blood cell count.
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Asymptomatic (n=10) Mild (n=11) Moderate (n=13) Severe (n=16) p-value/

Meanz SD or N (%) Meanz SD or N (%) Meanz SD or N (%) Meanz SD or N (%)
Demographics
Age 36.9 + 6.64 342 +6.2 476 +17.8 60.3+ 156 <0.001
BMI 279+ 1.6 233 £3.4 272 +45 29.5+£53 0.015
Gender
Females 0 3(@7.3) 3(23.1) 2(12.5) 0.472
Males 19+0 (100) 8(72.7) 10 (76.9) 14 (87.5)
Smoking 0(0) 5 (45.5) 1(0.08) 0(0) <0.001
Symptoms
Fever 0(0) 6 (54.5) 12(92.3) 16 (100) <0.001
Cough 0(0) 6 (54.5) 13 (100) 16 (100) <0.001
Diarrhea 0() 0(0) 4(30.8) 3(18.8) <0.001
Dyspnea 0(0) 2(18.2) 10 (76.9) 14 (87.5) <0.001
Loss of smell 0(0) 5 (45.5) 8(61.5) 7(43.8) <0.001
Nausea/Vomiting 0(0) 3(@7.3) 3(23.1) 4(25) <0.001
Oxygen supplement <0.001
Nasal canula, NIV, HFO, Mask 0(0) 0(0) 8(61.5) 3(18.8)
Mech Ventilation 0(0) 0(0) 1(0.08) 13(81.3)
ICU admission 0(0) 0(0) 6(46.2) 16 (100) <0.001
Fatality 0(0) 0(0) 0(0) 4 (25) 0.001

| Non-parametic tests for continuous variables (Age and BMI) were used (Kruskal-Wallis H), as both were not normally distributed within individual groups. Assessment of severity: Mild to
moderate is defined as no or mild pneumonia. The severe type was defined as patients with at least one of the following symptoms: shortness of breath (breathing rate > 30/min), SaO2 at
rest < 93%, partial pressure of oxygen in arterial blood (PaO2)/inspired oxygen fraction (FIO2) <300 mmHg, or lung infiltrates > 50% within 24 to 48 h. Eleven age- and gender-matched
healthy controls (age = 27.9+ 7.3 years, 9 males and 2 females) were included. N/A, not available.
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COVID-19 Disease Severity Scores

1 2 3 4 5 6 7
Geometric Mean 1 13.91 38.22 900.7 1230 2199 1206
Interquartile Range 0 295.5 343.9 1574.3 2133.2

The geometric means and interquartile ranges obtained from the datasets presented in Figure 4A were converted into Intemational Units (IU/mi) to allow for cross laboratory comparisons.
Interquartile ranges for datasets in disease severity scores 5 and 6 do not have an interquartile range due to lack of data points.
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Ancestral
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B.1.1.298 (Cluster 5)
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The geometric means and interquartile ranges obtained from the datasets presented in Figure 3 were converted into International Units (IU/mi) to allow for cross laboratory comparisons.
The IU/mI cannot be used to cross compare between variants.
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Sex (M/F) Age (yrs, median with IQR) Symptom Severity Score*

1 2 3 4
Patients 2.5 56 (20) 1 2 0 13 1
HCW-P 04 48 (14) 3 12 8 0 0 0
HCW-N 0.24 42 (20) 23 11 2 0

*Symptom severity score: ‘COVID-19 Clinical Management: living guidance (https.//www.who.int/publications/i/item/WHQO-2019-nCoV/-clinical-2021-1).
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Virus Pango  Classification Mutations in Spike Transmissibility

Lineage
Cluster 5 B.1.1.298 VOI (69del), (70del), Y453F, (1692V), (M1229)) Unknown
Alpha B.1.1.7 VOC 69del, 70del, 144del, (E484K*), (S494P*), N501Y, A570D, D614G, P681H, T716l, Estimated 43-90% increase compared
S982A, D1118H (K1191N*) to ancestral strain (16).
Beta B.1.351 VOC D80A, D215G, 241del, 242del, 243del, K417N, E484K, N501Y, D614G, A701V Estimated ~50% increase compared to
ancestral strain (25).
Gamma PA VOC L18F, T20N, P26S, D138Y, R190S, K417T, E484K, N501Y, D614G, H655Y, T1027!  Estimated to be 2.5 times higher
compared to ancestral strain (26).
Delta B.1.617.2 VOC T19R, (V7OF*), T95I, G142D, E156-, F157-, R158G, (A222V*), (W258L"), (K417N*),  Estimated 40-60% increase compared
L452R, T478K, D614G, P681R, DI5ON to B.1.1.7 variant (27).
Kappa B.1.617.1 VOI (T95l), G142D, E154K, L452R, E484Q, D614G, P681R, Q1071H Estimated RO value increase by 48%

compared to ancestral strain (28).

Table adapted from the Centre for Disease Control website. Mutations in brackets signify detection in some but not all viral sequences. Delta Plus is an informal name for the delta variant
containing the K417N mutation. Plasmids used for this study bearing the specific mutations are listed in the Supplementary File. Bold signify mutations implicated in immune escape.
* denotes mutation present in some but not all sequences of this variant.
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Manifestation

Acute cardiac
injury

Acute
coronary event

Left ventricular
systolic
dysfunction
Heart failure

Arthythrmia

Potential long-
term
consequences

Rate

Average of 8-12 percent (116)

It hasn't been reported, although it seems to be low.

Not reported

According to one study, 52% of those who suffered
heart failure while infected with COVID-19 perished,
while only 12 percent survived and were discharged
(117).

16.7% total; 44.4% in severe disease, 8.9% in
moderate cases (118)

It's too early to make a judgment.

Observations

+  The most common reported cardiovascular problem

«  Can be caused by any of the mechanisms listed below

«  Direct myocardial injury

«  Systemic inflammation

*  Myocardial oxygen demand supply mismatch

+  Acute coronary event

+  latrogenic

«  Significantly negative prognostic value

Possible mechanisms:

+  Inflammation/increased shear stress cause plaque rupture.
*  Pre-existing coronary artery disease gets worse

Each of the above-mentioned causes of myocardial dysfunction can result in acute left
ventricular systolic dysfunction.

+  Acute heart failure can be caused by any of the various causes of myocardial dysfunction
+  Acute decompensation of pre-existing stable heart failure can occur when a systemic
disease increases metabolic requirements

Tachyarrhythmia and bradyarrhythmia can both happen, but their precise nature is unknown.

It's too early to determine if coronavirus illness cause significant long-term consequences.
Patients recovering from a similar previous condition, Severe Acute Respiratory Syndrome,
had long-term lipid and glucose metabolism and cardiovascular homeostasis abnormalities
(119)
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Disease/organ Impact on the immune system Disease and COVID-19 shared features References

Cancer - Impaired lymphocyte function - Cytokine storm (1,2, 10-
- Neutropenia - IL-6 enhancement: directly correlated with the prognosis of patients 25)
- Increased risk of infecton due to the with COVID-19 and also a driver of tumorigenesis and anti-apoptosis
immunosuppressed status signaling, which is a key biomarker of cancer risk, diagnosis, and
prognosis

- Decrease in white cell count caused by cytotoxic
chemotherapy - Exhaustion of T lymphocytes contributes to weakened T cell activity

- Expansion of immunosuppressive myeloid cells via - ICl and CAR-T cell therapies may exacerbate the COVID-19
elevated pro-inflammatory cytokines hyperinflammatory state and increase mortality in cancer patients

- Dampened CD8+ T cell function, caused by
extracellular vesicles released from B cells in
response to chemotherapy

- Activation of pro-inflammatory processes caused by
major surgeries

- Reduction in numbers of tumor-infiltrating natural killer
(NK) cells and lymphocytes after surgeries

Cardiovascular - Over-activated immune response could induce - COVID-19 promotes the development of cardiovascular disorders 2,21, 26—
disease and deterioration of cardiac function in fulminant - ACE-2 expression dysregulated 32)
hypertension myocarditis

- Injury to pericytes through virus infection can lead to dysfunction of
- Increased circulating cytokines promote inflammatory capillary endothelial cells, inducing microvascular dysfunction

infitration In off-target organs, espedially the heart - COVID-19 might lead to cardiac dysfunction and progression of

- Use of immune-related therapeutic drugs could trigger atherosclerosis
both injury directly induced by cardiac inflammation
and indirect cardiac injury caused by systemic
inflammation

- In COVID-19 patients, hypertension delays viral clearance and
exacerbates airway hyperinflammation
- Monocytes can be activated by the vascular endothelium during
hypertension, releasing cytokines
- Development of stress-induced cardiomyopathy, cytokine-related
myocardial dysfunction, and sepsis-associated cardiac dysfunction
can be caused through advanced stages of COVID-19
Diabetes Mellitus - Hyperglycemia weakens the host's defense system, - Hypercoagulation (2, 10, 33—
compromising lymphopaenia, granulocyte, and - Endothelial dysfunction 40)
macrophage function

- Hyperg\yc‘em\a mcreaseﬁ pulmonary  vascular _ Pathogenic links between the two diseases, ranging from increased
inflammation and permeability

inflammation to detrimental effects on glucose homeostasis
T2DM shows a decrease in immune-effective T cells

di o ve T cell - Hyperglycemia may play a role in proliferating viruses through elevated
and increase in immune-suppressive 1 cells glucose levels, affecting COVID-19 viral replication and inflammation
- Higher levels of serum-based biomarkers (IL-6, ESR,

o - COVID-19 patients with diabetes showed lower levels of absolute
CRP, serum ferritin)

lymphocyte count but higher neutrophil count
- T1DM has a dysregulated Treg response with defects
of Treg activation
-T2DM has an extremely active Th17 response

- A sustained increase in proinflammatory cytokines can
be seen in both TIDM and T2DM

- Patients with hypertension have an increased risk for
severe infection

- Hypertension might cause CD8+ T cell dysfunction

- Fibrosis

Obesity -Alters the distribution and number of immune cells in - Abnormal insulin signaling pathway in obesity can relate to COVID-19 (10, 36,

adipose tissue resistance and mortality 41-45)

- Decreased number of Treg cells, Th2 cells, and M2 - Adipose tissue has reservoir-like effects for COVID-19, where lipid
macrophages droplets in tissues facilitate virus spread

- Increase in inflammatory cells like M1 macrophages - Obesity patients possess longer COVID-19 symptoms due to viral
and CD8+T cells shedding

- Increased lipid deposition in bone marrow and thymus - Adipose tissue secreted IL-6, a marker of COVID-19 severity
with an excess of lipid storage in other tissues - Overabundance of amino acids can trigger mTOR pathway, supporting
affects leukocyte population SARS-CoV-2 replication through utilization of host viral replication

- Reduces the size of inguinal lymph nodes, which can and subsequent inflammation.

hamper dendritic cell and fluid transport function

- Increased leptin levels in obesity patients aggravate
cases of acute respiratory distress syndrome

- Higher levels of DDP4 inhibits improvement of insulin
sensitivity, suppressing inflammatory response

cytokines
Alcohol - Increases the risk of viral and bacterial infections - Increased alveolar barrier permeability leads to the possible (8, 46-63)
consumption depending on the pattern of alcohol exposure, development of acute respiratory disease, the most common
whether is it acute or chronic symptom of severe COVID-19 patients
- Chronic alcohol consumption drives disease - Promote inflammatory immune responses and impair anti-inflammatory
progression of viral infections and lowers antibody cytokines
response with vaccinations - Suppression of T cell function establishes a further synergistic effect
-Enhances viral entrances by increasing alveolar barrier with COVID-19
permeability

-Alveolar, myocardium, and CNS macrophages are open
to oxidative stress

- Inhibits adaptive immunity through suppression of T cell
proliferation and induced T cell dysfunction.

- Alcohol-induced neurovascular inflammatory responses

Chronic kidney - Elevated cytokines (IL-6 and CRP) - Elevated ACE-2 expression (4)
disease - Oxidative stress
Chronic liver - Major source of proteins with innate and adaptive - Cirrhosis-associated immune dysfunction in addition may amplify (1,5)
disease immune responses COVID-19 symptoms
Down syndrome - Possess mild to moderate T and B cell lymphopenia - Increase risk of COVID-19 through impaired mitogen-induced T cell @7

- Marked decrease of naive lymphocytes proliferation and defects of neutrophil chemotaxis
Autoimmune - High infection risk -Neutrophil extracellular trap production promotes pathogenic role (3, 34, 35)
disease -ANA, ANCA, and APL autoantibodies also present in COVID-19 patients
Neurodegenerative - Increased blood-brain barrier permeability - Depression, Parkinson’s or Alzheimer’s patients are more susceptible (8, 9, 33)
diseases to COVID-19 because of increased BBB permeability

- Pre-activated microglia from previous immune challenges may also
promote a more intense COVID-19 response

ACE-2, Angiotensin-converting enzyme 2; BBB, Blood-brain barrier; CNS, Central nervous system ; CRP, C-reactive protein ; CAR, Chimeric antigen receptor -T; ESR, Erythrocyte
sedimentation rate ; ICI, Immune checkpoint inhibitors ; IL-6, Interleukin 6 ; NK, Natural killer : T1DM, Type 1 diabetes mellitus ; T2DM, Type 2 diabetes mellitus.
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Characteristics of patients (N = 42)

Total (N = 42)
Age, y, median (IQR) 56 (49-62)
Sex (Female), n (%) 21 (50)
Serial sampling, n (%) twice 29 (69.0)
three times 13 (31.0)
Months post onset n (%) 1-3 months 38 (90.5)
3-6 months 42 (100)
6-8 months 17 (40.5)
Severity, n (%) pneumonia (-) asymptomatic 4 (9.5)
mild 15 (35.7)
pneumonia (+) moderate 5(11.9)
severe 15 (35.7)
critical 3(7.1)
Therapy, n (%) steroid 20 (47.6)
antiviral drug 4(9.5)
Past medical history, n (%) hypertension 12 (28.6)
cardiovascular disease 2(4.8)
pulmonary disease 8(19.0)
diabetes 11(26.2)
chronic kidney disease 1(2.4)

cancer

1(24)
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GO biological process (FDR) No. of Negative correlation Positive correlation

genes (R value < -0.20, p-value) (R value > 0.20, p-value)
Complement activation (classical pathway) 63 Other underlying chronic respiratory disease Viral infection (0.51, 3x107'?)
(1.48x10°%%) (-0.37, 1x10°9) Symptom duration (days) (0.34, 2x10°%)
Lymphocyte count (0.33, 2x10°%%)
B cell activation (2.40x10°%%) 13 Other underlying chronic respiratory disease Lymphocyte count (0.36, 2x10°%)

(-0.34, 1x10%9)
Age (-0.32, 4x10%)
Neutrophil count (-0.28, 3x10°%)
Died within 30 days of admission (-0.25, 1x10°%%)
White blood cell count (-0.23, 4x10°%)
Neutrophil degranulation (1.27x10°'8) 53 C-reactive protein level (0.54, 1x10°'%)
Neutrophil count (0.47, 4x1079)
White blood cell count (0.45, 3x10°%%)
02 supplementation (0.26, 1x10°%%)
Myeloid leukocyte activation (3.66x1072") 54 Lymphocyte count (-0.25, 1x10°%%) Neutrophil count (0.47, 2x107°)
White blood cell count (0.41, 6x10°%%)
C-reactive protein level (0.34, 1x10°%)
Died within 30 days of admission
(0.25, 1x10%%)

Positive regulation of chemokine production 6 Type of viral infection (-0.28, 3x10%%) Other underlying respiratory disease (0.46, 91079
(6.85x10°%%)
Blood coagulation (1.78x1072?) 55 Type of viral infection (0.39, 2x107)
Symptom duration (days) (0.27, 6x10°%%)
Cellular response to interleukin-13 (1.88x10%?) 2 Other underlying respiratory disease(-0.32, 5x10°  Type of viral infection (0.38, 5x10°7)
White blood cell count (-0.35, 5x10°%) Symptom duration (days) (0.25, 1x10°%°)

Neutrophil count (-0.38, 6x10°%7)

Weighted correlation network analysis was performed to assess the correlation between different clinical covariates, given are the correlation values and the p-values, and the expression of
specific gene transcript clusters. These gene transcript clusters underwent GO analysis which revealed the associated biological process which is given together with the FDR p-value, and
the number of genes from the input.
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Cluster No. of genes
1 362
2 264
3 166
4 140
5 100
6 96
7 64
8 29
9 20
10 18
1 16
12 14

Cell type
(FDR)

Myeloid
(1.20x10°%%)
Plasmacytoid dendritic cell
(4.17x10°%2)
Erythroblast
(5.31x10°%0)
Progenitor B cell/T cell
(1.28x1073")
Progenitor pluripotent cells
(1.38x10%%)
Megakaryocytes/platelets
(3.30x10°%%)
Plasma cells
(1.27x10°%8)
Myeloid cells
(2.57x10%)
Neutrophils
(1.11x10°%%)
Antigen presenting cells
(2.21x10°%)
Dendritic cells
(4.32x10°%%)

Not specified

Top biological process
(FDR)

Cell activation
(5.16x107%)

Defence response to virus
(1.34x10°%")

Erythrocyte differentiation
(1.70x10°%)

Mitotic cell cycle
(8.97x10°%7)

Translation

(8.48x10°%%)

Blood coagulation
(2.84x1072)

Response to stress
(6.41x10%)

Myeloid leukocyte activation
(4.15x10°%%)

Neutrophil degranulation
(4.43x1079)

Th1 stimulation
(4.53x10°%)

Cell morphogenesis
(1.37x10°%?)

Histone modification
(3.55x10%%)

Disease

Influenza

Influenza

Influenza

COVID-19

COVID-19

COVID-19

COVID-19

Influenza

COVID-19

Influenza

Influenza

Influenza

Gene clusters were identified with BioLayout (r=0.85, MCL = 1.7). For each cluster the number of genes, predicted cell type and top biological process are given and whether that cluster

was enriched in patients with COVID-19 or influenza.





OPS/images/fimmu.2022.773652/fimmu-13-773652-g002.jpg
S

Foeumoai 7 e

rs—— FEES—

[ R——

Tresmon (7 o o el

s
13 monspst et S mothsps et L ——

Pt ofpticas )
Py

R
="






OPS/images/fimmu.2022.853265/table2.jpg
Laboratory results

COVID-19 non-survivors COVID-19 survivors P-value
(N =16) (N = 62)
Sex, n (%)
Female 7 (43.8%) 9 (30.6%) 0.488
Male 9 (66.2%) 43 (69.4%)
Age (years)
Mean (SD) 81.6 (10.4) 55.6 (15.6) 2.58x10°%°
Ethnic category (Code 2001), n (%)
White - British 14 (87.5%) 33 (63.2%) 0.203
Asian - Indian 1(6.2%) 2 (3.2%)
Black - African 1(6.2%) 5 (8.1%)
Black - Caribbean 0(0%) 2 (3.2%)
Other White background 0 (0%) 6 (9.7%)
Other Asian background 0 (0%) 13 (21.0%)
Mixed 0 (0%) 0 (0%)
Not stated 0 (0%) 1(1.6%)
Current smoking status, n (%)
Yes 0 (0%) 4 (6.5%) 0.0291
No 12 (75.0%) 55 (88.7%)
Unknown 4 (25.0%) 3 (4.8%)
Symptom duration (days)
Median [Min, Max] 2.00 [0, 14.0] 7.00 [0, 21.0] 0.00538
Comorbidity
COVID-19 non-survivors COVID-19 survivors P-value
(N =16) (N =62
Hypertension, n (%)
Yes 12 (75.0%) 7 (27.4%) 0.001938
Unknown 0 (0%) 4 (6.5%)
Cardiovascular disease, n (%)
Yes 8 (50.0%) 8 (12.9%) 0.00397
Unknown 0 (0%) 3 (4.8%)
Renal disease, n (%)
Yes 3(18.8%) 3 (4.8%) 0.129
Unknown 0 (0%) 3 (4.8%)
Liver disease, n (%)
Yes 0 (0%) 3 (4.8%) 0.432
Unknown 0 (0%) 3 (4.8%)
Diabetes mellitus, n (%)
Yes 8 (50.0%) 1(17.7%) 0.0231
Unknown 0 (0%) 3 (4.8%)
Active malignancy, n (%)
Yes 3 (18.8%) 3 (4.8%) 0.129
Unknown 0 (0%) 3 (4.8%)
Immunosuppressed, n (%)
Yes 1 (6.2%) 3 (4.8%) 0.946
Unknown 1 (6.2%) 3 (4.8%)
Other respiratory disease, n (%)
Yes 9 (66.2%) 2 (19.4%) 0.0106
Unknown 0 (0%) 3 (4.8%)
Clinical observations
COVID-19 non-survivors COVID-19 survivors P-value
(N =16) (N =62)
Heart rate (beats-per-minute)
Mean (SD) 87.6 (15.1) 99.9 (16.8) 0.00927
Systolic blood pressure (mmHg)
Mean (SD) 132 (29.8) 133 (16.8) 0.853
Clinical observations
Respiratory rate (breaths-per-minute)
Mean (SD) 27.8 (7.57) 26.3 (7.80) 0.337
Temperature (Celsius)
Mean (SD) 37.3 (1.14) 37.4(0.978) 0.804
Oxygen saturation (%)
Mean (SD) 93.4 (6.12) 946 (2.83) 0.643
Supplementary 02, n (%)
Yes 8 (50.0%) 29 (46.8%) 1
No 8 (50.0%) 33 (53.2%)
National Early Warning Score 2
Mean (SD) 5.40 (2.44) 5.25 (2.88) 0.906
Laboratory results
COVID-19 non-survivors COVID-19 survivors P-value
(N =16) (N = 62)
Haemoglobin count (g/L)
Mean (SD) 128 (21.3) 138 (20.7) 0.144
White blood cell count (10*9/L)
Mean (SD) 10.4 (4.27) 8.31(4.23) 0.0383
Platelet count (10*9/L)
Mean (SD) 231 (83.9) 249 (90.0) 0.38
Neutrophil cell count (10*9/L)
Mean (SD) 8.73 (4.15) 6.66 (3.98) 0.063
Lymphocyte cell count (10*9/L)
Mean (SD) 0.900 (0.419) 1.04 (0.409) 0.142
Sodium level (mmol/L)
Mean (SD) 133 (7.01) 136 (3.90) 0.0878
Potassium level (mmol/L)
Mean (SD) 4.15 (0.971) 4.02 (0.473) 0.824
Urea levels (mmol/L)
Mean (SD) 11.6 (5.98) 6.61(3.32) 0.0025
Creatinine level (umol/L)
Mean (SD) 128 (66.7) 83.4(25.2) 0.0387
Albumin level (g/L)
Mean (SD) 33.9 (4.66) 32.8 (4.78) 0.443
Bilirubin level (umol/L)
Mean (SD) 12.0 (6.06) 11.1 (4.26) 0.965
Alanine aminotransferase level (units/L)
Mean (SD) 37.0(37.3 54.1 (43.4) 0.0285
Alkaline phosphatase level (units/L)
Mean (SD) 93.2 (46.0) 95.2 (48.1) 0.922
Total protein level (g/L)
Mean (SD) 72.7 (9.98) 69.9 (6.26) 0.367
Lactate dehydrogenase level (units/L)
Mean (SD) 841 (357) 914 (486) 0.864
Ferritin level (mmol/L)
Mean (SD) 1420 (2020) 974 (794) 0.841
Troponin level (ng/L)
Mean (SD) 164 (194) 9.55 (6.67) 0.000237
C-reactive protein (mg/L)
Mean (SD) 172 (165) 121(90.7) 0.662
IL-6 level (pg/ml)
Mean (SD) 174 (142) 59.9 (47.8) 0.00278
TNFa level (pg/ml)
Mean (SD) 30.1 (15.6) 19.3 (6.87) 0.0143
IL-8 level (pg/ml)
Mean (SD) 58.6 (29.0) 41.2 (26.5) 0.0224
IL-1B level (pg/ml)
Mean (SD) 0.620 (0.474) 0.378 (0.200) 0.0378
Laboratory results
GM-CSF level (pg/ml)
Mean (SD) 2.08 (2.61) 1.48 (0.972) 0.753
IFNg level (pg/ml)
Mean (SD) 35.3 (71.7) 26.6 (55.5) 0.313
IL-10 level (pg/ml)
Mean (SD) 39.5(36.7) 15.7 (9.35) 0.00181
IL-33 level (pg/ml)
Mean (SD) 0.543 (0.387) 0.340 (0.277) 0.0751
Outcomes
COVID-19 non-survivors COVID-19 survivors P-value
(N =16) (N =62)
Length of stay (days)
Mean (SD) 4.93 (2.34) 11.9 (10.1)
Died within 30 days after admission, n (%)
Yes 16 (100%) 0(0%) <2.00x10™®
No 0 (0%) 62 (100%)

Comparisons are given between COVID-19 survivors and non-survivors for baseline demographic data, patient outcome, clinical observations, laboratory results and known patient comorbidity.
Laboratory results were done on perjpheral blood taken on admission to hospital. Simitarty, clinical observations were recorded on hospital admission. Statistical testing was done with a Shapiro-Wik
test for data normality followed with either an unpaired parametric T-test or an unpaired non-parametric Wilcoxon test for continuous data, or a Chi-square test for categorical data.
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Baseline demographic data

COvVID-19 Influenza P-value
(N =78) (N =83)
Sex, n (%)
Female 26 (33.3%) 36 (43.4%) 0.252
Male 52 (66.7%) 47 (56.6%)
Age (years)
Mean (SD) 60.9 (18.0) 57.8(18.4) 0.367
Ethnic category (Code 2001), n (%)
White - British 47 (60.3%) 79 (95.2%) 1.12x10°%
Asian - Indian 3 (3.8%) 0 (0%)
Black - African 6 (7.7%) 0 (0%)
Black - Caribbean 2 (2.6%) 0 (0%)
Other White background 6 (7.7%) 3 (3.6%)
Other Asian background 13 (16.7%) 0 (0%)
Mixed 0 (0%) 1(1.2%)
Not stated 1(1.3%) 0(0%)
Current smoking status, n (%)
Yes 4(5.1%) 21 (25.3%) 9.07x10°%
No 67 (85.9%) 62 (74.7%)
Unknown 7 (9.0%) 0 (0%)
Symptom duration (days)
Median [Min, Max] 7.00 [0, 21.0] 4.00[1.00, 10.0] 1.17x10%
Comorbidity
COVID-19 Influenza P-value
(N =78) (N =83)
Hypertension, n (%)
Yes 29 (37.2%) 20 (24.1%) 0.0142
Unknown 4 (5.1%) 0 (0%)
Cardiovascular disease, n (%)
Yes 16 (20.5%) 14 (16.9%) 0.152
Unknown 3 (3.8%) 0 (0%)
Renal disease, n (%)
Yes 6 (7.7%) 4 (4.8%) 0.141
Unknown 3 (3.8%) 0 (0%)
Liver disease, n (%)
Yes 3(3.8%) 0 (0%) 0.0363
Unknown 3 (3.8%) 0 (0%)
Diabetes mellitus, n (%)
Yes 19 (24.4%) 8 (9.6%) 0.00644
Unknown 3(3.8%) 0(0%)
Active malignancy, n (%)
Yes 6 (7.7%) 6 (7.2%) 0.193
Unknown 3 (3.8%) 0 (0%)
Immunosuppressed, n (%)
Yes 4 (5.1%) 5 (6.0%) 0.111
Unknown 4 (5.1%) 0 (0%)
Other respiratory disease, n (%)
Yes 21 (26.9%) 44 (53.0%) 0.00122
Unknown 3 (3.8%) 0 (0%)
Clinical observations
COvVID-19 Influenza P-value
(N =78) (N =83)
Heart rate (beats-per-minute)
Mean (SD) 97.3 (17.1) 101 (23.0) 0.39
Systolic blood pressure (mmHg)
Mean (SD) 133 (19.9) 132 (23.6) 0.993
Respiratory rate (breaths-per-minute)
Mean (SD) 26.6 (7.73) 23.8 (5.96) 0.0279
Clinical observations
COvID-19 Influenza P-value
(N =78) (N=83)
Temperature (Celsius)
Mean (SD) 37.4 (1.01) 37.7 (1.19) 0.0822
Oxygen saturation (%)
Mean (SD) 94.3 (3.75) 94.8 (3.41) 0.548
Supplementary 02, n (%)
Yes 37 (47.4%) 1(25.3%) 0.00681
No 41 (52.6%) 61 (73.5%)
National Early Warning Score 2
Mean (SD) 5.28 (2.78) 4.79 (2.57) 0.171
Laboratory results
COvVID-19 Influenza P-value
(N =78) (N =83)
White blood cell count (10*9/L)
Mean (SD) 8.73 (4.29) 8.64 (3.89) 0913
Neutrophil cell count (10*9/L)
Mean (SD) 7.06 (4.07) 6.93 (3.67) 0.895
Lymphocyte cell count (10*9/L)
Mean (SD) 1.01 (0.411) 0.908 (0.541) 0.0276
C-reactive protein (mg/L)
Mean (SD) 131 (110) 80.2 (78.9) 0.00173
Outcomes
COvID-19 Influenza P-value
(N =78) (N =83)
Length of stay (days)
Mean (SD) 10.5 (9.51) 3.39 (2.92) 5.51x107°
Died within 30 days after admission, n (%)
Yes 16 (20.5%) 0 (0%) 4.42x10°%°
No 62 (79.5%) 83 (100%)

Comparisons are given between patients with COVID-19 or influenza for baseline demographic data, patient outcome, clinical observations, laboratory results and known patient
comorbidity. Laboratory results were done on peripheral blood taken on admission to hospital. Similarty, clinical observations were recorded on hospital admission. Statistical testing was
done with a Shapiro-Wilk test for data normality followed with either an unpaired parametric T-test or an unpaired non-parametric Wilcoxon test for continuous data, or a Chi-square test for

categorical data.
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*Headache  eAnosmia *Respiratory distress (>30 breaths per minute)
*Artrhralgia  «Dysgeusia *>50% lung involvement by image

Total IgG serum antibodies and neutralizing
percentage against SARS-CoV-2 one month
afterclinical recovery

@ Retrospective analysis of flow
cytometry data and antibody titers
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NCT number Title Status Study description Study type

NCT04324996 Phase I/ll Study of Universal Off-the-shelf NKG2D- Recruiting Intervention: Biological (NK cells, IL15-NK cells, Interventional;
ACE2 CAR-NK Cells for Therapy of COVID-19 NKG2D CAR-NK cells, ACE2 CAR-NK cells, Phase 1/2

NKG2D-ACE2 CAR-NK cells)

NCT04900454 Allogeneic Natural Killer (NK) Cell Therapy in Subjects  Recruiting Intervention: Biological (DVX201) Interventional;
Hospitalized for COVID-19 Phase 1

NCT04634370 A Phase | Clinical Trial on NK Cells for COVID-19 Not yet Intervention: Biological (NK Cell infusion) Interventional;

recruiting Phase 1

NCT04280224 NK Cells Treatment for COVID-19 Recruiting Intervention: Biological (NK Cells) Interventional;

Phase 1

NCT04365101 Natural Killer Cell (CYNK-001) Infusions in Adults With  Active, not Intervention: Biological (CYNK-001) Interventional;
COVID-19 recruiting Phase 1/2

NCT04578210 Safety Infusion of Natural Killer cells or Memory T Cells  Recruiting Intervention: Biological (T memory cells and NK Interventional;
as Adoptive Therapy in COVID-19 pneumonia or cells) Phase 1/2
Lymphopenia

ChiCTR2000031735 Clinical study for natural killer (NK) cells from umbilical ~ Not yet Intervention: Biological (NK cells) Interventional;
cord blood in the treatment of novel coronavirus recruiting Phase 0
pneumonia (COVID-19)

ChiCTR2000030944 Clinical study of human NK cells and MSCs Not yet Intervention: Biological (NK cells and MSC Interventional;
transplantation for severe novel coronavirus recruiting transplantation) Phase 1
pneumonia (COVID-19)

IRCT20200417047113N1  Evaluating the safety and efficacy of allogeneic NK Recruitment  Intervention: Biological (NK Cells) Interventional;
cells on COVID-19 induced pneumonia, double blind,  complete Phase 1/2

randomized clinical trial
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Selected combinations after one week

Hemoglobin [g/L], Platelets [cells/nL], Neutrophils [cells/nL], Lymphocytesicells/nL], CD3* [cells/uL], CD19" [cells/uL], CD4" [cells/uL], CD8" [cells/uL],
CD8*CD38*(%]

Neutrophils [cells/nL], CD4*[cells/uL], CD8*CD38*[cells/uL], CD8*"NKG2A*([%]

Platelets [cells/nL], Neutrophils [cells/nL], CD19*[cells/uL], CD4*[cells/uL], CD8*CD38"[%]

Neutrophils [cells/nL], CD3*[cells/uL], CD8*CD38*(%)]

AUC

0.9127

0.8765
0.8657
0.8611
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Selected combinations on admission

C3 [g/L], Hemoglobin [g/L], Platelets [cells/nL], Neutrophils [cells/nL], Lymphocytes [cells/nL], CD19*(cells/uL], CD4*[cells/uL], CD8[cells/uL],
CD8*CD38"[%], CD8"'NKG2A*([%], NK NKG2A™ [%)]

C3[g/L], Hemoglobin[g/L], Platelets [cells/nL], Lymphocytes [cells/nL], CD19*[cells/uL], CD4* [cells/ul], CD8*CD38*(%]

Platelets|cells/nL], Neutrophils[cells/nL], Lymphocytes [cells/nL], CD3* [cells/uL], CD19*[cells/uL], CD4" [cells/uL], CD8" [cells/uL], CD8*CD38*(%]
C3[g/L], Platelets [cells/nL], CD4*[cells/uL], CD8*CD38*[%]

AUC

0.8755

0.8376
0.8154
0.8088
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Parameter

IgG [g/L]

I9A [g/L]

IgM [g/L]

IgE [g/L]

C3 [g/L]

C4 [g/L]

Leukocytes [cells/nL]
Hemoglobin [g/L]
Platelets [cells/nL]
Neutrophils [cells/nL]
Lymphocytes [cells/nL]
Eosinophils [cells/nL]
Basophils [cells/nL]
Monocytes [cells/nL]
CD3* [cells/uL]
CD19" [cells/uL]
CD4* [cells/uL]

CD8" [cells/uL]

IRI

NK [cells/uL]
CD3*HLA-DR* [%]
CD8*CD38" [%]
CD8*CD38*HLA-DR*[%]
CD8*NKG2A* [%]

NK NKG2A* [%]
CD4*CD45R0" [%]

AUC on admission

0.5412
0.5015
0.5809
0.5412
0.6190
0.5158
0.5764
0.6156
0.6738
0.6099
0.6765
0.6845
0.5035
0.5862
0.6720
0.7090
0.6947
0.6336
0.5946
0.5501
0.5383
0.6662
0.5481
0.56954
0.5819
0.56163

AUC after one week
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Survival/decease as outcome

Variables AUC Cl p-value AUC t1 Cl p-value AUC t2 Cl p-value
Age 0.55 0.42-0.69 0.438
Clin Lab Biomarkers Cytokines
GFR 0.55 0.46-0.74 0.176 CXCL10 0.83 0.74-0.92 2.34E-06 0.77 0.65-0.88 1.24E-04
IL-6 0.60 0.66-0.88 0.000 IL-1RA 0.77 0.60-0.84 0.002 0.74 0.61-0.85 7.71E-04
SpO2/FiO2 ratio 077 0.70-0.91 <0.001 IL-6 0.76 0.65-0.87 1.903E-04 0.83 0.73-0.93 2.34E-06
CRP 0.80 0.61-0.86 0.002 cCL2 0.69 0.56-0.82 0.006 0.81 0.69-0.91 1.60E-05
D-dimer 073 0.43-0.71 0.353 IL-10 0.67 0.564-0.79 0.019 0.72 0.60-0.84 0.0014
Creatinine 057 0.49-0.78 0.069 IL-15 0.67 0.54-0.80 0.012 0.74 0.63-0.85 5.00E-04
Lymphocytes, % 0.63 0.62-0.86 0.001 IL-7 0.65 0.562-0.79 0.027 0.73 0.62-0.85  8.036E-04
NLR x100 0.74 0.63-0.87 0.001 TNF-o. 0.65 0.51-0.79 0.033 0.73 0.55-0.81 0.008
Neutrophils, % 0.75 0.66-0.89 0.000
Hb 0.52 0.37-0.68 0.775
Monocytes, % 1.00 1.00-1.00 <0.001
Platelets 0.52 0.38-0.66 0.789 Flow cytometry
Eosinophils, % 0.58 0.45-0.72 0.263 CD3+CD62L+ 0.73 0.54-0.92 0.032 NA NA NA
Naive T cells (%)
Ferritin 0.61 0.46-0.76 0.147 TH17 (n) 0.67 0.45-0.88 0.131 NA NA NA
Non-severe vs severe as outcome
Variables AUC Cl p-value AUC t1 [o]] p-value AUC t2 Cl p-value
Age 055 0.42to 0.69 0.438
Clin Lab Biomarkers Cytokines
GFR 0.60 0.4510 0.74 0.180 CXCL10 0.83 0.74-0.92 2.340E-06 0.77 0.65-0.89 1.24E-04
IL-6 077 065t 088 272E-04 IL-6 0.77 0.66-0.88 1.903E-04 0.83 0.73-0.94 2.34E-06
SpO2/Fi02 ratio 080 070t0 091 3.08E-05 IL1-RA 0.73 0.60-0.84 7.714E-04 0.74 0.62-0.86 7.71E-04
CRP 0.73 0.61 to 0.86 0.002 IL-15 0.72 0.55-0.81 0.012 0.75 0.63-0.86 4.98E-04
D-dimer 057 0.43t00.71 0.353 CCL-2 0.69 0.57-0.82 0.065 0.81 0.69-0.92 1.60E-05
Creatinine 063 0.491t00.78 0.069 IL-10 0.67 0.54-0.79 0.019 0.73 0.61-0.85 0.001
Lymphocytes, % 074  0.62to 0.86 0.001 TNF-alpha 0.65 0.561-0.79 0.033 0.69 0.56-0.82 0.008
NLR x100 075 063t00.87 6.08E-04 IL-7 0.64 0.50-0.77 0.051 0.74 0.62-0.85 8.04E-04
Neutrophils, % 077 066t 089 1.77E-04 IL-2 0.6 0.46-0.73 0176 0.78 0.66-0.90 7.23E-05
Hb 052 0.371t00.68 0.775 IL-17 0.52 0.38-0.66 0.777 0.70 0.57-0.83 0.005
Monocytes, % 072  0.60to 0.84 0.003
Platelets 052  0.381t0 0.66 0.789 Flow cytometry
Eosinophils, % 058 0.451t00.72 0.263 CD3+CD62L+ 0.61 0.40 t0 0.83 0.3080
Naive T (%)
Ferritin 0.61 0.46 t0 0.76 0.147 TH17 (n) 0.57 0.34 t0 0.79 0.5490

Cytokine group of patients, n=74, Flowcytometry phenotype group of patients n= 41, for details see Table S10.
T1, time 1, initial data, T2 time 2, 2-3 days after onset. CRP; C Reactive Protein; NLR, Neutrophi/LLymphocyte Ratio; GFR, Glomerular Fitration Rate; Hb, Hemoglobin; NA, Not Available. P valued in

bold, significant.
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Patients

Demographics

Age Median (IQR)
Females n (%)

Males n (%)
Mortality

Global n (%)

Females n (%)

Males n (%)

DFSO Median (IQR)
Laboratory variables
Blood

Hb (g/dL)

WBC (10°L)
Neutrophils, %
Neutrophils (10%L)
Lymphocytes (%)
Lymphocytes (10%L)
Monocytes (%)
Monocytes (10%L)
Eosinophils (%)
Eosinophils (10%/L)
Basophils (10%/L)
NLR

Platelets (10%/L)
Clinical Chemistry
CRP (mg/dL)

IL-6 (pg/mL)

Ferritin (ng/mL)
Triglycerides (mg/dL)
LDH (UIL)

Urea (mg/dL)

AST (U/L)

ALT (UAL)

Direct bilirubin (mg/dL)
Total bilirubin (mg/dL)
D dimer (ng/mL)
Fibrinogen (g/L)
Prothrombin time INR

Cohort HUVH
(n = 1579)

62 (50-75)
699 (44.2 %)
880 (55.7 %)

255/1579 (16.14 %)
107/699 (15.3 %)
148/880 (16.8%%)
7 (4-10)
Median (IQR)

135 (12.3-14.5)
6.6 (5.1-8.8)
76.1 (68-83.2)
49(35-69)
16 (10.5-23)
1(0.7-1.4)
6.7 (4.8-8.8)
0.4 (0.31-0.6)
0(0-0.3)
0(0-002)
0(0.01-0.03)
4.8(3.0-7.0)
197 (154-251)

8.9(3.8-16.6)
45.1 (23.6-80.0)
539 (282.5-1011.5)
121 (92-161)
336 (271-421)
35 (25-51)
40 (30-60)
28 (19-50)

0.3 (0.2-0.4)
06(0.5-0.7)
263 (168-463.5)
5.1 (4.4-6)
1.1(1.0-1.2)

Cohort HUB
(n =598)

65 (53-74)
208 (34.8 %)
389 (65.2 %)

154/598 (25.7%)
52/208 (25.0 %)
101/389 (25.9 %)
11 (8-15)
Median (IQR)

12.8 (11.5-13.9)
72 (63-11.1)
80.4 (68.8-87.9)
5.7 (3.6-9.1)
12.7 (7.3-20.7)
09(0.6-1.3)
5.8(3.6-89)
0.4 (0.3-06)

0.1 (0-0.9)
0.01 (0-0.06)
0.02 (0.01-0.03)
6.3(3.4-11.8)
234.5 (174.3-327.8)

8.1 (3.5-16.7)
535 (20.4-131.1)
1210.4 (617.0-1908.3)
173.9 (123.5-251.9)
330.1 (261.3-448.1)
39 (26.8-58.9)
35.4 (23.9-58)
33.1 (19.9-60.5)
NA (NA)
05(0.4-0.7)

590 (355-2108)
5.8 (5.1-6.6)

1.1 (1.1-1.2)

Cohort HUGTP
(n=423)

62 (52-71)
157 (37.1 %)
266 (62.90 %)

52/423 (12.3 %)
14/157 (8.9%)
38/266 (14.3)

7 (4-10)
Median (IQR)

13.6 (12.5-14.7)
69 (5.2-9.3)
79.5 (71.2-85.4)
52(38-7.8)
12,5 (8.1-19.1)

8(0.6-12)
6.8 (4.9-9.1)
5(0.3-0.7)
0.1 (0-0.2)
0(0-0)
0(0-0)
6.3(37-108)
203 (160-254)

9.5 (4.8-16.7)

471 (24.6-92.6)

614 (316.5-1080)
NA (NA)

313 (224-441.5)
34.9 (25-48.5)
NA (NA)

30 (21-563)
NA (NA)
06(0.5-08)
670 (415-1188.5)
76 (6.5-88)
1.22 (1.1-1.4)

HUVH vs. HUB
(p-value)

0.07
<0.0001

<0.0001
0.002

0.0002

<0.0001

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
0.34
<0.0001
<0.0001
0.06
<0.0001
<0.0001

0.31
0.01
<0.0001
<0.0001
0.50
0.009
<0.0001
<0.0001
<0.0001
<0.001
<0.0001
<0.0001
<0.0001

HUVH vs. HUGTP
(p-value)

0.94
0.46

<0.0001
0.0001
0.3443
>0.99

0.14
0.07
0.0001
0.005
<0.0001
<0.0001
0.29
0.009
0.47
<0.0001
<0.0001
<0.0001
0.35

0.64
0.21
0.16
NA
0.02
017
NA
0.008
NA
0.03
<0.0001
<0.0001
<0.0001

HUB vs. HUGTP
(p-value)

0.03
0.009

0.57
0.42
0.0003
<0.0001

<0.0001
0.07
0.33
017
0.83
0.09
<0.0001
0.003
0.006
<0.0001
<0.0001
0.93
<0.0001

0.69
0.21
<0.0001
NA
0.04
0.009
NA
0.11
NA
<0.0001
0.69
<0.0001
<0.0001

AST, Aspartic Amino Transferase; ALT, Alanine Amino Transferase; CRP; C Reactive Protein; GFR, Glomerular Filtration Rate; Hb, Hemoglobin; NLR, Neutrophil Lymphocyte Ratio; WBC,
White Blood cell Count, NA, Not Available.
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Parameter Admission After one week Svs.NS Changes over time
Admission vs. After
one week
s NS s NS Admission After one s NS
week
Median (IQR) Median (IQR) Median (IQR) Median (IQR) p value p value p value p value
Leukocytes [cells/nL] 7.0(5.1-9.3) 7.9(56.4-11.3) 8.2(6.0-10.2) 12.15 (9.4-14.28)  0.0015 ** <0.0001 **** <0.0001 <0.0001
Hemoglobin [g/L] 130.0 (119.0- 122.0 (108.0- 124.5 (112.8- 113 (104-126) <0.0001 0.0111* 0.0120 * 0.0014 **
140.8) 135.0) 136.0) b
Platelets [cells/nL] 231.5 (173.0- 179.0 (136.0- 305.5 (233.5- 242 (168.56-297.5)  <0.0001 0.0029 ** <0.0001 0.01563 *
321.0) 234.0) 417.5)
Neutrophils [cells/nL] 5.28 (3.43-7.25) 6.25 (4.06-9.53) 5.62 (4,0-7.613)  10.72 (7.81-12.82) <0.0001 <0.0001 **** 0.4994 ns  0.0001 ***
Lymphocytes [cells/ 0995 (0.67-1.40) 07 (0.45-1.03)  1.38 (0.91-1.895)  0.66 (0.46-0.85)  <0.0001 <0.0001 ***  <0.0001  0.9552 ns
nL] s .
Monocytes [cells/nL]  0.49 (0.350-0.698) 0.415 (0.278- 0.67 (0.47-0.92) 0.5(0.35-0.705)  0.0004 *** 0.0151* <0.0001 0.1042 ns
0.620) o
Eosinophils [cells/nL] 0.01 (0.0-0.02) 0(0-0.02) 0.05 (0.01-0.11) 0.03 (0.01-0.1) <0.0001 0.4196 ns <0.0001 0.0005 ***
Basophils [cells/nL] 0.02 (0.01-0.03) 0.02 (0.01-0.03) 0.03 (0.02-0.05) 0.035 (0.02 - 0.8838 ns 0.2308 ns <0.0001 0.0004 ***
0.07) e
CD3* [cells/uL] 678 (424.5-984) 447 (271.3-678) 1024 (653.8 - 396 (289-697) <0.0001 <0.0001 **** <0.0001 0.4950 ns
1447) foon s
CD19* [cells/uL] 111 (64-177.5) 59 (30-109) 171 (91.25-269.8)  68.5 (55.5-164) <0.0001 0.0005 ** <0.0001 0.0150 *
CD4" [cells/uL] 431.5 (257.8-625) 267 (154.5-414.5) 702 (418-1006) 269.5 (167.5- <0.0001 <0.0001 **** <0.0001 0.4223 ns
443.5) P rs
CD8" [cells/uL] 1785 (112.5-272) 118 (67-204.8) 231 (1563-352) 115.5 (49.75- <0.0001 <0.0001 **** <0.0001 0.6083 ns
182.5) oo o
IRI 2.27 (1.56-3.28) 1.72 (1.14-2,89) 2,685 (1.923- 3.38 (1.638-4.873)  0.0001 ** 0.4664 ns 0.0010*  0.1036 ns
3.828)
NK [cells/uL] 145 (90-215) 125 (61-241) 136.5 (89.5-213.5) 76.5 (52.25- 0.0399 * 0.0012 * 0.8671 ns  0.0090 **
140.5)

Comparisons between survivors and non-survivors on admission and after one week of hospitalization (Mann-Whitney test), longitudinal changes in survivors and non-survivors (Wiicoxon
rank-sum test). S, survivors; NS, non-survivors; IQR, interquartile range; ns, not significant, *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001
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Sex (male)

Age (Mean + SD)

Chronic ischemic heart disease
Hypertension

Diabetes

Obesity

Arrhythmia

Bronchial asthma

Chronic obstructive pulmonary disease
Thyroid gland disease

Chronic kidney disease
Dyslipidemia

Stroke history

Cancer

Hematological malignancy
Interstitial lung disease
Autoimmunity
Immunodeficiency

Cirrhosis

Pregnancy

Venous thromboembolism (during COVID-19)

Systemic corticosteroids
Antivirals (remdesivir, favipiravir)
Baricitinib

Tocilizumab

Anakinra

A (n=103)

48 (46.7%)
6362 + 1395
34 (33.0%)
65 (63.1%)

29 (28.2%)
20 (19.4%)
15 (14.6%)
12 (11.7%)
10 (9.7%)
8 (7.8%)
18 (17.5%)
36 (35.0%)
9 (8.7%)
15 (14.6%)
2 (1.9%)
1(0.97%)
7 (6.8%)
1 (0.97%)
0
0
7 (6.8%)

Therapeutic approaches

45 (43.7%)
13 (12.6%)
4(3.9%)
0
0

B (n=383)

206 (53.8%)
64.16 + 14.53
162 (42.3%)
270 (70.5%)
120 (31.3%)
140 (36.6%)
70 (18.3%)
36 (9.4%)
44 (11.5%)
65 (17.0%)
59 (15.4%)
141 (36.8%)
27 (7.0%)
21 (5.5%)
6(1.6%)
6(1.6%)
24 (6.3%)
3(0.78%)
0
2(0.52%)
20 (5.2%)

344 (89.8%)
146 (38.1%)
28 (7.3%)
1(0.3%)
1(0.3%)

C (n=90)

60 (66.7%)
6116+ 1257
23 (25.6%)
63 (70.0%)
34(37.8)
42 (46.7%)
6 (6.7%)

4(4.4%)
8 (8.9%)
a (14.4%)
2 (13.3%)
27 (30.0%)
9(10.0%)
5(5.6%)
2(2.2%)
1(1.1%)
6 (6.7%)
5 (5.6%)
0
3(3.3%)
5 (5.6%)

86 (95.6%)
8 (42.2%)
5 (16.7%)

4(4.4%)
2(2.2%)

D (n=206)

115 (55.8%)
75.79 + 11.36
144 (69.9%)
179 (86.9%)
88 (42.7%)
63 (30.6%)
62 (30.1%)
19 (9.2%)
33 (16.0%)
39 (18.9%)
73 (35.4%)
84 (40.8%)
38 (18.4%)
30 (14.6%)
12 (5.8%)
7 (3.4%)
20 (9.7%)
3(1.5%)
4(1.9%)
0
7 (3.4%)

177 (85.9%)
70 (34.0%)
16 (7.8%)
3(1.5%)
0

E (n=41)

19 (46.3%)
64.05 + 19.97
19 (46.3%)
25 (61.0%)
12 (29.3%)
9 (22.0%)
14 (34.1%)
2 (4.9%)
3(7.3%)

6 (14.6%)
10 (24.4%)
10 (24.4%)
5 (12.2%)
10 (24.4%)

1 (2.4%)
2 (4.9%)
3(7.3%)
0
2 (4.9%)
1 (2.4%)
0

15 (36.6%)
4 (9.8%)
0
0
0
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Decease Outcome

Variable

Age
Comorbidities
GFR

IL-6

AST/ALT
SpO2/Fi02
CRP

D-dimer
Creatinine
Lymphocyte %
NLR
Neutrophil %
Hb

Monocytes
Prothrombin time (INR)
Platelets
Eosinophils %
Ferritin

IL6
SpO2/Fi02
CRP

NLR

GFR

Age

D-dimer
Monocytes %
AST/ALT
Comorbidity
Ferritin
Eosinophils %
Hb
Monocytes n

AUC Cl P
0.87 0.85-0.89 0.001
0.75 0.72-0.78 5.95E-25
0.80 0.77-0.83 2.45E-53
0.77 0.73-0.81 5.24E-26
078 0.69-0.77 6.08E-31
073 0.70-0.78 1.79E-43
0.78 0.70-0.78  1.44E-20
078 0.69-0.77 7.42E-20
0.71  0.67-0.74 4.35E-25
069 0.65-0.73 1.18E-21
0.69 0.65-0.73 1.33E-21
0.69 0.65-0.73 1.61E-43
0.65 0.62-069 5.67E-09
0.63 0.59-0.67 5.05E-11
0.61 0.56-065 1.37E-07
0.60 0.56-0.64 9.94E-07
059 055-062 1.32E-5
0.57 0.51-0.62 0.019
Severity outcome
0.78 0.75-0.80 8.65E-56
0.77 0.74-0.81 1.79E-43
0.75 0.71-0.77 5.77E-43
0.71  0.68-0.73 1.74E-41
0.69 0.65-0.71 1.69E-33
0.67 0.64-0.70  2.55E-29
0.67 0.63-0.69 2.63E-20
0.66 0.62-0.68 1.92E-24
066 0.62-068 2.97E-24
0.65 0.62-0.68 5.95E-25
0.64 0.60-0.67 1.08E-12
061 0.57-0.63 3.14E-12
0.59 0.55-0.62 5.67E-09
0.57 0.53-0.59 1.02E-05

YOUDEN forHazard
Ratios cut off

>60.50
>1.50
<87.30
>50.50
>1.64
< 439.50
>11.13
>353.00
>4.92
<1205
>6.85
>82.15
<1345
< 6.65
>1.21
< 162.50
<0.15
> 668.00

NC
NC
NC
NC
NC
NC
NC
NC
NC
NC
NC
NC
NC
NC

AST, Aspartic Amino Transferase; ALT, Alanine Amino Transferase; CRP; C Reactive
Protein; GFR, Glomerular Filtration Rate; Hb, Hemoglobin; NLR, Neutrophil Lymphocyte
Ratio; NC, not calculated as HR applies to mortality.
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Category
asymptomatic
mild
moderate
severe

critical

According to (5).

Characteristic

tested positive for SARS-CoV-2 without clinical symptoms

various mild symptoms without dyspnea or signs of pneumonia on chest imaging

signs of pneumonia without the need of oxygen supplementation

signs of pneumonia with oxygen saturation < 94% on room air, PaO2/FiO2 < 300 mmHg, respiratory rate > 30 breaths/minute,
or lung infiltrates affecting more than 50% of the lung parenchyma

respiratory failure, septic shock, multiple organ failure
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28d decease outcome age adjusted

28 maximal severity age adjusted

Variables OR Cl Z value Pr(>[z]) Z value Rank OR Cl Z value Pr(>|z]) Z value Rank
IL-6 (pg/mL) 259 2.06-3.31 7.84 <0.001 1 12.24 8.24-18.56 12.10 <0.001 1
CRP (mg/dL) 3.20 2.38-4.41 7.40 <0.001 2 9.55 6.47-14.40 11.06 <0.001 2
SpO2/Fi02 ratio 0.99 0.99-1.00 7.05 <0.001 3 0.99 0.98-0.99 10.17 0.001 4
Neutrophils (%) 1.06 1.04-1.08 6.38 <0.001 4 1.19 1.14-1.23 10.76 <0.001 3
NLR x 100 1.08 1.06-1.11 6.33 <0.001 5 1.18 1.10-1.16 9.87 0.001 5
Monocytes (%) 0.86 0.81-0.90 6.20 <0.001 6 0.86 0.83-0.89 7.89 <0.001 8
Neutrophils (10°/L) 1.14 1.09-1.19 5.74 <0.001 7 1.19 1.14-1.23 8.86 <0.001 7
GFR (mL/1.73 m?) 0.98 0.97-0.99 5.44 <0.001 8 0.98 0.97-0.98 6.94 <0.001 "
Lymphocytes (%) 095 0.92-0.97 5.04 <0.001 9 1.03 1.03-1.04 9.79 <0.001 6
WBC (10°) 111 1.06-1.16 4.82 <0.001 10 1.14 1.01-1.18 7.29 <0.001 9
AST/ALT ratio 149 1.26-176 4.74 <0.001 " 1.53 1.32-1.80 5.47 <0.002 13
D dimer (ng/mL) 151 1.26-1.83 4.35 <0.001 12 2.60 1.92-3.56 6.05 <0.001 12
Creatinine (mg/dL) 132 1.14-1.53 3.68 <0.001 13 1.39 1.20-1.65 4.02 <0.001 16
Lymphooytes (10%L) 051 0.35-0.73 3.61 <0.001 14 0.41 0.82-0.52 6.95 <0.001 10
Ferritin (ng/mL) 1.43 1.12-1.85 2.85 0.004 15 1.00 1.000-1.001 5.42 <0.001 14
Eosinophils (%) 0.63 0.45-0.85 279 0.005 16 0.62 0.49-0.76 4.35 <0.001 15
Hb (g/dL) 0.89 0.81-0.98 2.41 0.016 17 112 1.04-1.19 3.23 0.001 17
Eosinophils (10%L) 0.02 0.00-0.62 2.07 0.039 18 0.04 0.003-0.360 2.67 0.007 18
Monocytes (10%L) 072 0.45-1.07 NA 0.127 NA 0.74 0.51-1.04 1.66 0.097 20
Platelets (10%/L) 1.00 1.00-1.00 NA 0.203 NA 1.00 0.997-1.000 1.80 0.070 19

AST, Aspartic Amino Transferase; ALT, Alanine Amino Transferase; CRP; C Reactive Protein; GFR, Glomerular Filtration Rate; Hb, Hemoglobin; NLR, Neutrophil Lymphocyte Ratio; NA, not
applicable (Z values not directly comparable), WBC, White Blood cell Count.
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Predicted outcome, 19 clinical and laboratory variables* for survival versus decease

Classification table Predicted survival Predicted decease
Observed Survival 357 8
Observed Decease 21 25

Total 378 33
Predicted outcome, 19 clinical and laboratory variables* severe versus non-severe
Classification table Predicted non-severe Predicted severe
Observed non-severe 244 26
Observed severe 64 7

Total 308 108
Predicted outcome, 16 non-clinical variables** for survival versus decease

Classification table Predicted survival Predicted decease
Observed survival 356 9
Observed decease 30 16

Total 386 25
Predicted outcome, 16 non-clinical variables** for severe versus non-severe

Classification table Predicted non-severe Predicted severe
Observed non-severe 245 25
Observed severe 59 82

Total 304 107
Predicted outcome, 15 non-clinical variables for survival versus decease (no SpO2/Fi02).***
Classification table Predicted survival Predicted decease
Observed survival 897 9
Observed decease 68 20

Total 965 29
Predicted outcome, 15 non-clinical variables for severe versus non-severe (no SpO2/Fi02)***
Classification table Predicted non-severe Predicted severe
Observed non-severe 691 49
Observed severe 162 92

Total 853 141

Total

365
46
411

Total
270
141
411

Total
365
46
411

Total
270
141
411

Total
906
88
994

Total
740
254
994

% Correctly classified

97.81
54.35
92.94

% Correctly classified
90.37
54.61
78.10

% Correctly classified
97.58
34.78
90.51

% Correctly classified
90.74
58.16
79.56

% Correctly classified
99.01
2273
92.25

% Correctly classified
93.38
36.22
78.77

*The 19 variables included were age, gender, comorbidity index, SpO2/FiO2, Hb, Neutrophil %, Lymph %, monocyte %, eosinophils %, NLR, Platelets, CRP, IL-6, D-dimer, ferritin,
fibrinogen, prothrombin time INR, AST/ALT ratio and GFR. ** The 16 variables included were the same minus for age, sex, and comorbidities. *** The 15 variables were the same minus for

age, sex, comorbidities and, SpO2/Fi02.
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Patients, Total

(n=1,579)
Age, years, median and IQR 62 (50-75)
Comorbidities 102

INFLAMMATION RELATED BIOMARKERS (IFRB)
Blood (normal range)

Hb (12-15 g/dL) 135 (12.3-145)
WBC (4-11 10°%0) 65(50-8.8)
Neutrophis, % (40-80) 76.1(68-83.2)
Neutrophils (2-7 109/) 4.8(35-6.7)
Lymphocytes, % (20-50) 16(10.5-23)
Lymphooytes (1.2-3.5 10%) 1(0.7-1.4)
Monocytes, % (2-10) 6.7(48-88)
Monocytes (0.1-1 10°4) 0.43 (0.30-0.59)
Eosinophis, % (0.0-5.0) 0.0(0-0.3)
Eosinophils (0.0-0.5 10°/L) 000 (0.00-0.01)
Basophils (0.0-0.2 E9L) 0(001-0.03)
Neutrophil-Lymphocyte ratio 4.8(3.0-7.0)
Platelets (140-400 10°) 197 (154-251)
APR and related parameters

CRP (0.03-0.5 mg/dL) 89(3.8-16.6)
IL-6 (0.0-4.3 pg/mL) 45.1 (23.6-80.0)
Ferritin (25-400 ng/mL) 539 (282.5-1011.5)
Coagulation

Fibrinogen (2.39-6.1 g/L) 5.1(4.4-6)
D-dimer (0-243 ng/mL) 263 (168-463.5)
Prothrombin time, INR (0.7-1.3) 11(1.0-12)
ORGAN DAMAGE RELATED BIOMARKERS (ODRB)
SpO2/Fi02 448 (354-462)
Liver function tests

AST (12-50 IUL) 40 (30-60)
AST/ALT (<1.5) 1.39(1.06-1.88)
Biirubin, Direct (0.1-0.57 mg/dL) 0.30 (0.24-0.38)
Biirubin, Total (0.3-1.2 mg/dL) 057 (0.45-0.74)
Kidney function tests

Urea (17-42 mg/dl) 35 (25-51)
Creatinine (0,67 - 1.17 mg/dL) 080 (0.60-0.97)
GFR (>75 mU/min/1,73m?) 88.5 (67.8-90.0)

Survivors
(n=1,324)

57 (48-70)
2(1-3

13.7 (10.7-11.9)
65(50-82)
74.8 (68.3-81.0)
47(34-76)
17 (12-24)
1.1(08-1.4)
6.8(50-88)
0.44 (0.31-0.59)
000 0.00-0.10)
00 (0-0.01)
0.0(0.01-0.08)
4.4(32-67)
202 (170-286)

8.1 (3.8-15.5)
41.41 (24.7-85.9)
527 (156.5-709.5)

5.2 (4.4-5.7)
2485 (197.8-591.0)
1.1(1.0-1.2)

452 (377-465)

39 (26.0-49.5)
1.3(1.0-1.8)
0.30(0.24-0.37)
057 (0.44-0.73)

32 (24.0-55.0)
0.79 (0.65-0.94)
90.0 (76.4-80.0)

Non-survivors.
(n=255)

82 (74-87)
2(1-3

12.6(11.4-138)
7.5 (5.32-10)
82.9(75.4-87.9)
6.1(39-86)
10 (7.2-17.0)
0.7 (06-1.0)
5.4(3.6-7.80)
039 (0.28-0.56)
0(0.00-0.00)
0(0.00-0.00)
002(0.01-0.03)
7.7 (4.3-122)
174 (183-227)

17.9(10.2-24.5)
90.5 (65.3-162.8)
671 (355-1153)

49(42-59)
477 (292.5-860.8)
11(1.1-13)

358 (156-443)

44.5 (31-68)
19 (1.4-26)
035 (0.27-0.46)
063 (0.47-0.85)

58 (42-87)
1.01(0.78-1.36)
56.9(35.9-79.5)

p-value
(exact)

7.26E-81
2.30E-38

4.95E-15
1.51E-05
1.07E-20
7.18E-10
1.076-23
3.69E-22
1.01E-10
0.013
4.40E-07
0.006
0.454
1.39E-21
2.87E-07

2.05E-19
1.88E-24
0.04

0.04
4.65E-16
9.32E-08

5.56E-22

0.01
6.06E-31
8.37E-06

0.08

8.77E-47
2.20E-20
2.37E-101

Non-Severe
(n =1040)

58 (47-71)
102

137 (12.5-14.6)
6.36 (4.95-8.10)
73.3 (65.9-79.8)
456 (3.33-6.2)
18.1(12.8-24.8)
1.1 (0.82-1.50)
7.20 (6.50-9-20)
045 (0.33-061)
0.1 (0.00-0.40)
00 (0-0.03)
002 (0.01-0.02)
4.07 (2.68-4.21)
292 (159-254)

7.07 (2.57-12.58)
34.6 (19.0-61.65)
467 (261.-891.2)

5.06 (4.42-5.86)
234 (151-389)
1.09 (1.02-1.17)

457 (438-467)

38 (28-55)
1.3(1-1.71)
0.20 (0.24-0.36)
0.56 (0.45-0.73)

31 (24-44)
0.79 (0.64-0.95)
90 (78.9-90)

Severe and deceased
(n=539)

70 (54-82)
2(1-3)

13.1 (12.0-14.3)
7.39 (5.29-10.4)
82.4(74.3-87.6)
5.92 (4.01-8.68)
11.6 (7.50-18.2)
0.85 (0.60)
5.40 (3.70-7.80)
0.39 (0.28-0.58)
0.00 (0.00-0.10)
0(0.00-0.01)
0.02 (0.01-0.03)
7.07 (4.21-11.7)
190 (143-190)

15.8 (8.51-23.44)
81.2(50.1-138.0)
724 (426.-1348)

5.31(4.45-6.15)
371 (223-692)
1.11(1.04-1.23)

369 (230-448)

45 (33-68)

1.67 (1.24-2.21)
032 (0.26-0.43)
058 (0.44-0.81)

46 (318-723)
092 (0.74-1.29)
76.3(50.3-90)

p-value
(exact)

2.49E-29
1.0118E-26

5.64E-09
1.266-10
6.07E-39
1.636-19
8.34E-41
1.80E-28
1.92E-24
1.02€-05
1.87E-14
9.71E-12
0.1591
4.71E-39
2.63E-04

5.99E-43
1.01E-55
1.06E-12

0.0129
3.80E-20
1.25E-05

8.58E-44

6.55E-11

2.97E-24

1.34E-05
0.185

2.23E-31
2.48E-23
1.426-37

AST, Aspartic Amino Transferase; ALT, Alanine Amino Transferase; CRP; C Reactive Protein; GFR, Glomerular Fittration Rate; Hb, Hemoglobin; NLR, Neutrophil Lymphocyte Ratio; SpO2/FiO2, Oxygen saturation to fraction of inspired oxygen

ratio: WBC, White Blood cell Count.
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Survivors vs deceased Non-severe vs severe

Patientsn (%)  Survivorsn (%)  Deceased n (%) p-value Non-severen (%)  Severe n (%) p-value
Al 1,679 (100) 1324 (83.9) 255 (16.1) 1040 (63.8) 539 (34.1)
Female 699 (44.3) 502 (44.7) 107 (42.0) 0.449 491(47.2) 208 (38.6) 0001
Male 880 (55.7) 732 (55.3) 148 (58.0) 549 (52.8) 331 (61.4)
Icu 236 (14.9) 203 (15.3) 33(13.9) 04 1(0.1) 235 (43.6) 1.612E-126
Median (QR) Median (QR) Median (IQR) Median (IQR) Median (QR)
Age, years 62 (50-75) 57 (48-70) 82 (74-87) 7.26E-81 58 (47-71) 70 (54-82) 2.4872E-29
DFSO 7 (4-9) 7 (5-10) 5(2-7) 9.40E-19 7 (5-10) 6(3-9) 2.9561E-14
Los 7 (2-20) 7 (@-24) 7(@-11) 0.4226 5(2-10) 14 (6-36) 1.5748E-44
Disease duration, days 15.0 (10-28) 15 (10-34) 12 (9-18) 4.45E-11 13 (9-21) 22 (11-49) 1.4952E-17
Clinical Presentation n (%) n (%) n (%) n (%) n (%)
General Fever 1314 (83.2) 1132 (85.4) 199 (75.3) 0040 886 (85.2) 438 81.3) 0051
Respiratory Upper respiratory symptoms (only) % (5.9) 85(6.5) 9(3.4) 0063 69 (6.5) 25 (4.6) 0118
Lower respiratory symptoms 1351 (85.6) 1148 (86.7) 203 (79.6) 0020 892(85.8) 459 (85.2) 0763
Pneumonia 1524 (96.5) 1271 (96.0) 253 (99.2) 0.008 989 (95.1) 535 (99.3) 3.62E-06
Digestive Al 491 (31.1) 440 (33.2) 51 (20.0) 1.182E-05 353(33.9) 138 (25.6) 7A1E-04
Comorbidities n (%) n (%) n (%) n (%) n (%)
Cardiovascular & hypertension 712 (45.1) 508 (38.4) 204 (80.0) 8.534E-37 394(37.9) 318 (59.0) 1.463E-15
Chronic lung disease 278 (176) 198 (15.0) 80 (31.4) 5.134E-09 145 (139) 133 (24.7) 2.143€-07
Diabetes 298 (1850.0) 223 (16.8) 70(28.3) 1.90E-05 170(16.3) 123 (22.8) 0.002
Neurological disease 227 (14.4) 156 (11.8) 71(27.8) 1.20E-09 121(116) 106 (19.7) 2.89E-05
Chronic kidney disease 134 8.5) 79(6) 55 (21.6) 1.03E-13 55 (5.3) 79 (14.7) 9.101E-10
Active non-terminal malignancy 113 (7.2) 62 (4.7) 51 (20.0) 1.10E-15 4139 72 (18.4) 4.197E-11
Obesty 261 (16.5) 227 (17.3) 34 (12.8) 085 145 (13.9) 116 (21.5) 2.00E-04
Chronic iver disease 6139 48(3.7) 13 (4.9) 0.139 37(36) 24(4.5) 0409
Comorbidity index*
1(0-2) 2(1-9) 2(1-8) 2.2961E-38 1(0-2) 2(1-9) 1.0118E-26

“The breakdown of patients by comorbicity index s in Table S4. Exact p-values from the Mann-Whitney U test, Significancy should be considered for p < 0.001 after Bonferroni. F, femle; M, male; DFSO, days from symptom onset; LOS,

kngth of stay: significant p values in bold.





OPS/images/fimmu.2022.861666/fimmu-13-861666-g005.jpg
o
E{ . ——iH}o 8
* * ¥ BG
#OLE x i —mm
ZLE —l—| <
m .w-. W m ) m WJ:R__oom )
qnysjied
o +vad w b
w
*_u o —- -
A —— e,
o2 & ——i}e 2
4 S
* @ =
& <
§ § 88 ¢ ° & < a
m ) - Y]
+6100
I -
*
s| ¥ —H o 8 N
HE: P e
*| ¥ * o
: n_u.|ll. < i _
<
o
§ § & ST E e
Jnn__wo a R WETES)
< +800





OPS/images/fimmu.2022.902837/fimmu-13-902837-g008.jpg
2
&

P
7
%ﬁj}

&
S,

.
% (?QO
i
v
W

&
&

2
B3
i
o“'
7
&

A
o
3
i
;
7,

&

S
S
Y
PP

non-severo

severe

non- severe
n=32

1
ggg 2 8 8

(L] 0L+00 /SeKkoouduik]





OPS/images/fimmu.2022.861666/fimmu-13-861666-g004.jpg
*xk

Leu
cells/nL
- N w
o o o o
> HlH
o
o 1
o
m
HgB
glL
a o2 a
o o o o
Platelets
cells/nL
N & (-2 ©
=3 =3 o =3
o o o o o
Neu
cells/nL
- N w
o o o o

A B C D E A B C D E A B C D E
Group Group Group Group
Fekeskok
E Aokokok F G H
* kK

Mo
cells/nL
Eo
cells/nL
Bas
cells/nL

4 2.0 0.3 0.20 *
3 15 0.15
2 0.2
£ 2 1.0 0.10
=8
0.1
1 0.5 0.05
; ; 0.00






OPS/images/fimmu.2022.902837/fimmu-13-902837-g007.jpg
CXCL10

Mild Moderate Severe

IL-10

Mild Moderate Severe

IL-12 p70

Mild  Moderate Severe

B
Granzyme B

Ewi -/a * 0
200
E 150
100
50
0

Mild Moderate Severe

IL-2

6

4
€
=l
a

2

0

IL1ra L6 ccL2
1000000 . 10000004 e 100000
. 100000 o
100000 e
10000 o 10000 /o
- £ 1000 o P B J/
g 10000 H ¢ 5 1000 2 =
100 =
H 2 é 2 ﬁ 2
1000 101 8 100 g ' ©
= o
1 o
1001 011 — : - 10— : T
Mild  Moderate Severe Mild  Moderate Severe Mild Moderate Severe
IL-15 -7 TNF-a
100 120 -
80 -
~ 0 = -
E E E
£ e
TP 2 E
"1 K
o- o
Mild Moderate Severs Mild Moderate Severe Mild  Moderate Severe
IFN-a L4 GM-CSF
Bt 2, 150
500 0 13 -
400 o
15 6
X = Eo % 4
2 200 g
05 R
100 e 2
e ") X
0 0.0 L Jla? as 0 § i =2
Mild Moderate Severe Mild  Moderate Severe Mild Moderate Severe
IFN-y IL-17A
250
200
= 150
E
=)
2 100

Mild Moderate Severe

l

Moderate Severe

1
L.

e Day0 -e Day+2






OPS/images/fimmu.2022.861666/fimmu-13-861666-g003.jpg
Fkkk

‘ kkkk I

AFoxokok

AFkkk
AFkokk

*

Aekkok

Fkk

*okkk

Kk dkkk  dkkok
c
Group

e w o w o
& - -

Tuysiied
naN

25

ok

k¥

Tusiied
sjojereld

u

HIH
—
i+
——
HIH
g8 88 °

AFekokok
*

25
20

2 2
quysiied
na1

[
Group

w
[=]

o

Group

<

c
Group

Akkk

kK

Aekkk

Axkk

Aekokk

*kkk

*%k

Akkkk

*kkk

Fokkk

0.15

*
*
Q.
=
4
(U]
[
Tuysiied
seq
Q
>
[
o
o
3
[
o

Tuysied
oW

Group






OPS/images/fimmu.2022.902837/fimmu-13-902837-g006.jpg
IFRB

ODRB

Blood

Hemoglobin

14 2000
1500
g
9 1000
=
T 10
500
s o

0 5 10 15 20 25 30
Los

Leukocytes (10%L)

2000
1500
1000
500
o

0 5 10 15 20 25 30
Los

Leukocytes (10°/L)

Lymphocytes (%)

2000

1500

1000

Lymphocytes (%)

o
o 5 10 15 20 25 30

Lymphocytes (10°7L)

20 2000
g
e 1 1500
8
310 1000
£
£ o5 500
&

10 15 20 25 30

Los
Los
Monocytes (%) Monocytes (109/L) Eosinophils (%)
60 2000 15 2000 20 2000 C
= & .
1500 £ 1500 T 15 1500 2
g 40 « 10 = 24
s 1000 2 1000 £10 1000 3
3 2
2 5 £s ¢ 52
500 = 500 £ os; 500 &
o o o o 00 o o o
o 5 10 15 20 25 30 o 5 10 15 20 25 30 © 5 10 15 20 25 30 5 10 15 20 25 %0
Los Los Los Los
APRs
e CRP D dimer
L6 erritin
o, 2000 4000 2000 2 “ 2000 15000 2000
) £ a
= 3000 o E 1500 cw 1500 [P 1500
E g 2 €
2 et o =
Bem 000 £ 200 1000 22 1000 5 1000
& 5 2 £
e s £ 1000 500 EW 500 a o 500
5 10 15 20 25 30
65 Los Los Los
Liver and kidney tests
ASTIALT ratio Urea Creatinine GFR
& 1500 250 2000 25 2000 100 1500
a
25 i 1500 120 1500 =
3 1000 2 2 1000
& S 150 s [
5 £ S
32 £ 1000 2 o0 g
B 1 1
] 500 il o 500
1 50 BI0) & os ke 20
o o o o 00 o 0
o 5 10 15 20 25 30 5 10 15 20 25 30

Los

Los

0 5 10 15 20 25 30
Los

Neutrophils (%)

95 2000

<9

g 1500

3 85

fw 1000

i3

35

2 500
70

5 10 15 20 25 30

Los
Eosinophils (1097L)
0.6- 2000
g
° 1500
2 o
2
§ 1000
02
2 500
&
00 o
RSO s i zo ks Sy
Los

Neutrophils (10%/L)

25 2000
g
3 1500
215
z 1000
g
; o 500

0 5 10 15 20 25 30
Los
Platelets
400 2000
= 300 1500
3
8
£ 20 1000
]
a 100 500
o
5 10 15 20 25 30
Los





OPS/images/fimmu.2022.861666/fimmu-13-861666-g002.jpg
[/6] 96

Group

Group

Group





OPS/images/fimmu.2022.902837/fimmu-13-902837-g005.jpg
Log CRP.

Log D dimer
Log Feritin
Creatinine
Neutrophila n

NLR x 100
Neutrophil %

Platolets
spozFIOz
Lymphocytes %

Ho

Monocytes %
Monocytes n

Monoc + lymphocytes n

Eosinophils %
Lymphocytes n

HUVH

085

080

07

o7

065

060

T
345

0-0%0
051-089
060-084
065-069
om0-074
075-079
080-09%





OPS/images/fimmu.2022.902837/fimmu-13-902837-g004.jpg
Clinico
Demographic

Inflammarion Related

Organ Damage
Related

Kidney &

Clinical Blood APR & Coag . Lung
Liver
0\0 Q
) ol RO TR
& S '\ng\goe @‘(\@cﬁ‘»@cﬁ@ @ \\Q Sl
3 o SR ETHT ST o o &
@ X NS P ¥ S S S & © R
Ve & P POV RIS NIIN K% ¥
Age
Severity
Comorbidities
Hb
WBC
Neutrophils %
Neutrophil n
NLR x 100
Basophils n
Platelets

Eosinophils %
Eosinophils n
Lymphocytes %
Lymphocytes n
Monocyte %
Monocyte n
CRP

IL-6

Ferritin
Fibrinogen

D Dimer
Prothrom INR

AST/ALT Ratio
Urea

GFR
SpO2/Fi02






OPS/images/fimmu.2022.870283/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2022.830715/table2.jpg
Peptide COVID-19 (D42) COVID-19 (D306)

N % N %
Group 1 S3 31/44 70.45 14/42 33.33
S9 27/44 61.36 17/42 40.48
S15 22/44 50.00 9/42 21.43
S23 35/44 79.55 8/42 19.05
S30 31/44 70.45 18/42 42.86
S45 36/44 81.82 3/42 714
N6 30/44 68.18 14/42 33.33
N13 31/44 70.45 12/42 28.57
Group 2 S6 30/44 68.18 29/42 69.056
S28 27/44 61.36 28/42 66.67
S29 36/44 81.82 30/42 71.43
S31 30/44 68.18 33/42 78.57
S84 25/44 56.82 28/42 66.67
847 21/44 47.73 24/42 57.14
S51 30/44 68.18 24/42 57.14
S68 28/44 63.64 25/42 59.52
S20 3/44 6.82 15/42 35.71
Group 3 S63 22/44 50.00 31/42 73.81
S62 33/44 75.00 36/42 85.71
S69 26/44 59.09 33/42 78.57
S70 29/44 65.91 32/42 76.19
S71 38/44 86.36 42/42 100.00

n, number of COVID- 19 convalescent serum samples with SARS-CoV-2 S and N peptides higher than the mean + SE in control; %, percent COVID-19 convalescent serum samples with
reactivity higher than the mean + SE in control.
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Peptide aa sequence Position ~ Peptide aa sequence Position

Covid-N.1 MSDNGPQNQRNAPRITFGGP 120  Covid-N.10 NAAIVLQLPQGTTLPKGFYA 164-173 Covid-N.18 ELIRQGTDYKHWPQIAQFAP  290-309
Covid-N.2 GGPSDSTGSNQNGERSGARS ~ 18-37  Covid-N.11 FYAEGSRGGSQASSRSSSRS 171-190 Covid-N.19 FAPSASAFFGMSRIGMEVTP  307-326
Covid-N.3  ARSKQRRPQGLPNNTASWF 35-54  Covid-N.12 SRSRNSSRNSTPGSSRGTSP  188-207 Covid-N.20 VTPSGTWLTYTGAIKLDDKD  324-343
Covid-N.4 WFTALTQHGKEDLKFPRGQG ~ 52-71  Covid-N.13 TSPARMAGNGGDAALALLLL 205-224 Covid-N.21 DKDPNFKDQVILLNKHIDAY 341-360
Covid-N.5 GQGVPINTNSSPDDQIGYYR 69-88 Covid-N.14 LLLDRLNQLESKMSGKGQQQ 222-241 Covid-N.22 DAYKTFPPTEPKKDKKKKAD  358-377
Covid-N.6 YYRRATRRIRGGDGKMKDLS ~ 86-105 Covid-N.15 QQQQGQTVTKKSAAEASKKP 239-258 Covid-N.23 KADETQALPQRQKKQQTVTL 375-394
Covid-N.7 DLSPRWYFYYLGTGPEAGLP  103-122 Covid-N.16 KKPRQKRTATKAYNVTQAFG 256-275 Covid-N.24 VTLLPAADLDDFSKQLQQSM  392-411
Covid-N.8 GLPYGANKDGIIWVATEGAL 120-139 Covid-N.17 AFGRRGPEQTQGNFGDQELI 273-292 Covid-N.25 LDDFSKQLQQSMSSADSTQA 409-428
Covid-N.9 GALNTPKDHIGTRNPANNAA  137-156
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A B

IC receptors Cellular expression pattern Ligand Cellular expression pattern

PD-1 T cells, NKT, NK, B cells, activated monocytes, DCs.  PD-L1 Hematopoietic and non-hematopoietic cells.

CTLA-4 T cells PD-L2 DCs, macrophages, peritoneal B1 cells, helper T cells, bone marrow-derived mast cells.
LAG-3 T cells, NK, B cells. Galectin-9 T cells, B cells, macrophages, mast cells.

TIM-3 T cells, DCs, macrophages, monocytes. CD112 DCs, monocytes.

TIGIT T cells, NK, Tregs. CD155 DCs, monocytes.

BTLA T cells, B cells, DCs, monocytes. B7-H3 DCs, monocytes, T cells, B cells, NK.

VISTA T cells, myeloid cells. LSECtin Myeloid cells.

2B4 T cells, NK, DCs, monocytes. Galectin-3  Macrophages, monocytes, DCs, eosinophils, mast cells, NK, activated T and B cells.
NKG2A T cells, NK.

CD160 T cells, NK, NKT.
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Group

Anti-inflammatory response®
Apoptosis response®

B-cell regulation®

Cell Metabolism®
Chemotaxis/Activation/recruitment®
Cytotoxicity”

T-cell differentiation®

Growth factors”
Inflammation’

Interferons'

Morphogenetic factors!

TH2 regulation®

Cases
Median (IQR)

167 (121, 222)
115 (80, 141)
197 (149, 222)
87 (71, 108)
540 (381, 675)
99 (69, 146)
201 (167, 259)
411 (259, 467)
319 (248, 370)
87.5 (55, 140)
156 (138, 213)
72.5 (50, 150)

Controls
Median (IQR)

159 (119, 207)
131 (107, 159)
204 (160, 265)
82.5 (56.5, 105)
513 (344, 586)
122 (96, 152)
187 (138, 254)
421 (317, 521)
329 (264, 404)
130 (99.5, 189)
164 (126, 189)
127 (85, 197)

Adj OR (95% ClI)

1.69 (0.50, 5.78)
0.51(0.14, 1.86)
0.65 (0.19, 2.26)
3.88(0.97, 15.56)
1.96 (055, 7.09)
0.66 (0.18, 2.39)
1.89 (0.54, 6.69)
062 (0.17, 2.27)
053 (0.13, 2.10)
0.16 (0.03, 0.7)
3.03 (0.84,10.97)
0.24 (0.06, 0.96)

p-val ue®

0.4014
0.3093
0.4979
0.554
0.3009
0.5235
0.3222
0.4686
0.3660
0.0155
0.0913
0.0439

p-value®

0.2954
0.1475
0.4966
0.0265
0.1103
0.4338
0.3733
0.7755
0.4458
0.0281
0.2754
0.0563

IL-10, IL-19, IL-1RA, IL-6RA; °FASL, FAS, PD-L1; °APRIL, BAFF, CD40, IL-5, TACI; “lep, lep-R; °CCL11, CCL19, CCL20, CCL2, CCL3, CCL4, CCL5, CX3CL1, CXCL10, CXCL1,
CXCL2, OPN; 'GRZB, TNF, TRAIL; 9IL-12p70, IL-15, IL-27, IL-2, IL-7; "EGF, FGF-basic, FLT-3 ligand, GM-CSF, G-CSF, IL-11, IL-3, PDGF-AA, PDGF-AB, VEGF; IL-17C, IL-17E, IL-17,

IL-18, IL-1B, IL-1A, IL-23, IL-6; IFNe; IFNP, IFNy; 'BMP-2, BMP-4, BMP-7, TGFog “IL-13, IL-33, IL-4;

* Mechanical ventilation or death; € p-value for highest tertile vs lowest tertile of ranks from a logistic regression model including age, gender and age-unadjusted CCl. “p-value for rank sum

as continuous variable, as above.
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Biomarker

Anti-inflammation
IL-10

IL-19

IL-1RA

IL-6RA
Apoptosis
FASL

FAS

PD-L1

B cell regulation
APR

BAFF

CD4oL

IL-5

TACI

Cell metabolism
Lep-R

Lep
Chemotaxis/activation/recruitment
CCL11

CCL19

CCL20

CCL2

CCL3

CCL4

CCL5

CX3CL1
CXCL10

CXCL1

CXCL2

OPN
Cytotoxicity
GRZB

TNF

TRAIL

T cell differentiation
IL-12p70

IL-156

IL-27

IL-2

IL-7

Growth factors
EGF

FGF-basic
FLT-3 ligand
GM-CSF
G-CSF

IL-11

IL-3

PDGF-AA
PDGF-AB
VEGF
Inflammation
IL-17C

IL-17E

IL-17

IL-18

IL-1B

IL-1o

IL-23

IL-6
Interferons
IFNB

IFNo

IFNy
Morphogenetic
BMP-2

BMP-4

BMP-7

TGFo.

TH2 regulation
IL-13

IL-33

IL-4

Odds ratio

1.22
0.64
178
2.26

0.03
16.77
1.68

2.08
329
0.62
0.02
0.68

45.83
1.10

0.10
9.09
17.78
4.69
255
0.90
0.43
148.0
4.81
0.09
0.49
30.52

0.70
2.50
0.20

1.04

3.10
138.07
0.18

1.86

0.16
241
0.06
5.30
0.42
1.41
0.75
0.24
0.12
4.79

1.12
0.66
0.04
16.28
0.85
0.09
0.64
2.08

0.09
0.62
0.29

1.46
66.06
225
0.24

0.04
085
0.32

95% CI

0.38, 3.94
0.22, 1.85
0.61, 4.93
0.11, 44.51

0.00, 0.63
1.47,169.6
0.36, 7.87

0.30, 13.54
0.52, 20.91
0.19, 2.04
0.00, 0.38
0.17,2.78

2.39, 879.1
0.33,3.74

0.01,0.84
1.43,57.74
2.48,126.8
1.10, 20.07
0.38, 17.14
0.08, 9.97
0.10, 1.76
7.29, 3002
1.51, 16.34
0.02, 0.41
0.11, 2.09
3.89, 239.2

0.25, 1.97
0.52, 11.98
0.05,0.75

0.32, 3.41
0.75,12.79
1.20, 142.8
0.08,0.58
0.45, 7.69

0.04, 0.70
0.81,7.14
0.01, 0.60
0.94, 29.82
0.10, 1.88
0.40, 4.94
0.21, 2.69
0.05, 1.13
0.02, 0.61
0.81,28.26

0.30, 4.20
0.21,2.12
0.00, 0.33
1.65,171.4
0.20, 3.57
0.02, 0.44
0.08, 4.92
0.95, 4.54

0.01,0.73
0.15, 2.60
0.09, 0.94

0.27,7.96
1.49, 2920
0.67,7.53
0.05, 1.28

0.00, 0.36
0.37, 1.96
0.08, 1.31

p-value

0.744
0.407
0.303
0.592

0.023
0.023
0.510

0.464
0.206
0.430
0.009
0.590

0.011
0.873

0.034
0.019
0.004
0.037
0.336
0.930
0.240
0.001
0.008
0.002
0.334
0.001

0.500
0.258
0.017

0.951
0.118
0.035
0.008
0.390

0.015
0.113
0.017
0.058
0.258
0.594
0.663
0.071
0.010
0.083

0.869
0.490
0.008
0.020
0.825
0.003
0.670
0.066

0.025
0.513
0.039

0.664
0.030
0.189
0.095

0.004
0.702
0.114

Adjusted for age, gender and age-unadjusted CCI.





OPS/images/fimmu.2022.891816/fimmu-13-891816-g003.jpg
0.004

0.003

0.002

0.001

0.000

0.004

Density

0.003

0.002

0.001

0.000

500

900

HLA-A and -B

11000 400 600 800 1000 900 1200 1500 1800 900
Number of viral peptides predicted as weak binders

1200

1500

1800

2100

sabe ||y

OA 09 19pun

Shet

|
1
]

[]

Controls

Patients





OPS/images/fimmu.2022.842150/table1.jpg
Characteristic Cases’ Controls p-value* Total
N=27 N=53 N =80
Age, years
Median (IQR) 72 (67, 77) 60 (52, 74) 0.008 65 (55, 75)
Gender, n(%)
Female 4 (14.8%) 5 (28.3%) 0.183 9 (23.8%)
Ethnicity, n(%)
Caucasian 27 (100.0%) 50 (94.3%) 0.457 77 (96.3%)
Black 0(0.0%) 2 (3.8%) 2 (2.5%)
Asian 0 (0.0%) 1(1.9%) 1(1.3%)
Ispanic 0 (0.0%) 0(0.0%) 0 (0.0%)
BMI
Median (IQR) 25.8 (24.6, 27.6) 29,0 (25.6, 33.6) 27.7 (25.1,31.3)
Comorbidities, n(%)
>=1 23 (85.2%) 37 (69.8%) 0.136 60 (75.0%)
Obesity 2 (12.5%) 8 (37.5%) 0.064 20 (31.3%)
Ischemic cardiomyopathy 14 (51.9%) 27 (50.9%) 0.939 41 (51.3%)
COPD 8(29.6%) 8 (34.0%) 0.697 26 (32.5%)
Connective tissue disease 8 (29.6%) 5 (28.3%) 0.902 3 (28.8%)
Cerebro-vascular disease 8 (29.6%) 4 (26.4%) 0.762 2 (27.5%)
Mild Liver disease 1(6.3%) 0(0.0%) 0.128 1(1.9%)
Diabetes 13 (48.1%) 25 (47.2%) 0.934 38 (47.5%)
Chronic kidney failure 10 (37.0%) 4 (26.4%) 0.330 24 (30.0%)
Solid tumour 10 (37.0%) 18 (34.0%) 0.786 28 (35.0%)
Liver failure 6 (22.2%) 2 (22.6%) 0.966 8 (22.5%)
Hematologic disease 1 (6.3%) 2 (5.4%) 0.904 3(6.7%)
Peptic ulcer disease 1 (6.3%) 3(8.1%) 0.816 4 (7.5%)
Dementia 6 (22.2%) 2 (22.6%) 0.966 8 (22.5%)
Arterial hypertension 15 (68.2%) 27 (64.3%) 0.757 42 (65.6%)
Chronic heart failure 4(25.0%) 5 (13.5%) 0.311 9 (17.0%)
Peripheral vascular disease 5 (31.3%) 11 (29.7%) 0.913 16 (30.2%)
CCl, mean (SD) 6.3(4.8) 5.4 (4.7) 0.363 5.7 (4.7)
Main delays
Days from symptoms onset to hospitalisation, median (IQR) 7(5,8) 74,9 0.845 74,9
Days from symptoms onset to ICU, median (IQR) 10 (6, 12) 10 (8, 14) 10 (7, 12)
Days from hospitalisation to ICU, median (IQR) 2(0,3) 2(0,5) 2(0, 4)
Baseline laboratory parameters
Leukocytes, /mm®, Median (IQR) 6,840 (5,050; 12,420) 5,840 (5,140; 8,340) 0.234 6,305 (5,095; 8,435)
% neutrophils, Median (IQR) 89.2 (77.3,91.7) 74.6 (60.2, 83.0) <0.001 776 (65.5, 86.6)
Lymphocytes, Median (IQR) 930.0 (680.0; 2,028) 1,891 (1,050; 2,390) 0.045 1,661 (870.0; 2,347)
Platelets, 10%/mm®, Median (IQR) 181.0 (130.0, 283.0) 205.0 (181.0, 248.0) 0.281 199.0 (161.5, 254.5)
Alanine amino-transferase (ALT), U/L, Median (IQR) 45.0 (24.0, 62.0) 29.0(21.0, 39.0) 0.036 33.0 (22.0, 57.5)
INR, Median (IQR) 12(1.1,1.2) 1.1(1.0,1.1) 0.007 1.1(1.0,1.2
Creatinine, mg/dl, Median (IQR) 1(0.5,1.5) 0.9 (0.8, 1.1) 0.136 09 (08, 1.1)
eGFR, ml/min, Median (IQR) 74.2 (46.3,91.3) 89.2 (74.5, 99.7) 0.014 86.1 (63.6, 98.3)
60+, ml/min, n(%) 17 (63) 46 (86.8) 0.044 63 (78.8)
31-60, mi/min, n(%) 6(22.2) 5(9.4) 11 (13.8)
0-30, ml/min, n(%) 4 (14.8) 238 6 (7.5)
C-reactive protein, mg/l, Median (IQR) 15.0 (6.0, 22.0) 12.0 (6.0, 17.0) 0.085 14.0 (6.5, 19.5)
IL-6, pg/ml, Mean (Range) 781.2 (6,920 - 5,785) 535.1 (4,140 - 11,863) 0.11 617.2 (4,140 - 11,858)
Procalcitonin, ng/ml, Median (IQR) 0.3(0.2,1.5) 0.1(0.1,0.3) 0.004 0.2(0.1,0.4)
D-dimer, ng/ml, Median (IQR) 2,165 (960.0; 4,110) 1,040 (650.0; 1,630) 0.001 1,170 (700.0; 2,120)
0-500 ng/ml, n(%) 1(3.8) 7(18.2) 0.007 8(10.1)
501-4000 ng/ml, n(%) 18 (69.2) 44 (83.0) 62 (78.5)
>4000 ng/ml, n(%) 7269 2(38) 9(11.4)
Haemoglobin, g/l 12.3(11.2, 14.5) 13.0 (11.6, 14.1) 0.586 129 (11.5, 14.1)
Lactate dehydrogenase, U/ 762.0 (547.0; 1,022) 603.0 (508.0, 749.0) 0.044 633.5 (515.5, 825.5)

*Chi-square or Mann-Whitney test as appropriate. *Mechanical ventilation or death.
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Parameter Onset of symptoms P value

Mid COVID-19° Severe COVID-19° Reference Svs®
ranges

Fever (Yes/No) 4/2 5/1 <37.5°C 1.000
Anosmia (Yes/No) 4/2 3/3 - 1.000
Headache (Yes/No) 6/0 6/0 - 1.000
Myalgia (Yes/No) 4/2 5/1 - 1.000
Arthralgia (Yes/No) 2/4 1/5 - 1.000
Diarrhea (Yes/No) 3/3 2/4 - 1.000
ICU admission (Yes/No) 0/6 2/4 - 0.227

Clinical characteristics seven days after symptom onset
Heart rate (beats per minute) 69.1 £6.3 81.3+89 60-100 0.021
Breathing rate (bpm) 19.8 £ 3.0 36.6 + 3.1 15-20 <0.0001
Peripheral oxygen saturation (%) 951 +1.7 740+76 >91 <0.0001
Leukocytes (x10%/ul) 56+ 1.4 110456 4.00-11.00 0.066
Neutrophil percentage (%) 48.6 + 14.2 80.1 £ 15.6 37.00-80.00 0.044*
Lymphocyte percentage (%) 40.9 +13.0 138+ 14.8 10.00-50.00 0.043
Monocyte percentage (%) 73+0.41 58+ 1.7 0.00-8.00 0.200
Band cells (%) 0.0+0.0 0.0+ 00 0.00-7.00 >0.999
Hemoglobin (g/dl) 16.7 £0.7 14517 13.1-18.00 0.088
Platelets (x10%/ul) 2735+ 162 2834 + 1125 150-400 0.444
Glucose (mg/dl) 89.0 + 12.7 2089 + 92.1 70.00-100.00 0.088
Urea (mg/dl) 34.8 +12.5 589 + 68.6 20.00-40.00 0.355
Creatinine (mg/dI) 09+0.0 1.6+23 0.80-1.30 0.354
Total Cholesterol (mg/dl) 1940+ 424 116.7 £ 21.1 50.00-200.00 0.071
Triglycerides (mg/dl) 344.5 + 86.9 162.8 + 81.6 30.00-150.00 0.142
HDL (mg/dl) 32577 27.0+82 <45.00 0.428
LDL (mg/dl) 118.0 + 26.8 79.3+27.7 <115.00 0.142
Total bilirubin (mg/dl) 08+0.3 05+0.1 0.00-1.00 0.500
Direct bilirubin (mg/dl) 0.1+0.0 0.1+ 0.0 0.00-0.30 >0.999
Indirect bilirubin (mg/dl) 0.6+0.2 0.4+0.1 0.20-1.00 0.500
ALT (1UA) 37.5+27.5 492+ 37.8 30-65 0.711
AST (IU/) 235+6.3 485 + 325 15-37 0.133
ALP (IU/) 60.0+28 99.3 + 17.0 50-136 0.044*
GGT (U/) 46.0 £ 24.4 56.7 £ 27.3 5-40 0.755
Total Protein (mg/dl) 7.4+00 6.7+ 06 6.50-8.20 0.166
Albumin (mg/dl) 46+00 36+04 3.50-5.00 0.044*
LDH (1u/) 162.5 + 38.8 354.6 + 146.5 100-190 0.088
Amylase (IU/) 45.0+£9.8 65.0 + 66.8 25-115 0.700
Lipase (IU/) 410+ 141 453 + 45.6 12-70 0.810

We recorded data from all COVID-19 participants at the onset of symptoms and seven days after. Reference values are shown according to the Clinical Laboratory of the General Hospital
of Mexico. We expressed data as mean + standard deviation. We compared clinical and biochemical data between mild and severe groups using the chi-square test or the unpaired
Student’s T-test and considered differences significant when P < 0.05. The asterisks represent significant differences. COVID-19, coronavirus disease 2019; ICU, intensive care unit; bpm,
breaths per minute; HDL, high-density lipoproteins; LDL, low-density lipoproteins; ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALP, alkaline phosphatase; GGT,
gamma glutamyl transferase; LDH, lactate dehydrogenase.
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Parameter Baseline characteristics in the entire study population Baseline characteristics only in Reference ranges P value® ¥ ®
participants who developed

COVID-19
Milg® Severe®
Gender (W/M) 41/64 2/4 1/5 - 0.505
Age (years) 416+11.2 473103 45+96 - 0.343
BMI (kg/m?) 273+48 26+16 255+ 1.1 <25.0 0.458
Obesity (W/M) 14/10 0/0 01 = 1.000
D prevalence (%) 6 0 0 = 1.000
Hypertension prevalence (%) 86 0 0 = 1,000
Coronary heart disease (%) 17 0 0 - 1.000
Heart rate (beats per minute) 754 £10.8 725+59 70.5+£5.2 60-100 0.550
Breathing rate (bpm) 1567 +3.3 165+25 1566+28 15-20 0.609
Body temperature (°C) 36.2+0.2 36.1 £0.2 36.1 £ 0.1 <37.5 >0.999
Systolic blood pressure (mmHg) 128.6 + 18.3 1245+ 115 12568 +7.2 <130 0.816
Diastolic blood pressure (mmHg) 821+ 113 785+93 80.1 £6.3 <85 0.725
Peripheral oxygen saturation (%) 958 +2.2 95.6 +1.0 96.1 £2.7 >91 0.682
Leukocytes (x10%/) 6312 6.1+08 6918 4.00-11.00 0.213
Neutrophil percentage (%) 58.3 + 8.6 552 +10.4 57272 37.00-80.00 0.367
Lymphocyte percentage (%) 315+£7.2 33.8+£9.6 27.4 £ 4.1 10.00-50.00 0.106
Monocyte percentage (%) 58+0.9 63+0.3 74+16 0.00-8.00 0.084
Band cells (%) 0.04 £0.03 0.08 +0.08 0.00 £+ 0.00 0.00-7.00 0.216
Hemoglobin (g/dl) 16.7 £1.0 162+ 1.4 16.9+0.7 13.1-18.00 0.178
Platelets (x10%/) 219.3 £ 24.6 180 +22.9 208.6 + 26.5 150 -400 0.053
Glucose (mg/dl) 963 +7.4 83.4 +6.1 92 +97 70.0-126.0 0.447
Urea (mg/dl) 302 +86 28.6 +4.9 39.2+10.56 20.00-40.00 0.059
Creatinine (mg/dl) 11+0.2 09+01 08+0.1 0.60-1.30 0.180
Total Cholesterol (mg/dl) 207.9 + 48.0 178.8 £ 18.3 171.4 £ 37.5 50.0-200.0 0.350
Triglycerides (mg/dl) 180.5 + 82.6 196.8 + 104 134.8 £ 59.1 30.0-200.0 0.140
HDL (mg/dl) 447 £85 40.6 £10.8 41 £94 <45.00 0.475
LDL (mg/dl) 1106 + 34.2 114.6 + 33.3 117.8 £ 28.4 <116.00 0.437
Total bilirubin (mg/dl) 09+01 07+02 07+0.2 0.00-1.00 0.423
Direct bilirubin (mg/dl) 02+01 02+0.1 0.1 +0.06 0.00-0.30 0.211
Indirect bilirubin (mg/dl) 05+0.2 05+0.2 06+0.2 0.20-1.00 0.421
ALT (IUA) 304 89 276 +96 24+99 30-65 0.288
AST (IU/) 282+56 236+6.8 19.4 + 3.6 16-37 0.129
ALP (IU/) 515+ 141 176+ 16.8 59.2 +15.7 50-136 0.116
GGT (U/) 312+£197 36.4 £31.0 357 £17.4 5-40 0.485
Total Protein (mg/dI) 7101 72+01 Llx02 6.50-8.20 0.275
Albumin (mg/dl) 48+0.4 429+02 44+03 3.50-5.00 0.267
LDH (1u/) 194.2 £ 17.0 1792 £ 47 162.6 + 25.0 100-190 0.118
Amylase (IU/l) 513+ 156 455 +13.2 474 £171 25-115 0.430
Lipase (IU/) 374 +14.8 285+ 125 24.8+10.8 12-70 0.324

Reference values are shown according to the Clinical Laboratory of the General Hospital of Mexico. We expressed data as mean + standard deviation. We retrospectively compared
baseline characteristics between mild and severe groups using the chi-square test or the unpaired Student’s T-test and considered differences significant when P < 0.05. COVID-19,
coronavirus disease 2019; W, women; M, men; BMI, body mass index; D, type 2 diabetes; bpm, breaths per minute; HDL, high-density lipoproteins; LDL, low-density lipoproteins; ALT,
alanine aminotransferase; AST, aspartate aminotransferase; ALP, alkaline phosphatase; GGT, gamma glutamyl transferase; LDH, lactate dehydrogenase.

We show demographic, clinical, and biochemical baseline parameters in all participants and those who developed COVID-19 during the six-month follow-up.
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Parameters Survivors (n = 177) Non-survivors (n = 49) p value

n of hematological tests = 1151 n of hematological tests = 468
Median IQR Median IQR
WBC (x10%/L) 573 4.67-7.10 10.71 7.69-14.08 <0.001
NE (x10°/L) 3.82 2.58-5.02 9.39 6.36-11.80 <0.001
LY (x10%1) 1.23 1.00-1.63 0.84 0.69-0.99 <0.001
MO (x10%/L) 0.50 0.40-0.65 0.46 0.37-0.62 0.21
NE (%) 67.2 57.3-72.9 86.6 81.7-89.3 <0.001
LY (%) 21.7 17.3-30.2 7.4 5.8-11.0 <0.001
MO (%) 8.9 7.3-10.7 4.8 3.4-6.1 <0.001
IG (x10%L) 0.03 0.02-0.06 0.13 0.07-0.34 <0.001
IG (%) 0.6 0.4-0.9 15 0.8-2.6 <0.001
HFLC (x10°) 0.03 0.02-0.05 0.04 0.03-0.05 0.58
HFLC (%) 0.6 0.4-0.9 0.4 0.2-06 <0.001
NE-SSC (ch) 151.73 148.50-154.90 151.08 147.31-155.55 0.76
LY-X (ch) 82.00 80.50-83.30 83.15 81.55-84.11 0.001
MO-X (ch) 122.65 121.33-124.14 124.95 123.92-125.98 <0.001
NE-SFL (ch) 48.20 46.52-49.88 50.80 49.45-53.73 <0.001
LY-Y (ch) 69.83 68.30-71.40 70.63 67.80-72.04 0.50
MO-Y (ch) 110.05 107.31-112.77 111.75 108.24-114.40 0.046
NE-FSC (ch) 84.50 82.03-86.29 83.95 81.88-86.60 0.96
LY-Z (ch) 59.78 57.76-60.64 58.95 57.58-60.37 0.31
MO-Z (ch) 62.50 61.40-63.52 62.30 60.00-63.66 0.48

IQR, interquartile range; WBC, white blood cells; NE, neutrophils; LY, lymphocytes; MO, monocytes; IG, immature granulocytes; HFLC, highly fluorescent lymphocyte cells; NE-SSC, the
lateral scattered light intensity of the NE area on the WBC differential (WDF) scattergram; ch, channel-arbitrary units of light scattering; \ the lateral scattered light intensity of the LY area
on the WDF scattergram; MO-X, the lateral scattered light intensity of the MO area on the WDF scattergram; NE-SFL, the fluorescent light intensity of the NE area on the WDF scattergram;
LY-Y, the fluorescent light intensity of the LY area on the WDF scattergram; MO-Y, the fluorescent light intensity of the MO area on the WDF scattergram; NE-FSC, the forward-scattered
light intensity of the NE area on the WDF scattergram; LY-Z, the forward-scattered light intensity of the LY area on the WDF scattergram; MO-Z, the forward-scattered light intensity of the
MO area on the WDF scattergram.
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n
Age (years) [median (IQR)]

Sex [n (%)]

Male

Female

Total n of hematological tests

Hematological tests per patient [median (IQR)]

Hospital admission (days after symptom onset) [median (IQR)]
Hospital stay (days) [median (IQR)]

Non-survivors

Comorbidities [n (%))

Cardiovascular disease

Hypertension

Endocrinopathy

Diabetes mellitus

Chronic respiratory disease

Obesity

Chronic kidney disease

IQR, interquartile range.

Development cohort

226
61 (49-72)

154 (68.1%)
72 (31.9%)
1,619
6(3-9)
6(3-10)
15 (9-21)
49 (21.7%)

101 (44.7%)
76 (33.6%)
40 (17.7%)
30 (13.3%)
25 (11.1%)
10 (4.4%)
10 (4.4%)

Validation cohort

140
61 (50-69)

66 (47.1%)
74 (52.9%)
1,387
6 (4-12)
8 (4-11)
22 (13-38)
40 (28.6%)

59 (42.1%)
51 (36.4%)
29 (20.7%)
26 (18.6%)
14 (10.0%)
12 (8.6%)
9 (6.4%)

p-value

0.48

<0.001

0.09
0.025
<0.001

0.17

0.71
0.66
0.56
0.22
0.88
0.16
0.55





OPS/images/fimmu.2022.897995/fimmu-13-897995-g005.jpg
0.137

P=

o
N
-

e o o o o
o ©O ©O© «

(lwyn) Z-A0D-SHVS-nUE
saipoquue ob| jejo L

o

SEVERE

MILD

COVID-19

0.886

P=

(=3
o
-

[~~~ I~~~ I~~~ A~ ]
DO~ OODT®O”NT™

(%) Z-A0D-SHVYS-Ijue
saipoquue BuizijesynaN

SEVERE

MILD

COVID-19





OPS/images/fimmu.2022.830715/fimmu-13-830715-g001.jpg
s3 s4 s6 NG N8 ve | [
0.3 0.20 = W
0.20 55 o
0.2 0.15 015 02
0.2 0.2 oo 0.15 0.15
¥ 0.10
01 01 0.1 o1 040 217
l. 0.0 0.05 0.05 005 -
0.0 0.0 0.0 0.00 0.00 0.00 0.00 0.0
'3
5 s3
o S9 $10 S14 S19 S20 Group
oal I foay T loa{ I | %41 I | oa{ [ B contl
034 s = 03 [ Non-fatal coviD-19
021 [ Fatal covio-1s
0.1
0.0
Group
B
N19 S3 N19 S3
3 3
N14 N14 S4
2 2
g g
£, N3 EARE
o o
Q Q
o o
2o <o
a a
2 Ins S |ns
o o
O 9,
o] o]
e b
N6 Ss10 N6
S20 S14 S20 S14
S19 S19
Fatal Non-fatal






