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Abstract

:

The present study aimed to evaluate the kinetics of the phenotypic profile and integrative networks of T/B-cells in severe COVID-19 patients, categorized according to disease outcome, during the circulation of the B.1.1.28 and B.1.1.33 SARS-CoV-2 strains in Brazil. Peripheral blood obtained at distinct time points (baseline/D0; D7; D14-28) was used for ex vivo flow cytometry immunophenotyping. The data demonstrated a decrease at D0 in the frequency of CD3+ T-cells and CD4+ T-cells and an increase in B-cells with mixed activation/exhaustion profiles. Higher changes in B-cell and CD4+ T-cells at D7 were associated with discharge/death outcomes, respectively. Regardless of the lower T/B-cell connectivity at D0, distinct profiles from D7/D14-28 revealed that, while discharge was associated with increasing connectivity for B-cells, CD4+ and CD8+ T-cells death was related to increased connectivity involving B-cells, but with lower connections mediated by CD4+ T-cells. The CD4+CD38+ and CD8+CD69+ subsets accurately classified COVID-19 vs. healthy controls throughout the kinetic analysis. Binary logistic regression identified CD4+CD107a+, CD4+T-bet+, CD8+CD69+, and CD8+T-bet+ at D0 and CD4+CD45RO+CD27+ at D7 as subsets associated with disease outcomes. Results showed that distinct phenotypic timeline kinetics and integrative networks of T/B-cells are associated with COVID-19 outcomes that may subsidize the establishment of applicable biomarkers for clinical/therapeutic monitoring.
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1. Introduction


COVID-19, a disease caused by the respiratory virus SARS-CoV-2, emerged as an outbreak in 2019 in China, spread rapidly around the world, and since then has caused several consequences for the world population. The high rate of virus transmission associated with the rapid disease progression to severe cases has prompted efforts to establish effective measures for disease management and morbidity control [1,2]. While mild to moderate COVID-19 symptoms can be observed for up to 2 weeks, severe symptoms, usually starting around 5–10 days after infection, can rapidly evolve into acute respiratory syndrome, leading to a death outcome. Symptom progression and disease outcome may vary depending on viral variants and host factors, including pre-existing comorbidities or immunological status impairment during infection or distinct immune responses elicited upon disease onset [3,4,5]. The SARS-CoV-2 infection triggers a hyperinflammatory storm and delayed secretion of type I interferon and directly impacts the host immune response, leading to cellular exhaustion. T-cell exhaustion results in uncontrolled viral expansion within the host that can manifest as critical illness or progression to death. In this context, immune cells are constantly activated and exhausted, progressively losing their effector functions [6,7,8,9,10,11,12,13,14,15]. The activation markers CD69 and CD38, as well as the transcription factor T-bet, are upregulated in CD4+ and CD8+ T-cells during acute SARS-CoV-2 infection. In this line, the expression of CD38 has been associated with high proliferation and cellular toxicity [12,13]. Moreover, cellular exhaustion markers such as PD-1 and TIM-3 have been associated with disease severity and found at high T-cell frequencies in infected patients [7,15]. As the immune response profiles may contribute to disease progression to a severe clinical status, the study of phenotypic and functional changes in the immune system represents a rational way to search for imbalanced profiles, useful for identifying biomarkers applicable for disease progression monitoring [14]. The expression of activation and inhibitory molecules, as well as the magnitude and persistence of pro-inflammatory/regulatory events, such as overactivation of lymphocyte subsets counterbalanced by mechanisms of cellular exhaustion, anergy, and apoptosis, have already been reported as relevant sets of biomarkers with effective application in clinical practice [12,13,14,15,16]. In this sense, severe lymphopenia with decreased frequencies of CD4+ and CD8+ T-cells, as well as CD19+ B-cells, have been associated with worse disease progression, with reverse upon clinical recovery [17,18,19,20]. Additional studies to address and characterize the early and late changes in the cell phenotypic profile of COVID-19 patients represent a robust and strategic research model for detecting novel putative biomarkers with clinical application for monitoring and predicting disease outcomes and therapeutic response. Aligned with this proposal, the present study intended to evaluate the timeline kinetics of phenotypic features of T- and B-cell subsets in severe COVID-19 patients, categorized according to disease outcome. Our findings bring novel insights for clinical management, describing distinct phenotypic timeline kinetics and integrative networks of T- and B-cells and providing putative biomarkers with outstanding performance to classify COVID-19 patients according to disease outcome.




2. Material and Methods


2.1. Study Population and Design


This was a non-interventional observational study carried out between September 2020 and February 2021 during the COVID-19 pandemic in Belo Horizonte, Minas Gerais, Brazil, performed during the peak circulation of the B.1.1.28 and B.1.1.33 SARS-CoV-2 strains. A total of 100 participants were enrolled in a non-probabilistic convenience sampling, including severe unvaccinated patients infected with SARS-CoV-2 (COVID-19, n = 87) and a control group composed of non-infected individuals—Healthy Controls (HCs, n = 13). The COVID-19 patients were recruited after admission at Hospital Risoleta Tolentino Neves, Belo Horizonte, Minas Gerais, Brazil. The COVID-19 group comprised 87 with severe acute SARS-CoV-2 infection (51 males and 36 females, with ages ranging from 26 to 92 years old). The inclusion criteria consisted of severe COVID-19 diagnosis, comprising patients from both sexes presenting respiratory distress (respiratory rate ≥ 30/min or oxygen saturation ≤ 93% on room air) who were under mechanical ventilation at nurse care or intensive care units. All COVID-19 patients presented neither positive diagnosis for SARS-CoV-2 infection, confirmed by positive RT-PCR for SARS-CoV-2 targeting the E gene or presenting positive results for Interferon Gamma Release Assay (Covi-FERON ELISA—IFN-gamma, SD Biosensor, Suwon, Republic of Korea). Demographic and clinical data were obtained from medical records at enrollment. The most frequent symptoms included dyspnea, cough, and fever. The most frequent comorbidity was hypertension and diabetes. Exclusion criteria consisted of pregnancy and being aged under 18 years old. Patients were enrolled at hospital admission (D0) upon signature of informed consent obtained from participants or their next of kin before inclusion in the present investigation. Patients were monitored for up to 28 consecutive days. Peripheral blood samples (5 mL in EDTA as anticoagulant) were collected from COVID-19 patients at the following three consecutive time points: at baseline (D0, n = 87), seven days after (D7, n = 37) (to assess early immune response profiles), and at 14–28 days (D14–28, n = 30) after inclusion (to evaluate late immune response events). Their hematological profile was assessed at D0, demonstrating altered parameters in COVID-19 patients, particularly those progressing to death (Table S1). Clinical follow-up records of disease outcome were available for 71 COVID-19 patients and subsidized further categorization into two subgroups according to disease outcome, including Discharge (n = 38) and Death (n = 33), with sample collection occurring at three consecutive time points [(D0, n = 38; D7, n = 14 and D14–28, n = 11) and (D0, n = 33; D7, n = 14 and D14–28, n = 11), respectively]. Data regarding symptom onset at admission were available for 35 COVID-19 patients and allowed for the categorization of patients into two subgroups, referred to as 3–10 days (n = 17) and 11–24 days (n = 18), with sample collection occurring at three consecutive time points [(D0, n = 17; D7, n = 17 and D14–28, n = 9) and (D0, n = 18; D7, n = 17 and D14–28, n = 17), respectively].



The healthy control group comprised 13 subjects (06 males and 07 females, ages ranging from 20 to 38 years old) from Belo Horizonte, Minas Gerais, with no previous history of SARS-CoV-2 infection. To exclude cases of asymptomatic SARS-CoV-2 infection, healthy controls were tested for antibodies to the SARS-CoV-2 spike RBD by chemiluminescent microparticle immunoassay (SARS-CoV-2 Quant Assay; Abbott Laboratories, IL, USA) or by Interferon Gamma Release Assay (Covi-FERON ELISA—IFN-gamma, SD Biosensor, Republic of Korea). Blood samples from healthy controls (5 mL in EDTA as an anticoagulant) were collected at a single time point.



All participants provided written informed consent prior to inclusion. The study was carried out per the Helsinki Declaration and Resolution 466/2012 from the Brazilian National Health Council for research involving human subjects. The study protocol was submitted and approved by the ethics and research committee of the Instituto René Rachou—Fiocruz Minas (CAAE 30846920.7.0000.0008).




2.2. Ex Vivo Immunophenotyping of Peripheral Blood Samples by Flow Cytometry


Immunophenotypic analysis of peripheral blood leukocytes by flow cytometry was carried out as recommended by the manufacturer. Briefly, aliquots of whole blood (200 µL) were incubated in three parallel batches with fluorescent-labeled monoclonal antibodies (anti-CD3/BV650/clone#SK7 or PerCP/clone#SP34-2; anti-CD19/BV711/clone#SJ25C1; anti-CD4/PE/clone#SK3; anti-CD8/BV510/clone#SK1 or AF700/clone#RPAT0; anti-CD69/BV510/clone#FN50; anti-CD223/BV421/clone#T47-530; anti-CD107a/BV421/clone#H4A3; anti-CD28/BV711/clone#CD28.2; anti-CD38/PE-Cy-7/clone#HIT2; anti-PD-1/BV650/clone#EH12 or APC/clone#MIH4; anti-T-bet/AF647/clone#4B10; anti-TIM-3/BV786/clone#7D3; anti-CD62L/BV421/clone#DREG-56; anti-CD45RO/BV786/clone#UCHL1 and anti-CD27/APC-Cy7/clone#M-T271) for 30 min at room temperature in the dark. All antibodies were purchased from BD Biosciences, Franklin Lakes, NJ, USA. Next, erythrocytes were lysed by adding 3 mL of FACS Lysing Solution™ (BD Biosciences, USA), followed by incubation for 10 min at room temperature in the dark. Cell suspensions were washed with phosphate-buffered saline supplemented with 0.01% sodium azide (PBS). Intracellular staining was carried out after pre-incubation with permeabilizing buffer (PBS supplemented with 0.5% bovine serum albumin, 0.5% saponin) and the addition of anti-T-bet/APC monoclonal antibody for 30 min at room temperature, in the dark. Stained cells were washed once and resuspended in 250 µL of PBS prior to flow cytometer acquisition. Total leukocytes were run in a BD LSRFortessa™ cell analyzer (BD Biosciences, Franklin Lakes, NJ, USA), until reaching a total of 100,000 lymphocytes per sample. FlowJo™ Software, version 10.8, was used to analyze the flow cytometry data using distinct gating strategies to quantify the frequency of cell subsets, as illustrated by representative flow cytometry charts provided in Figure S1. The frequency of CD69+, CD223+, CD170a+, T-bet+, CD28+, CD38+, PD-1+, TIM-3+, CD62L−, CD27+, CD45RO+ in CD3+, CD4+ and CD8+ T-cells and CD62L−, CD27+, PD-1+ in CD19+ B-cells were reported as a percentage of gated cells. The phenotypic profile of CD27 and CD45RO and expression were assessed in CD4+ and CD8+ T-cells along with CD27 and IgD in CD19+ B-cells to define distinct memory subsets, as previously reported [21,22,23,24]. Additionally, the frequency of each cell population and mean fluorescence intensity (MFI) were obtained for activation, exhaustion, and memory markers, including PD-1+, CD62L−, CD27+, CD45RO+, and CD27, within the CD4+ and CD8+ subsets to investigate data dimensionality reduction employing a Uniform Manifold Approximation and Projection (UMAP).




2.3. Statistical Analysis and Graphical Representation


Descriptive statistical analyses were performed, and the data normality test was assessed using the Shapiro–Wilk test. Considering the nonparametric distribution of all data sets, the Mann–Whitney test was chosen for a two-group comparative analysis [COVID-19 (D0) vs. HCs]. Multiple comparisons amongst subgroups of disease outcome and healthy controls (Discharge vs. Death vs. HCs) were performed by a Kruskal–Wallis test, followed by the Dunn’s post-test. In all cases, significance was considered at p < 0.05. The timeline kinetics profile of ex vivo phenotypic features was reported as signatures of cell phenotypes. For this analysis, the original results reported as continuous variables were converted into categorical data using the global median of each variable as the cut-off. The Fisher’s Exact test compared the proportion above the global median cut-offs. The timeline kinetics of cell phenotypes according to days of symptoms at admission were analyzed by converting the original results, reported as continuous variables, into Z-score values (Z = (X − x−)/standard deviation). A Spearman rank test was used to assess the correlation between phenotypic features of T-cells, B-cells, and T-cell subsets. Significant strong correlations (p < 0.05 and “r” scores ≥ |0.67|) were used for the comparative analysis of integrative networks. Receiver Operating Characteristic (ROC) curve analysis was employed to obtain the performance indexes (sensitivity-Se and specificity-Sp) of cell phenotypes along the timeline kinetics. The Area Under the ROC Curve (AUC) was used for global accuracy analysis, considering AUC ≥ 0.8 to be moderate and AUC ≥ 0.9 to be an outstanding performance. The GraphPad Prism software, version 8.0.2 (GraphPad Prism, San Diego, CA, USA) was used for this set of statistical analysis. The odds ratio (OR) for disease outcome was assessed by binary logistic regression analysis of cell phenotypes along the timeline kinetics. The Minitab software, version 17.1 (State College, PA, USA), was used for this set of statistical analyses.



Graphical representation of the datasets was assembled using distinct software. Microsoft Excel software (version 2406) was employed to construct color maps using conditional formatting based on pre-set color keys. Cytoscape software, version 9.0.1 (available at https://cytoscape.org, accessed on 4 November 2023), was used to create integrative cell phenotype network cluster layouts. The R software, version 4.3.1, was employed for data dimensionality reduction employing the UMAP algorithm, utilizing the standard options of the UMAP package, version 0.2.10.0. The raw data of selected markers (PD-1+, CD62L−, CD27+, CD45RO+, and CD27) were concatenated, and 8000 events for CD4+ and 5000 events for CD8+ T-cells were randomly chosen along the timeline kinetics (D0, D7, D14–28) to guarantee comparability of data qualitatively. GraphPad Prism software, version 8.0.2 (GraphPad Prism, San Diego, CA, USA), was used to assemble volcano plots constructed as scattering distribution of the difference in proportion (%) of subjects with results above the global median cut-off in COVID-19 subgroups (Discharge or Death) according to HCs [Δ(Discharge-HC) and Δ(Death-HC)] versus significance (−Log10 p values). Venn diagram analyses were carried out (https://bioinformatics.psb.ugent.be/webtools/Venn/, accessed on 4 November 2023) to identify common and selective cell phenotype subsets along the timeline kinetics amongst groups.





3. Results


3.1. Phenotypic Profile of T- and B-Cells in Severe COVID-19 Patients at Baseline (D0)


Aiming to characterize the phenotypic profile of T- and B-cells of COVID-19 patients at D0, ex vivo flow cytometric analysis of peripheral blood samples was carried out, and the results are shown in Figure 1. Data analysis demonstrated that, regardless of the decrease in CD3+ T-cells, a mixed profile of activation/exhaustion was observed in the COVID-19 group in comparison to the HC group, as illustrated by increased frequencies of CD69+, CD223+, CD107a+, T-bet+, and TIM-3+, along with decreased percentages of CD28+, CD38+, CD62L− and CD45RO+ T-cell subsets. Conversely, the increased percentage of B-cells was accompanied by increased frequencies of the CD27+ subset and decreased frequencies of CD62L− as compared to the HC group (Figure 1).



Descriptive analysis of CD4+ and CD8+ T-cells subset profiles was also assessed, and the results were reported in Figure 2. Although there was no difference in the frequency of CD4+ T-cells, COVID-19 patients presented an increased percentage of CD69+, CD107a+, T-bet+, and PD-1+ along with decreased frequencies of CD28+, CD38+, CD62L− and CD45RO+ CD4+ T-cells as compared to HCs. Despite no changes in the frequency of CD8+ T-cells, increased frequencies of CD69+, CD107a+, T-bet+, and CD62L− and decreased percentages of CD28+, CD27+, and CD45RO+ CD8+ T-cells were observed for COVID-19 patients in comparison to HCs (Figure 2).



A complementary analysis of CD4+ and CD8+ memory T-cell subsets is shown in Figure S2. The results demonstrated that, although no differences were found for the CD4+ T-cell subsets, a distinct profile was found for CD8+ T-cells with a decreased percentage of Naive (CD45RO−CD27+) and Central Memory (CD45RO+CD27+) subsets and an increase in the percentage of early Effector (CD45RO−CD27−) CD8+ T-cells as compared to HCs (Figure S2).




3.2. Phenotypic Profile of T- and B-Cells in Severe COVID-19 Patients at Baseline (D0) According to Disease Outcome


The phenotypic profile of T- and B-cells of COVID-19 patients at D0 was further assessed according to Discharge or Death outcomes, and the results are presented in Figure 3. Data analysis demonstrated that several phenotypic features differ in both the Discharge or Death subgroups in comparison to HCs, as observed with the CD69+, CD223+, CD38+, CD62L− and CD45RO+ CD3+ T-cell subsets, as well as the CD62L− CD19+ B-cell subset. Of note is a decreased percentage of CD3+ T-cells, in addition to increased frequencies of T-bet+ CD3+ T-cell subsets, observed in patients progressing to death compared to those evolving to discharge (Figure 3).



Comparative analysis of the phenotypic features of CD4+ and CD8+ T-cell subsets from COVID-19 subgroups according to disease outcome is shown in Figure 4. Regardless of the disease outcome, decreased frequency of CD28+, CD38+, and CD62L− CD4+ T-cell subsets were observed in both COVID-19 subgroups. Phenotypic profiles associated with clinical progression to death included a reduced frequency of CD4+ and an increased percentage of CD223+, CD107a+, T-bet+, and PD-1+ subsets (Figure 4A). Analysis of CD8+ T-cells showed that, despite the disease outcome, an increased frequency of CD69+ and CD107a+, along with a decreased percentage of CD28+, CD27+, and CD45RO+ CD8+ T-cell subsets, were observed in both COVID-19 subgroups. Notably, lower frequencies of total and CD27+ CD8+ T-cells, together with increased frequency of CD69+, CD107a+, T-bet+, and PD-1+ CD8+ T-cell subsets, were observed in COVID-19 patients progressing to death as compared to those evolving to discharge (Figure 4B).



Figure S3 shows the evaluation of memory CD4+ and CD8+ memory T-cell subsets according to the disease outcome. A decreased frequency of both Naïve and Central Memory CD4+ and CD8+ T-cells and an increased proportion of early Effector CD4+ and CD8+ and Effector Memory CD8+ T-cells were shown to be decreased in patients progressing to death when compared to the Discharge group (Figure S3).



Complementary analysis of cell phenotype along the timeline kinetics, according to days of symptom onset at admission, indicated that patients with COVID-19 symptoms between 3 and 10 days after admission to the study presented an overall decrease in cell phenotypes and their subsets (CD3+, CD19+, CD4+ and CD8+), with a peak at D7, while patients with symptoms between 11 and 24 days after admission to the study presented a progressive increase in these cell phenotypes mainly at D7 and D14–28 time points, with a peak at D7 for the CD19+ phenotype (Figure S4A,B).




3.3. Timeline Kinetics Signature and Cell Phenotype Profile in Severe COVID-19 Patients


The kinetic profile of phenotypic features of T- and B-cells was further investigated in COVID-19 patients and reported as signatures and cell phenotype profiles (Figure 5). Data analysis demonstrated that, overall, a decreased proportion of COVID-19 patients with cell subsets above the global median was observed at D0. At D7, an increased proportion of COVID-19 patients above the global median was observed. While a decreased proportion of the CD3+ and CD4+ phenotypes were observed towards D14–28, a distinct pattern of increased values was found for CD8+ T-cells. (Figure 5A). The color map constructs further corroborate these findings and subsidize the analysis of cell phenotype profiles along the timeline kinetics (Figure 5B,C). The results confirmed the lower number of cell subsets altered at D0 (CD3+ = 3; CD19+ = 0; CD4+ = 4; CD8+ = 5) as compared to HCs (CD3+ = 5; CD19+ = 2; CD4+ = 8; CD8+ = 8). Moreover, data analysis pointed out a pronounced peak of changes in CD3+ and CD4+ phenotypes at D7 (CD3+ = 12; CD4+ = 12), with a further decline towards D14-28 (CD3+ = 6; CD4+ = 6). A distinct pattern was confirmed for B-cells with stable values observed at D7 (CD19+ = 3) and D14-28 (CD19+ = 3), while, for CD8+ T-cells, a further increase was observed at D7 (CD8+ = 9) and D14-28 (CD8+ = 13) (Figure 5C).




3.4. Timeline Kinetics Signature in Severe COVID-19 Patients According to Disease Outcome


The kinetic profile of phenotypic features of T- and B-cells was also characterized in COVID-19 patients according to disease outcome, and data were reported as signatures and cell phenotype profiles (Figure 6 and Figure 7). The results showed that, overall, regardless of the disease outcome, a decreased proportion of COVID-19 patients with cell subsets above the global median was observed at D0. Interestingly, at D7, differences between patients evolving to discharge or death became even more evident with an overall increase in the Discharge group, while higher values were observed in patients progressing to death. The most prominent changes in the signature profiles detected towards D14–28 were found for CD4+ and CD8+ T-cells, with decreased values observed in patients evolving to discharge, contrasting with higher numbers observed for patients progressing to death (Figure 6). Color map data further reinforce these findings and support the analysis of cell phenotype profiles along the timeline kinetics (Figure 7A,B). The results confirmed the overall lower number of cell subsets altered at D0 for patients evolving to discharge (CD3+ = 2; CD19+ = 0; CD4+ = 4; CD8+ = 1) and those progressing to death (CD3+ = 4; CD19+ = 1; CD4+ = 6; CD8+ = 7) as compared to HCs (CD3+ = 5; CD19+ = 2; CD4+ = 8; CD8+ = 8). Data analysis indicated a pronounced peak of changes in CD3+ T-cell phenotypes at D7 regardless of the clinical outcome (CD3+ = 9 and 9, respectively), with a further decline towards D14-28 (CD3+ = 5 and 5, respectively). A distinct pattern was confirmed for B-cells, with increased values observed at D7 and lower values at D14-28 for patients evolving to discharge (CD19+ = 4 and 2, respectively), while patients progressing to death frequencies at D7 and D14–28 were the same (CD19+ = 2 and 2, respectively) (Figure 7B).



In addition, volcano plots were constructed using the timeline kinetics signature data (Figure 5) for outcome subgroups (Discharge and Death). For the Discharge group, results showed the exclusive cell subsets (bold and underlined) that are decreased at D0 (CD4+CD45RO+ and CD8+CD38+), and D14-28 (CD4+CD223+ and CD4+CD45RO+CD27−), and the exclusive cell subsets (bold and underlined) that are increased at D0 (CD4+CD45RO−CD27+), D7 (CD3+TIM-3+) and D14-28 (CD3+ and CD3+CD27+). Also, the Death group showed exclusive cell subsets (bold and underlined) decreased in D7 (CD8+CD223+) and D14–28 (CD4+CD223+, CD4+CD45RO−CD27−, and CD8+CD45RO+CD247−), as well as exclusive cell subsets (bold and underlined) that are increased at D0 (CD4+CD223+ and CD8+CD45RO+CD27−), D7 (CD3+CD27+ and CD8+PD-1+) and D14-28 (CD4+TIM-3+, CD4+CD45RO−CD27+, CD8+, CD8+CD28+ and CD8+CD38+). Moreover, the other cell subsets shown in the graphs in a gray color are present together at more than one time point. The cell subsets that are common between all the time points (D0, D7, and D14–28) are listed in green (decreased) and red (increased) for both outcome subgroups. Together, these results provide distinct patterns for cell phenotypes along the timeline kinetics (D0, D7, D14–28) (Figure S5).




3.5. Integrative Network of T- and B-Cell Subsets in Severe COVID-19 Patients at Baseline (D0)


Integrative networks were built to evaluate the overall connectivity between distinct T- and B-cell subsets in COVID-19 patients at D0, which were further classified according to disease outcome compared to HCs. The results are presented in Figure 8. Data analysis demonstrated that the COVID-19 group displayed an overall decrease in network connectivity, as evidenced by the small number of strong correlations (n = 64) compared to HCs (n = 246). The analysis of COVID-19 subgroups revealed that patients evolving to discharge presented fewer strong correlations (n = 72) than patients progressing to death (n = 124). Remarkably, differences in connectivity were more pronounced in the CD8+ T-cell compartment (Figure 8A). Color map constructs further illustrate these findings, re-emphasizing that COVID-19 elicits a substantial decrease in connectivity between T- and B-cell subsets (Figure 8B).



To better understand the kinetics of T- and B-cell subset connectivity, integrative networks were assembled for COVID-19 patients further classified according to disease outcome at distinct time points (D0, D7, D14–28), and the results are presented in Figure 9. Data analysis showed that, in general, COVID-19 subgroups displayed a progressive increase in T- and B-cell subset connectivity (D0 = 76, D7 = 90, D14–28 = 150). The analysis of integrative networks in COVID-19 patients according to the disease outcome showed a pronounced increase from D0 towards D14-28 (Discharge: D0 = 72, D7 = 168, D14–28 = 338 and Death: D0 = 114, D7 = 240, D14–28 = 256). Remarkably, the changes in the network profile from D0 towards D14–28 revealed a distinct pattern between COVID-19 patients evolving to discharge or progressing to death. While patients evolving to discharge presented increasing connectivity at D14–28, patients progressing to death exhibited an early increase in connectivity at D7. Moreover, patients evolving to discharge showed more correlations from D7 to D14–28 involving B-cells (n = 5 → 31), CD4+ (n = 64 → 118), and CD8+ (n = 52 → 120) T-cells, while patients progressing to death exhibited an increase in the connections involving B-cells (n = 5 → 28) and CD8+ T-cells (n = 84 → 89), with an opposite profile being observed for CD4+ (n = 96 → 74) T-cells (Figure 9A). These findings were further illustrated by a color map analysis highlighting the notable shift in the network profile dynamic from D7 towards D14–28 with relevant differences between COVID-19 subgroups (Figure 9B).



Complementary analysis was performed using UMAP to visualize the high-dimensional data of selected T-cell phenotypes, as described in Material and Methods (Figure 10 and Figure 11). The results illustrated by the clusters presented an increase for CD4+ T-cells at the time point D7 for CD62L−, CD27+, PD-1+, and CD45RO+. For CD8+ T-cells, data showed the same increase at D7 for PD-1+ and CD27+. On the other hand, a progressive increase along the timeline kinetics was observed for CD62L− and CD45RO+ cell subsets (Figure 10). Additionally, the profile for CD4+ T-cell memory subsets showed an increase for the early Effector and a decrease for Naive phenotypes at D7. Conversely, a progressive increase in Central Memory and a progressive reduction in Effector Memory phenotypes were observed. Moreover, The CD8+ T-cell memory subsets presented, at D7, an increase for Naive and Central Memory and a decrease for early Effector phenotypes, and the Effector Memory showed a progressive decline along the timeline kinetics (Figure 11). Interestingly, the profile observed in UMAP corroborates with the results illustrated in Figure 5 for the selected cell subsets.




3.6. Performance Indices and Binary Logistic Regression Analysis of Cell Phenotypes


Additional analysis was carried out to evaluate the performance indices (Se, Sp, and AUC) for cell phenotypes along the timeline kinetics for the COVID-19 group and its subgroups according to disease outcome (Discharge and Death), and data are presented in Tables S2 and S3. The results demonstrated that, at D0, nine cell subsets presented robust global accuracy (AUC ≥ 0.8) to classify COVID-19 vs. HCs, with outstanding performance (AUC = 0.9) observed for CD8+CD69+, CD4+CD38+, CD3+CD38+ and CD8+CD27+. At D7, 13 cell subsets presented remarkable global accuracy (AUC ≥ 0.8), with perfect performance (AUC = 1.0) registered for CD8+CD69+, CD4+CD38+ and AUC = 0.9 for CD8+CD107a+ and CD4+T-bet+. Later at D14–28, 16 cell subsets presented elevated global accuracy (AUC ≥ 0.8) to classify COVID-19 vs. HCs, with AUC = 1.0 registered for CD4+CD38+ and CD8+CD69+ and AUC = 0.9 observed for CD8+CD27+, CD3+CD107a+, CD4+T-bet+, CD8+CD107a+ and CD3+CD38+. Overall, our findings demonstrated that, regardless of the time points along the timeline kinetics, CD4+CD38+ and CD8+CD69+ presented outstanding accuracy (AUC ≥ 0.9) in classifying COVID-19 patients vs. HCs. Moreover, CD8+CD107a+ and CD4+T-bet+ appeared as relevant cell subsets to classify COVID-19 patients vs. HCs from D7 throughout D14–28 (Table S2).



Moreover, a small set of cell phenotypes could classify COVID-19 patients according to the disease outcome. At D0, CD3+ displayed moderate accuracy (AUC = 0.8). Later, at D7, four cell subsets presented elevated global accuracy (AUC ≥ 0.8) to classify disease outcome, with outstanding performance (AUC ≥ 0.9) reported for CD4+TIM-3+ and CD3+TIM-3+ (Table S3).



Aiming to identify risk factors for disease outcome, the relationship between cell phenotype profiles and discharge or death outcomes was assessed along the timeline kinetics by binary logistic regression analysis, and the results are shown in Table 1. Data analysis demonstrated that 11 cell subsets exhibited significant OR values for disease outcome at D0, with the patients’ high percentages of CD4+CD107a+, CD4+T-bet+, and CD8+T-bet+ presenting a 27%, 23%, and 17% increase in the odds of death outcome, respectively. Conversely, at D7, three cell subsets showed significant OR values for disease outcome, with patients with a high percentage of CD4+CD45RO+CD27+ presenting a 6% decrease in the odds of death outcome. Overall, regardless of the significance of OR values obtained for these cell phenotypes, the predictive strength of the association was considered low to identify distinct medical outcomes (Table 1).





4. Discussion


The global pandemic of coronavirus disease-2019 (COVID-19), caused by the SARS-CoV-2 virus, brought out the importance of a well-balanced and effective immune response in the host, given the complexity of the response triggered by a life-threatening disease that led to a significant number of fatalities worldwide. In this context, several studies have demonstrated that immune dysregulation can significantly impact disease outcome, leading to severe and potentially fatal conditions [13,15,25].



The SARS-CoV-2 infection has been associated with immune dysfunction during disease pathogenesis and clinical manifestations. In this line, T- and B-cell activation and exhaustion may lead to an impaired immune response, resulting in the expression of stimulatory and inhibitory molecules by T- and B-cells [26]. The overexpression of these cell markers in COVID-19 patients contributes to the pathogenesis and clinical manifestations of the disease and suggests a dysregulated immune response, followed by the inability to support a successful antiviral response. For this reason, understanding the cellular phenotypes of SARS-CoV-2 infection is crucial in regard to developing effective therapeutic strategies to mitigate its effects [9,27].



Despite the end of the pandemic, COVID-19 cases are still being identified worldwide, and, therefore, reliable, easily assessable laboratory markers are valuable as indicators of the course and outcome of COVID-19. In this sense, aiming to provide supportive information about the early and late changes in the cell phenotypic profile of COVID-19 patients, we have assessed the cell composition along the timeline kinetics of phenotypic features of T- and B-cell subsets in severe COVID-19 patients, categorized according to disease outcome.



Our results demonstrated an overall reduction in CD3+ T-cells, known as lymphopenia, which is commonly observed in COVID-19 patients and is associated with disease severity, clinical outcomes, and treatment efficacy [14,28,29,30]. Moreover, our results demonstrated that this lymphopenia is followed by increased cell activation and exhaustion markers from COVID-19 patients during the infection, characterizing the dysregulated immune response against SARS-CoV-2. In agreement with our findings, which showed higher frequencies of CD69+, CD223+, and CD107a+ in T-cells, previous studies have demonstrated increased expression of markers associated with T-cell activation (CD69+ and CD38+) and exhaustion (PD-1+ and TIM-3+) that can persist beyond the acute phase of COVID-19 infection [9,31,32]. Additionally, other studies showed that COVID-19 patients displayed a strong upregulation of activation and exhaustion markers in T-cells, which is linked with poor clinical outcomes [7,33]. Of note, a higher expression of the CD107a+ marker in the lung tissues of COVID-19-infected patients indicates increased frequencies of CD8+ T-cell activation [34]. Moreover, severe COVID-19 patients have higher frequencies of CD4+ T-cells lacking CD62L expression than non-severe patients, suggesting potential homing to lymph nodes or infected tissues [35]. In addition, the analysis of the B-cell phenotypic profile demonstrated increased frequencies of CD19+ cells and CD27+ subset. However, decreased frequencies of CD62L− were found in COVID-19 patients. In agreement with these findings, studies have pointed out that CD19+CD62L− decreased in disease severity and CD27+ remained increased [36,37]. Also, other studies showed an increase in the overall frequencies of B-cells in severe COVID-19 cases compared to mild cases [20,38]. Together, these findings suggest that T- and B-cell dysfunction in response to SARS-CoV-2 may have relevant clinical implications associated with the severity of the disease. It is still an open question whether antibody response in the early weeks of SARS-CoV-2 infection plays a role in controlling disease severity [26]. It has been suggested that the relative targeting of the antibody response to distinct antigens might be associated with different disease severity. However, previous reports have demonstrated that the frequencies of antibody response to SARS-CoV-2 may not be directly associated with the disease severity. In this sense, it is possible that an effective cellular immune response, besides the specific antibody response, is relevant in regard to driving the disease outcome [39]. Our current understanding suggests a relative contribution of T- and B-cell immunity to SARS-CoV-2 as a potential correlate of protection that may have implications for developing effective therapeutic interventions.



The analysis of memory T-cell profiles in COVID-19 patients has demonstrated that CD4+ and CD8+ T-cells are differentiated into Effector subsets during acute viral infections [19,40]. Lower percentages of early Effector T-cells and Effector Memory T-cells were found in CD8+ T-cells of severe patients compared with those of mild patients. Also, the frequency of Naive T-cells in CD8+, as well as the frequency of Central Memory T-cells in CD4+, were decreased in severe patients [19,40]. Other studies support an overall increase in early Effector and Effector Memory for CD4+ and CD8+ T-cell subsets in COVID-19 patients [41,42,43,44,45]. In consonance, our results demonstrated higher frequencies of early Effector and Effector Memory T-cells and increased Naive cells in the CD4+ T-cells subset. In contrast, CD8+ T-cells showed a decreased percentage of early Effector and Central memory subsets.



In the present study, the timeline kinetics signatures of cell phenotypes were constructed to address the cellular profile during COVID-19. The results demonstrated that, at D7, a higher number of alterations are observed amongst all cell phenotypes, including T- and B-cells with activation, exhaustion, and memory profiles. These data suggest that an evident immune dysregulation occurs at the D7 time point. The analysis of integrative networks between T- and B-cells showed an increase in correlations along the timeline kinetics, with a higher number of correlations at the D14–28 time point. These findings suggest that, following the loss of correlations observed at D0, there is a recovery in cell connectivity at D14–28, indicating a remodeling of the immune response backward to the profile observed in health controls.



The clinical outcomes during SARS-CoV-2 infection may vary depending on disease severity, pre-existing health conditions, and the functional capacity of the immune cellular response, such as lymphopenia [25,29]. Furthermore, the application of a computational approach integrating deep immune profiling with information related to disease severity trajectory and other clinical information revealed that a distinct immunological profile is linked to distinct clinical outcomes [27]. Also, it was observed that T-cell responses may present a hyperactivated or altered differentiation state in SARS-CoV-2 infection [19]. In the present study, two kinetic profiles of T- and B-cell phenotypes were observed to be associated with distinct outcomes of COVID-19. An unimodal peak around D7 was observed for T-cells in both clinical outcomes, whereas an opposite pattern of B-cells was identified in patients progressing to death.



Moreover, our data shows that patients evolving to death generally presented higher frequency CD69+, CD223+, CD107a+, T-bet+, and PD-1+ subsets. Meanwhile, some studies have demonstrated an association between increased expression of effector molecules by CD8+ T-cells in acute COVID-19 and improved clinical outcomes [17,46]. Another relevant point was that high frequencies of T-cell activation, however, negatively impact clinical outcomes. It is well known that polyfunctionality of T-cells is associated with moderate disease, but exacerbated frequencies of T-cell activation appear to be harmful [17]. In some cases, the expression of cell markers associated with potential exhaustion, such as PD-1 and TIM-3, has been associated with disease progression. However, this may not necessarily reflect functional impairment but ongoing exacerbated activation [9,27,47]. Although the integrative network analysis demonstrated a progressive increase in correlations during the timeline kinetics in patients progressing to discharge or death, a higher number of correlations were observed in patients evolving to discharge, suggesting that there is an initial loss of correlations at D0 followed by a recovery along the course of infection towards D14–28.



The mechanisms underlying the hyperactivation and exhaustion in COVID-19 have not been thoroughly characterized, and differences in the timing of systemic and organ-specific immune response may represent a key to understanding the physiopathology of the disease outcome. Distinguishing the mechanisms of immune response associated with protection and pathology induced by SARS-CoV-2 infection are essential guidelines for clinical treatment and immune prevention. Previous studies revealed that SARS-CoV-2 infection triggered a hyperinflammatory state and caused immune exhaustion by directly infecting the host’s immune cells. The disequilibrium between activation/exhaustion of T- and B-cells can result in uncontrolled infection, clinically manifested as critical illness or even death. Apart from lymphopenia, part of the unbalanced adaptive immune response in patients with severe COVID-19 evolving to death was accompanied by exhaustion phenotypes of T-cells. Inhibitory receptor molecules, such as CD223, highly expressed in CD4+ T-cells, and PD-1, expressed by CD4+ and CD8+ T-cells in peripheral blood cells from patients progressing to death, indicated that SARS-CoV-2 triggers immune escape by inducing T-cell exhaustion during severe COVID-19 [48].



It is important to mention that the present study has some limitations. The small number of patients enrolled re-enforces the need for future investigations to validate our findings. Remarkably, the study was carried out during the circulation of the B.1.1.28 and B.1.1.33 SARS-CoV-2 strains in Brazil; therefore, additional studies, including studies involving other variants, may lead to distinct immunological profiles. Loss to follow-up impacted the prospective longitudinal analysis. The observational design with multiple comparisons without corrections by comorbidities for confounding variables also constituted a limitation. The impact of comorbidities on cellular phenotypes and soluble mediators was not performed in this present investigation. Another limitation that should be related is the fact that COVID-19-discharged patients or those who progressed to death during the timeline kinetics reduced the total number of the study population, characterizing a transversal study. Additional analyses are still required to assess broader information, such as in vitro cell culture using a SARS-CoV-2 inactivated viral antigen to evaluate the phenotype profile after cell stimulation.



In conclusion, in aiming to provide a better understanding of COVID-19 outcome phenotypes, our study has characterized the dynamics of the changes in T- and B-cell subsets during COVID-19 and identified T-cell phenotypes able to predict the risk of discharge or death outcome with the perspective of use in clinical applications. Overall, our findings summarized a set of phenotypes feasible to be considered as potential predictors of COVID-19 outcome, including CD4+CD107a+, CD4+T-bet+, CD8+CD69+, CD8+T-bet+ and CD4+CD45RO+CD27+. Prospective future research should focus on further investigations to better understand the mechanisms of T- and B-cell disfunction associated with immune injury or protection triggered by SARS-CoV-2 infection to support novel scientific strategies for developing immunotherapies and new vaccines.
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The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/microorganisms12112272/s1, Figure S1: Representative Gating Strategies for Phenotypic Analysis of T and B-cells. Ex vivo immunophenotypic staining of peripheral blood leukocytes was carried out by flow cytometry as described in Material and Methods. Representative pseudocolor density plots illustrate the gating strategies employed for the analysis of T and B-cells. The events were first gated by Time vs. Side Scatter Area (SSC-A) to monitor the acquisition quality based on the continuous laser scatter profile. Following, single cells were selected according to Forward Scatter Area (FSC-A) vs. Forward Scatter Height (FSC-H) distribution. After that, lymphocytes were gated based on their size (FSC-A) and granularity (SSC-A) properties. Phenotypic analyses of T and B-cells were further assessed based on fluorescent-labeling with monoclonal antibodies. For B-cell analysis, CD19+ events were selected for further assessment of complementary immunophenotypic features (e.g., PD-1+, CD62L−). For T-cell analysis, CD3+ events were gated for subsequent assessment of complementary immunophenotypic features (e.g., PD-1+, CD62L−). Analysis of T-cell subsets was carried out by first gating CD4+ and CD8+ events prior to the assessment of complementary immunophenotypic features (e.g., PD-1+, CD62L−) or memory phenotypes (e.g., CD45RO+ and CD27+); Figure S2: Phenotypic Profile of CD4+ and CD8+ T-cell Memory Subsets in Severe COVID-19 Patients at Baseline (D0). Phenotypic profile of CD4+ and CD8+ memory T-cell subsets (naïve/CD45RO−CD27+, early effector/CD45RO−CD27−, central memory/CD45RO+CD27+ and effector memory/CD45RO+CD27−) was assessed in peripheral blood samples collected from COVID-19 patients at baseline ([image: Microorganisms 12 02272 i001], n = 87) and healthy controls ([image: Microorganisms 12 02272 i002], HC, n = 13). Immunophenotypic staining was carried out as described in Material and Methods. Data are shown as scattering distribution of individual values over bar charts representing the median percentage (%) of gated cells. Comparative analyses between COVID-19 vs. HC were performed by Mann-Whitney test and significant differences are indicated by connecting lines and asterisks for p < 0.01 (**) and p < 0.05 (*). Colored backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]), increased ([image: Microorganisms 12 02272 i004]) or unaltered ([image: Microorganisms 12 02272 i005]) percentages of cell subsets in COVID-19 as compared to HC; Figure S3: Phenotypic Profile of CD4+ and CD8+ T-cell Memory Subsets in Severe COVID-19 Patients at Baseline (D0) According to Disease Outcome. Phenotypic profile of CD4+ and CD8+ memory T-cell subsets (naïve/CD45RO−CD27+, early effector/CD45RO−CD27−, central memory/CD45RO+CD27+ and effector memory/CD45RO+CD27−) was assessed in peripheral blood samples collected from COVID-19 patients at baseline (n = 71) further categorized according to disease outcome to Discharge ([image: Microorganisms 12 02272 i006], n = 38) or Death ([image: Microorganisms 12 02272 i007], n = 33) and compared with the reference range (25th–75th interquartile) of healthy controls (HC, n = 13, dashed lines). Immunophenotypic staining was carried out as described in Section 2. Data are shown bar charts representing the median percentage (%, 95% IC) of gated cells. Comparative analysis amongst COVID-19 subgroups and HC were performed by Kruskal-Wallis test followed by Dunn’s post-test for multiple comparisons. Significant differences are underscored by # for comparisons with HC and by connecting lines and asterisks for comparative analysis between COVID-19 subgroups at p < 0.001 (***), p < 0.01 (**) and p < 0.05 (*). Color backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]), increased ([image: Microorganisms 12 02272 i004]) or unaltered ([image: Microorganisms 12 02272 i005]) percentages of cell subsets in COVID-19 subgroups as compared to HC. Color frames highlight decreased ([image: Microorganisms 12 02272 i008]) or increased ([image: Microorganisms 12 02272 i009]) percentages of cell subsets in COVID-19 patients progressing to Death as compared to those evolving to Discharge; Figure S4: Kinetics Timeline Signatures and Cell Phenotype Rhythm in Severe COVID-19 Patients According to Days of Symptoms at Admission. The timeline kinetics profile of ex vivo phenotypic features of T-cells, B-cells and T-cell subsets was assessed in peripheral blood samples collected from COVID-19 patients at distinct time points according to days of symptoms at admission, referred to as: “3–10 Days” and “11–24 Days” after symptoms onset. Timeline kinetics profile was assessed at baseline (D0, n = 17 and n = 18, respectively), seven days (D7, n = 16 and n = 15, respectively) and 14–28 days (D14-28, n = 9 and n = 18, respectively) after inclusion in the study and compared with healthy controls (HC, n = 13). Data analyses were carried out by converting the median percentage of gated cells into Z-score as described in Material and Methods. Heatmaps were assembled to underscore the cell subsets with Z-score below or above 0.5 according to the color key provided in the figure. The number of cell subsets with Z-score above 0.5 was calculated and data were shown in line charts to illustrate the cell phenotype rhythm along the days after inclusion. Colored backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]) or increased ([image: Microorganisms 12 02272 i004]) numbers of cell subsets in COVID-19 as compared to the reference values observed in HC (continuous line); Figure S5: Common Profile of Cell Phenotype Subsets Along the Kinetics Timeline in Severe COVID-19 Patients According to Disease Outcome. The timeline kinetics signature profile of ex vivo phenotypic features of T-cells, B-cells and T-cell subsets were used to construct volcano plots. Data analyses were carried out by Fisher’s Exact test and p values were expressed in negative log10 (−log10p). Delta was calculated by the comparisons between HC vs outcome subgroups Discharge and Death (ΔHC). Cell phenotypes above the cut-off (1.3 −log10p) were highlighted by green ([image: Microorganisms 12 02272 i019]) and red ([image: Microorganisms 12 02272 i017]) dots representing decrease and increase of ΔHC values, respectively. Grey dots ([image: Microorganisms 12 02272 i011]) were used to identify cell phenotypes below the cut-off. The cell phenotypes that are exclusive for each time point are in bold and underlined text. The cell phenotypes that are common in more than one time point are presented in grey color, and the cell phenotypes that are common between all the time points are listed below the graphs in green (decrease) and red (increase); Table S1: Hematological profile of COVID-19 patients at baseline (D0) according to disease outcome; Table S2: Overall performance of cellular phenotypes from COVID-19 patients along the timeline kinetics; Table S3: Overall performance of cellular phenotypes from COVID-19 patients along the timeline kinetics according to disease outcome.
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Figure 1. Phenotypic profile of T- and B-cells in severe COVID-19 patients at baseline (D0). Ex vivo phenotypic features of T- and B-cells were assessed in peripheral blood samples collected from COVID-19 patients at D0 ([image: Microorganisms 12 02272 i001], n = 87) and healthy controls ([image: Microorganisms 12 02272 i002], HCs, n = 13). Immunophenotypic staining was carried out as described in Material and Methods. Data are shown as a scattering distribution of individual values over bar charts representing the median percentage (%) of gated cells. Comparative analysis between COVID-19 and HCs was performed by the Mann–Whitney test, and the p values for significant differences are provided in the figure. Color backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]), increased ([image: Microorganisms 12 02272 i004]), or unaltered ([image: Microorganisms 12 02272 i005]) percentages of cell subsets in COVID-19 as compared to HCs. 
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Figure 2. Phenotypic profile of CD4+ and CD8+ T-cell subsets in severe COVID-19 patients at baseline (D0). Ex vivo phenotypic features of CD4+ and CD8+ T-cell subsets were assessed in peripheral blood samples collected from COVID-19 patients at D0 ([image: Microorganisms 12 02272 i001], n = 87) and healthy controls ([image: Microorganisms 12 02272 i002], HCs, n = 13). Immunophenotypic staining was carried out as described in Material and Methods. Data are shown as a scattering distribution of individual values over bar charts representing the median percentage (%) of gated cells. Comparative analysis between COVID-19 and HCs was performed by the Mann–Whitney test, and the p values for significant differences are provided in the figure. Color backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]), increased ([image: Microorganisms 12 02272 i004]), or unaltered ([image: Microorganisms 12 02272 i005]) percentages of cell subsets in COVID-19 as compared to HCs. 
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Figure 3. Phenotypic profile of T- and B-cells in severe COVID-19 patients at baseline (D0) according to disease outcome. Ex vivo phenotypic features of T- and B-cells were assessed in peripheral blood samples collected from COVID-19 patients at D0 (n = 71) and further categorized according to disease outcome into Discharge ([image: Microorganisms 12 02272 i006], n = 38) or Death ([image: Microorganisms 12 02272 i007], n = 33) groups and compared with the reference range (25th–75th interquartile) of healthy controls (HCs, n = 13, dashed lines). Immunophenotypic staining was carried out as described in Material and Methods. Data are shown as bar charts representing the median percentage (%, 95% CI) of gated cells. Comparative analyses amongst COVID-19 subgroups and HCs were performed using the Kruskal–Wallis test, followed by Dunn’s post-test for multiple comparisons. Significant differences are underscored by # for comparisons with HCs. Significant differences between COVID-19 subgroups were identified by connecting lines, and the p values for significant differences are provided in the figure. Color backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]), increased ([image: Microorganisms 12 02272 i004]), or unaltered ([image: Microorganisms 12 02272 i005]) percentages of cell subsets in the COVID-19 subgroups as compared to HCs. Color frames highlight decreased ([image: Microorganisms 12 02272 i008]) or increased ([image: Microorganisms 12 02272 i009]) percentages of cell subsets in COVID-19 patients progressing to Death compared to those evolving to Discharge. 
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Figure 4. Phenotypic profile of CD4+ (A) and CD8+ (B) T-cell subsets in severe COVID-19 patients at baseline (D0) according to disease outcome. Ex vivo phenotypic features of CD4+ and CD8+ T-cell subsets were assessed in peripheral blood samples collected from COVID-19 patients at D0 (n = 71) and further categorized according to disease outcome into Discharge ([image: Microorganisms 12 02272 i006], n = 38) or Death ([image: Microorganisms 12 02272 i007], n = 33) groups, then compared with the reference range (25th–75th interquartile) of healthy controls (HCs, n = 13, dashed lines). Immunophenotypic staining was carried out as described in Material and Methods. Data are shown as bar charts representing the median percentage (%, 95% CI) of gated cells. Comparative analyses amongst COVID-19 subgroups and HCs were performed using the Kruskal–Wallis test, followed by Dunn’s post-test for multiple comparisons. Significant differences are underscored by # for comparisons with HCs. Significant differences between COVID-19 subgroups were identified by connecting lines, and the p values for significant differences are provided in the figure. Color backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]), increased ([image: Microorganisms 12 02272 i004]), or unaltered ([image: Microorganisms 12 02272 i005]) percentages of cell subsets in COVID-19 subgroups as compared to HCs. Color frames highlight decreased ([image: Microorganisms 12 02272 i008]) or increased ([image: Microorganisms 12 02272 i009]) percentages of cell subsets in COVID-19 patients progressing to Death compared to those evolving to Discharge. 
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Figure 5. Timeline kinetics signature and cell phenotype profile in severe COVID-19 patients. The timeline kinetic profile of ex vivo phenotypic features of T- and B-cell subsets was assessed in peripheral blood samples collected from COVID-19 patients at distinct time points, including at D0 ([image: Microorganisms 12 02272 i001], D0, n = 87), seven days ([image: Microorganisms 12 02272 i010], D7, n = 37) and 14–28 days ([image: Microorganisms 12 02272 i011], D14–28, n = 30) after inclusion in the study and compared with healthy controls ([image: Microorganisms 12 02272 i002], HCs, n = 13). (A) Data analyses were carried out by converting the continuous variables measurements (percentage of gated cells) into categorical data reported as the proportion (%) of subjects with results above the global median cut-off (median values of all datasets), as described in Material and Methods. Color backgrounds underscore the cell subsets with the proportion of subjects below ([image: Microorganisms 12 02272 i003]) or above ([image: Microorganisms 12 02272 i004]) 50% (dashed line). (B) Color maps were assembled to underscore the cell subsets with the proportion of subjects below or above 50% according to the color key provided in the figure. (C) The number (#) of cell subsets with a proportion above 50% was calculated and data are shown in line charts to illustrate the cell phenotype profile along the days after inclusion. Color backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]) or increased ([image: Microorganisms 12 02272 i004]) numbers of cell subsets in COVID-19 as compared to the reference values observed in HCs (continuous line). 
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Figure 6. Timeline kinetics signature in severe COVID-19 patients according to disease outcome. The timeline kinetic profile of ex vivo phenotypic features of T- and B-cell subsets was assessed in peripheral blood samples collected from COVID-19 patients further categorized according to disease outcome into Discharge or Death and compared with healthy controls ([image: Microorganisms 12 02272 i002], HCs, n = 13). Biological samples were obtained at distinct time points, including at D0 ([image: Microorganisms 12 02272 i001], Discharge D0, n = 38; Death D0, n = 33), seven days ([image: Microorganisms 12 02272 i010], Discharge D7, n = 14; Death D7, n = 14), and 14–28 days ([image: Microorganisms 12 02272 i011], Discharge D14–28, n = 11; Death D14–28, n = 11) after inclusion in the study. Data analyses were carried out by converting the continuous variables measurements (percentage of gated cells) into categorical data reported as the proportion (%) of subjects with results above the global median cut-off (median values of all datasets), as described in Material and Methods. Color backgrounds underscore the cell subsets with the proportion of subjects below ([image: Microorganisms 12 02272 i003]) or above ([image: Microorganisms 12 02272 i004]) 50% (dashed line). 
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Figure 7. Color map of timeline kinetics signature and cell phenotype profile in severe COVID-19 patients according to disease outcome. The timeline kinetic profile of ex vivo phenotypic features of T- and B-cell subsets was assessed in peripheral blood samples collected from COVID-19 patients further categorized according to disease outcome into Discharge or Death and compared with healthy controls (HCs, n = 13). Biological samples were obtained at distinct time points, including at baseline ([image: Microorganisms 12 02272 i001], Discharge D0, n = 38; Death D0, n = 33), seven days ([image: Microorganisms 12 02272 i010], Discharge D7, n = 14; Death D7, n = 14), and 14–28 days ([image: Microorganisms 12 02272 i011], Discharge D14–28, n = 11; Death D14–28, n = 11) after inclusion in the study. Data analyses were carried out by converting the continuous variables measurements (percentage of gated cells) into categorical data to estimate the proportion (%) of subjects with results above the global median cut-off (median values of all datasets), as described in Material and Methods. (A) Color maps were assembled to underscore the cell subsets with the proportion of subjects below or above 50% according to the color key provided in the figure. (B) The number (#) of cell subsets with a proportion above 50% was calculated, and data were shown in line charts to illustrate the cell phenotype profile along the days after inclusion. Color backgrounds underscore decreased ([image: Microorganisms 12 02272 i003]) or increased ([image: Microorganisms 12 02272 i004]) numbers of cell subsets in COVID-19 as compared to the reference values observed in HCs (continuous line). 
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Figure 8. Integrative network of T- and B-cell subsets in severe COVID-19 patients at baseline (D0). Integrative networks were assembled for ex vivo phenotypic features of T- and B-cell subsets from COVID-19 patients at D0 (n = 87), further categorized according to disease outcome into Discharge (n = 38) or Death (n = 33) and compared with healthy controls (HCs, n = 13). Data analyses were carried out by Spearman rank tests, and only significant strong correlations (p < 0.05 and “r” scores ≥ |0.67|) were used to construct the integrative networks. (A) Cluster layout networks were constructed comprising four groups of cell phenotypes, including CD3+ T-cells ([image: Microorganisms 12 02272 i012]), CD19+ B-cells ([image: Microorganisms 12 02272 i013]), CD4+ ([image: Microorganisms 12 02272 i014]) and CD8+ ([image: Microorganisms 12 02272 i015]) T-cell subsets. Node border thickness is proportional to the number of strong correlations. Connecting edges (black lines) were used to link pairs of cell phenotypes displaying significant correlations. The number of strong correlations observed for each network is provided in the figure and used for comparative analysis between the COVID-19, HCs, and COVID-19 subgroups. The circular background area is proportional to the number of strong correlations of each cluster within the respective network. (B) Color map constructs were assembled to illustrate the overall connectivity between cell phenotypes in the COVID-19, HCs, and COVID-19 subgroups. A color key was employed to underscore the cell phenotypes with strong correlations. 
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Figure 9. Integrative network kinetics of T- and B-cell subsets in severe COVID-19 patients according to disease outcome. (A) Integrative networks were assembled for ex vivo phenotypic features of T- and B-cell subsets from COVID-19 patients at D0 (n = 87), further categorized according to disease outcome into Discharge (n = 38) or Death (n = 33). Biological samples were obtained at distinct time points, including at baseline (Discharge D0, n = 38; Death D0, n = 33), seven days (Discharge D7, n = 14; Death D7, n = 14), and 14–28 days (Discharge D14–28, n = 11; Death D14–28, n = 11) after inclusion in the study. Data analyses were carried out by Spearman rank tests, and only significant strong correlations (p < 0.05 and “r” scores ≥ |0.67|) were used to construct the integrative networks. Cluster layout networks were constructed comprising four groups of cell phenotypes, including CD3+ T-cells ([image: Microorganisms 12 02272 i012]), CD19+ B-cells ([image: Microorganisms 12 02272 i013]), CD4+ ([image: Microorganisms 12 02272 i014]), and CD8+ ([image: Microorganisms 12 02272 i015]) T-cell subsets. Node border thickness is proportional to the number of strong correlations. Connecting edges (black lines) were used to link pairs of cell phenotypes displaying significant correlations. The number of strong correlations observed for each network is provided in the figure and used for comparative analysis between COVID-19 and COVID-19 subgroups according to disease outcome. The circular background area is proportional to the number of strong correlations of each cluster within the respective network. (B) Color map constructs were assembled to illustrate the overall connectivity between cell phenotypes in the COVID-19 and COVID-19 subgroups. A color key was employed to underscore the cell phenotypes with strong correlations. 






Figure 9. Integrative network kinetics of T- and B-cell subsets in severe COVID-19 patients according to disease outcome. (A) Integrative networks were assembled for ex vivo phenotypic features of T- and B-cell subsets from COVID-19 patients at D0 (n = 87), further categorized according to disease outcome into Discharge (n = 38) or Death (n = 33). Biological samples were obtained at distinct time points, including at baseline (Discharge D0, n = 38; Death D0, n = 33), seven days (Discharge D7, n = 14; Death D7, n = 14), and 14–28 days (Discharge D14–28, n = 11; Death D14–28, n = 11) after inclusion in the study. Data analyses were carried out by Spearman rank tests, and only significant strong correlations (p < 0.05 and “r” scores ≥ |0.67|) were used to construct the integrative networks. Cluster layout networks were constructed comprising four groups of cell phenotypes, including CD3+ T-cells ([image: Microorganisms 12 02272 i012]), CD19+ B-cells ([image: Microorganisms 12 02272 i013]), CD4+ ([image: Microorganisms 12 02272 i014]), and CD8+ ([image: Microorganisms 12 02272 i015]) T-cell subsets. Node border thickness is proportional to the number of strong correlations. Connecting edges (black lines) were used to link pairs of cell phenotypes displaying significant correlations. The number of strong correlations observed for each network is provided in the figure and used for comparative analysis between COVID-19 and COVID-19 subgroups according to disease outcome. The circular background area is proportional to the number of strong correlations of each cluster within the respective network. (B) Color map constructs were assembled to illustrate the overall connectivity between cell phenotypes in the COVID-19 and COVID-19 subgroups. A color key was employed to underscore the cell phenotypes with strong correlations.
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Figure 10. High-dimensional analysis of T-cell subsets in severe COVID-19 patients along the timeline kinetics. Data dimensionality reduction was performed using the UMAP algorithm for selected T-cell subsets. The cell frequency values were extracted from FlowJo software, and the graphical representation shows the timeline kinetics (D0, D7, D14–28) of 8000 events for T CD4+ and 5000 events for T CD8+ populations. The overall frequency of each cell subset [PD-1+ ([image: Microorganisms 12 02272 i019]), CD62L− ([image: Microorganisms 12 02272 i016]), CD27+ ([image: Microorganisms 12 02272 i017]), and CD45RO+ ([image: Microorganisms 12 02272 i018])] is illustrated in the dotted clusters and the frequencies are represented in the UMAP x vs. UMAP y axes. 
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Figure 11. High-dimensional analysis of T-cell memory response in severe COVID-19 patients along the timeline kinetics. Data dimensionality reduction was performed by the UMAP algorithm for selected T-cell memory subsets. The cell frequency values were extracted from FlowJo software, and the graphical representation shows the timeline kinetics (D0, D7, D14–28) of 8.000 events for T CD4+ and 5.000 events for T CD8+ memory populations. The overall frequency of each cell memory subset [Naive/CD45RO−CD27+ ([image: Microorganisms 12 02272 i020]), early Effector/CD45RO−CD27− ([image: Microorganisms 12 02272 i021]), Central Memory/CD45RO+CD27+ ([image: Microorganisms 12 02272 i022]), Effector Memory/CD45RO+CD27− ([image: Microorganisms 12 02272 i023])] and the combined clusters off all memory subsets are illustrated in the dotted clusters, while the numbers of frequencies are represented in the UMAP x vs. UMAP y axes. 
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Table 1. Odds ratio for disease outcome of COVID-19 patients based on the cell phenotype profiles along the timeline kinetics according to disease outcome.
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Disease Outcome—Death vs. Discharge




	
Timeline

	
Cell Subset

	
Odds Ratio (CI 95%)

	
p Value *






	
D0

	
CD3+

	
0.94 (0.91–0.98)

	
0.000




	
CD4+

	
0.94 (0.90–0.98)

	
0.002




	
CD4+CD107a+

	
1.27 (1.00–1.61)

	
0.031




	
CD4+T-bet+

	
1.23 (1.03–1.48)

	
0.009




	
CD4+CD45RO+CD27+

	
0.96 (0.93–0.99)

	
0.017




	
CD4+CD45RO−CD27+

	
0.97 (0.95–0.99)

	
0.005




	
CD4+CD45RO−CD27−

	
1.04 (1.01–1.07)

	
0.001




	
CD8+CD69+

	
1.11 (1.01–1.23)

	
0.011




	
CD8+T-bet+

	
1.17 (1.04–1.31)

	
0.001




	
CD8+CD27+

	
0.98 (0.95–0.99)

	
0.037




	
CD8+CD45RO−CD27+

	
0.97 (0.95–0.99)

	
0.011




	
D7

	
CD4+CD45RO+

	
0.94 (0.89–0.99)

	
0.017




	
CD4+CD45RO+CD27+

	
0.94 (0.89–0.99)

	
0.003




	
CD8+

	
0.89 (0.81–0.99)

	
0.021




	
D14–28

	
CD4+

	
0.86 (0.76–0.98)

	
0.006








Odds ratio was calculated by binary logistic regression. * Significance was considered at p < 0.05.
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