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Summary 51 

Epidemiological and clinical reports have indicated that the host immune response to SARS-52 

CoV-2, more so than viral factors, determines COVID-19 disease severity. To elucidate the 53 

immunopathology underlying COVID-19 severity, cytokine and multiplex immune profiling 54 

was performed in mild-moderate and critically-ill COVID-19 patients. Hypercytokinemia in 55 

COVID-19 differed from the IFN-γ-driven cytokine storm in macrophage activation 56 

syndrome, and was more pronounced in critical versus mild-moderate COVID-19. Systems 57 

modelling of cytokine levels followed by deep-immune profiling showed that classical 58 

monocytes drive this hyper-inflammatory phenotype and that a reduction in T-lymphocytes 59 

correlates with disease severity, with CD8+ cells being disproportionately affected. 60 

Expression of antigen presenting machinery was reduced in critical disease, while also 61 

neutrophils contributed to disease severity and local tissue damage by amplifying 62 

hypercytokinemia and neutrophil extracellular trap formation. We suggest a myeloid-driven 63 

immunopathology, in which hyperactivated neutrophils and an ineffective adaptive immune 64 

system act as mediators of COVID-19 disease severity. 65 

Keywords 66 

COVID-19, Monocytes, Neutrophils, Extracellular traps, Immunophenotyping, Single-cell 67 

analysis, Bronchoalveolar lavage fluid, Cytokine Release Syndrome  68 
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Introduction 69 

Since the first reports on a novel coronavirus outbreak in Hubei, China at the end of 2019, 70 

SARS-CoV-2 has rapidly spread across the globe affecting more than nineteen million people, 71 

with over 700.000 fatal cases1. A broad spectrum of disease symptoms and severity has 72 

complicated patient care and put enormous pressure on health systems worldwide. Our 73 

current understanding of the pathophysiology underlying distinct COVID-19 clinical 74 

phenotypes shows a clear link between host immune response and disease severity2, 3, 4, 5, 6, 7.  75 

Early reports on fever, increased acute phase reactants and coagulopathy in severe COVID-76 

19 cases combined with hypercytokinemia pointed towards a ‘cytokine storm’ reminiscent to 77 

the macrophage activation syndrome (MAS)2, 8. Importantly, this paradigm has formed the 78 

basis for many interventional trials. However, it remains unclear how the cytokine release 79 

observed in COVID-19 compares to other known cytokine storm syndromes9, 10.  80 

In addition, decreased lymphocyte counts, reduced T-cell functionalities and increased 81 

neutrophil-to-lymphocyte ratio are well-established hallmarks of COVID-1911, 12, 13, 14, 15, 16, 17, 18, 82 

19, 20, 21. Despite a large-scale effort by the global research community, the exact mechanisms 83 

of these innate and adaptive immune system alterations and their interplay remain to be 84 

elucidated. 85 

Based on plasma cytokine profiling, systems biology-driven predictive modelling and 86 

multiplexed immunophenotyping, we show that (i) COVID-19 is characterized by an ‘atypical’ 87 

cytokine release with reduced type II interferon signaling, refuting the canonical cytokine 88 

storm paradigm, (ii) antigen presentation is impaired in critical disease and iii) neutrophils are 89 

important effectors of the resulting local (lung) and systemic tissue damage.  90 

  91 
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Results 92 

Demographics and clinical data 93 

Demographics and clinical data of 61 prospectively recruited hospitalized COVID-19 patients 94 

in our single-center clinical study ‘COntAGIouS’, are summarized in table 1, while routine 95 

clinical laboratory results at time of study sampling are summarized in supplementary table 1. 96 

All findings are consistent with other published clinical cohorts of COVID-19 patients2, 22, 23.  97 

 98 

Hypercytokinemia in COVID-19 as a distinct cytokine release syndrome 99 

Many interventional trials are based on the paradigm of a typical hypercytokinemia in COVID-100 

19 as in MAS, thereby investigating immunomodulatory therapies such as anti-IL-6 or IFN-101 

g/IL-1 blockade. Surprisingly, a direct comparison between cytokine profiles in both disease 102 

entities has not been performed to date and scientific data on the contribution of these 103 

cytokines to COVID-19 disease severity is not unambiguous9. In an attempt to rationalise 104 

immunomodulatory treatment for COVID-19, we performed the first direct comparison 105 

between the plasma cytokine profiles in COVID-19 and Macrophage Activation Syndrome 106 

(clinical characteristics of MAS cohort can be found in suppl. table 2). 107 

 As shown previously, levels of IL-1a, IL-1RA, IL-6, IL-7, IL-10, IL-15, IL-17A, IFN-g, 108 

TNF-a, TNF-b, CCL2, CCL3, CCL4, CXCL8, CXCL9 and CXCL10 were significantly 109 

elevated in COVID-19 and MAS patients compared to healthy controls2. For the majority of 110 

these markers (10 out of 16: IL-7, IL-10, IL-15, IFN-g, TNF-a, CCL2, CCL3, CCL4, CXCL9, 111 

CXCL10), the increase was, however, less pronounced in COVID-19 than in MAS patients 112 

(fig. 1a and suppl. fig. 1). Levels of the inflammasome cytokines IL-1b, IL-1a and IL-1RA were 113 

comparably elevated in COVID-19 and MAS, as was IL-6 plasma concentration. Nevertheless, 114 

levels of IFN-g, a pivotal cytokine in MAS cytokine storm, were over 10-fold lower in 115 

COVID-19 compared to MAS (fig. 1a and suppl. fig. 1). The relatively modest increase 116 
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compared to healthy controls in plasma IFN-g, which is a central cytokine in cell-mediated 117 

immune responses that acts as a regulator of efficient antigen presentation and stimulator of 118 

cytotoxic T-lymphocytes (CTL), is a key finding that differentiates COVID-19 119 

hypercytokinemia from MAS cytokine storm. In line with relatively reduced IFN-g, we found 120 

markedly lower levels of CXCL9 and CXCL10 (=IFN-g-induced chemokines) in COVID-19 121 

patients compared to MAS, indicative of decreased type II interferon signalling. Secondly, 122 

levels of the main neutrophil chemoattractant CXCL8 were almost 3-fold higher in COVID-19 123 

compared to MAS. A third distinct feature of COVID-19 was the increased level of VEGF, 124 

indicating increased vascular modulation that is not evident in MAS24. In addition to these 125 

cytokine findings, distinguishing COVID-19 and MAS, we found acute phase reactants ferritin 126 

and D-dimers to be markedly lower in COVID-19 patients compared to MAS patients (suppl. 127 

table 1). 128 

 A comparison between COVID-19 patients with critical versus mild-moderate clinical 129 

condition revealed significantly higher cytokine and chemoattractant levels (IL-6, IL-7, IL-10, 130 

IL-12p70, IL-15, TNF-a, CCL2, CCL3, CCL4 and CXCL10) in critical patients (fig. 1b and 131 

suppl. fig. 2). Increased levels of IL-6, IL-10 and TNF-a in critical patients could negatively 132 

affect the T-lymphocyte compartment, and indeed all inversely correlated with clinical 133 

laboratory lymphocyte counts, with lymphocyte growth factors IL-7 and IL-15 suggesting a 134 

compensatory response12. In contrast, IFN-g, CXCL8 and CXCL9 levels were comparable 135 

between both clinical conditions.  136 

Taken together, plasma cytokine and chemokine profiles of COVID-19 are indicative 137 

for a hyperactivated innate immune response that is most pronounced in critically ill patients. 138 

The compromised production of IFN-g, a key cytokine in antigen presentation machinery and 139 

development of adaptive immune responses, is striking.  140 

 141 
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Classical monocytes orchestrate atypical COVID-19 cytokine release syndrome 142 

To decipher the cellular origin of the COVID-19 hypercytokinemia, we first performed 143 

unbiased immune prediction modelling using our experimental cytokine data. A 144 

(computational) predictive correlation network was constructed per immune cell type, based 145 

on expression profiles derived from 4639 human immune cell reference samples assembled 146 

from 191 independently published studies25. This analysis creates a correlation network of 147 

input genes (in this case, genes coding for plasma cytokines detected in our COVID-19 study 148 

population), whereby only those genes that have a high probability of co-expression (based 149 

on extensive immune cells’ reference-gene profiles) are connected. This reveals a high 150 

probability for these genes to associate with overlapping immuno-regulatory modules specific 151 

for each immune cell-type. Herein, our predictions pointed towards a dominant myeloid-152 

driven inflammation in COVID-19, with most extensive correlation networks of cytokine and 153 

chemokine-coding genes’ profiles formed within macrophages and neutrophils, and limited 154 

predictions within various lymphocytes. Interestingly, mild-moderate COVID-19 patients 155 

could be distinguished from critical COVID-19 patients by a higher cytokine/chemokine-156 

coding genes’ connectivity in plasmacytoid dendritic cells (DCs) and reduced connectivity in 157 

neutrophils (suppl. fig. 3a).   158 

 To validate the hypothesis of myeloid-driven immunopathology generated by these 159 

quantitative cytokine and qualitative computational immunology analyses, we subsequently 160 

engaged in a deep-immune phenotyping effort using three complementary techniques. Mass 161 

cytometry of whole blood was used to quantify and profile general blood cell types, while 162 

scRNA-seq of peripheral blood mononuclear cells (PBMCs) allowed their characterization at 163 

the RNA level and identified the cellular source of cytokine expression. Additionally, classical 164 

flow cytometry after PMA/ionomycin stimulation of lymphocytes allowed functional 165 

characterization of the adaptive immune system. Overall, mass cytometry showed a decrease 166 
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of most immune populations in COVID-19 patients compared to healthy controls, with more 167 

pronounced reductions in the critical than in the mild-moderate group. However, 168 

contradicting the paradigm of immune cell decrease in COVID-19, plasmablast and neutrophil 169 

counts increased compared to healthy controls, more so in critical than in mild-moderate 170 

condition (fig. 2a). 171 

 Focussing on the cellular origin of cytokine production, scRNA-seq of PBMCs showed 172 

that classical monocytes were the main source of major COVID-19 mediating cytokines; 173 

specifically inflammasome cytokines IL-1b and IL-18, monocyte chemoattractant CCL2 and its 174 

receptor CCR2, neutrophil chemoattractant CXCL8 as well as TNF-a (fig. 2b,c). In addition, 175 

though monocytes showed the most notable drop in cell count when comparing critical to 176 

mild-moderate condition evaluated by CyTOF and scRNA-seq, the latter revealed a significant 177 

decrease in non-classical monocytes (based on C1AQ, C1BQ and LSTB1 marker expression) 178 

and a corresponding relative increase of classical monocytes (based on S100A8, S100A9 and 179 

S100A12 marker expression) in critical COVID-19 (fig. 2a and suppl. fig. 4d). Classical 180 

monocytes have previously been shown to have a pro-inflammatory phenotype, with non-181 

classical monocytes playing an important role in antiviral defence26. Moreover, classical 182 

monocytes show a higher expression of the monocyte chemoattractant CCR2 compared to 183 

non-classical monocytes, with anti-CCR2 treatment ameliorating SARS-CoV-1 disease course 184 

in preclinical models27. The importance of non-classical monocyte depletion in COVID-19 185 

immunopathology has been demonstrated in an independent cohort of COVID-19 patients, 186 

evidenced by recovery of this cell population during later stages of disease21.   187 

 Interferon-g was, as expected, predominantly found in cytotoxic CD8+ T and NK cells 188 

and to a lesser extent in CD4+ T-cells (fig. 2c). These immune cell populations were shown 189 

to be globally decreased in COVID-19 compared to healthy controls (fig. 2a). However, an 190 

increased CD4+/CD8+ T-cell ratio was found, which was most pronounced in the critical 191 
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disease group (data not shown). This contrasts with typical findings during viral respiratory 192 

infection, such as influenza or SARS, or sepsis where lymphocytopenia is evident but 193 

CD4+/CD8+ ratios are decreased28, 29, 30. At the single-cell level, the increased CD4+/CD8+ 194 

T-cell ratio was confirmed when comparing COVID-19 patients to healthy controls. Here, 195 

the shift was once again more pronounced (yet not statistically significant, P=0.14) when 196 

comparing critical to mild-moderate condition (fig. 2d). 197 

 Further exploration of the CD4+ and CD8+ T-cell subsets was performed using our 198 

flow cytometry data (publicly available at https://flowrepository.org/experiments/2713). In line 199 

with Neumann et al31, there was no significant difference for T-helper and cytotoxic T-cell 200 

counts between the COVID-19 disease severity groups. However, we found the T-helper 1 201 

subset (defined as CD4+ T-cells secreting IFN-g) significantly decreased comparing all 202 

COVID-19 patients to healthy controls. Interestingly, PD-1 expression was highly expressed 203 

in most of the effector T-cells with predominance in CD8+ T-EMRA cells, attesting for the 204 

higher activation of these cells without a strong Th1/Tc1 polarisation (data not shown). Taken 205 

together, the relatively low IFN-g signalling identified in COVID-19 could be explained by 206 

reduced lymphocyte counts, with CD8+ T-cells most affected in critical condition.  207 

  208 

Reduced MHC class II on antigen presenting cells marks critical COVID-19 209 

Given the relatively reduced IFN-g signalling and the importance of this cytokine in antigen 210 

presentation, we analysed relevant molecules in COVID-19 patients by mass and flow 211 

cytometry. When comparing monocyte populations between critical and mild-moderate 212 

COVID-19, mass cytometry indeed revealed in critical condition an overall shift towards 213 

reduced expression of molecules typically involved in antigen presentation pathway (fig. 3a). 214 

Further evidence was obtained by flow cytometric analysis showing significantly decreased 215 

intensity of HLA-DR staining on CD14hi monocytes in COVID-19 compared to healthy 216 
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controls (fig. 3b). A similar trend was seen in classical monocytes using scRNA-seq, though 217 

not reaching statistical significance (P=0.06; fig. 3c).  218 

Next, we investigated whether antigen-presenting capacity could also be reduced in 219 

‘true’ professional antigen-presenting cells (APCs). Mass cytometry showed a significant 220 

decrease in HLA-DR on myeloid DCs of critical compared to mild-moderate COVID-19 221 

patients (fig. 3d). Single-cell RNA-seq confirmed significant downregulation of genes coding 222 

for HLA-DR on dendritic cells in critically-ill patients (fig. 3c). Moreover, expression of co-223 

stimulatory factors CD83, CD86, ICOSLG, and ICAM1 on dendritic cells was also decreased in 224 

critical patients. Given the inflammatory context, these findings strongly suggest antigen-225 

presenting capacity of dendritic cells to be differentially affected in critical COVID-19 cases. 226 

 227 

Disturbed immuno-regulation in severe COVID-19  228 

The initial predictive computational immunology analyses based on COVID-19 229 

cytokine/chemokine screening predicted specific immunopathological trends that formed the 230 

basis for further exploration via mass cytometry, flow cytometry and scRNA-seq. Next, to 231 

identify qualitative differences between mild-moderate and critical COVID-19 patients, we 232 

used similarity matrix-based statistical correlation modeling analyses (Pearson correlation-233 

driven) to decipher statistically-stable clustering patterns between plasma-screening derived 234 

cytokines/chemokines and mass cytometry-derived whole-blood peripheral immune cell 235 

enrichments (fig. 4a,b).  236 

 On the level of cytokines/chemokines, compared to mild-moderate COVID-19 237 

patients, critical COVID-19 patients showed a tendency to gain a highly correlated (and 238 

expanded) cluster of IL-1 cytokines as well as a tendency of a IFN-γ/IL-6 cluster to gain 239 

correlation with TNF-a (fig. 4a,b). Overall, this points to a highly pro-inflammatory cytokine 240 

co-association profile as a distinguishing characteristic of COVID-19 disease severity. 241 



 10 

 On the level of the lymphoid compartment, mild-moderate COVID-19 patients had 242 

better correlation between CD4+/CD8+ T-cells and some B-cell subsets, whereas in critical 243 

COVID-19 patients such correlations between these lymphocyte subpopulations became 244 

more “fragmented”. Specifically, CD4+ T-cells and CD8+ T-cells did not exhibit a tendency 245 

to correlate with each other, which can cause major dysregulation of lymphocyte functioning 246 

and communication. These trends highlight the disparities in qualitative functional cross-talk 247 

within the lymphoid compartment of critical COVID-19 patients (fig. 4a,b). In line, network 248 

analyses of cytokines correlating with these lymphocytes (while integrating Gene 249 

Ontology/GO-based immunological biological processes) showed that, cytokines correlating 250 

with CD4+/CD8+/B-lymphocytes in mild-moderate COVID-19 patients (e.g. IL-16) had a 251 

clear pro-effector orientation (enriching for GO terms for effector, activation or defense 252 

response functions), whereas cytokines correlating with these lymphocytes in critical COVID-253 

19 patients (e.g. IL-1a, CCL22, CCL17) had characteristics of activation-associated stress/cell 254 

death (enriching for GO terms for defense response but also cell death or cell stress) (suppl. 255 

fig. 3b). 256 

 Unlike most lymphocytes, various myeloid cells showed differential tendency to 257 

positively correlate with different cytokines; especially plasmacytoid DCs and neutrophils. 258 

However, mild-moderate COVID-19 patients had better correlation between neutrophils and 259 

NK-/Th17-cells, whereas in critical COVID-19 patients, such correlations became more 260 

“fragmented”. As such, neutrophils gained considerable correlation with specific cytokines in 261 

critical patients and did not correlate sufficiently with NK-/Th17-cells – this possibly suggests 262 

disruption of an immune-regulatory loop (wherein Th17-neutrophil cross-talk can enable a 263 

more controlled or immune-regulated inflammatory reaction) and may indicate unleashing of 264 

detrimental neutrophil-based inflammation 32. Network analyses of cytokines correlating with 265 

these neutrophil-based clusters reinforced this hypothesis (suppl. fig. 3b). 266 
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 Overall, these computational systems and network biology assessments predicted that 267 

mild-moderate COVID-19 patients might be characterized by more functional/regulated 268 

immunopathology (i.e. effector lymphocyte cross-talk and immune-regulated inflammatory 269 

reactions), whereas critical COVID-19 patients might be marked by 270 

dysfunctional/dysregulated immunopathology. The latter is immunologically distinguished by 271 

dysregulation of the lymphoid compartment (e.g. “fragmented” cross-talk and signs of 272 

inflammation-induced stress) and extremely high (unregulated) neutrophil-driven 273 

inflammation.  274 

 275 

Neutrophil extracellular trap formation in severe COVID-19 276 

The above predictions clearly pointed to a differential immunological activity of neutrophils 277 

as one of the most important determinants of critical COVID-19 immunopathology. Since 278 

neutrophils could not be studied using scRNA-seq on frozen PBMCs, we performed additional 279 

functional characterization of this immune subset in peripheral blood. 280 

Firstly, we examined neutrophil activation status and neutrophil extracellular trap 281 

(NET) formation in COVID-19 as compared to healthy subjects, by assessing myeloperoxidase 282 

(MPO), MPO-DNA and citrullinated histone 3 levels respectively33 (suppl. fig. 6a-c). We 283 

additionally compared these levels between COVID-19 patients and patients with non-284 

COVID pneumonia (all hospitalised, non-ventilated patients; for clinical characteristics see 285 

suppl. table 2), showing significantly higher neutrophil activation in the COVID-19 cohort 286 

(suppl. fig. 6d-f). Within the COVD-19 cohort, highest levels were noted in the critical disease 287 

group (suppl. fig. 6g-i). Overall, these data show that besides an increase in neutrophil counts, 288 

there is increased neutrophil activation and NET release in COVID-19 linked to disease 289 

severity. Importantly, these evaluations were performed in plasma, clearly indicating that 290 
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circulating NETs contribute to systemic inflammatory responses and this is not resulting from 291 

mechanical ventilation-induced pulmonary stress. 292 

Based on these results and previously published autopsy reports, we aimed to confirm 293 

hyperactivated neutrophils not only play an important role in systemic COVID-19 disease 294 

manifestations, but also contribute to severe COVID-19 pneumonitis15, 34. Therefore, we 295 

performed scRNA-seq on BAL fluid from 6 COVID-19 and 5 non-COVID pneumonia cases, 296 

sequencing the transcriptomes of 26,605 cells in total (fig. 5a and suppl. fig. 7a-c). We observed 297 

a striking enrichment of neutrophils in the lungs of COVID-19 patients as compared to non-298 

COVID pneumonia cases. Moreover, a much larger proportion of these neutrophils was in a 299 

hyperactivated state in COVID-19 patients, marked by upregulated IL1B, CXCL8 and S100A12 300 

expression (fig. 5b,c,d). In-depth differential gene expression analysis revealed upregulation of 301 

other activation markers (e.g. S100A8, S100A9, FPR1, SOD2) as well as inflammasome-302 

stimulating genes (NEAT1)35. Intriguingly, so-called resting neutrophils showed relative 303 

upregulation of genes coding for HLA-DR receptors (suppl. fig. 7f). Although neutrophils are 304 

typically considered poor antigen-presenters, our findings suggest that, similar to what we 305 

observed in circulating myeloid cells, ‘active’ neutrophils in the lungs of critical COVID-19 306 

patients have further lost antigen-presenting capacity and have adopted a deleterious 307 

phenotype that contributes to inflammatory cytokine signalling (IL1B, CXCL8, NEAT1) and local 308 

tissue damage (FPR1).   309 

 To investigate NET formation as a component of neutrophil-induced lung tissue 310 

damage in severe COVID-19, we selected 18 genes with an established role in NET formation, 311 

adapted from Gardinassi et al.36, and then calculated a NET score based on the average up- 312 

or downregulation of their expression. This score was significantly higher in the active 313 

neutrophil population (suppl. fig. 7g). Based on this, we suggest that hyperactivated 314 
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neutrophils and resulting NET formation not only contribute to systemic illness, but also to 315 

lung damage in severe COVID-19. 316 

Discussion 317 

In this prospective, case-control study of 61 patients with varying degrees of COVID-19 318 

disease severity and 31 control patients, we used a quantitative and integrative qualitative 319 

immunophenotyping approach to characterize the cytokine responses in COVID-19, the 320 

upstream mechanisms and downstream effects with emphasis on their impact on disease 321 

severity. Our results identified a myeloid-driven ‘atypical’ cytokine storm that is distinctly 322 

different from MAS, with specific contributions of classical pro-inflammatory monocytes and 323 

neutrophils dominating COVID-19 immunopathology in critical condition. 324 

 Current state of the art shows that the host immediate innate immune response in 325 

COVID-19 patients is both ineffective at stimulation of the adaptive immune system, 326 

attributed to a reduced type I and type III IFN signature, yet excessive causing local (lung) 327 

tissue damage and a systemic cytokine storm with fever, increased acute phase reactants and 328 

multiple organ involvement in severely affected cases2, 12, 37, 38. The excessive cytokine release 329 

is seen as a key driver of immunopathology in critically ill COVID-19 patients, and many 330 

interventional immunomodulatory trials are targeting MAS-like cytokine signalling pathway, 331 

despite the fact that their similarity has never been formally investigated9, 10. We performed 332 

to our knowledge the first direct comparison between COVID-19 and the typical cytokine 333 

release syndrome MAS. Though we identified parallels, such as elevated inflammatory 334 

cytokines (IL-1b, IL-6, CCL2 and TNF-a), the cytokine release in COVID-19 was shown to 335 

be distinctly different from that in MAS2, 39, 40. Most strikingly, we found markedly reduced IFN 336 

type II signalling, which was also evident in a comparison of SARS-CoV-2 and influenza as 337 

published by Mudd et al, pointing towards the significance of this cytokine in COVID-19 338 

immunopathology41. Second, highly elevated monocyte and specifically neutrophil 339 
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chemoattractants advocated a strong case for myeloid-driven innate immune hyperactivity in 340 

COVID-19. Third, vascular remodelling, suggested by elevated VEGF levels in the systemic 341 

circulation, distinguishes COVID-19 from MAS hypercytokinemia, consistent with autopsy 342 

reports on immunothrombosis and microcoagulopathy15, 42. 343 

Although a major myeloid cell-driven footprint underlying the cytokine changes was 344 

hypothesized, we systematically confirmed this by unbiased computational systems biology 345 

approaches as well as by multiplexed immunophenotyping analyses. Here, we identified 346 

classical monocytes as the most important source of IL-1 cytokine family members as well as 347 

of TNF-a within PBMCs of COVID-19 patients. This well-substantiated finding is in line with 348 

published transcriptomic data from patients in early recovery stage of COVID-1943, yet could 349 

not be identified in another recently published small transcriptomic cohort44. We found a 350 

relative increase of classical monocytes in the blood of critically ill patients compared to 351 

COVID-19 mild-moderate cases and crucially, the cytokines they release have previously been 352 

linked to lymphopenia in COVID-1912. Indeed, we observed a clear global quantitative 353 

reduction of T-lymphocytes in COVID-19, related to disease severity. Importantly, CD8+ T-354 

cells were more affected, leading to an increased CD4+/CD8+ T-cell ratio especially in 355 

‘critical’ disease. This distinguishes COVID-19 from other viral respiratory infections and 356 

bacterial sepsis, where lymphocytopenia is evident but CD4+/CD8+ ratios are decreased28, 29, 357 

30. This could explain the reduced IFN-g signalling we observed, a hypothesis that is reinforced 358 

by our single-cell RNA data. 359 

Since IFN-g is a key molecule enabling efficient antigen presentation on MHC class II 360 

molecules, we speculated adaptive immune priming would be impaired in COVID-19. Impaired 361 

antigen presentation by CD14+ monocytes in COVID-19 has previously been suggested, 362 

mediated by IL-65. Importantly, we showed the antigen presentation-pathway to be even more 363 

affected in ‘true’ professional antigen-presenting cells (i.e. dendritic cells) and state that 364 
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reduced IFN-g signalling, in conjunction with significantly higher IL-6 signalling in critical 365 

COVID-19, leads to ineffective antigen presentation by the innate to the adaptive immune 366 

system. As such, the host possibly fails to mount an adequate adaptive antiviral immune 367 

response, in line with published flow cytometry data45.  368 

Our computational prediction analyses suggested neutrophils to be important effector 369 

cells in distinguishing mild-moderate from critical disease. We confirmed this experimentally 370 

by determining NET forming activity in the circulation, and showed it is a feature specific to 371 

COVID-19 that correlates to severity of disease. Our findings are in line with recent 372 

publications33, 46, but adding a non-COVID pneumonia control group to show COVID-373 

specificity. Mechanical ventilation has been shown to induce NET formation in the alveolar 374 

space47, yet our analyses were performed in plasma, evidencing the importance of this process 375 

to systemic COVID-19 immunopathology. Moreover, our scRNA-seq data showed activated 376 

neutrophils to be key effectors, not only of systemic inflammation, but also of lung damage in 377 

severe COVID-19. Indeed, lung neutrophils have a highly activated phenotype and show 378 

upregulation of NET formation related genes.  379 

This study has some limitations. First, our study cohort only includes COVID-19 cases 380 

requiring hospitalisation. Thus, it does not cover the entire continuum of the disease severity 381 

spectrum. Second, all samples were intentionally collected at the same timepoint, since the 382 

immune response to COVID-19 is a dynamic process, yet this makes it difficult to draw 383 

conclusions about causality of our findings. Expansion of our study cohort and longitudinal 384 

sample analyses are ongoing. Third, the comparison between COVID-19 and MAS plasma 385 

cytokine levels is not patient-matched. This is however intrinsic to this (clinically relevant) 386 

comparison, given that MAS is a merely paediatric condition. Lastly, the scope of our 387 

functional analysis for innate immune cells was narrow. For example, we cannot comment on 388 

the (direct) contribution of myeloid phagocytosis or respiratory burst-activity of neutrophils. 389 
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Our focus on NET formation is however supported by our computation biology analysis 390 

evidencing neutrophil contribution to immunopathology in critical disease state, the link 391 

between NET formation and thrombosis48 and evidence of NET formation in critical influenza 392 

immunopathology. 393 

Based on our data, we propose that increased inflammasome-driven cytokine signalling 394 

parallel to a defective type II IFN response is a key mediator of critical COVID-19 395 

pathophysiology; thereby making (a combination of) specific anti-cytokine monoclonal 396 

antibodies (e.g. anti-IL-1, anti-IL-6) or broad-activity immunomodulatory drugs (e.g. 397 

azithromycin, colchicine) interesting candidates for interventional clinical trials. Moreover, 398 

systemic hyperinflammation might be prevented by targeting neutrophils (e.g. azithromycin) 399 

or NET release (e.g. DNase therapy) in the lung (early in the disease course) to prevent 400 

clinical deterioration.   401 
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Methods 402 

PATIENT COHORT, SAMPLING AND DATA COLLECTION 403 

In this prospective single-centre study, adult COVID-19 patients were recruited at the 404 

COVID-19 hospitalisation wards of our tertiary care centre in Leuven (Belgium) between 405 

March 27th and April 17th 2020. COVID-19 was defined as a positive qRT-PCR on respiratory 406 

sample and/or CT imaging compatible with SARS-CoV-2 disease. Patients with i) active 407 

hematological malignancy; ii) active infectious/inflammatory conditions besides COVID-19; iii) 408 

calcineurin-inhibitor treatment, or iv) patients or legal representatives unable or unwilling to 409 

give informed consent were excluded. The control population consisted of i) 10 healthy 410 

controls recruited among hospital staff (negative COVID-19 serology); ii) a historical cohort 411 

of 10 patients with macrophage activation syndrome (MAS) and iii) 11 patients with non-412 

COVID pneumonia.  413 

COVID-19 patients were stratified by clinical status at the time of study sampling, in 414 

particular two groups were made: ‘mild-moderate’ group (either receiving no respiratory 415 

support or oxygen via nasal cannula) and ‘critical’ condition group (receiving high flow oxygen 416 

support or mechanical ventilation). Blood samples from all patients were collected at the 417 

earliest possible time-point after admission, as per study protocol. EDTA, heparin and citrate 418 

tubes were collected. Separation of plasma and PBMCs from EDTA tubes was performed 419 

using a lymphocyte separation medium (LSM, MP Biomedicals). PBMCs were frozen in 10% 420 

dimethyl sulfoxide (Sigma) and stored in liquid nitrogen for a maximum of 3 weeks, until 421 

further processing. Plasma was kept at -80°C until processing. If bronchoscopy with BAL was 422 

performed as part of the standard of medical care, a dedicated aliquot of this sample was 423 

collected and freshly processed for single-cell RNA-sequencing.   424 

Demographic, clinical, laboratory, radiologic, treatment and outcome data from 425 

patient electronic medical records were obtained through a standardized research form in 426 
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Research Electronic Data Capture Software (REDCAP, Vanderbilt University). All study 427 

procedures were approved by the Ethics Committee of the University Hospitals Leuven. 428 

Informed consent was obtained from all individuals or their legal guardians.  429 

 430 

CHEMOKINE AND CYTOKINE ASSAYS 431 

Chemokine and cytokine levels in plasma were assessed by Meso Scale Discovery using the 432 

V-plex human cytokine 30-plex kit, complemented with Human IL-1RA (V-plex), human IL-18 433 

(U-plex) and Human CXCL9 (R-plex) kits. 434 

 435 

COMPUTATION SYSTEMS BIOLOGY 436 

Unbiased computational systems biology-driven modelling to predict cell types responsible 437 

for COVID-19 cytokine release was performed, using our cytokine/chemokine plasma data as 438 

input and human immune cell-type expression profiles derived from 4639 human immune cell 439 

samples assembled from 191 independently published studies 25. We first calculated the fold-440 

change (FC) between COVID-19 patient sub-groups (mild-moderate and severe) and healthy 441 

controls for screening-derived cytokine/chemokine values. These FC values were log2 442 

transformed and, per COVID-19 subgroup, only those cytokines/chemokines were selected 443 

that had final log2FC >1. These target genes were then entered into the Immuno-Navigator 444 

computational pipeline25 to create correlation networks per human immune cell type gene 445 

expression profiles. Briefly, we created co-expression networks for specific genes, wherein 446 

the genes were linked based on Pearson correlation coefficient (PCC) thresholds for creating 447 

edges. Thicker edges indicated (statistical) significance of the PCC threshold; the default 448 

Immuno-Navigator settings were used per cell: B cells (edge correlation threshold = 0.4; 449 

significance correlation threshold = 0.47), CD4 T cells (0.4; 0.4), CD8 T cells (0.4; 0.49), cDCs 450 

(0.4; 0.46), macrophages (0.4; 0.43), neutrophils (0.4; 0.54), NK cells (0.4; 0.45), and pDCs 451 
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(0.4; 1). To create similarity matrix analyses between cytokine/chemokine data and mass 452 

cytometry-derived peripheral immune cell enrichments per COVID-19 patient subgroup (i.e. 453 

mild-moderate vs. severe), we utilized the Morpheus software 454 

(https://software.broadinstitute.org/morpheus) whilst considering Pearson correlation metric 455 

for correlation matrix creation and one minus Pearson correlation metric for hierarchical 456 

clustering. Values were considered for only those COVID-19 patients that had matched 457 

analyses for both cytokine/chemokine screening as well as mass cytometry. For network 458 

analyses integrating the Gene Ontology (GO) terms specific for immunology-related biological 459 

processes, we entered the specified genes into the GOnet computational pipeline49. Within 460 

the GOnet, the input human genes were computed for GO biological process term 461 

annotation based on predefined GO slim subset for immunology (experimental; process only) 462 

and represented via the Euler force-directed (physics simulation) layout (wherein gene-463 

unconnected terms were hidden). This analysis reconstructs relationship between genes and 464 

GO terms thereby giving a better idea of the functional immunological impact of specific input 465 

genes. 466 

 467 

MASS CYTOMETRY 468 

Sample Processing and Staining Procedure 469 

Whole blood (WB) samples were collected into Lithium heparin tubes and processed for 470 

mass cytometry staining within 2-4 hours of isolation. WB was stained with the Maxpar Direct 471 

Immune Profiling Assay (DIPA) kit from Fluidigm© by following the workflow outlined for 472 

whole blood staining. The last step of the protocol was performed overnight at 4°C. 473 

Alternatively, samples that could not be acquired on the instrument the next day, were 474 

cryopreserved in the same solution at -80°C. The cryopreservation technique was validated 475 

in triplicate by dividing aliquots of donor samples stained on the same day and comparing cell 476 
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viability and immune profiles between fresh and cryopreserved samples. Batch effects were 477 

evaluated by daily running a reference sample derived from an aliquot of the same healthy 478 

donor over the period of the study. 479 

Data Acquisition 480 

Cells stained for mass cytometry were acquired the day after staining or within 1 week of 481 

cryopreservation. For CyTOF acquisition, cells were pelleted in Milli-Q water on day of 482 

acquisition and transferred to the KU Leuven Flow and Mass Cytometry Facility to be acquired 483 

on a Helios mass cytometer (Fluidigm©). Cells were resuspended into a 1 million/ml 484 

concentration with Maxpar Cell Acquisition Solution containing EQ beads diluted at 1:10. 485 

Samples were filtered directly prior to acquisition through 35µm cell strainer cap tubes.  Cells 486 

were acquired at a rate of 250-300 events per second.  CyTOF software version 6.7.1016 and 487 

the Maxpar Direct Immune Profiling Assay.tem template were used to acquire and normalize 488 

data from the stained samples.  489 

Data Analysis (suppl. fig. 5) 490 

Normalized .fcs files were transferred to the Maxpar Pathsetter™ software (version 2.0.45) 491 

for QC (including bead removal and high-quality singlet selection). In-depth data analysis was 492 

subsequently done using 3 parallel strategies. First, the built-in immuno profiling tools of the 493 

Maxpar Pathsetter™ software were used to analyse the overall immune cell population in a 494 

highly standardized and automated way. Second, we used 123 cleaned .fcs files, including 8 495 

healthy controls and 115 COVID19 patients, through various stages of the disease. Samples 496 

were manually gated for live single cells, and samples with fewer than 50000 cells were 497 

discarded. Samples were then preprocessed: margin events were filtered out, data was 498 

transformed with an arcsinh transformation with cofactor 5 and the PeacoQC algorithm50 499 

was applied to remove any unstable signal regions during the measurement. A principal 500 

component analysis of the 25, 50 and 75 percent quantiles of the marker values marked 4 501 



 21 

additional files as outliers, which were not taken along further in the analysis. On this cleaned 502 

data a first FlowSOM model51 was trained, using a random selection of cells for all samples, 503 

resulting in 3,000,093 cells to train on. The clustering made use of 11 markers (CD45, CD66b, 504 

CD3, CD4, CD8a, TCRgd, NCAM, CD11c, CD19, CD14 and CD20), mapped the data onto 505 

a 10 by 10 SOM grid and resulted in 30 meta-clusters. 22 meta-clusters were selected as 506 

having CD66b values lower than 2 or CD45 values higher than 4, corresponding to non-507 

granulocytes, while 8 meta-clusters were labeled as granulocytes. The full files were mapped 508 

onto this model, and for each of them new fcs files were generated corresponding to the two 509 

subsets of cells. A second FlowSOM model was built including only the non-granulocyte cells 510 

(or only granulocyte cells), again using only a subset of 2,949,946 (granulocyte: 3,000,093) 511 

cells for training mapped onto a 10 by 10 SOM grid, this time using 33 markers (CD45, CCR6, 512 

IL-3R, CD19, CD4, CD8a, CD11c, CD16, CD45RO, CD45RA, CD161, CCR4, IL-2Ra, CD27, 513 

CD57, CXCR3, CXCR5, CD28, CD38, CD69, NCAM, TCRgd, CD163, CD294, CCR7, 514 

CD14, NKG2A, CD3, CD20, CD66b, HLA-DR, IgD and IL-7Ra). To be able to identify small 515 

populations, no meta-clustering was applied on these second models, and the 100 clusters 516 

were manually annotated by 3 independent experts according to their mean fluorescence 517 

intensity (MFI) values. In the non-granulocyte model, 6 clusters were manually identified as 518 

still being mixtures of different cell types, and split into 2 or 3 clusters, resulting in 107 non-519 

granulocyte clusters and 100 granulocyte clusters. These were themselves clustered by 520 

hierarchical clustering with complete linkage. Finally, 54 samples (8 healthy controls, 32 521 

selected patient samples labeled as “mild-moderate” and 14 selected samples labeled as 522 

“critical disease”) were mapped onto these models to identify their immune profiles. A third 523 

and final approach included a clustering strategy on a subset of using three different clustering 524 

methods including PhenoGraph, FlowSom, and KMeans52. Briefly, MFIs were asinh 525 

transformed and each marker was normalized in the [0-5] range using q99 normalization. A 526 
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randomly sampled subset of 1e5 cells was used for the initial clustering using a subset of 12 527 

markers (CD19, CD3, CD14, CD11c, CD4, CD45, CD20, CD8, CD56, TCRgd, CD66b, and 528 

CD294) and the three clustering methods abovementioned. Clusters were manually 529 

annotated to known cell phenotypes by two independent experts (FMB, FDS). Final 530 

annotations were defined by a consensus-based approach where only those cells that agreed 531 

over at least 2 algorithms were pertained. 92.27% of the cells showed agreement between 532 

the 3 clustering methods, 6.62% of the cells showed agreement between 2 of the 3 clustering 533 

methods, and 1.01% of the cells were discarded due to annotation disagreement. Cell 534 

phenotypes were represented by an expression fingerprint summarizing the average 535 

expression of all its cells for each of the 12 markers. These fingerprints were used to make 536 

predictions on the whole population of cells. Each identified main population was further 537 

clustered using the PhenoGraph clustering method and the whole set of markers. Cluster 538 

annotation, fingerprint construction, and population prediction was performed in the same 539 

way as the first iteration. Once annotated in all 3 approaches, cluster percentages, MFI values 540 

and between-cluster-ratios and sums (according to the merge-hierarchy of the hierarchical 541 

clustering) were compared between the groups with Wilcoxon rank tests and fold changes 542 

of the group medians. Additionally, a UMAP dimensionality reduction was computed on a 543 

subset of 50,000 cells from these samples (using the uwot R package with default parameters). 544 

The code used to generate these results is available at 545 

https://github.com/saeyslab/CYTOF_covid19_study.  546 

 547 

FLOW CYTOMETRY 548 

Flow cytometry protocols have been previously described31. Briefly, frozen PBMCs were 549 

thawed, incubated with phorbol myristate acetate (50 ng/mL), ionomycin (500 ng/mL) and 550 

Brefeldin A (8 µg/mL) for 4 hours and subsequently stained after washing steps. Data were 551 
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acquired on a BD Symphony and analysed by FlowSOM clustering and tSNE representation 552 

51. The flow cytometry and mass cytometry data that support the findings of the study are 553 

available in flowrepository: https://flowrepository.org/experiments/2713 and 554 

https://flowrepository.org/id/FR-FCM-Z2MW respectively. 555 

 556 

SINGLE-CELL RNA SEQUENCING 557 

Single-cell RNA sequencing was performed on 13 ‘mild-moderate’ and 10 ‘critical’ disease 558 

PBMC samples as well as 11 fresh BAL samples, sequencing 60675, 22849 and 26605 cells 559 

respectively (suppl. fig. 4a and 7a). Single-cell suspensions were converted to barcoded 560 

scRNA-seq libraries by using the Chromium Single Cell 5’ library and Gel Bead & Multiplex 561 

Kit from 10x Genomics. Libraries were sequenced on an Illumina NovaSeq 6000, and mapped 562 

to the human genome GRCh38 using CellRanger (10x Genomics). Raw gene expression 563 

matrices generated per sample were merged and analysed with the Seurat package (v3.1.4).  564 

Preparation of single-cell suspensions 565 

BAL fluid: 566 

Approximately 10 ml of BALF was obtained and placed on ice, with processing within 3h in a 567 

BSL-3 laboratory. BAL fluid was centrifuged and the supernatant was frozen at -80°C for 568 

further experiments. The cellular fraction was resuspended in ice-cold PBS and samples were 569 

filtered using a 40µm nylon mesh (ThermoFisher Scientific). Following centrifugation, the 570 

supernatant was decanted and discarded, and the cell pellet was resuspended in red blood 571 

cell lysis buffer. Following a 5-min incubation at room temperature, samples were centrifuged 572 

and resuspended in PBS containing UltraPure BSA (AM2616, ThermoFisher Scientific) and 573 

filtered over Flowmi 40µm cell strainers (VWR) using wide-bore 1 ml low-retention filter tips 574 

(Mettler-Toledo). Next, 10 µl of this cell suspension was counted using an automated cell 575 
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counter to determine the concentration of live cells. The entire procedure was completed in 576 

less than 1.5 h. 577 

PBMC: 578 

PBMC samples were thawed, centrifuged and the resulting cellular fraction resuspended in 579 

PBS containing UltraPure BSA. This was followed by filtering and counting, according to BALF 580 

protocol. The entire procedure was completed in less than 1h. 581 

Single cell RNA-seq data acquisition and pre-processing 582 

Libraries for scRNA-seq were generated using the Chromium Single Cell 5’ library and Gel 583 

Bead & Multiplex Kit from 10x Genomics. We aimed to profile 5,000 cells per library. All 584 

libraries were sequenced on Illumina NovaSeq6000 until sufficient saturation was reached. 585 

After quality control, raw sequencing reads were aligned to the human reference genome 586 

GRCh38 and processed to a matrix representing the UMI’s per cell barcode per gene using 587 

CellRanger (10x Genomics, v3.1). Multiplex sequencing was performed for PBMC samples, 588 

pooling 2 donors. Data were deconvolved using SCsplit 53 and annotated using SNPs and sex 589 

chromosomes. 590 

Single-cell RNA analysis to determine major cell types and cell phenotypes 591 

Raw gene expression matrices generated per sample were merged and analyzed with the 592 

Seurat package (v3.1.4). PBMC matrices were filtered by removing cell barcodes with <401 593 

UMIs, <201 expressed genes, >6,000 expressed genes or >25% of reads mapping to 594 

mitochondrial RNA. The remaining cells were normalized and the 2000 most variable genes 595 

were selected to perform a PCA analysis after regression for confounding factors: number of 596 

UMIs, % of mitochondrial RNA, patient ID, cell cycle (S and G2M phase), hypoxia, stress and 597 

interferon score. PCs (n=11) covering the highest variance in the dataset were selected based 598 

on an elbow plot. Clusters were calculated by the FindClusters function with a resolution 599 

between 0.1 and 1.5, and visualised using the UMAP dimensional reduction method, a 600 
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resolution of 1.0 was selected since all known cell types were identified as a cluster at this 601 

given resolution. Clusters were annotated based on the expression of marker genes (suppl. 602 

fig. 4a,b,c).  603 

To preserve neutrophils, which are transcriptionally less active (lower transcripts and genes 604 

detected), we slightly modified the filtering parameters for BAL fluid samples and removed 605 

cell barcodes with <301 UMIs, <151 expressed genes or >20% of reads mapping to 606 

mitochondrial RNA. Similar PCA and graph-based clustering approach resulted in some highly 607 

patient specific clusters, which prompted us to perform a data integration using CCA in 608 

Seurat(v3) package between patients to reduce the patient-specific bias. After data integration, 609 

mitochondrial, cell cycle, hypoxia, stress and interferon response genes were removed from 610 

the variable genes used for downstream PCA, graph-based clustering and marker gene-based 611 

cluster annotation (suppl. fig. 7a,b,c).  612 

Neutrophils in BAL fluid samples and T-cells and monocytes in PBMCs were further 613 

subclustered using the same strategy.  Doublet clusters expressed marker genes from other 614 

cell lineages, and had a higher than expected doublets rate, as predicted by the artificial k-615 

nearest neighbours algorithm implemented in DoubletFinder (v2).  616 

 617 

NETOSIS 618 

Platelet-poor plasma was prepared from freshly drawn citrate blood tubes centrifuged at 400 619 

g for 7 minutes at room temperature, followed by a second centrifugation of the supernatant 620 

at 3000 g for 7 minutes. Plasma was collected and stored at -80°C until analysis.  621 

Plasma was diluted 1:100 for analysis of myeloperoxidase antigen levels using the LEGEND 622 

MAXTM Human Myeloperoxidase ELISA kit (Biolegend) according to manufacturer 623 

instructions, and diluted 1:4 for analysis of NET biomarkers (MPO-DNA complexes and 624 

citrullinated histone H3). MPO-DNA complexes were measured using an in-house ELISA 625 
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modified from the Cell Death Detection ELISA (Roche,). A 96-well Nunc immunoassay plate 626 

(MediSORP, ThermoFisher) was coated overnight with polyclonal anti-myeloperoxidase 627 

antibody (1:1000 dilution, ThermoFisher PA5-16672) in 0.05 M sodium carbonate/sodium 628 

bicarbonate buffer (pH 9.6). After 4 washes with PBS containing 0.05% Tween-20, wells were 629 

blocked with 3% bovine serum albumin. Samples were diluted in assay buffer (0.3% BSA) and 630 

incubated for 2 hours in duplicate wells. Following extensive washing, wells were incubated 631 

with mouse anti-DNA monoclonal antibody conjugated with peroxidase from the Roche Cell 632 

Death Detection ELISA, washed, and detected with ready-to-use TMB substrate (Life 633 

Technologies, 2023). The reaction was stopped with 1 N hydrochloric acid and the plate read 634 

at 450 nM with 630 nM background subtraction using a Biotek Gen5 microplate reader. Values 635 

were normalized to a plasma pool from 10 healthy volunteers as multiple plates were needed 636 

to perform the full analysis. An in vitro prepared positive-control standard using the MPO 637 

standard from the LEGEND MAXTM Human Myeloperoxidase ELISA kit incubated with 638 

native human nucleosomes (Merck Millipore, 14-1057) confirmed specificity of the assay and 639 

provided an estimated detection range from 49.79-183.3 ng/ml. Citrullinated histone H3 levels 640 

were measured according to manufacturer instructions with the Citrullinated Histone H3 641 

[clone 11D3] ELISA kit from Cayman Chemicals.  642 

 643 

CHEST COMPUTED TOMOGRAPHY AND SCORE ASSESSMENT. 644 

All CT scans were performed using a Siemens SOMATOM Definition Flash, dedicated to the 645 

COVID-19 emergency department of our institution.  646 

Chest radiologists performed qualitative and quantitative evaluations of lung parenchyma 647 

opacities on CT scan. A CT score was assigned by converting percentage of lung parenchyma 648 

opacity for each lobe into a 5-points Likert scale: a score of 0 for 0% lung opacity (LO), 1 for 649 

1% to <5% LO, 2 for 5- 25% LO, 3 for 26-50% LO, 4 for 51-75% LO, and 5 for 76-100 LO. 650 
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The total CT score is the sum of the individual lobar scores and can range from 0 (no area 651 

with increase in lung opacity) to 25 (all five lobes show more than 75% increase in lung 652 

opacity). 653 

 654 

QUANTIFICATION AND STATISTICAL ANALYSIS 655 

Descriptive statistics are presented as median [interquartile range; IQR] and n (%) for 656 

continuous and categorical variables, respectively. The Mann-Whitney U test and Kruskal-657 

Wallis test with Dunn’s correction for multiple comparisons were used to compare 658 

differences in continuous data between groups as appropriate. Pearson’s χ2 or Fisher’s Exact 659 

test was used to compare differences in non-ordered categorical data between patient groups. 660 

Available case analysis was implemented to address data missingness where appropriate. 661 

Correlation analyses were tested by simple linear regression. Statistical analyses were 662 

performed using R (version 3.6.3, R Foundation for Statistical Computing, R Core Team, 663 

Vienna, Austria) in the RStudio integrated development environment (version 2.2.1; RStudio, 664 

Inc., Boston, MA, USA) and Graphpad Prism version 8.4.2. Statistical analyses were performed 665 

with a two-sided alternative hypothesis at the 5% significance level. 666 

 667 

 668 

 669 

 670 

  671 
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Figures 895 

 896 
 897 

Figure 1. Hypercytokinemia in COVID-19 as a distinct cytokine release syndrome 898 

Comparison of plasma levels of selected cytokines and chemokines from healthy controls 899 

(n=10), COVID-19 (n=61) and MAS patients (n=10) (a) and COVID-19 subgroups (for mild-900 

moderate, n=39; for critical, n=22) (b). Plasma concentrations were measured by MSD (Meso 901 

Scale Discovery). Boxplot representation with individual dots representing data points per 902 

patient. Kruskal-Wallis test with Dunn’s correction for multiple comparisons (a) and Mann 903 

Whitney T test (b) was used. Significance is shown as * p < 0.05 ; ** p < 0.01 ; *** p < 0.001 904 

and **** p < 0.0001. MAS = macrophage activation syndrome. See also Figure S1 and S2.  905 

 906 



 35 
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Figure 2. Peripheral blood immunophenotyping.  908 

(a) Heatmap representation of immune cell subset changes between healthy controls (n=8), 909 

COVID-19 mild-moderate (n=32) and critical (n=14) condition based on mass cytometry 910 

measurements on whole blood; representation shows relative fold change compared to 911 

healthy per cell subset. (b) ScRNA-seq data of COVID-19 PBMCs: UMAP plot of 83,524 912 

single-cells, colour-coded per cell type. (c) Violin plots of expression level of key 913 

cytokine/chemokine/chemokine receptor coding genes in the cell types identified in PBMCs 914 

from COVID-19 patients, as shown in figure 2b. (d) Boxplot representation of CD4+/CD8+ 915 

ratios in healthy controls (n= 6), mild-moderate (n=13) and critical (n=10) COVID-19 cases, 916 

based on scRNA-seq. Healthy control data were derived from a publicly available dataset 917 

(GSE150728). Wilcoxon rank sum test was used. Dots represent data points per patient. 918 

Significance is shown as * p < 0.05 ; ** p < 0.01. See also Figure S4 and S5. 919 

  920 
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 921 

Figure 3. Reduced MHC class II on antigen presenting cells marks critical 922 

COVID-19 923 

(a) Heatmap of differential monocyte clusters between healthy (n=8), mild-moderate (n=32) 924 

and critical (n=14) COVID-19 groups based on mass cytometry measurements on whole 925 

blood. Rows indicate monocyte subclusters. Columns indicate patient groups (left) and cell 926 

surface markers (right). (b) Boxplot of HLA-DR expression on CD14hi monocytes in healthy 927 

(n=6), mild-moderate (n=23) and critical (n=20) groups based on flow cytometric analyses of 928 
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PBMCs. (c) Boxplot representation of gene set enrichment analysis of HLA-DR complex 929 

coding genes in professional antigen presenting cells, comparing scRNA-seq data from mild-930 

moderate (n=13) and critical (n=10) COVID-19 cases. (d) Expression of HLA-DR on myeloid 931 

DC based on mass cytometry measurements. (e) Heatmap of genes coding for co-stimulatory 932 

molecules involved in MHC class II-restricted antigen presentation by dendritic cells, 933 

comparing mild-moderate versus critical COVID-19. Individual dots in boxplots represent 934 

data points per patient. Kruskal-Wallis test with Dunn’s correction for multiple comparisons 935 

(c) and Wilcoxon rank sum test (d, e) was used. Statistical significance is shown as * p < 0.05 936 

; ** p < 0.01  937 
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 40 

Figure 4. Disturbed immune regulation in severe COVID-19  940 

Pearson correlation-driven similarity/correlation matrix analysis of cytokines/chemokines and 941 

mass cytometry data in critical (n=14) (a) and mild-moderate (n=31) (b) COVID-19 patient 942 

subgroups. This correlation matrix analyses is a form of statistical modelling wherein 943 

statistically stable relationships between the different variables (i.e., cytokines/chemokines and 944 

immune cell subpopulations) allows their categorization into different clusters indicating high 945 

levels of correlation (indicated by the clustering dendrograms). Of note, the diagonal 946 

correlation value is 1, which denotes the highest possible statistically-significant correlation 947 

value between the given variables and represents the highest comparative threshold that 948 

“centres” the correlation network. See also Figure S3.  949 

 950 

  951 
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Figure 5. Contribution of neutrophils to COVID-19 immunopathology at a local 954 

level: scRNA-seq data of COVID-19 BAL fluid.  955 

UMAP plot of 26,605 single-cells (from 11 patients, n=6 for COVID-19, n=5 for non-COVID 956 

pneumonia), colour-coded per cell type (a) and UMAP showing active and resting neutrophil 957 

subclusters (b) present in the bronchoalveolar lavage fluid of COVID-19 and non-COVID 958 

pneumonia patients. (c) Feature plots of key differentially expressed genes, with IL1B, CXCL8 959 

and S100A12 being upregulated in the active neutrophil population. (d) Boxplots showing a 960 

significant abundance of active neutrophils in COVID-19 pneumonitis, as compared to non-961 

COVID pneumonia. (e) Relative immune cell type abundance in bronchoalveolar lavage fluid 962 

of COVID-19, compared to non-COVID pneumonia. A significant increase in neutrophils is 963 

observed, with a (non-significant) trend towards replacement of alveolar macrophages by 964 

inflammatory monocyte populations. Individual dots in boxplots represent data points per 965 

patient. Wilcoxon rank sum test was used. Significance is shown as * p < 0,05; ** p < 0,01. 966 

See also Figure S6.  967 
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Tables 968 

Table 1. Demographics and characteristics of patients infected with COVID-19. 969 

 

 

All patients 

(n=61) 

Mild-Moderate  

clinical condition 

(n=39) 

Critical  

clinical condition 

(n=22) 

p-value 

 

Baseline characteristics 

Age, years 62 [54-69] 61 [56-69] 63 [53-68] 0·814 

Sex ·· ·· ·· 0·173 

Men 36 20 16 ·· 

Women 25 19 6 ·· 

Comorbidity ·· ·· ·· ·· 

Arterial hypertension 32 (52) 21 (54) 11 (50) 0·983 

Diabetes mellitus 11 (18) 7 (18) 4 (18) 1·000 

Obesity (BMI > 30 kg/m²) 20 (33) 13 (33) 7 (32) 1·000 

Haematological malignancy 1 (2) 1 (3) 0 (0) 1·000 

Oncological malignancy 6 (10) 4 (10) 2 (9) 1·000 

Clinical characteristics 

APACHE II 16 [11-21] NA 16 [11-21] - 

Diagnosis of SARS-CoV-2 ·· ·· ·· ·· 

CT compatible 49 (80) 29 (74) 20 (91) 0·182 

CT severity score 9 (7-13) 8 (5-10) 13 (9-16) <0·0001 

qRT-PCR nasopharyngeal 

swab 
51 (84) 33 (85) 18 (82) 1·000 

qRT-PCR BAL fluid 6 (10) 1 (3) 5 (23) 0·0198 

Respiratory support 44 (72) 23 (59) 22 (100) 
0·0005b 

<0·0001c  

Oxygen via nasal cannula 23 (38) 23 (59) 0 (0) ·· 

High flow oxygen support 13 (21) 0 (0) 14 (64) ·· 

Invasive ventilation 6 (10) 0 (0) 6 (27) ·· 

Prone ventilation 2 (3) 0 (0) 2 (9) ·· 

Time from illness onset to 

sampling (days) 
9 [6-11] 8 [5-11] 10 [8-11] 0·110 

Length of hospital stay (days) 

((n)) 
11 [5-22] ((59)) 6 [4-11] ((37)) 24 [12-36] ((22)) <0·0001 

Data are median [IQR], or n (%). The p-values comparing patients with moderate-mild and critical clinical condition are from Mann-Whitney 970 
U testa for continuous data, Cochran-Armitage test for trendb for ordered categorical data, and Pearson’s χ2 or Fisher’s Exact testc for non-971 
ordered categorical data. BAL: bronchoalveolar lavage; BMI: body mass index; NA: not applicable. Bold font is used to highlight statistically 972 
significant findings.  973 



Figures

Figure 1

Hypercytokinemia in COVID-19 as a distinct cytokine release syndrome Comparison of plasma levels of
selected cytokines and chemokines from healthy controls (n=10), COVID-19 (n=61) and MAS patients
(n=10) (a) and COVID-19 subgroups (for mild moderate, n=39; for critical, n=22) (b). Plasma
concentrations were measured by MSD (Meso Scale Discovery). Boxplot representation with individual
dots representing data points per patient. Kruskal-Wallis test with Dunn’s correction for multiple
comparisons (a) and Mann Whitney T test (b) was used. Signi�cance is shown as * p < 0.05 ; ** p < 0.01 ;
*** p < 0.001 and **** p < 0.0001. MAS = macrophage activation syndrome. See also Figure S1 and S2.



Figure 2

Peripheral blood immunophenotyping. (a) Heatmap representation of immune cell subset changes
between healthy controls (n=8), COVID-19 mild-moderate (n=32) and critical (n=14) condition based on
mass cytometry measurements on whole blood; representation shows relative fold change compared to
healthy per cell subset. (b) ScRNA-seq data of COVID-19 PBMCs: UMAP plot of 83,524 single-cells, colour-
coded per cell type. (c) Violin plots of expression level of key cytokine/chemokine/chemokine receptor



coding genes in the cell types identi�ed in PBMCs from COVID-19 patients, as shown in �gure 2b. (d)
Boxplot representation of CD4+/CD8+ ratios in healthy controls (n= 6), mild-moderate (n=13) and critical
(n=10) COVID-19 cases, based on scRNA-seq. Healthy control data were derived from a publicly available
dataset (GSE150728). Wilcoxon rank sum test was used. Dots represent data points per patient.
Signi�cance is shown as * p < 0.05 ; ** p < 0.01. See also Figure S4 and S5.

Figure 3



Reduced MHC class II on antigen presenting cells marks critical COVID-19 (a) Heatmap of differential
monocyte clusters between healthy (n=8), mild-moderate (n=32) and critical (n=14) COVID-19 groups
based on mass cytometry measurements on whole blood. Rows indicate monocyte subclusters. Columns
indicate patient groups (left) and cell surface markers (right). (b) Boxplot of HLA-DR expression on
CD14hi monocytes in healthy (n=6), mild-moderate (n=23) and critical (n=20) groups based on �ow
cytometric analyses of PBMCs. (c) Boxplot representation of gene set enrichment analysis of HLA-DR
complex coding genes in professional antigen presenting cells, comparing scRNA-seq data from mild
moderate (n=13) and critical (n=10) COVID-19 cases. (d) Expression of HLA-DR on myeloid DC based on
mass cytometry measurements. (e) Heatmap of genes coding for co-stimulatory molecules involved in
MHC class II-restricted antigen presentation by dendritic cells, comparing mild-moderate versus critical
COVID-19. Individual dots in boxplots represent data points per patient. Kruskal-Wallis test with Dunn’s
correction for multiple comparisons (c) and Wilcoxon rank sum test (d, e) was used. Statistical
signi�cance is shown as * p < 0.05 ; ** p < 0.01



Figure 4

Disturbed immune regulation in severe COVID-19 Pearson correlation-driven similarity/correlation matrix
analysis of cytokines/chemokines and mass cytometry data in critical (n=14) (a) and mild-moderate
(n=31) (b) COVID-19 patient subgroups. This correlation matrix analyses is a form of statistical modelling
wherein statistically stable relationships between the different variables (i.e., cytokines/chemokines and
immune cell subpopulations) allows their categorization into different clusters indicating high levels of



correlation (indicated by the clustering dendrograms). Of note, the diagonal correlation value is 1, which
denotes the highest possible statistically-signi�cant correlation value between the given variables and
represents the highest comparative threshold that “centres” the correlation network. See also Figure S3.

Figure 5

Contribution of neutrophils to COVID-19 immunopathology at a local level: scRNA-seq data of COVID-19
BAL �uid. UMAP plot of 26,605 single-cells (from 11 patients, n=6 for COVID-19, n=5 for non-COVID



pneumonia), colour-coded per cell type (a) and UMAP showing active and resting neutrophil subclusters
(b) present in the bronchoalveolar lavage �uid of COVID-19 and non-COVID pneumonia patients. (c)
Feature plots of key differentially expressed genes, with IL1B, CXCL8 and S100A12 being upregulated in
the active neutrophil population. (d) Boxplots showing a signi�cant abundance of active neutrophils in
COVID-19 pneumonitis, as compared to non- COVID pneumonia. (e) Relative immune cell type abundance
in bronchoalveolar lavage �uid of COVID-19, compared to non-COVID pneumonia. A signi�cant increase
in neutrophils is observed, with a (non-signi�cant) trend towards replacement of alveolar macrophages
by in�ammatory monocyte populations. Individual dots in boxplots represent data points per patient.
Wilcoxon rank sum test was used. Signi�cance is shown as * p < 0,05; ** p < 0,01. See also Figure S6.
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