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SUMMARY 

Host immune responses play central roles in controlling SARS-CoV2 infection, yet remain incompletely 

characterized and understood. Here, we present a comprehensive immune response map spanning 454 

proteins and 847 metabolites in plasma integrated with single-cell multi-omic assays of PBMCs in which 

whole transcriptome, 192 surface proteins, and T and B cell receptor sequence were co-analyzed within 

the context of clinical measures from 50 COVID19 patient samples. Our study reveals novel cellular 

subpopulations, such as proliferative exhausted CD8+ and CD4+ T cells, and cytotoxic CD4+ T cells, that may 

be features of severe COVID-19 infection. We condensed over 1 million immune features into a single 

immune response axis that independently aligns with many clinical features and is also strongly associated 

with disease severity. Our study represents an important resource towards understanding the 

heterogeneous immune responses of COVID-19 patients and may provide key information for informing 

therapeutic development. 
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INTRODUCTION 

The novel coronavirus disease, COVID-19 has rapidly spread to become a global health challenge, with 

over 11M cases and over 0.5M associated fatalities reported by early July 2020. 20-31% of symptomatic 

patients require hospitalization, with ICU admission rates ranging from 4.9-11.5%, and fatality rates 

ranging from 2-10% (Iype and Gulati, 2020). Management of COVID-19 is mostly supportive, and 

respiratory failure from acute respiratory distress syndrome (ARDS) is the leading cause of mortality. 

Patients with more severe COVID-19 infections are distinguished by significant immune dysregulation, the 

nature of which is incompletely understood. 

Recorded signatures of immune dysregulation include lymphopenia that is commonly associated with 

reduced numbers of T cells, natural killer cells, and other lymphocytes (Cao, 2020; Ruan et al., 2020; Tan 

et al., 2020), as well as elevated exhaustion markers on immune cells (Zheng et al., 2020). Elevated levels 

of circulating inflammatory cytokines (Mathew et al., 2020) have been reported, although the primary 

source of such cytokines, as well as the roles of circulating T cells and monocytes, has been debated (Wilk 

et al., 2020; Zhou et al., 2020). A condition bearing similarities to IL-6-mediated cytokine release syndrome 

(CRS) (Yang et al., 2020) has also been reported in severely ill COVID-19 patients, although unlike in CRS 

in cancer patients receiving CAR-T immunotherapies, associated toxicity are less severe, and benefit of IL-

6 blockade was less consistent (Vardhana and Wolchok, 2020). However, high IL-6 levels, together with 

elevated levels of C-reactive protein, has been shown to correlate with the need for mechanical 

ventilation (Herold et al., 2020; Wang et al., 2020). 

Single-cell molecular profiling has just begun to unravel the heterogeneous nature of immune 

dysregulation in COVID-19 patients (Herold et al., 2020; Wang et al., 2020). These have included reports 

that airway epithelium-immune cell interactions increase with increasing disease severity, potentially 

providing insights into lung injury and the respiratory failure (Chua et al., 2020). Wilk et al. reported on 

the sc-RNA-seq profiles of PBMCs collected from seven COVID-19 patients (Wilk et al., 2020) to yield a 

preliminary single cell PBMC analysis, which revealed factors such as a heterogeneous interferon-

stimulated gene signature and robust HLA Class II downregulation. This study also revealed a high patient-

to-patient variability, emphasizing the need for more comprehensive studies. Mathew et al. reported an 

analysis of ~200 immune cell features, integrated with >30 clinical features, for 71 COVID-19 patients 

(Mathew et al., 2020) to resolve immune cell phenotypes associated with both poor and improving clinical 

status in COVID-19 patients. This larger sample size allowed for the identification of certain canonical 

immune cell phenotypes that are associated with COVID-19 infection and clinical features of the disease. 

These findings collectively suggest that approaches that can connect information levels ranging from 

clinical characteristics to immune features at single-cell resolution may well be necessary for accelerating 

our understanding of the broad clinical heterogeneity of SARS-CoV2 infections.  

 

Here we develop a comprehensive view of the 1-week period of COVID-19 infection following initial 

hospitalization, for a cohort of 26 hospitalized patients compared with 35 healthy donors. This view is 

built by first extracting the demographics and static and dynamic clinical features for each patient from 

their electronic health record. This clinical picture is then integrated with multi-omic analytics of two 

sequential blood draws per patient (50 total), the first of which was collected shortly after initial clinical 

diagnosis (time = T1), and the second a few days later (time = T2) (Figure S1A).  For each blood draw, the 

plasma levels of nearly 500 proteins and 1000 metabolites were quantified (Figure 1A). That data set was 

complemented by single-cell multi-omic analyses of PBMCs in which the whole transcriptome, 192 surface 
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proteins, 32 secreted proteins, and T-cell and B-cell receptor gene sequences are measured. Our results 

not only validated past studies on correlations between distinct subpopulation presence and disease 

severity but also revealed many novel COVID-19 associated immune cell subpopulations and functions, 

many of which associate with disease severity. Our comprehensive clinical, multi-omic single-cell and 

plasma analyte datasets provide an integrated multi-omic resource of the immune response to severe 

COVID-19 infection. Our unique resource can permit the elucidation of disease perturbed, coordinated 

biological networks that capture the disease process, which are not readily resolved using less 

comprehensive approaches. 
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RESULTS 

COVID-19 patients display varying clinical profiles, plasma proteomic and metabolomic profiles as well 

as circulating immune cell populations 

To comprehensively characterize the peripheral immune response in severe COVID-19, we analyzed 

peripheral blood mononuclear cells (PBMCs) and plasma from 35 healthy and 50 COVID-19 patient 

samples (about 5000 cells per sample) (Figures 1A and S1A) To capture the phenotypes and functional 

properties of PBMCs, we applied 10X Genomics’ droplet-based single-cell multi-omic technology (Zheng 

et al., 2017) to simultaneously measure whole transcriptome (over 25000 genes), the abundance of 192 

surface proteins and T and B cell receptor (TCR and BCR) sequences from each single cell. Further, we 

utilized the Isoplexis assay (Lu et al., 2015; Ma et al., 2011) to assess the levels of 32 secreted chemokines 

and cytokines from viable, single CD4+ , CD8+ T cells and monocytes. In addition, plasma derived from the 

same patient samples were characterized by quantifying the levels of 454 targeted proteins using the 

Olink proximity extension assays and 847 untargeted metabolites from Metabolon’s global metabolomics 
platform. (Figure 1A) 

These COVID-19 patients exhibited a wide range of clinical laboratory phenotypes, including many that 

correlate with disease severity, as defined by the WHO ordinal scale (WHO) (WHO, 2020) (Figures 1B, S1B 

and S1C). Clinical metadata for these COVID-19 patient samples are presented in Table S1. For example, 

segmented neutrophil (Seg. neutrophils) numbers displayed a positive correlation with disease severity 

(Figures 1B and S1C), as gauged by samples collected from patients treated in the intensive care unit (ICU) 

vs. those not in the ICU (Table S1). Lymphocyte count was reduced in ICU samples (Figure 1B), consistent 

with previous reports of lymphopenia in severely infected COVID-19 patients (Cao et al., 2020). 

Furthermore, clinical inflammatory syndrome related features, including C reactive protein (CRP), ferritin, 

D-dimer, and fibrinogen, were all elevated in COVID-19 patients (Figures 1B, and S1B), with the increase 

of CRP and D-dimer even more pronounced in ICU samples (Figure 1B). We identified a number of other 

clinical features that also correlate with disease severity (Figure S1C), and are consistent with existing 

literature (Mathew et al., 2020). 

The analyzed plasma proteins and metabolites are listed in Tables S2 and S3. Principal component analysis 

(PCA) of both datasets revealed a clear separation of healthy and COVID-19 samples, with principal 

component 1 (PC1) positively correlated with disease severity (Figures 1C, 1D and S1D). We further 

quantified the correlation of each protein or metabolite with disease severity. Consistent with previous 

reports (Somers et al., 2020), several cytokines associated with immune defense and inflammation, 

including IFN-γ, IL6, and IL8 showed positive correlations with disease severity and exhibited the highest 

levels in ICU samples (Table S4, Figures 1C and S1E). Similarly, the inflammation and hypoxia associated 

metabolite lactate (Ivashkiv, 2020) exhibited a positive correlation with disease severity (Table S5). In 

contrast, trigonelline, uridine, and guanidinoacetate all displayed negative correlation (Table S5, Figure 

1D), indicating reduced antioxidant activity, increased superoxide dismutase activity, and altered anti-

inflammatory activity in COVID-19 patients (Cicko et al., 2015; Liu et al., 2018; Marques et al., 2019; Zhou 

et al., 2013). Interestingly, the immune suppressive metabolite kynurenine (Belladonna et al., 2009) 

showed the highest level in ICU samples while its precursor, tryptophan, showed the lowest level (Figure 

1D), suggesting an accelerated conversion of tryptophan towards kynurenine in these patients. These 

results highlight the perturbation of COVID-19 on metabolic functions, particularly upregulated 

immunosuppressive pathways, which may reduce the capacity of immune system to clear the virus in 
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those patients. These broad changes of plasma proteomic and metabolomic profiles suggest a shift in 

biological programs associated with disease severity in COVID-19 patients. 

We comprehensively characterized all PBMC immune cells using single-cell multi-omic analysis that 

encompasses the whole transcriptome and 192 surface proteins (Table S6) from each single cell. The 

resulting high-dimensional single-cell dataset was visualized as a two-dimensional map by Uniform 

Manifold Approximation and Projection (UMAP) (Becht et al., 2019). Cellular phenotype identities were 

revealed by unsupervised clustering followed by annotation with canonical marker genes and proteins for 

each major immune cell type (Figures 1E, S1F, S1G and Methods). We then quantified the cell type 

proportions and their correlation with disease severity and observed significant variability across samples 

(Figures 1F, S1H and S1I). Consistent with previous reports (Mathew et al., 2020), a drop in the T cell 

fraction, especially CD8+ T cells, relative to healthy donors was observed (Figure 1F). This pattern was also 

seen in the reduced absolute count of CD4+ and CD8+ T cells (Figure 1G). By contrast, monocyte, NK cell 

and megakaryocyte percentages were elevated (Figures 1F and S1I). In summary, high-dimensional multi-

omic analysis revealed an increase of inflammatory cytokines and potentially immunosuppressive 

metabolites in plasma, as well as significant alterations in the composition of major immune cell classes, 

all of which associated with disease severity.  This prompted us to further investigate the complete 

transcriptomes of all immune cell types and their correlation with disease. 

Severity of COVID-19 is associated with the activation, proliferation, and clonal expansion of CD8+ T 

cells.  

The decrease in the fraction of circulating CD8+ T cells with an increase of SARS-CoV-2 infection severity 

prompted us to further investigate this immune cell class by studying its subpopulation composition, 

clonal expansion, and polyfunctionality. We first projected all CD8+ T cells onto a two dimensional UMAP 

and utilized unsupervised clustering of the single-cell whole transcriptomes to resolve 10 subpopulations 

(Figure 2A, top left panel). Each subpopulation could be further characterized at the protein level (Figure 

2B, 2C, and S2B) and by gene signatures through transcriptome analysis (Figure 2C). The UMAP analysis 

revealed a clear spatial separation between the major CD8+ T cell phenotypes (Figures 2A-2C), which was 

independently validated using measured protein levels. In the individual panels of Figure 2A, we have 

used the expression of specific transcripts to identify naïve, memory, effector, exhausted-like, and 

proliferative phenotypes. For instance, the naïve cell mRNA and protein markers LEF1, TCF7 and CD197 

were all upregulated in the orange-colored cluster 1, while activated effector markers such as GZMB and 

PRF1 were much higher in clusters 0 and 2 (Figures 2A, 2C and S2A). The markers GZMK and CD69 for 

memory-like (or intermediate-like) cells were mainly upregulated in cluster 3 (red), which is sandwiched 

between the regions of naïve and effector cells (Figures 2A and S2A). Interestingly, cluster 8 (light blue) 

displayed intermediate levels of effector markers, but upregulated proliferation markers MKI67 and TYMS 

(Figures 2A and S2A). Exhausted CD8+ T cells have been documented in COVID-19 patients (Diao et al., 

2020; Moon, 2020; Zheng et al., 2020) and, indeed, exhaustion markers LAG3 and TIGIT were upregulated 

in both effector clusters (0 and 2) as well as the proliferative cluster 8 (Figures 2A, 2C, S2A and S2B). The 

measured protein levels yielded a consistent picture. For example, the naïve-like cluster 1 displayed a 

higher CD45RA/CD45RO ratio than other clusters (Figure 2B). As might be expected, the effector-like 

clusters 0 and 2 also showed the most clonal expansion (Figures 2D, 2E, S2C and S2D), while T cells with 

a clonal expansion index of 1 were mainly identified within the naïve-like cluster 1 and the intermediate 

memory-like cluster 3 (Figures 2D, 2E, S2C and S2D). This suggests that the activated effector CD8+ T cells 

detected in peripheral blood are clonally expanding due to virus-antigen encounters. Thus, the peripheral 
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CD8+ T cells are heterogeneous, comprised of diverse subpopulations with distinct gene expression, 

surface protein profiles, and clonal-expansion levels.   

We next investigated the association of these subpopulations with disease severity. We projected the 

distribution density of cells from healthy, non-ICU and ICU COVID-19 samples onto the UMAP separately 

(Figure 2F). As expected, the naïve-like cell cluster 1 (orange dashed border in Figure 2F) displayed the 

highest density in healthy patients. This subpopulation, along with naïve-T-cell-related genes and proteins, 

decreased in COVID-19 patients, (Figures 2F, 2G and S2E). By contrast, effector-like cell cluster 2 (green 

dashed border in Figure 2F) and effector transcript for GZMB were enriched in COVID-19 patient samples 

relative to healthy donors (Figures 2F, 2G and S2E). Consistent with this observation was that CD8+ T cell 

activation and differentiation markers (CD39, CD71, and CD95) exhibited positive correlations with 

disease severity, including the WHO ordinal scale (Figure 2I). CD8+ T cell clonal expansion was also 

enhanced in COVID-19 patients (Figure 2H).  Furthermore, the proliferative CD8+ T cell cluster (cluster 8, 

cyan dashed border in Figure 2F) was enlarged in COVID-19 patients, especially in ICU samples (Figures 

2F and 2G). This observation was confirmed by the positive correlation of DNA replication transcripts and 

pathway enrichment score with disease severity (Figure 2I). Thus, increased activation and clonal 

expansion of CD8+ T cells was present in the peripheral blood of COVID-19 patients, and the percentage 

of proliferative CD8+ T cells positively correlates with disease severity.  

Notably, the most distinct and novel CD8+ T cell subpopulation is Cluster 8, which is nearly absent in 

healthy donors but elevated in ICU patients (Fig 2G). The dominant marker for cell proliferation (e.g. 

MKI67) is exclusively expressed in cluster 8, while, counterintuitively, this cluster also exhibits the highest 

levels of exhaustion markers, retains the 2nd highest cytotoxic signatures among all clusters, and has not 

fully lost the naïve signature (Fig 2SF). Such hybrid features of T cell exhaustion may be a unique signature 

of severe COVID19 infection. 

Polyfunctional T cells produce multiple different cytokines and can release substantially higher amount of 

cytokines relative to other T cells, and so dominate the immune response to a pathogen relative to cells 

producing zero or one cytokine (Abel et al., 2010; Boyd et al., 2015; Lu et al., 2015; Ma et al., 2013; Parisi 

et al., 2020; Reyes-Sandoval et al., 2010; Zhou et al., 2017). To examine the polyfunctionality of T cells in 

SARS-CoV-2 infection, we applied single-cell secretome analysis (Isoplexis) to characterize the secretion 

of 32 cytokines by individual CD8+ T cells from COVID-19 patients characterized by different levels of 

disease severity. Polyfunctionality can be quantified by the Polyfunctional Strength Index (PSI), which is 

(the numbers of different proteins secreted) × (copy numbers secreted) (Lu et al., 2015; Ma et al., 2011). 

The PSI was up-regulated in all COVID-19 samples relative to healthy donors (Figure 2J). In addition, the 

frequency of CD8+ T cells that secrete the cytotoxic granules granzyme B and perforin was also sharply 

increased (Figure 2J). This is consistent with the relative increase of effector CD8+ T cells subpopulations 

in those patients (Figure 2G). Thus, peripheral CD8+ T cells in hospitalized COVID-19 patients display 

increased polyfunctionality, along with an upregulated frequency of effector-cytokine-secreting T cells, 

which may be needed to control the virus infection in severe disease, yet may also contribute to cytokine 

release syndrome. 

CD4+ T cell proliferation, cytotoxic activity, and clonal expansion changes with severity of COVID-19  

We next examined the association between disease severity and CD4+ T cell characteristics. Similar to the 

analysis of CD8+ T cells, we first assessed the subpopulation composition, and then interrogated the clonal 

expansion and polyfunctionality. The clustering displayed as color coded UMAP is shown in Figure 3A (top 
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left panel). Naïve mRNA (TCF7, CCR7) and proteins (CD45RA and CD197) were uniquely upregulated in 

cluster 0 (blue) and 2 (green) (Figures 3A, 3C, S3A and S3B). Th1 cytokine, IFN-γ and exhaustion markers 

(LAG3, CD279, and CD224) were all upregulated in cluster 3 (red) and cluster 8 (cyan) (Figures 3A, 3C, S3A 

and S3B). Interestingly, CD244 (2B4) is also expressed in clusters 3 and 8, as well as cluster 7 (olive).  This 

marker is more commonly seen in CD8+ T cells (Figure 2C) (Agresta et al., 2018)) and indicates the 

maintenance of an exhausted phenotype. Cluster 8 displayed uniquely upregulated proliferation genes 

MKI67 and TYMS (Figures 3A, 3C, and S3A). The Treg marker FOXP3 was elevated mainly in cluster 1 

(Figures 3A and 3C). The CD45RA/CD45RO protein ratio was elevated in the naïve-like clusters 0 and 2 

(Figure 3B). Surprisingly, cluster 3 exhibited a strong elevation of the cytotoxic PRF1 and GNLY cytokines 

(Figures 3A, 3C and S3A). Cytotoxic CD4+ T cells can be induced by repeated antigen exposure (Juno et al., 

2017; Takeuchi and Saito, 2017), suggesting that cluster 3 cells may have encountered viral antigens 

repeatedly. The high level of clonal expansion within cluster 3 (Figures 3D, 3E, S3C, and S3D) further 

implies viral specificity of this cluster.   

CD4+ T cells from healthy, non-ICU and ICU COVID-19 samples are projected as density UMAP in Figure 3F. 

In comparison with healthy donors, the naïve like cluster (cluster 0, dark blue) was reduced in COVID-19 

patients while the proliferative cluster (cluster 8, cyan) was increased (Figures 3F and 3G). This result is 

consistent with the positive correlation between disease severity and proliferation related genes (Figure 

3I), and in line with a negative correlation between disease severity and the naïve cell pathway enrichment 

score (Figure 3I). The novel cytotoxic cluster 3 cells are also upregulated in all COVID-19 patients (Figures 

3F and 3G), again possibly reflecting repeated SARS-CoV-2 viral antigen encounters for these T cell 

phenotypes. Such cytotoxic CD4+ T cells have, to our knowledge, not been reported before in COVID-19 

patients. Finally, the proportion of clonally expanded CD4+ T cells was higher in COVID-19 patients (Figure 

3H), likely due to the expansion of virus-specific T cells to help control the infection. 

We also quantified the genes, surface proteins, and pathway enrichment scores in CD4+ T cells and their 

correlation with disease severity. Consistent with recent literature (Chen et al., 2020; Mathew et al., 2020), 

an increase of FAS pathway genes, proliferation genes, activation/effector surface markers CX3CR1, B7-

H4, the Th1 differentiation pathway score, and the Type I interferon response gene signature were 

positively correlated with disease severity (Figure 3I). By contrast, naïve T cell signatures and the early-

activation marker CD27 were negatively correlated (Figure 3I).  

As blood draws from two different time points were taken for the same patient, we also analyzed 

individual patient data for time-progression trajectories to discern gene expression dynamics and their 

associations with alleviated or aggravated disease symptoms. Type I interferon response genes, cytokine 

signaling activities, and antigen presentation gene signature all decrease in patients who improve from T1 

to T2 (WHO score decreases) (Figure 3J, Table S7). Thus, the Type I interferon response, T cell activation 

and differentiation processes strongly associate with disease severity and its progression over time.  

We analyzed for the polyfunctionality of single, viable CD4+ T cells using the PSI (Lu et al., 2015; Ma et al., 

2011). We found that CD4+ T cells from COVID-19 patients demonstrated a greatly elevated 

polyfunctionality relative to those from healthy donors (Figure 3K). Within COVID-19 patients, CD4+ T cells 

from ICU samples exhibited a decrease in polyfunctionality (Figure 3K). Specifically, the contributions from 

effector cytokines, stimulatory cytokines, and inflammatory cytokines (as defined in the Methods) were 

all reduced in ICU samples (Figures 3F and S3F). The decrease of polyfunctionality in ICU samples may be 

a signature of the dysregulated immune function in the most severely infected patients. Notably, a similar 
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decrease in the PSI of CD8+ T cells was also observed for ICU samples (Figure 2J). This may be a general 

trend reflecting T cell exhaustion in the most critically ill patients.  

B cell differentiation status into plasmablasts increases with COVID-19 disease severity 

B cells are the other major player of the adaptive immune system, and stimulating them to produce virus 

neutralizing antibodies is a major objective of current vaccine efforts. Utilizing unsupervised clustering, B 

cells were partitioned into three major phenotypes (Figures 4A, 4B, S4A, and S4B): naïve B cells 

(IgD+IgM+CD27-), memory B cells (CD27+CD38lowCD24high) and plasmablasts/plasma cells (CD20-

CD38highCD27+). The proportions of all three phenotypes displayed an obvious departure progressively 

from healthy to COVID-19 non-ICU to ICU samples. Naïve cell (cluster 0 (blue)) percentages and gene 

signatures were decreased in patients with higher disease severity, whereas plasmablast/plasma cell 

(cluster 4 (purple)) frequencies and gene signatures were elevated with more severe infection (Figures 

4A, 4E-4H, and S4C-4E). Memory B cell (cluster 2 (green)) percentages increased in COVID-19 patients 

compared to healthy donors. Class-switched memory B cells that expressed IgA and IgG genes (IGHG1 and 

IGHA1) represented the major cell population of memory B cells identified (Figures 4A and S4A). 

Meanwhile, the levels of naïve B cell surface proteins, IgD and IgM, were negatively correlated with 

disease severity (Figures 4H and S4D). B cell activation signatures including downregulation of FCER2, and 

upregulation of SLAMF7 and CD11C, were more prominent in COVID-19 patients compared to healthy 

controls (Figures 4G, S4C and S4D). Transcripts of antibody-secreting cell (ASC)-related genes and surface 

markers, including CD138, XBP1, SPCS3, and IGHG4, were over-represented in COVID-19 patient samples 

(Figures 4H and S4C). Indeed, marked plasmablast expansion has been associated with disease severity 

in infectious diseases such as acute dengue virus infection (St. John and Rathore, 2019). We also found 

pronounced IgA (IGHA1) gene expression in both COVID-19 non-ICU and ICU samples compared to healthy 

samples, with the highest expression levels found in ICU samples (Figure S4C), suggesting a role for the 

IgA response in mucosal immune responses targeting viral control. Additionally, as seen in monocytes, 

MHC-class II genes in B cells were also downregulated in COVID-19 patients in comparison with healthy 

donors, and such downregulation was more pronounced in ICU samples compared to non-ICU samples 

(Figures 4G and S4C), as previously reported (Wilk et al., 2020). Such altered MHC class II expression could 

potentially permit evasion of immune recognition of viral epitopes by CD4+ T cells, thus impairing the 

adaptive immune response in COVID-19 patients. Overall, our findings suggest that higher levels of B cell 

activation and differentiation into ASCs is associated with more severe disease.  

Decreased antigen presentation and increased extravasation and polyfunctional potential in monocytes 

are associated with COVID-19 disease severity  

The relative frequency of monocytes appeared to markedly increase in COVID-19 patients compared to 

healthy donors (Figure 1F). UMAP visualization of all monocytes showed a clear separation of non-classical 

monocytes (CD14low CD16+ cluster 3, red), characterized by the upregulated genes FCGR3A, CX3CR1 and 

surface proteins CD16 (Figures 5A, 5B, 5D, and S5A). Among the classical monocyte clusters (CD14+ CD16-), 

cluster 1 (orange) was distinguished by increased expression of the extravasation marker CCR2, type I 

interferon (IFN) response genes, and inflammation related genes such as S100A9, S100A12, and a 

decreased antigen stimulus response gene signature (Figures 5A, 5C, 5D, S5A, and S5B). We examined 

the association of these subpopulations with disease severity. Proinflammatory cluster 1 classical 

monocytes were more prevalent in ICU samples (Figure 5E). Accordingly, the cluster1-unique markers, 

proinflammatory gene S100A8, and extravasation gene CCR2, were upregulated in ICU samples (Figure 
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5F). This is consistent with the observation that extravasation genes, monocyte activation, and activation-

associate metabolic pathways were positively correlated with disease severity (Figure 5H). Accordingly, 

upon stimulation with LPS, the frequency of monocytes that secrete proinflammatory cytokines IL-6, IL-8, 

etc., also increased in COVID-19 patients, especially in ICU samples (Figure S5C). Compared to cluster 1, 

the proportion of non-classical monocytes (cluster 3), which are generally better at antigen presentation 

and restoring homeostasis (Schmidl et al., 2014), displayed a sharp decrease in ICU samples (Figure 5E). 

HLA class II genes, proteins, and antigen presentation pathway enrichment scores were also down-

regulated, especially in ICU samples (Figures 5F and 5G). In fact, HLA-class II gene expression also showed 

a strong negative correlation with disease severity (Figure 5H). This is reminiscent of monocyte 

“immunoparalysis” reported in sepsis where, under conditions of high inflammation, the monocytes 

become dysfunctional (Giamarellos-Bourboulis et al., 2020). This is further supported by the decrease in 

TNF-α transcripts (Figure 5F). In fact, the expression of MHC class II genes across COVID-19 samples is 

negatively correlated with IL-6 plasma level (Figures 5I and S5D), indicating that monocyte dysfunction is 

likely related to and possibly induced by the hyper-inflammatory plasma environment. 

We also investigated polyfunctionality by assaying for the PSI of monocytes collected from healthy, non-

ICU and ICU samples after LPS stimulation ex vivo. In comparison with monocytes from healthy donors, 

elevated functionality was observed in stimulated monocytes from COVID-19 donors, especially in those 

ICU samples (Figure 5J). The polyfunctionality contributions from effector, stimulatory and inflammatory 

cytokines all increased with disease severity (Figure 5J).  

In summary, reduced antigen presentation and enhanced extravasation and polyfunctional potential in 

monocytes are associated with disease severity in COVID-19 patients. 

Proliferation and maturation in NK cells vary with COVID-19 disease severity  

As another important player in controlling virus infection, NK cells were also analyzed at single cell 

resolution. UMAP visualization of clustering showed a separation of two major subsets, which 

corresponded to the two well-known NK cell subsets: CD56bright (cluster 4 (purple)) and CD56dim CD16bright 

(cluster 0-3 (blue, orange, green, and red) and 5-6 (brown and pink)) NK cell subpopulations (Figures 6A, 

6B, and 6D). As expected, the CD16bright subpopulation displayed high levels of cytotoxic transcripts 

(Figures 6A, 6B, and 6C). Interestingly, among CD56dim CD16bright NK cells, one subset (cluster 5) exhibited 

a pronounced type I IFN response gene signature (Figures 6A, 6C and 6D), and the other subset (cluster 

6) showed the highest level of the proliferation marker MKI67 among all the NK cell subsets (Figures 6A, 

and 6D). The percentage of proliferative cluster 6 NK cells showed a pronounced increase in ICU samples 

compared to non-ICU samples and healthy controls (Figure 6E). Consistently, DNA replication and cell 

proliferation associated genes and pathways were also positively correlated with the WHO disease 

severity score (Figures 6F and 6G). Different from cluster 6, the percentages of the CD56bright NK cell 

subpopulation (cluster 4) and its representative marker SELL decreased in COVID-19 patients, especially 

in non-ICU samples, compared to healthy donors (Figures 6E, and 6F), which may reflect the skewing of 

NK cells from cluster 4 to more cytotoxic phenotypes.  

We also observed correlations between CD69, a type I IFN inducible marker, and genes associated with 

IFN responses with disease severity (Figure 6G). This may be associated with the elevated inflammatory 

environment in the blood or in tissues (Figure 1C). The pronounced proliferation and type I IFN responses 

of NK cells indicated their vigorous activation upon SARS-CoV-2 infection. We also viewed each patient as 

a time-progressing trajectory and examined the changes of gene expression and their association with 
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alleviated or aggravated disease symptoms. We found that expression of cytotoxic NK cell marker CD16 

and terminal differentiation marker CD57 are both decreased in patients who improved (decrease of WHO 

from T1 to T2) versus those that did not (Figure S6D, Table S7). This indicates that reduced levels of 

cytotoxic, terminally differentiated NK cells are associated with COVID-19 recovery. Thus, NK cell 

proliferation and maturation status also reflect the severity of SARS-CoV-2 infection. 

Integrating multi-omic profiles from different cell types resolves an orchestrated response gene module 

of innate and adaptive immune cells that correlates with disease severity 

As successful control of virus infection requires precise cooperation between both the innate and the 

adaptive immune cells, we hypothesized that the coordinated changes of multi-omic features across 

different cell types could provide a more unified view of the immune response in COVID-19 patients. A 

major challenge towards capturing such coordination is the huge number of genes expressed in different 

cell types coupled with inter- and intra-patient heterogeneity and associated variations in COVID-19 

infection severity. We hypothesized that many genes co-vary across samples and thus constitute 

functional gene modules. In other words, genes from different cell types may co-vary and therefore reside 

in the same gene module, thus providing a simplifying insight into how different cell types coordinate 

their behaviors. To capture such coordinated changes, we utilized Surprisal Analysis (Remacle et al., 2010; 

Zadran et al., 2014), which has been applied to consolidate multi-omics bulk and single-cell data 

(Kravchenko-Balasha et al., 2014, 2016; Remacle et al., 2010; Su et al., 2017, 2019, 2020). The goal is to 

condense the changes of millions of correlated genes from different cell types into changes in just one 

major gene module or axis of expression, which contains the co-varying genes from all major immune cell 

types. As a result, each sample is reduced into a single dot along that gene module axis (Figure 7A). This 

data integration could permit the delineation of correlated changes and disease stages. 

The dominant gene module, module1 (M1), which was computed only from immune cell behavior without 

considering any clinical information, readily separates samples from healthy, non-ICU and ICU samples 

(Figure 7B). The M1 score of each sample also strongly correlated with disease severity (Figure 7C, 

Spearman Correlation coefficient = 0.58, p < 0.001). Furthermore, the M1 score, which was calculated 

without considering the multi-omic plasma data (Figure 1C), also independently showed a strong 

correlation with the plasma proteomic principal component (PC)1 and metabolomics PC1 (Figure 7C), 

both of which are aligned with disease severity (Figure 1C). These results indicate that coordinated 

immune response across cell types can be captured by a single gene module and is associated with the 

severity of the disease.    

We queried for clinical features that correlate with M1. We found that CRP, D-dimer and ferritin, which 

were upregulated in ICU samples, positively correlate with M1 (Figures 7E and S7C), indicating the 

patients with a higher M1 score likely exhibit elevated levels of these clinical features. Among plasma 

proteins and metabolites analyzed, many proinflammatory cytokines, including IL6, TNF, CXCL10 and 

CCL20 etc., were all positively correlated (Figures 7D, 7E and S7A). Tryptophan was negatively correlated 

with M1, and its downstream immunosuppressive metabolite kynurenine exhibited a positive correlation 

(Figures 7D, 7E, and S7B). These results indicate that immune cell behaviors, reflected in M1, can be 

associated with the proinflammatory proteomic and immunosuppressive metabolic environment in the 

plasma. 

We further examined the detailed features of adaptive immune systems and their association with 

module1 increase. As we demonstrated independently, the percentages of CD4+ and CD8+ T cell were both 
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negatively correlated with M1, while the monocyte fraction showed a positive correlation (Figure 7F). 

Within each major immune cell type, different subpopulations exhibited differential correlations with M1. 

In CD8+ and CD4+ T cells, effector-like cytotoxic cell clusters (cluster 0 and 2 for CD8+ T cell, cluster 3 for 

CD4+ T cell) positively correlated with M1 (Figure 7F). Consistently, cytotoxic genes, effector proteins and 

pathway signatures also positively correlated with the M1 score. In contrast, naïve and memory like 

features were negatively correlated (Figures 7G and S7D). In B cells, naïve cell cluster 7 showed a negative 

correlation (Figure 7F), which is consistent with the switching from a naïve to a plasma cell signature with 

increasing M1 (Figure 7G).  

Innate immune cells also showed transcriptional alterations along the M1 axis. In monocytes, the 

proinflammatory cluster 1 showed a positive correlation and the non-classical monocyte cluster 3 showed 

a negative correlation. Accordingly, increased pro-inflammatory gene signatures and decreased MHC class 

II genes in monocytes associates with an increase in the M1 score (Figures 7G and S7D). The NK cell 

inflammation response genes also positively correlate with M1. Meanwhile, as M1 increases, cytotoxic 

and proliferative NK cells also increase (Figure 7G), with increases in inflammatory response genes. 

Importantly, we show that type I IFN-response genes and related pathways exhibit a positive correlation 

with M1 across all immune cell types (Figure 7G and S7D), suggesting that the immune response may be 

dominated by the type I IFN responses. This has been reported to be upregulated in virus infection (Murira 

and Lamarre, 2016; PERRY et al., 2005; Stetson and Medzhitov, 2006), further confirming the essential 

role of type I IFN response in COVID-19 immune response and providing confidence to this analysis. 

In summary, by integrating deep profiling of all major immune cell types across samples, we integrated 

the immune response from all cell types (with more than a million variables) and condensed all of them 

into a single gene module (Figure 7A). This gene module is associated with activated IFN responses across 

all major immune cell types and reflects cell-type specific differentiation and activation processes. This 

immune response gene module also independently correlates with the plasma multi-omic analytics, 

specific clinical observations, and measured disease severity. This result suggests that coordinated 

immune responses across innate and adaptive immune cell types are strongly linked to disease severity 

and clinical outcome. It also suggests that certain clinical observations may be interpreted as surrogates 

for assessing these immune responses, but such validation will require the analysis of larger patient 

cohorts.  
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DISCUSSION 

A deep understanding of patient immune responses to COVID-19 is fundamental to defining the 

effectiveness of patient treatments, predicting disease prognosis, and for understanding the reported 

heterogeneity of infection severities. We have provided a comprehensive view of immune status sampled 

through serial blood draws over an approximately 1-week period following diagnosis and hospitalization 

for 26 COVID-19 patients. Time-dependent clinical trajectories were integrated with comprehensive 

probes of plasma proteomics and metabolomics, and multi-omic single cell analytics of five major immune 

cell classes.  

There are a number of novel observations for which there is not large literature precedence and may 

provide important clinical insights. For example, T cell exhaustion has been frequently reported in severe 

SARS-CoV2 infections (Diao et al., 2020). Indeed, transcriptomic analysis of our CD8+ T cells reveals 

elevated exhaustion markers for multiple clusters in the UMAP of (Figure 2A). However, cluster 8, which 

exhibits the highest exhaustion marker levels simultaneously exhibits the highest proliferation signature 

(Figure S2F). This finding is counterintuitive as exhausted T cells are reported with a marked absence of 

proliferation markers (Saeidi et al., 2018). In fact, the co-occurrence of these two features is also observed 

in CD4+ T cells (cluster 8 in Figure S3A and S3B). Interestingly, the most clonally expanded CD4+ T cell 

populations are not in this exhausted cluster but in the nearby cluster 3 comprised of equally novel, 

cytotoxic CD4+ T cells (cluster 3 in Figure S3A). Thus, the cluster 8 exhausted and proliferative CD4+ T cells 

may not be virus specific. The presence of these novel CD8+ and CD4+ subpopulations should be 

considered regarding the use of T cell activating immune-checkpoint inhibitors in COVID-19 treatments.  

Immunosuppressive agents, such as tocilizumab and steroids, are also being used to treat COVID-19 

patients to mitigate the hyperinflammatory state in COVID-19 although such immunopathology is still 

debated (Vardhana and Wolchok, 2020). Monocyte immunoparalysis (Lukaszewicz et al., 2009) has also 

been considered as a protective immune-response towards hyperinflammation. It is characterized by a 

robust downregulation of MHC-class II and TNF transcripts, and has provided a robust prognosis marker 

for fatal outcomes in sepsis (van Ton et al., 2018). Thus, its occurrence in COVID-19 patients, especially 

for those in the ICU, implies similarities between these two conditions. Our single-cell monocyte 

transcriptomic and plasma proteomic data also reveals a strong anticorrelation between plasma IL6 and 

HLA class II transcripts in monocytes, suggesting a causal inhibitory relationship between the two, which 

has been validated in other biological contexts (Ohno et al., 2016). This also implies that the resultant 

decrease of MHC-class II transcripts in monocytes may impair adaptive T cell responses.  

In addition to the aforementioned novel observations from investigating each cell type in isolation, the 

human immune response to viruses should also be viewed as a finely tuned biological orchestra, in which 

different cell types need to coordinate with one another in harmony to ensure proper viral clearance. In 

fact, a major insight from our approach is the reduction of over 1 million multi-omic immune-features into 

a single axis gene module M1, which provides an orchestrated view of the immune response to SARS-CoV-

2 that can be directly correlated with clinical features. For example, our analysis showed strong 

correlations between M1, the WHO severity score, and many clinical features including C-reactive protein 

(poor prognosis marker for COVID19 (Yan et al., 2020)), and the blood coagulation biomarkers 

prothrombin time (PT) and activated partial thromboplastin time (APTT), providing immune correlates of 

the well-reported blood clotting in COVID-19 patients. This simplified gene module can also significantly 

simplify future evaluations of COVID-19 patients as their immune response could be predicted by a few 

representative markers associated with M1. For example, Type I IFN response genes, whose transcript 

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted July 31, 2020. . https://doi.org/10.1101/2020.07.27.224063doi: bioRxiv preprint 

https://doi.org/10.1101/2020.07.27.224063


15 

 

levels universally correlate with M1 across all five major immune cell types, may serve as valuable 

biomarkers for predicting patients’ disease severity and various clinical features (e.g. cytokine release 

syndrome etc.). 

Further observations point to the value of the integrated approach described here. For example the 

association of COVID-19 infection severity with the elevation of kynurenine and the drop in its molecular 

precursor, tryptophan (Figure 1D), suggests activation of indoleamine 2,3-dioxygenase (IDO) (Wang et al., 

2010). IDO typically is expressed at very low levels, but, in vascular endothelial cells (Hansen et al., 2000), 

it can be induced by IFN-γ, which we also find elevated with increasing disease severity (Figure 1C).  

Kynurenine is a vascular relaxing factor that, when elevated, would be expected to manifest as 

hypotension (Wang et al., 2010). In fact, hypotension has indeed been reported as a dominant 

characteristic of critically ill COVID-19 patients (Bhatraju et al., 2020). A primary source of IFN-γ is often 

Th1 CD4+ lymphocytes. Those cells, which are located in cluster 3 of Figure 3A (and Figure S3A), are the 

ones that exhibit the novel cytotoxic function and are uniquely populated by those CD4+ T cells that have 

clonally expanded (Figures 3D, 3E and S3C). Th1 differentiation of CD4+ T cells is also found to increase 

with infection severity (Figures 3I and 7G), while naïve CD4+ T cell genes are reduced.  Notably, this Th1 

gene signature in CD4+ T cells closely tracks the Type I IFN response that is seen across all cell types and 

significantly correlates with M1 (Figure 7). Interestingly, the function of type I interferon has been well 

documented to be essential for controlling viral infection (PERRY et al., 2005), and may therefore be 

reflective of a stronger infection in patients further along the M1 axis, which is confirmed by the 

simultaneously increasing disease severity.  

This type of cross-data-type integrated analysis can suggest experimentally testable hypotheses that 

might lead to improved treatment.  For example, is there a level of IDO inhibition that, if provided to the 

right patients at the right time, might help restore a more balanced and functional anti-SARS-CoV-2 

immune response while reducing hypotension? This comprehensive data set can be explored for testing 

or generating a number of other hypotheses, including detailed analyses of immune responses to 

investigational antiviral or immunomodulatory therapies for COVID-19. However, a limitation is that the 

50-sample, 26-patient cohort studied here is relatively modest, the numbers of co-morbidities present in 

this population is large, and the time-trajectories that are studied are relatively short, and so don’t capture 
the resolution of the infection. Nevertheless, our dataset establishes an unprecedented level of detail on 

the impacts of COVID-19 on the immune systems. We show that the collected single cell, bulk plasma, and 

clinical data sets can be synergized to reveal clear interpretable biological trends that can be associated 

with COVID-19 patient outcomes and may be suggestive of treatment strategies. This broad systems 

immunology approach should be applicable towards understanding immune responses in a host of other 

infectious diseases. 
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 SI Figures 

  

Figure S1. Overview of the multi-omic characterization of immune responses in COVID-19 patients.  

A. The swimmers’ plot of WHO severity scores for study patients. The scores were derived from 
electronic health records. Symptom onset and pre-hospitalization are indicated by black rectangles and 

lines. WHO scores are presented at 6-hour intervals during hospitalization. Blood draws are indicated by 

upside-down blue triangles and medication administration by symbols overlaid on the colored bands.  

B. Box plots of clinical data comparing non-ICU (yellow, n=34) and ICU (red, n=16) patient values. 

Ranges that specify normal limits are indicated by the blue (lower) and orange (upper) dashed lines.  

C. Correlation matrix of 20 clinical features and 8 blood cell-type counts from 50 COVID-19 patients. 

The square size corresponds to absolute value of correlation coefficient, with blue (red) color indicating a 

positive (negative) correlation. Significance is indicated by: (*p < 0.05, **p< 0.01, ***p < 0.001). 

D. Spearman correlations between the WHO_ordinal_scale of disease severity with principal 

component (PC) 1 of plasma proteomic (left) and PC1 of plasma metabolomic (right) data. The regression 

line is drawn with the 95% confidence area shaded. Spearman Correlation coefficient and associated p-

value shown. 

E. Box plot of plasma protein concentrations in healthy donors (green), non-ICU blood draws 

(yellow), and ICU blood draws (red) of COVID-19 patients. 

F. Heatmap showing gene expression of well-known markers specific for each cell type. Clear 

separation of annotated cell type is observed. The color of the column and row markers corresponds to 

the cluster colors of the UMAP shown in Fig 1E. 

G. Heatmap showing levels of well-known surface proteins specific for each cell type. Clear 

separation of annotated cell type is observed. The color of the column and row markers corresponds to 

the cluster colors of the UMAP shown in Fig 1E. 

H. A bar plot showing the relative proportion of major immune cell type across each sample, as 

determined from the analysis of the 10x single cell transcriptome and proteomic data set. 

I. Box plot depicting the proportions selected immune cell types within PBMCs from healthy donors 

(green), non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 

  

  

  

Figure S2. CD8+ T cell heterogeneity in COVID-19 patients and its association with disease severity 

A. UMAP embedding of all CD8+ T cells colored by unsupervised clustering (top left panel) and 

expression of selected genes (other panels).  
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B. UMAP embedding of CD8+ T cells colored by the levels of selected surface proteins, annotated 

with the cell state that they represent.  

C. UMAP embedding of all CD8+ T cells colored by the density of cells characterized by different 

clonal expansion sizes: n=1, n=2-4, and n>=5. 

D. Clonal expansion status of each CD8+ T cell subset from unsupervised clustering. Bar plot shows 

the normalized clonal composition.  

E. Boxplots showing the mRNA expression levels of 3 transcripts in healthy donors (green), non-ICU 

blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 

F. Scatter plots showing the naïve gene signature score (x-axis) and cytotoxic gene signature score 

(y-axis) of individual CD8+ T cells from all PBMC samples. Plots colored according to unsupervised 

clustering (from Figure 2A), patient status from whom individual cells were drawn, proliferation gene 

signature score, and exhaustion gene signature score are color-coded in each panel. 

  

  

Figure S3. CD4+ T cells display heterogeneous proliferation, cytotoxic activity and clonal expansion levels 

and are associated with the severity of COVID-19. 

A. UMAP embedding of all CD4+ T cells colored by unsupervised clustering (top left panel) and 

expression of other representative genes (other panels).  

B. UMAP embedding of CD4+ T cells shaded by the levels of selected surface proteins.  

C. UMAP embedding of all CD8+ T cells colored by the density of cells characterized by different 

clonal expansion sizes: n=1, n=2-4, and n>=5. 

D. Clonal expansion status of each CD4+ T cell subset from unsupervised clustering. Bar plot shows 

the normalized clonal composition.  

E. Boxplots showing the mRNA expression levels of three representative transcripts from CD8+ T 

cells in healthy donors (green), non-ICU blood draws (yellow) and ICU blood draws (red) of COVID-19 

patients. 

F. Functional characterization of CD4+ T cells from PBMC samples using single-cell secretome 

analysis. Single-cell polyfunctional strength index (PSI) of CD4+ T cells from healthy donors, non-ICU blood 

draws (yellow), and ICU blood draws (red) of COVID-19 patients. The PSI is computed for five categories 

of cytokines separately, as indicated by the box plot title. 

  

  

Figure S4. Deep profiling of COVID-19 patient B cell populations reveals heterogeneous differentiation 

status that correlates with disease severity 
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A. UMAP embedding of all B cells colored by unsupervised clustering (top left panel) and other 

representative genes (other panels).  

B. UMAP embedding of all B cells colored by levels of one representative surface protein.  

C-E. Boxplots showing the, mRNA expression levels (panel C), surface protein levels (panel D), and the 

pathway enrichment scores (panel E) in healthy donors (green), non-ICU blood draws (yellow), and ICU 

blood draws (red) of COVID-19 patients. 

  

  

Figure S5. Alterations of antigen presentation and inflammation in monocytes are associated with COVID-

19 disease severity 

A. UMAP embedding of all monocytes colored by unsupervised clustering (top left panel) and other 

representative genes (other panels).  

B. UMAP embedding of monocytes colored by representative pathway enrichment scores.  

C. Functional characterization of monocytes from PBMC samples using single-cell secretome analysis. 

Boxplots indicate the percentage of monocytes secreting IL6, IL8, MCP1, MIP1-A, MIP1-B, and TNF-α from 
samples in healthy donors (green), non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 

patients. 

D. Spearman correlation of monocytes MHC class II gene expression with plasma IL6 level. 

Regression line indicated in black, with a 95% confidence interval shown in shaded gray. Spearman 

Correlation coefficient and associated p-value shown. 

  

  

Figure S6. Deep profiling of COVID-19 patient NK cell populations reveals heterogeneous proliferation that 

correlates with disease severity 

A. UMAP embedding of all NK cells colored by unsupervised clustering (top left panel) and other 

representative genes (other panels).  

B. UMAP embedding of all NK cells colored by levels of two representative surface proteins.  

C. UMAP embedding of all NK cells colored by embedding density of cells from different groups of 

blood draw samples (healthy, non-ICU, and ICU). Two clusters that displayed significant changes of density 

from group to group are circled using dashed lines color-coded for the cluster color of panel A. 

D. Box plots depicting the kinetic changes (T2-T1) of the levels of mRNA in NK cells between the 1st 

and 2nd blood draws from patients who improved (green) and patients who did not (red). 
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Figure S7. Multi-omic data integrating across cell types resolve an orchestrated response of innate and 

adaptive immune cell gene module that correlated with disease severity 

A. Spearman correlations of gene module (M)1 score with a few representative plasma cytokines. 

The regression line is indicated in black, with the 95% confidence area shown in shaded gray. Spearman 

Correlation coefficient and associated p-value shown. 

B. Spearman correlations of M1 score with a few representative plasma metabolites. The regression 

line is indicated in black, with the 95% confidence area shown in shaded gray. Spearman Correlation 

coefficient and associated p-value shown. 

C. Correlation matrix of 21 clinical labs and M1 score in 50 COVID-19 patient samples. The square 

size corresponds to absolute value of the correlation coefficient, and the color corresponds to correlation 

value with blue (red) indicating positive (negative) correlation. Significance indicated by (*p < 0.05, 
**p < 0.01, ***p < 0.001). 

D. Spearman correlations of the M1 score with levels of a few representative mRNA, surface proteins 

and pathway enrichment scores across different immune cell types. The regression line is indicated in cell-

type specific color, with the 95% confidence area shown in shaded cell-type specific color. Spearman 

Correlation coefficient and associated p-value shown. 

METHOD DETAILS 

Quantify disease severity with World Health Organization (WHO) Ordinal Scale.  

Severity of COVID-19 was clinical status assessed throughout a patient’s encounter in accordance to the 

9-point WHO Ordinal Scale for Clinical Improvement consisting of the following categories: 0) uninfected 

- no evidence of infection; 1) ambulatory - no limitation of activities; 2) ambulatory - limitation of activities; 

3) hospitalized, mild - no oxygen therapy; 4) hospitalized, mild - oxygen by mask or nasal prongs; 5) 

hospitalized, severe - non-invasive ventilation or high-flow oxygen; 6) hospitalized, severe - intubation 

and mechanical ventilation; 7) hospitalized, severe - ventilation + additional organ support; and 8) dead – 

death (WHO, 2020). 

EHR clinical data analysis and designation of critical illness status. 

WHO grades for time of blood draw were determined by manual expert review. WHO grades for Figure 

S1A were automatically generated from data extracted from the electronic health record, and plotted for 

6-hour time intervals based on end-interval grade. Automated results were compared against manual 

expert review for 50% of study subjects.  

The following data were collected from the subject’s electronic health record (EHR): complete blood count 
(CBC) with differential, comprehensive metabolic panel. Lab data were extracted from the nearest time 

point to the each blood draw, if available within a window +/- two days. First blood draw (n=26), second 

blood draw (n=24). Estimated absolute numbers of B cell, CD4+ T cell, CD8+ T cells and NK cells, were 

derived using observed percentages of lymphocytes from study blood draws, multiplied by the total 

lymphocyte count from the EHR labs described above.  Blood draws were classified as non-ICU (n=34) and 

ICU (n=16). The physical location and the ICU admission status were concordant at the time of each blood 
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draw (Table S1A). We used unpaired t-test to determine the statistical significance between ICU and non-

ICU patients. 

Correlation between module1 score (M1) with EHR labs and CBCs 

We conducted Pearson correlation analysis to evaluate the association between gene module 1 and labs 

as well as CBCs. 

Plasma and PBMC Isolation 

Plasma and PBMC isolation was conducted with standard protocols from Bloodworks Northwest (Seattle, 

WA). Patient blood were collected in BD Vacutainer (EDTA) tubes (Becton, Dickinson and Company, 

Franklin Lakes, NJ). Plasma fractions were collected after centrifuged at 800 x g at 4C for 10 min, aliquoted 

and stored until use at -80C. The rest of the blood were diluted with PBS (pH7.2) to 2X of original volume 

and layered over 15 ml Ficoll (GE Healthcare, Waukesha, WI) in SepMate-50 tubes (Vancouver, BC). After 

centrifuged at 800 x g for 15 min at room temperature, the PBMC layer was poured into a 50 ml conical 

tube. The cells were washed twice with autoMACS Rinsing Solution (Miltenyi Biotec, Auburn, CA) and 

centrifuge at 250 x g for 10 min, at RT. PBMC pellets were gently resuspend in 5 ml Rinsing Solution and a 

5 l aliquot was diluted 1:10 v/v for cell counting. Cells in 18 l of diluted samples were first mixed with 2 

l of Acridine Orange / Propidium Iodide Stain (Logos Biosystems, Annandale, VA), 10 l was then loaded 

to a PhotonSlide (Logos Biosystems) and counted in a LUNA FL Dual Fluorescence cell counter (Logos 

Bioystems). Cryopreservation freeze media CryoStor CS-10 (Biolife Solutions, Bothell, WA) was slowly 

added to make a concentration of 2.5 million PBMC/ml. Cells were aliquoted in Cryotube vials 

(ThermoFisher, Waltham, MA) and frozen in CoolCell LX Cell Freezing Container (Corning, Corning, NY) at 

-80C for at least 2 hours before stored until use in LN.  

Plasma proteomics  

Plasma concentrations of proteins were measured using the ProSeek Cardiovascular II, Inflammation, 

Metabolism, Immune Response, and Organ Damage panels (Olink Biosciences, Uppsala, Sweden). Health 

control plasma samples were processed at Olink facilities in Boston, MA. Plasma samples from COVID-19 

participants were assayed at the Institute for Systems Biology. Proteins from patient plasma were 

measured using proximity extension assay (PEA) (Olink Proteomics, Uppsala, Sweden) which allows for 

the simultaneous analysis of 92 protein biomarkers on each panel. Five panels including Inflammation, 

Cardiovascular II, Organ Damage, Immune Response and Metabolism were run using 82 patient plasma 

samples as well as 8 replicates of a pooled healthy control. One microliter of plasma was incubated 

overnight and allowed to bind with oligonucleotide-labeled antibody pairs to form specific DNA duplexes. 

This template was then extended and pre-amplified, and the individual protein markers were measured 

using high-throughput microfluidic real-time PCR. The resulting Ct values were normalized against an 

extension control, an inter-plate control, and adjusted with a correction factor according to the 

manufacturer's instructions to calculate a normalized protein expression value (NPX) in log2 scale. 

Samples were processed in batches with pooled quality control samples included in each batch; potential 

batch effects were subsequently adjusted using the pooled control samples, as previously described 

(Manor et al., 2018). For analysis, a threshold of less than 25% missing values was set for each protein. 

Missing values for the proteins were imputed to be the limits of detection. A total of 454 proteins were 

included in further analyses.  
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Plasma metabolomics  

Metabolon (Morrisville, NC, USA) conducted the metabolomics assays for all participant plasma samples 

used in this study. Data were generated with the Global Metabolomics platform via ultra-high-

performance liquid chromatography/tandem accurate mass spectrometry. Sample handling, quality 

control, and data extraction, along with biochemical identification, data curation, quantification, and data 

normalizations have been previously described (Manor et al., 2018; Wittmann et al., 2014). Samples were 

processed in batches with pooled quality control samples included in each batch; pooled quality control 

samples were consistent across batches. Potential batch effects for each metabolite were adjusted by 

dividing by the corresponding average value identified in the pooled quality control samples from the 

same batch. For analysis, the raw metabolomics data were median scaled within each batch such that the 

median value for each metabolite was one. Metabolite levels were further quality controlled by removing 

metabolites that were observed in less than 75% of samples. Missing values for remaining metabolites 

were then imputed using the minimum observed value for each metabolite. Values for each metabolite 

were subsequently log transformed. 847 different plasma metabolites were used for downstream 

statistical analyses. 

Principal component analysis (PCA) of plasma proteomic and metabolomics data  

PCA was performed separately for metabolomics and proteomic data using all metabolites or proteins 

that passed quality control, respectively. Values were centered and scaled prior to dimensional reduction. 

PCA plots were colored by the severity of the patient based on the WHO Ordinal Scale at the time of the 

blood draw.  

Statistical analysis of plasma proteomic and metabolomics data 

Association with COVID-19 status. We assessed differential abundance of protein and metabolite levels 

between healthy and all COVID-19 participants. Levels of proteins and metabolites were first adjusted for 

age and sex. Two-sided Mann-Whitney U tests were performed between all health control samples and 

all COVID-19 samples for proteins and metabolites separately. Multiple testing correction was 

subsequently applied using the Benjamini-Hochberg (BH) procedure with false discovery rate (FDR) at 5%. 

We also performed univariate logistic regression between COVID-19 status and adjusted levels of 

metabolites and protein levels separately to calculate the log odds ratio.  

Association with COVID-19 severity. Spearman rank correlation was performed to assess the association 

of metabolite and protein levels with the WHO Ordinal Scale score of the patient at the time of the sample. 

Age and sex adjusted protein and metabolite levels were tested separately and multiple testing correction 

was performed using BH FDR <5%. We also assessed associations between adjusted protein and 

metabolite levels with the participant location at the time of blood draw—intensive care unit (ICU), non-

ICU hospitalized, and healthy/uninfected—using two-sided Mann-Whitney U tests. Similarly, multiple 

testing correction using BH FDR <5% was applied.  

Association with gene module1 score of single cell data. Spearman rank correlation was also performed 

to test the association of adjusted metabolite and protein levels with the M1 score derived from surprisal 

analysis of single cell data. BH FDR <5% was subsequently used. 

Single-cell multiplex secretome assay of immune cells 
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Cryopreserved PBMCs were thawed and incubated in the RPMI 1640 for overnight recovery at 37°C, 5% 

CO2. Recovered cell viability was measured at >95% for all samples. After overnight recovery, CD4+ and 

CD8+ T cell populations and monocytes were magnetically isolated using the CD4+, CD8+ Microbeads and 

Pan Monocyte Isolation Kit (Miltenyi Biotec, Bergisch Gladbach, Germany) sequentially.  

The enriched CD4+ and CD8+ T cells (100,000 cells/well in a 96 well-plate) were stimulated for 6 hours with 

plate-bound anti-CD3 antibodies (pre-coated at 10 μg/mL overnight at 4°C) and soluble anti-CD28 

antibodies (5 μg/mL) in complete RPMI-1640 at 37 °C, 5% CO2 . The enriched monocytes at 1 x 105/ml 

were stimulated with 10 ng/ml LPS for 12 hours. 

After stimulation, the activated cells were collected, washed, and stained with membrane stain (included 

in the IsoPlexis kit). The stained cells were then loaded onto the chip consisting of the 12,000 chambers 

pre-coated with an array of 32 cytokine capture antibodies. The chip was inserted into the fully automated 

IsoLight for further incubation for 16 hours and the cytokines were detected by a cocktail of detection 
antibodies followed by the fluorescent labeling. The scanned fluorescent signal was analyzed by IsoSpeak 

software to calculate the numbers of cytokine-secreting cells, the intensity level of cytokines and 

polyfunctional strength index (PSI).  

See the below for the measured cytokines in each panel. 

Single-Cell Adaptive Immune cytokine panel including the following subsets of cytokines. Effector: 

Granzyme B, IFN-γ, MIP-1α, Perforin, TNF-α, TNF-β; Stimulatory: GM-CSF, IL-2, IL-5, IL-7, IL-8, IL-9, IL-12, 

IL-15, IL-21; Chemoattractive: CCL11, IP-10, MIP-1β, RANTES; Regulatory: IL-4, IL-10, IL-13, IL-22, TGFβ1, 

sCD137, sCD40L; Inflammatory: IL-1β, IL-6, IL-17A, IL-17F, MCP-1, MCP-4. 

Single-Cell Innate Immune cytokine panel including the following subsets of cytokines. Effector: IFN-γ, 
MIP-1α, TNF-α, TNF-β; Stimulatory: GM-CSF, IL-8, IL-9, IL-15, IL-18, TGF-α, IL-5; Chemoattractive: CCL11, 

IP-10, MIP-1β, RANTES, BCA-1; Regulatory: IL-10, IL-13, IL-22, sCD40L; Inflammatory: IL-1β, IL-6, IL-12-p40, 

IL-12, IL-17A, IL-17F, MCP-1, MCP-4, MIF; Growth Factors: EGF, PDGF-BB, VEGF. 

Single cell multi-omics assay 

Chromium Single Cell Kits (10x Genomics) were utilized to analyze the transcriptomic, surface protein 

levels and TCR and BCR sequences simultaneously from the same cell. Experiments were performed 

according to manufacturer’s instructions. 

Briefly, cryopreserved PBMCs were thawed and 1X red blood cell lysis solution (Biolegend) was used to 

lyse any remaining red blood cells in the PBMC samples. Cells were stained with custom TotalSeq-C human 

antibodies (BioLegend) before loading onto a Chromium Next GEM chip G. Cells were lysed for reverse 

transcription and complementary DNA (cDNA) amplification in the Chromium Controller (10X Genomics). 

The polyadenylated transcripts were reverse-transcribed inside each gel bead-in-emulsion afterwards. 

Full-length cDNA along with cell barcode identifiers were PCR-amplified and sequencing libraries were 

prepared and normalized. The constructed library was sequenced on Novaseq platform (Illumina). 

Single cell RNA-seq data processing 

Droplet-based sequencing data were aligned and quantified using the Cell Ranger Single-Cell Software 

Suite (version 3.0.0, 10x Genomics) against the GRCh38 human reference genome. Quality of cells in each 

demultiplexed sample were then assessed based on three metrics: (1)The number of total Unique 
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molecular identifiers (UMI) counts per cell (library size); (2)the number of detected genes per cell; and 

(3)the proportion of mitochondrial gene counts. Doublets were simultaneously identified in sample 

demultiplexing and, were filtered out prior to filtering based on the aforementioned three metrics. After 

QC metric filtering, a total of 221,748 cells were retained for downstream analysis. Scanpy (Wolf et al., 

2018) was used to normalize cells via CPM normalization (UMI total count of each cell was set to 106) and 

log1p transformation (natural log of CPM plus one). 

Single cell RNA-seq dimension reduction and unsupervised clustering 

PCA was performed on the gene expression matrix and Scanpy was used to build a nearest neighbor graph 

to calculate a UMAP and find clusters via the louvain algorithm. Clusters identified in this first round of 

clustering were annotated based on the expression of canonical marker genes. Clusters that were not 

uniform in their expression of well-known marker genes were extracted and a second round of dimension 

reduction and clustering was performed on these subsets, this was mainly to separate T cells and NK cells. 

The surface protein level matrix of identified T cells from the first and second round of clustering were 

subject to the same dimension reduction and a CD4 surface protein x CD8 surface protein scatterplot was 

utilized to linearly separate the T cells into CD4+ T cells and CD8+ T cells, T cells that had zero expression 

of both CD4 and CD8 surface proteins were categorized as Other T cells. Major immune cell types CD4+ T 

cells, CD8+ T cells, monocytes, B cells, and NK cells were further analyzed via a construction of their single-

cell regulatory networks by inputting their normalized gene expression matrices into pySCENIC (Van de 

Sande et al., 2020). The resultant single-cell transcription factor modules were utilized for cell type specific 

dimension reduction and clustering via either the louvain (CD8+ T cells) or leiden algorithm (all other major 

cell types). All reduced dimensions and clusters were calculated by Scanpy. Surprisal analysis was applied 

as described previously (Remacle et al., 2010; Zadran et al., 2014). Briefly, for each PBMC sample n, the 

measured, from certain cell type, average expression level of mRNA i, ln Xi(n), was expressed as a sum of 

a steady state term and the major constraints λj(n)Gij representing deviations from the steady state. Each 
deviation term was a product of a sample-dependent weight of the constraint λj(n), and the sample-

independent contribution of the transcript to that constraint Gij. In this study, the most dominant 

constraint, λ1(n) was investigated as the immune response module M1. 

Single-cell multi-omics disease severity analysis 

The data set collected here can be analyzed, at a high level, in two different ways. First, each blood draw 

corresponds to a time point at which that patient was characterized by a level of disease severity.  This 

can be approximated by whether the patient was in the intensive care unit (ICU) or not (Table S1) or, at 

higher resolution, by using the World Health Organization (WHO) Ordinal Scale of 0-8 for COVID-19, see 

above (Table S1). WHO score was calculated in 6 hour intervals, and the score was used that corresponded 

to the window in which the blood was drawn.  Grouping each blood draw according to a contemporary 

measure of disease severity can provide insight into how various immune cell populations, regulatory 

networks, and other biomarkers vary with disease severity level by sample. A second view is to consider 

each patient separately, so that the two blood draws are used to capture an individual patient’s disease 
trajectory. Here, patients that improve between T1 and T2 can be differentiated from patients advancing 

to more severe infection. We utilize both types of analyses here. Disease trajectories, including time points 

of therapeutic interventions, the time of the T1 and T2 blood draws, and WHO ordinal scale measures of 
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disease severity, are provided in Figure S1A. These trajectories start at the self-reported day of symptom 

onset and give WHO score during time of hospital admission. 

Statistical analysis of single-cell multi-omics data  

Differential expression analysis was performed using the R package MAST (Finak et al., 2015). For each 

cell type (CD8+ T cells, CD4+Tcells, monocytes, B cells, and NK cells), we investigated the interaction model 

between the patient location (ICU or non-ICU) and time with T1 and non-ICU as baselines in samples not 

treated with steroid or tocilizumab. The normalized gene-cell barcode was used as input. These models 

included as covariates the batch and patient ID, as well as the cellular detection rate (CDR) to correct for 

biological and technical nuisance factors. Multiple hypothesis testing correction was performed by 

controlling the false discovery rate (FDR). Genes were declared significantly differentially expressed at a 

FDR of 5% and a fold-change > 1.5. 

Gene set enrichment analysis (GSEA) was performed using the R package MAST with the bootVcov1 R 

function. The same models as above were investigated. A FDR cutoff of 5% was used to determine 

significant gene sets. KEGG, Hallmark, and blood transcription modules (Li et al., 2014) were used as gene 

sets. KEGG and Hallmark gene sets were downloaded from MSigDB database (Liberzon et al., 2011). 

Gene set variation analysis (GSVA) 

To quantify the pathway enrichment score across samples or cells, GSVA was performed using the R 

package GSVA (v.3.11) (Hänzelmann et al., 2013) to identify the most changed pathways between 

samples/cells with the averaged log2 (TPM+1) data as input. 

Single cell TCR-seq data processing and RNA-seq integration 

Droplet-based sequencing data were aligned and quantified using the Cell Ranger Single-Cell Software 

Suite (version 3.1.0, 10x Genomics) against the GRCh38 human VDJ reference genome. Resultant filtered 

annotated contigs were analyzed via Scirpy (Sturm et al., 2020). The aforementioned files were read in as 

TCRs, filtered for either CD4+ or CD8+ T cells, as identified via single cell RNA-seq analysis, and then subject 

to clonotype definition and clonal expansion analysis. Samples were then concatenated together and 

merged with gene expression data for simultaneous single cell TCR and RNA data visualization. 

Lead Contact 

Further information and requests for resources and reagents should be directed to and will be fulfilled by 

the Lead Contact, Dr. James R. Heath (jim.heath@isbscience.org). 

Data Availability 

Due to potential risk of de-identification of pseudonymized RNA sequencing data the raw data will be 

available under controlled access in the EGA repository upon journal acceptance. In addition, processed 

data are available at Array Express, accession number: E-MTAB-9357. For access to data prior to journal 

acceptance, please contact the corresponding authors. 

All data will be integrated for further visualization and analysis in ISB COVID-19 data explorer at 

https://atlas.fredhutch.org/isb/covid/ . 
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Main figures 

 

Figure1. Overview of the multi-omic characterization of immune responses in COVID-19 patients.  

A. Overview of the Swedish/ISB INCOV study of COVID-19 patients. The bar graph represents the 

disease severity, using the WHO ordinal score, of (hospitalized) patients studied through detailed 

analyses of PBMCs and blood plasma, collected near the time of diagnosis (T1), and approximately 

1 week later (T2). PBMCs were characterized using 10x genomics and Isoplexis single cell methods.  

The 10X analysis simultaneously profiled the whole transcriptome, 192 surface proteins, and T 

cell and B cell receptor sequences. Isoplexis analyzes for a 32-plex secretome at single cell 

resolution from selected immune cell phenotypes. Plasma was analyzes using O-link technology 

to quantify the levels of 454 proteins, and Metabolon technology to assay for the levels of 847 

metabolites. These data were integrated with clinical data from electronic health record for 

detailed characterization of the patients. 

B. Levels of selected clinical parameters comparing non-ICU (yellow) and ICU (red) COVID-19 

samples. Ranges from healthy donors are below the orange and above the blue-dashed lines. 

Sample numbers analyzed were non-ICU (n=34) and ICU (n=16). 
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C. Plasma protein analysis.  Left panel: PCA analysis of 454 plasma proteins measured from 85 blood 

draws. Each dot is a single patient/healthy sample, with a color that corresponds to disease 

severity (see key). Middle panel: Forest plots depicting the odds ratios obtained from logistic 

regression analysis between cytokines and WHO ordinal scale. Grey shading indicates plot areas 

with odds ratios <1, indicating the normal range for non-COVID healthy control (defined by 

likelihood). Odds ratios are indicated with points, and confidence lines encompass the range 

between the lower and upper limits. Right panel:  Box plot of protein concentrations in healthy 

donors (green), non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 

D. Analysis of plasma metabolite data (847 metabolites from 85 samples). Left panel: PCA analysis 

of all samples’ metabolite data. Each dot represent a single sample, with a color that corresponds 

to the WHO ordinal scale for disease severity. Middle panel: Forest plots depicting the odds ratios 

obtained from logistic regression analysis between cytokines and disease severity. Grey shading 

indicates plot areas with odds ratios <1, indicating the normal range for non-COVID healthy 

control (defined by likelihood). Odds ratios are indicated with points, and confidence lines 

encompass the range between the lower and upper limits. Right panel: Box plot of metabolite 

concentrations in healthy donors (green), non-ICU blood draws (yellow), and ICU blood draws (red) 

of COVID-19 patients. 

E. 2D projection of all PBMCs from all samples using UMAP (Uniform Manifold Approximation and 

Projection). Single cells are shown as dots, colored by their cell type assignments. 

F. Box plot depicting the percentages of major immune cell types among PBMCs from healthy 

donors (green), non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 

G. Box plot depicting the absolute count of major immune cell types from non-ICU blood draws 

(yellow) and ICU blood draws (red) of COVID-19 patients. Ranges that specify normal limits are 

indicated by the blue (lower) and orange (upper) dashed lines.  
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Figure2. CD8+ T cell heterogeneity in COVID-19 patients and its association with disease severity 

A. UMAP embedding of all CD8+ T cells colored by unsupervised clustering (top left panel) and other 

representative genes (other panels).   

B. UMAP embedding of CD8+ T cells colored by CD45RA/CD45RO surface protein ratio.  

C. Heatmaps showing the normalized expression of select genes (top panel) and proteins (bottom 

panel) in each cell cluster.  

D. UMAP embedding of CD8+ T cells shaded by T cell receptor clonal expansion level.  

E. Clonal expansion status, presented as bar plots, for each CD8+ T cell cluster, color-coded for clonal 

sizes of 1, 2-4, and >=5 clones. The pie charts shows the CD8+ T cell clonal composition percentage 

for each cluster. 

F. UMAP embedding of all CD8+ T cells for different blood draw samples (healthy, non-ICU, ICU). A 

few clusters that displayed significant density changes from group to group are encircled in 

dashed lines, colored according to the cluster identification from panel A. Orange, green and cyan 

dashed lines for clusters corresponds to naïve-like cell cluster 1, effector-like cell cluster 2, and 

proliferative CD8+ T cell cluster. 

G. Boxplots represent percentages of each highlighted CD8+ T cell cluster in F. over all CD8+ T cells 

for PBMCs from healthy donors (green), non-ICU blood draws (yellow), and ICU blood draws (red) 

of COVID-19 patients. 
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H. Clonal expansion score, defined by ratio of cells with TCR clone size n>1 over cells with TCR clone 

size n=1, for CD8+ T cells in healthy donors (green), and non-ICU (yellow), and ICU (red) blood 

draws. 

I. Heatmap visualization of representative genes, surface proteins and pathways in CD8+ T cell that 

correlate strongly with disease severity, quantified by the WHO_ordinal_scale. Each column 

represents a sample and each row corresponds to levels of mRNA, surface protein, or GSEA 

pathway for the CD8+ T cells of that sample. Columns are ordered based on WHO ordinal scale in 

ascending order. Top three rows indicate the gender, age, and WHO ordinal scale. The heatmap 

keys are provided at right. Sidebar on the left of each row represent correlation of that value with 

WHO, with red (blue) indicating positive (negative) correlations. 

J. Functional characterization of CD8+ T cells using single-cell secretome analysis. Left panel: Single-

cell polyfunctional strength index (PSI) of CD8+ T cells from healthy donors, and non-ICU, and ICU 

samples. The PSI (y-axis) is the numbers of polyfunctional cells in the sample, multiplied by the 

intensities of the secreted cytokines. Middle and right panel: Boxplots indicating the percentage 

of CD8+ T cells secreting GZMB and Perforin from samples from healthy donors (green), non-ICU 

blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 
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Figure 3. CD4+ T cell displayed heterogeneous proliferation, cytotoxic activity and clonal expansion 

levels and are associated with the severity of COVID-19. 

A. UMAP embedding of all CD4+ T cells colored by unsupervised clustering (top left panel) and other 

representative genes (other panels).  

B. UMAP embedding of CD4+ T cells colored by CD45RA/CD45RO surface protein ratio.  

C. Heatmap displaying normalized expression of select genes (top) and proteins (bottom) in each 

cell cluster identified in panel A.  

D. UMAP embedding of CD4+ T cells colored by clonal expansion level.  

E. Clonal expansion status, presented as bar plots, for each CD4+ T cell cluster, color-coded for clonal 

sizes of 1, 2-4, and >=5 clones. The pie charts shows the CD4+ T cell clonal composition 

percentages for each cluster.  

F. UMAP embedding of all CD4+ T cells for different blood draw samples (healthy, non-ICU, and ICU). 

A few clusters that displayed significant density changes from group to group are encircled in 

dashed lines, colored according to the cluster identification from panel A. Blue, red and cyan 

dashed lines corresponds to naïve like cluster (cluster 0), cytotoxic CD4+ T cell cluster (cluster 3), 

and proliferative cluster (cluster 8), respectively. 

G. Boxplots represent percentages of each highlighted CD4+ T cell cluster in F. over all CD4+ T cells 

healthy donors (green), non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 

patients. 
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H. Clonal expansion score, defined by ratio of cells with TCR clone size n>1 over cells with TCR clone 

size n=1, for CD4+ T cells in healthy donors (green), non-ICU blood draws (yellow) and ICU blood 

draws (red) of COVID-19 patients. 

I. Heatmap visualization of representative genes, surface proteins and pathways in CD4+ T cell that 

correlate strongly with disease severity, quantified by the WHO_ordinal_scale. Each column 

represents a sample and each row corresponds to levels of mRNA, surface protein, or GSEA 

pathway for the CD4+ T cells of that sample Columns are ordered based on WHO ordinal scale in 

ascending order. Top three rows indicate the gender, age and WHO ordinal scale. The heatmap 

keys are provided at right. Sidebar on the left of each row represent correlation of that value with 

WHO, with red (blue) indicating positive (negative) correlations. 

J. Pathway enrichment analysis of genes that uniquely decrease in patients who improve (T2-T1, 

WHO decreased) in comparison with patients who did not. Each row represents a pathway. The 

x-axis represents the enrichment score defined by negative log10 P value. 

K. Functional characterization of CD4+ T cells using single-cell secretome analysis. The y-axis is the 

polyfunctional strength index (PSI) of CD4+ T cells from healthy donors, non-ICU blood draws, and 

ICU blood draws of COVID-19 patients.  
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Figure 4. Deep profiling of COVID-19 patient B cell populations reveals heterogeneous differentiation 

status that correlates with disease severity 

A. UMAP embedding of all B cells colored by unsupervised clustering (top left panel) and other 

representative genes (other panels).  

B. UMAP embedding of all B cells colored by levels of two representative surface proteins.  

C. UMAP embedding of all B cells colored by representative pathway enrichment scores.  

D. Heatmap displaying normalized expression of select genes (top) and proteins (middle) and 

pathway signatures (bottom) in each B cell cluster. 

E. Boxplots indicating percentage of B cells in select clusters, from samples collected from healthy 

donors (green), non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 

F-H. Boxplots showing the mRNA expression levels (panel F), surface protein levels (panel G), and 

the levels of pathway enrichment scores (panel H) in healthy donors (green), non-ICU blood draws 

(yellow), and ICU blood draws (red) of COVID-19 patients. 
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Figure 5. Alterations of antigen presentation and inflammation in monocytes are associated with 

COVID-19 disease severity 

A. UMAP embedding of all monocytes colored by unsupervised clustering (top left panel) and other 

representative genes (other panels).  

B. UMAP embedding colored by the levels of protein markers for classical (CD14) and non-classical 

(CD16) monocytes.  

C. UMAP embedding of monocytes colored by representative pathway enrichment scores.  

D. Heatmap displaying normalized expression of select genes (top) and proteins (middle) and 

pathway signatures (bottom) in each monocyte cell cluster. 

E. Boxplots indicating cell percentages in select monocyte clusters from samples in healthy donors 

(green), non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 

F. Boxplots showing the levels of four representative mRNA from monocytes in healthy donors 

(green), non-ICU blood draws (yellow),, and ICU blood draws (red) of COVID-19 patients. 

G. Boxplots showing the pathway enrichment score (left panel) and surface protein levels (right 

panel) from monocytes in healthy donors (green), non-ICU blood draws (yellow), and ICU blood 

draws (red) of COVID-19 patients. 
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H. Heatmap visualization of representative genes, surface proteins and pathways in monocytes that 

correlate strongly with disease severity quantified by the WHO ordinal scale. Each column 

represents a sample and each row corresponds to levels of mRNA, surface protein, or GSEA 

pathway for the monocytes of that sample. Columns are ordered based on WHO ordinal scale in 

ascending order. The top three rows indicate the gender, age, and WHO ordinal scale. The 

heatmap keys are provided at right. Sidebar on the left of each row represent correlation of that 

value with WHO, with red (blue) indicating positive (negative) correlations. 

I. Spearman correlation of HLA-DMB gene expression within monocytes with plasma IL6 level. The 

regression line is indicated in black, with a 95% confidence interval shown in shaded gray. 

Spearman Correlation coefficient and associated p-value shown. 

J. Functional characterization of monocytes from PBMC samples using single-cell secretome analysis. 

Single-cell polyfunctional strength index (PSI) of monocytes from healthy donors, non-ICU blood 

draws, and ICU blood draws of COVID-19 patients. Other plots are sub-category specific PSI, which 

is calculated by only considering those cytokines representing each sub-category, as indicated in 

the box plot titles. 
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Figure 6. Deep profiling of COVID-19 patient NK cell populations reveals heterogeneous proliferation 

that correlates with disease severity 

A. UMAP embedding of all NK cells colored by unsupervised clustering (top left panel) and other 

representative genes (other panels).  

B. UMAP embedding of all NK cells colored by the levels of two representative surface proteins.  

C. UMAP embedding of all NK cells colored by representative pathway enrichment scores.  

D. Heatmap displaying normalized expression of select genes (top) and proteins (middle) and 

pathway signatures (bottom) in each NK cell cluster.  

E. Boxplots indicating percentage of select NK cell clusters from samples in healthy donors (green), 

non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 

F. Boxplots showing the levels of two representative transcripts from NK cells in healthy donors 

(green), non-ICU blood draws (yellow), and ICU blood draws (red) of COVID-19 patients. 

G. Heatmap visualization of representative genes, surface proteins, and pathways in NK cells that 

correlate strongly with disease severity, as quantified by the WHO ordinal scale. Each column 

represents a sample and each row corresponds to levels of mRNA, surface protein, or GSEA 

pathway for the NK cells of that sample. Columns are ordered based on WHO ordinal scale in 

ascending order. The top three rows indicate the gender, age, and WHO ordinal scale. The 

heatmap keys are provided at right. Sidebar on the left of each row represent correlation of that 

value with WHO, with red (blue) indicating positive (negative) correlations. 
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Figure 7. Integrating multi-omic profiles across immune cell types resolves an orchestrated gene 

module that correlates with disease severity 

A. Illustration of integrating data from different immune cell types from all samples, followed by 

reduction in single a dimensional representation (gene module 1 (M1)) using surprisal analysis.  

B. Distribution of individual PBMC data sets along M1 for healthy donors (green), non-ICU (yellow), 

and ICU (red) patients. 

C. Spearman correlations of M1 with disease severity, as measured by the WHO ordinal scale), and 

with principal component (PC)1 of the plasma proteomic data and PC1 of the plasma 

metabolomics data (in Figure 1C and 1D). Regression lines are indicated in black, with 95% 

confidence area in shaded gray. Spearman Correlation coefficient and associated p-value shown. 

D. Correlations between M1 with clinical data (top panel: 1-dimensional map) and plasma proteomic 

and metabolomics data (bottom left and right panels, respectively). For the clinical data, the 

square size corresponds to absolute value of the correlation coefficient. Blue indicates positive 

correlation and red indicate negative correlation (*p < 0.05, **p < 0.01, ***p < 0.001). 
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E. Heatmap visualization of EHR clinical data, plasma proteomic and metabolomic data that 

correlates with gene module1. Each row corresponding levels of clinical data, blood protein, or 

metabolite of that sample and each column represent a blood draw sample. Columns are ordered 

based on M1 score in ascending order.  Sidebar on the left of each row represent correlation of 

that value with M1 score, with red (blue) indicating positive (negative) correlations. 

F. Correlation of immune cell type percentage and subtype percentages with M1 score. Left panel: 

Spearman correlations of M1 with percentage of five immune cell types. Right panel: Correlation 

matrix for percentage of different subtypes (based on previous clustering) within the five immune 

cell types and M1.  

G. Heatmap visualization of representative genes, surface proteins and pathways for each cell type 

that correlate positively or negatively with M1. Each column represent a PBMC sample and each 

row represents measured levels of transcripts, surface proteins, or pathways enrichment score 

within each cell type (indicated on the left) for that PBMC sample. Columns are ordered based on 

M1 score in ascending order. Top three rows indicating the gender, age, and WHO ordinal scale 

for each sample. Keys are presented in the sidebars at right. Sidebar on the left of each row 

represents the marker’s correlation with the M1 score, with red (blue) indicating positive 

(negative) correlations. 

H. Summary for how the clinical data, the plasma proteomic and metabolomics profiles, and how 

the major immune cell subtypes and their associated feature change along M1 axis. Red up (blue 

down) arrows represent positive (negative) correlations with M1 score. 
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