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SUMMARY
Despite extensive analyses, there remains an urgent need to delineate immune cell states that contribute to
mortality in people critically ill with COVID-19. Here, we present high-dimensional profiling of blood and
respiratory samples from people with severe COVID-19 to examine the association between cell-linked mo-
lecular features and mortality outcomes. Peripheral transcriptional profiles by single-cell RNA sequencing
(RNA-seq)-based deconvolution of immune states are associated with COVID-19 mortality. Further, persis-
tently high levels of an interferon signaling module in monocytes over time lead to subsequent concerted
upregulation of inflammatory cytokines. SARS-CoV-2-infectedmyeloid cells in the lower respiratory tract up-
regulate CXCL10, leading to a higher risk of death. Our analysis suggests a pivotal role for viral-infected
myeloid cells and protracted interferon signaling in severe COVID-19.
INTRODUCTION

The emergence of SARS-CoV-2 led to a worldwide pandemic1

and subsequent clinical, translational, and basic research efforts

to combat this global health crisis. Despite the rapid develop-

ment and deployment of vaccines,2,3 COVID-19 is projected to

be a major cause of critical illness and hospitalizations
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This is an open access article under the CC BY-N
throughout 2021 and beyond before worldwide vaccine cam-

paigns can control the pandemic. Furthermore, the emergence

of highly transmissible viral variants (e.g., alpha, beta, delta,

and gamma variants) is contributing to infections and hospitali-

zations4 and poses a threat to effective immunity following vacci-

nation. Clinical trials examining pharmacologic interventions in

severe COVID-19 have highlighted the efficacy of non-specific
s Medicine 2, 100476, December 21, 2021 ª 2021 The Author(s). 1
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immunosuppression with corticosteroids5–7 and targeted inter-

leukin (IL)-6 blockade in people treated soon after ICU admis-

sion.8 Despite these therapeutics, severe COVID-19 continues

to carry a high mortality risk. Thus, in-depth analyses of cellular

and molecular states, particularly of the immune system, that

are associated with survival or death in severe COVID-19 dis-

ease are urgently needed.

SARS-CoV-2 infection can cause acute lung injury, leading to

acute respiratory distress syndrome (ARDS),9 dysregulated

inflammation,10 and hyper-coagulability.11 Studies dissecting

the immunopathology of COVID-19 have evaluated people

across the spectrum of disease severity (mild to critical) and

noted lymphopenia9 with high levels of multiple inflammatory cy-

tokines, C-reative protein (CRP),12 and D-dimer11 in the context

of severe disease. Elevated levels of the cytokines IL-6, tumor

necrosis factor (TNF)-a, IP-10 (CXCL10), IL-8 (CXCL8), and IL-

10 have been reported in severe COVID-19 disease.13,14

Notably, the dysregulated levels of IL-6 in people with COVID-

19 are lower compared with those in non-COVID ARDS, cytokine

release syndrome, or sepsis, suggesting differences in the un-

derlying etiology.15 Type I interferon (IFN) signaling is essential

in moderating COVID-19 disease, as individuals with either IFN

auto-antibodies16 or inborn errors of type I IFN17 production

have a much higher risk of severe COVID-19. Paradoxically, a

delayed and excessive type I IFN response is implicated in se-

vere disease and leads to mortality in a mouse model of

SARS-CoV-2 infection.18–20 Among the immune lineages altered

in COVID-19, monocytes have been described to play an impor-

tant role in the periphery and at the site of infection.21–25 We un-

dertook high-dimensional cellular and molecular analyses of the

immune system in critically ill ICU patients, utilizing flow cytom-

etry, single-cell RNA sequencing (scRNA-seq), and cytokine

profiling coupled with machine learning to reveal cellular states

and gene modules that predicted mortality and underlie adverse

pathogenesis.

RESULTS

Clinical cohorts, subject characteristics, and study
design
Following informed consent, we enrolled 42 consecutive criti-

cally ill people with acute hypoxemic respiratory failure and

symptoms suggestive of COVID-19 in a prospective, observa-

tional cohort study, with limited longitudinal sampling. Based

on reference-standard nasopharyngeal swab SARS-CoV-2

qPCR, COVID-19 was diagnosed in 35 individuals (COVID-19

group), whereas a non-COVID etiology of acute respiratory

illness was identified in 7 persons who had negative SARS-

CoV-2 qPCR (non-COVID ARDS group). Clinical details of this

cohort have been described in detail.26 As controls in the study,

we also included 10 healthy blood donors (healthy donor group).

The median ages of non-COVID ARDS and COVID-19-infected

individuals were 62 and 65 years, and many people had pre-ex-

isting conditions (Data S1). Individuals entered the ICU a median

of 6 (interquartile range [IQR]: 4 to 11) days after symptom onset,

and mortality at 90 days was 29% and 40% in non-COVID

ARDS-affected- and COVID-19-affected individuals, respec-

tively (Data S1). Comparisons of clinical covariates by death or
2 Cell Reports Medicine 2, 100476, December 21, 2021
survival (day 90) in individuals with COVID-19 showed trends to-

ward higher mortality in older individuals and people with lower

BMI, and we note that persons who received glucocorticoids

were more likely to survive (Data S1). We obtained peripheral

blood as well as endotracheal aspirates from subjects with

COVID-19 to perform high-dimensional profiling of cell fre-

quencies, cellular transcriptional states, and cytokines (Fig-

ure 1A; Data S1).

Expansion of intermediate monocytes and plasmablasts
in COVID-19
We utilized high-dimensional flow cytometry to evaluate periph-

eral blood mononuclear cells (PBMCs) of critically ill individuals

(COVID-19 and non-COVID ARDS) at post-enrollment day 1 in

the ICU (Figures 1B and S1A–S1C). In agreement with other re-

ports, we found that individuals with COVID-19 tended to have

higher frequencies of plasmablasts27,28 and inflammatory mono-

cytes29 and lower frequencies of CD4+ T cells.27 We did not find

significant associations between cell frequencies and death or

survival (Figures S2A and S2B). Although cycling CD8+ T cells

that co-express human leukocyte antigen DR isotype (HLA-DR)

and CD38 are associated with viral infection in general and

COVID-19 in particular,27 there were no differences in fre-

quencies of this CD8+ T cell subset on day 1 between deceased

and surviving individuals in our cohort (Figures S2C and S2D).

We performed principal-component analysis (PCA) using the im-

mune cell frequencies (from Figure 1B) to determine whether

these multi-variate features could stratify individuals by clinical

group. When visualized along the PC1 axis, distributions of sam-

ples demonstrated considerable heterogeneity (Figure 1C).

However, COVID-19 as well as non-COVID ARDS samples

were shifted rightward on PC1, while healthy donors were shifted

leftward. Consistent with analysis in Figure 1B, higher fre-

quencies of myeloid cells and plasmablasts contributed to the

PC1 distribution of samples from critically ill individuals, while

higher frequencies of T and B cells distinguished the healthy do-

nors (Figure 1D). Concomitant expansion of intermediate mono-

cytes and plasmablasts has been noted in other viral diseases

beyond COVID-19, such as Dengue virus.30 In this context, the

inflammatory monocytes promote the differentiation of naive B

cells into plasmablasts, which can be the source of protective

or pathogenic antibodies. We note that severe COVID-19 has

been associated with various types of auto-antibodies.31–33

Although assessment of cell frequencies revealed shifts in the

composition of immune cells in COVID-19-affected and non-

COVID ARDS-affected individuals versus healthy donors, these

frequencies yielded no statistically significant associations with

outcome in critically ill individuals.

Genemodules derived from scRNA-seq stratify subjects
by clinical group
To query the transcriptional states of immune cells and generate

high-resolution predictive features, we performed scRNA-seq

analysis of PBMCs from COVID-19-affected and non-COVID

ARDS-affected individuals and healthy donors (Methods details).

Samples were obtained from critically ill individuals on days 1, 5,

and 10 post-enrollment in the ICU, whereas those from healthy

donors were obtained at one time point (Data S1). In total, we
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Figure 1. Expansion of intermediate monocytes and plasmablasts is associated with COVID-19

(A) Schema highlighting the three clinical groups along with biological specimens obtained and assays performed.

(B) Flow cytometric analysis of immune cell frequencies in peripheral blood of healthy donors (one time point), non-COVID ARDS-affected individuals (day 1 ICU),

and COVID-19-affected individuals (day 1 ICU). Comparisions with p values <0.05 by Wilcoxon rank-sum test are shown.

(C) Principal-component analysis (PCA) of immune cell frequencies displayed in (B).

(D)Weightings of immune cell frequencies that contribute to the PC1 embeddings in (C) and distinguish critically ill individuals (non-COVID ARDS/COVID-19) from

healthy donors.

(E) scRNA-seq analysis of 98,327 cells showing the canonical immune lineages from peripheral blood of healthy donors (14,271 cells), non-COVID ARDS-affected

individuals (13,060 cells), and COVID-19-affected individuals (78,922 cells).

(F) PCA performed by using differentially expressed immune cell gene modules (delineated with Arboreto; see Methods details) as molecular features of study

participants in the three clinical groups.

(G) Weightings of the immune cell gene modules that are dominant contributors to PC1 and PC2 embeddings in (F). Flow cytometry analysis, 36 individuals (20

COVID-19-affected individuals, 6 non-COVID ARDS-affected individuals, and 10 healthy donors); scRNA-seq analysis, 79 distinct samples.
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profiled 99,618 PBMCs by scRNA-seq (Figure 1E).We recovered

a median of 1071 (IQR: 662 to 1544) PBMCs from 80 samples

across disease states and time points. Canonical immune cell

types were identified as previously described (Methods de-

tails)34 and were visualized across clinical groups by uniform

manifold approximation and projection (UMAP).35

We next sought to determine whether the clinical groups (i.e.,

healthy donor, non-COVID ARDS, and COVID-19) could be bet-

ter stratified by transcriptional states rather than by cell fre-

quencies. To characterize transcriptional states across immune

cell types, we used Arboreto within the pySCENIC framework

(Methods details).36 First, we bioinformatically isolated all canon-

ical immune cell types across all samples and time points

(Figure S3A) and then utilized tree-based regression analysis in

Arboreto to identify modules of co-expressed genes presump-

tively co-regulated by given transcription factors within each

cell type (Figures S3B and S3C). Individual genes within a mod-

ule were assigned a weight derived from the tree-based regres-

sion analysis, with higher-weighted genes being more significant
contributors to a given gene module (Data S1). Finally, for each

individual, we generated a single score for each cell-type-spe-

cific gene module by taking the median module score for each

module within that subject and time point (Figures S3D–S3G).

This approach resulted in each individual being described by a

unique combination of gene module scores reflecting the under-

lying transcriptional state. We then asked whether we could use

the resultant gene module scores to distinguish between the

study groups. To do this, we first identified the top 10 most

significantly different gene modules for each immune cell type

among the subject groups (Data S1). We then performed PCA

with these selected gene modules and visualized the top two

PCs. This analysis revealed that PC1 stratified individuals by crit-

ical illness and that PC2 partially stratified COVID-19-affected

and non-COVID ARDS-affected individuals (Figure 1F). Interest-

ingly, three of the top five gene modules that enabled separation

of COVID-19-affected and non-COVID ARDS-affected individ-

uals from healthy control subjects were linked to monocytes

(Figure 1G), consistent with the notion that monocytic activation
Cell Reports Medicine 2, 100476, December 21, 2021 3
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Figure 2. Discovery and validation of a predictive model for COVID-19 mortality based on peripheral immune signatures

(A) Heatmap displaying hierarchical clustering of Arboreto-delineated gene modules that were statistically significantly associated with COVID-19 outcome.

Samples (day 1 ICU) are arrayed in columns and gene modules in rows. Color bar on the left indicates the immune cell type from which each gene module was

derived.

(B) First two PCs based on statistically significant gene modules from day 1 (A) reveals separation between individuals by outcome.

(C) Receiver operating curve (ROC) for LOOCV of individuals with COVID-19 from the University of Pittsburgh shows area under the curve (AUC) scores from 0.81

to 0.86 for three different models.

(D) UMAP of all PBMCs fromRen et al.37 used as an external validation cohort (top) and ROC for mortality prediction based on themodels derived from our cohort

(bottom).

(E) UMAP of all PBMCs from Liu et al.38 used as an external validation cohort (top) and ROC for mortality prediction based on the models derived from our cohort.

(F) UMAP of all PBMCs fromStephenson et al.39 used as an external validation cohort (top) andROC formortality prediction based on themodels derived from our

cohort.

Pitt cohort, 24 affected individuals; Ren et al., 33 affected individuals; Liu et al., 32 affected individuals; Stephenson et al., 54 affected individuals.
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states play an important role in COVID-19 disease pathogenesis.

These results demonstrate that immune cell transcriptional

states could better stratify subject groups compared to cell fre-

quencies and prompted us to interrogate whether transcriptional

states in PBMCs were associated with outcome in COVID-19-

affected individual.

PBMC transcriptional signatures are predictive of
outcome in COVID-19
After using day 1 gene module scores to stratify individuals by

clinical group, we next queried whether these transcriptional

states were associated with COVID-19 outcomes (i.e., death

versus survival). To address this question, we first performed a

Wilcoxon rank sum test to identify gene module scores signifi-

cantly associated with mortality. We found a total of 87 nominally

statistically significant gene modules (Data S1), and when we

visualized these gene modules across all individuals and per-

formed co-clustering analysis, we observed a demarcation be-

tween individuals who survived and those who did not (Fig-
4 Cell Reports Medicine 2, 100476, December 21, 2021
ure 2A). Notably, we identified several monocyte gene modules

that were associated either with survival (e.g., Mono_cells_

PDE6H) or with death (e.g., Mono_cells_NOC2L).

To evaluatewhether there is a robustmultivariate genemodule

signature associated with 90-day mortality, we first utilized the

87 significant gene module scores on day 1 to perform PCA.

The resulting PC1 and PC2 embeddings stratified individuals

who died from those that survived (Figure 2B). The separation

between outcome evident in the first two PCs suggested that

gene modules could be predictive of mortality. We next per-

formed leave-one-out cross-validation (LOOCV) to evaluate the

predictive power of this approach within our cohort. In a LOOCV

framework, using either a support vector machine (SVM) classi-

fier with a linear kernel, a random forest (RF), or a neural network

(NNET) on the significant gene modules (with assessment of sig-

nificance done separately within each fold to avoid signal

leakage) yielded accurate stratification of the individuals who

survived versus those that died (Methods details). Area under

the curve (AUC) scores from the LOOCV ranged from 0.81 to
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0.86 (Figure 2C), demonstrating that peripheral blood immune

transcriptional signatures were predictive of outcome in our

cohort. We also performed permutation testing (Methods de-

tails), comparing the accuracy across LOO folds versus permu-

tated labels, and found that the LOO statistically significantly

outperformed the permutated labels, as expected (Figure S4).

Model accuracy and associated metrics are presented in

Data S1.

After finding strong predictive power by LOOCV analysis, we

next sought to determine whether the peripheral immune signa-

tures derived from our discovery cohort could be validation in

external cohorts. We identified three relevant external cohorts

of scRNA-seq datasets of peripheral blood immune cells from in-

dividuals with COVID-1937–39 (Key resources table) and analyzed

the major immune lineages from these cohorts (Methods details;

Figures 2D–2F, top panels). We then generated cell-type-spe-

cific gene module scores for each individual in the three external

cohorts, using the 87 significant gene modules identified in our

discovery cohort. AUC scores across these studies were gener-

ally consistent with those from the LOOCV analysis, with ranges

from 0.73 to 0.81 in Ren et al.,37 0.87 to 0.88 in Liu et al.,38 and

0.58 to 0.59 from Stephenson et al.39 (Figures 2D–2F, bottom

panels). These data demonstrate that peripheral immune cell

transcriptional signatures derived from our discovery cohort

are generally predictive of death versus survival in COVID-19-

affected individuals across multiple independent cohorts. Model

accuracy and other associated model metrics across validation

cohorts are present in Data S1.

Myeloid cell states are associated with plasma cytokine
levels and drive pathogenesis
Given that our flow cytometry data showed elevated inflamma-

tory monocytes in individuals with COVID-19 (Figure 1B), that

higher frequencies of classical and intermediate monocytes

were associated with ARDS/COVID-19 (Figure 1D), and that

our predictive modeling identified monocyte cell states as asso-

ciated with outcome (Figure 2A), we next interrogated the tran-

scriptional signatures of monocytes in detail. To achieve this,

we re-clustered all PBMC monocytes from all samples and

visualized these cells using either canonical monocyte markers

(Figure 3A) or unsupervised clustering (Figure 3B). Cluster 4 rep-

resented intermediate monocytes; clusters 1, 2, 3, 7, and 8 were

classical monocytes; and cluster 6 represented non-classical

monocytes.

Next, we analyzed the association between the monocyte

clusters and differentially expressed genes associated with

outcome. Based on the aforementioned gene modules, we

focused on key cytokine and IFN response genes. This analysis

revealed the expression of CCL3, CCL4, CXCL1, CXCL2, and

CXCL3 to be associated with the classical monocyte clusters 7

and 8, while the IFN response genes such as IFI44L, MX1,

MX2, OAS3, and others associated with intermediate monocyte

cluster 4 (Figure 3C). These findings suggest that a distinctive

chemokine programmed state of classical monocytes in periph-

eral blood is associated with survival, while high levels of IFN

signaling and viral sensing in intermediate monocytes are asso-

ciated with mortality. To distinguish the activation states of ca-

nonical monocyte subsets, we performed gene set enrichment
analysis34 (Data S1). Gene sets for IFN signaling were highly

enriched in intermediate monocytes, consistent with viral

sensing. We also utilized flow cytometry to analyze the expres-

sion levels of the SARS-CoV-2 entry receptor ACE2 (which has

recently been shown to be an IFN-stimulated gene40) and

cofactor neuropilin-1 (NRP1).41,42 ACE2 expression was signifi-

cantly higher in both classical and intermediate monocytes in

COVID-19-affected individuals as well as in non-COVID-19

ARDS-affected individuals, compared to healthy donors (Figures

S5A and S5B). Notably, only intermediate monocytes from indi-

viduals with COVID-19 expressed NRP1 at significantly higher

levels versus healthy controls (Figures S5C and S5D). Both inter-

mediate and classical monocytes expressed higher levels of the

inflammation-associated chemokine receptor CCR5 (Figures

S5E and S5F). Consistent with our transcriptional analysis, flow

cytometry revealed increased expression of activated and anti-

viral states in monocyte populations from individuals with

COVID-19.

Our findings that monocyte inflammatory states may play an

important role in COVID-19 disease outcome prompted us to

evaluate whether the Mono_cells_NOC2L and Mono_cells_

PDE6Hgenemodule scoreswere correlatedwith levels of inflam-

matory cytokines in plasma. Briefly, wemeasured levels of 44 cy-

tokines ondays 1, 5, and10 from individualswithCOVID-19 using

the Meso Scale Discovery platform (Methods details). The

Mono_cells_PDE6Hmodule trended toward a significant correla-

tion with macrophage inflammatory protein 1 b (MIP-1b) in

plasma (Figure 3D), consistent with the inclusion of the gene for

MIP-1b (CCL4) in this module. Conversely, the Mono_cells_

NOC2L module correlated with CXCL10 in plasma on day 1 (Fig-

ure 3E), consistent with CXCL10 being strongly associated with

response to IFN in monocytes and suggesting that the Mono_

cells_NOC2L module is reflective of an IFN response in mono-

cytes. We next evaluated the extent to which this chemokine

was associated with survival. Using Cox proportional hazards

regression (Methods details), we found that higher levels of

plasmaMIP-1b on day 1 were associated with improved survival

(Figure 3E).We also found that higher levels of CXCL10 in plasma

on day 1 trended toward an association with greater risk of death

(Figure 3G). The outcome trends associatedwith these cytokines

and their molecular linkages with the monocyte gene modules

strengthened the overall interpretation of divergent monocytic

states that could underlie disease trajectories. Importantly, these

measures of monocyte states and plasma cytokines were not

correlated with age (Figures S6A–S6D) or associated with

whether individuals received glucocorticoids (Figures S6E–

S6H). Therefore, the monocyte gene modules capture key as-

pects of divergent systemic inflammatory states in severe

COVID-19 disease that are predictive of mortality.

We next used longitudinal data from COVID-19 samples to

investigate the stability of the initial monocytic cell states (day

1 post-enrollment) and their temporal relationships with inflam-

matory cytokines. We first used a rank sum test to determine if

monocyte gene modules on days 5 and 10 were associated

with subsequent mortality and found that there were 60 mono-

cyte modules nominally associated with outcome on day 5 but

none on day 10 (using a two-sided alpha of 10% as a cutoff;

Data S1). We next evaluated which monocyte modules on day
Cell Reports Medicine 2, 100476, December 21, 2021 5
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Figure 3. Peripheral cytokine levels are linked to monocyte cell states and are associated with mortality

(A) UMAPs showing canonical myeloid clusters in peripheral blood of individuals who died versus those who survived.

(B) Same UMAPs as (A), but myeloid cells are delineated using graph-based clustering.

(C) Frequency and magnitude of expression of genes reflective of bifurcated inflammatory monocyte states. Shown are the frequency of cells expressing the

indicated gene (size of the dot) and its mean expression level in that cluster (color of the dot).

(D) Levels of MIP-1B (CCL4) in plasma trend toward a correlation with the monocyte gene module Mono_cells_PDE6H. p value derived from Spearman’s

correlation.

(E) Levels of CXCL10 in plasma are correlated with the monocyte gene module Mono_cells_NOC2L. p value derived from Spearman’s correlation.

(F) Patients with higher levels of MIP-1B on day 1 in plasma have better survival versus those with lower MIP-1B. p value derived from Cox proportional hazards

logrank test.

(G) Patients with higher levels of CXCL10 on day 1 in plasma have worse survival versus those with lower CXCL10. p value derived fromCox proportional hazards

logrank test.

(H) Mono_cells_NOC2L gene module levels are strongly correlated between days 1 and 5 in the ICU. p value derived from Spearman’s correlation.

(I) Mono_cells_NOC2L on day 5 is inversely correlated with Mono_cells_PDE6H on day 1. p value derived from Spearman’s correlation.

(J) On day 5, Mono_cells_NOC2L is correlated with numerous inflammatory cytokines including TNF-a, IL6, and IL8.

scRNaseq data, 34,160 cells from 55 distinct samples; survival analysis based on 27 affected individuals; cytokine correlation analysis based on 20 affected

individuals.
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5 were correlated with Mono_cells_NOC2L or Mono_cells_

PDE6H monocyte modules on day 1 (Data S1). This analysis re-

vealed the Mono_cells_NOC2L module to be strongly correlated

with itself at days 1 and 5 (Figure 3H). There was also a strong

negative correlation between Mono_cells_PDE6H on day 1 and

Mono_cells_NOC2L on day 5 (Figure 3I). These data demon-

strate that monocyte states on day 1, as measured by NOC2L

or PDE6H gene module scores, are dominated by one signature

or the other and remain reflective of monocyte states on day 5.

Finally, we sought to evaluate the significance of protracted

elevation of the Mono_cells_NOC2L gene module. To this end,

we evaluated the relationships between Mono_cells_NOC2L

levels and inflammatory cytokine levels in plasma on day 5 and

found that Mono_cells_NOC2L was strongly correlated with in-

flammatory cytokines such as CXCL10, IL-6, TNF-a, and IL-8
6 Cell Reports Medicine 2, 100476, December 21, 2021
on day 5 (Figure 3J). Taken together, these data suggest that

sustained viral sensing and IFN signaling by monocytes (inferred

by high Mono_cells_NOC2L levels) promote an inflammatory

immune state involving a network of cytokines, leading to

immunopathogenesis and organ damage. Importantly, high

levels of Mono_cells_PDE6H on day 1 appear to dictate a dis-

ease course in which inflammatory cytokines do not become

correlated at day 5.

SARS-CoV-2-infected respiratory tract myeloid cells
have distinct transcriptional profiles
We next aimed to characterize immune transcriptional states by

scRNA-seq in endotracheal aspirate (ETA) samples from me-

chanically ventilated individuals. Like our PBMC analysis, we

visualized cells using UMAP and identified cell types by



Figure 4. CXCL10 is consistently expressed by infected myeloid cells in the lower respiratory tract of critically ill individuals with COVID-19

(A) UMAP showing the inferred cell types of all 6,328 cells from ETA samples from the University of Pittsburgh cohort.

(B) Same UMAP as (A), but showing clusters derived by graph-based clustering. Two distinct states of macrophages are present (clusters 1 and 4), and three

other myeloid clusters were similar to expression profiles in peripheral blood.

(C) Macrophages show the highest recovery of viral transcripts across cell types.

(D) Of the macrophage clusters (B), cluster 4 shows the highest recovery of viral transcripts. Surprisingly, few transcripts were recovered from the other myeloid

cell clusters.

(legend continued on next page)
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canonical gene expression profiles (Figure 4A). Compared to

PBMCs, we identified cells with unique expression profiles

consistent with epithelia and CD14+CD16+ macrophages in

addition to populations found in PBMCs. Graph-based clus-

tering revealed five distinct clusters of myeloid cells (clusters 1,

2, 4, 5, and 6), with the CD14+CD16+ macrophages having two

distinct cell states (clusters 1 and 4; Figure 4B). Next, we evalu-

ated expression of SARS-CoV-2 transcripts by scRNA-seq

(Methods details). Briefly, inclusion of the SARS-CoV-2 genome

in the GRCh38 reference sequence permitted mapping of viral

sequences to individual cells.37,43,44 We found that

CD14+CD16+ macrophages had the highest levels of SARS-

CoV-2 transcript expression (as measured by the viral N gene;

Figure 4C). When evaluated by graph-based clustering, we

found that the CD14+CD16+ macrophage cluster 4 had the high-

est levels of viral transcripts, compared with a paucity of tran-

scripts from CD14+CD16+ macrophage cluster 1 (Figure 4D).

This suggested that infected myeloid cells may have a unique

expression profile.

We next evaluated differentially expressed genes between

myeloid cell clusters. Consistent with peripheral blood immune

signatures, we found that intermediate monocytes had a strong

IFN response signature (Figure 4E). Interestingly, infected

CD14+CD16+ macrophages had high expression levels of spe-

cific cytokines, including CXCL10 (Figure 2G). This finding was

suggestive of a role of infected myeloid cells in COVID-19 immu-

nopathogenesis and motivated further interrogation in external

cohorts.

We, therefore, performed a meta-analysis across datasets to

determine if CXCL10 was consistently upregulated in infected

myeloid cells in the lower respiratory tract (Methods details).

We identified four studies in which scRNA-seq was performed

on lower respiratory tract cells37,43,44 or nuclei45 (Figures 4F–4I)

from individuals with COVID-19. Each of these studies also

quantified levels of SARS-CoV-2 transcripts in cells/nuclei as

described above. We next identified clusters of myeloid cells in

each study and identified themyeloid cluster with the highest fre-

quency of cells positive for SARS-CoV-2 transcripts (Figures

S7A–S7D). Next, we determined the log fold-change for all genes

between the infected myeloid cluster and all clusters for each in-

dividual and created a mean and SD of log fold-change for each

study (Methods details; Data S1). A meta-analysis was then per-

formed across all four studies, using a weighted average of the

mean log fold-change from each individual study where the

weight was dictated by the number of affected individuals

(Methods details). The resulting heatmap of the top 200 up-

and downregulated genes by meta-analysis was ordered by

the weighted average and demonstrated that CXCL10 was

among the top upregulated gene expressed by infected myeloid

cells (Figure 4J). This meta-analysis strongly supports the notion

that SARS-CoV-2-infected myeloid cells contribute to immuno-

pathogenesis through upregulation of CXCL10.
(E) Differentially expressed genes associated with each myeloid cluster reveal a

(F–I) UMAPs of lower respiratory tract cells from individuals with COVID-19 from

(J)CXCL10 is one of the top genes associated with infectedmyeloid cells in the low

200 up- and downregulated genes are ordered by the weighted average derived

individuals in each study.
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DISCUSSION

In this study, we sought to evaluate cellular and molecular fea-

tures associated with the immunopathogenesis of severe

COVID-19 illness and that were predictive of mortality. Our study

highlights the importance of analyzing the initial immune state of

individuals with COVID-19 early in their ICU course by deconvo-

lution of transcriptional states of peripheral immune cells based

on gene modules. The utilization of our cohort as a discovery

cohort, in conjunction with results confirmed in three external co-

horts, demonstrates the ability of a multidimensional peripheral

immune signature to predict outcome in COVID-19. Earlier

work in non-COVID ARDS has defined monocyte signatures in

PBMCs that are indicative of disease progression46; our work

demonstrates distinctive monocyte gene modules as part of a

multivariate peripheral immune state that is predictive of

COVID-19 disease mortality. Among the gene modules on day

1 that are predictive of outcome, we uncovered a bifurcation of

monocyte inflammatory modules. Viral sensing and IFN

response genes were reflective of a monocytic state (NOC2L

module) that was sustained over 5 days in the ICU and correlated

with serum cytokines CXCL10, IL-6, TNF-a, and IL-8. CXCL10

has been associated with severe COVID-19,13 and IL-6, TNF-a,

and IL-8 have been associated with increased risk of death

from COVID-19.14 In contrast, a divergent inflammatory mono-

cytic state (PDE6H module) involving expression of the chemo-

kine genes CCL3 (MIP-1a), CCL4 (MIP-1b), CXCL1, and

CXCL2 was associated with survival.

In addition to analysis of immune cell states in peripheral blood

and plasma cytokine levels, our analysis of lower respiratory

tract myeloid cells revealed that CXCL10 may play an important

role in driving pathogenesis. Studies of Middle East respiratory

syndrome (MERS) coronavirus have demonstrated infection of

monocyte-derived macrophages with subsequent secretion of

inflammatory cytokines such as CXCL10 and CXCL8 (IL-8).47

Consistent with our findings, SARS-CoV abortively infects hu-

man macrophages but triggers production of CXCL10 and

CCL2.48,49 Furthermore, recent work demonstrated that infected

myeloid cells in the lower respiratory tract of individuals with

COVID-19 participate in a positive-feedback loop in which in-

fected myeloid cells produce T cell chemoattractants, recruiting

T cells into the lung.44 These T cells then secrete IFN-g, contrib-

uting to release of inflammatory cytokines from macrophages50

and thereby promoting further T cell activation.44 In the context

of our findings that elevated CXCL10 levels in plasma are predic-

tive of death, we propose that higher levels of CXCL10 in periph-

eral blood are reflective of a higher degree of viral burden (and,

correspondingly, greater immunopathogenesis) in the lung.

Our combined analysis of peripheral blood immune cell states,

lower respiratory tract cells, and plasma cytokines provides

important insight into the pathogenesis of severe COVID-19. A

specific peripheral blood monocyte state characterized by the
distinct profile of infected cells including expression of CXCL10.

four external datasets.

er respiratory tract in ameta-analysis of four different external cohorts. The top

from the meta-analysis, where the weight is based on the number of affected
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Mono_cells_NOC2L gene module was correlated with plasma

levels of CXLC10, suggesting that peripheral blood immune sig-

natures are reflective of the degree of infection in the lower res-

piratory tract (given that infected myeloid cells appear to be a

dominant source of CXCL10). Interestingly, the Mono_cells_

NOC2L was governed by genes associated with viral sensing,

and type I IFN response and activated monocyte states were

associated with elevated expression of ACE2 and NRP1. Plasma

viremia is also associated with increased risk of mortality in indi-

viduals with COVID-19,51 suggesting that peripheral monocytes

may become activated by inflammatory cytokines, express entry

receptors such as ACE2, and become further activated by viral

entry or opsonization, triggering innate viral sensors such as ret-

inoic acid inducible gene I (RIG-I) in monocytes. This pathogenic

process would not require productive viral infection of mono-

cytes but could, nevertheless, contribute to viral pathogenesis

by driving increasing immune-related inflammation.

The finding that CCL4 (MIP-1b) was associated with survival is

consistent with its positive prognostic role in Dengue infection.52

In hepatitis C infection, higher MIP-1b was associated with viral

control following treatment with antiviral therapy.53 Interestingly,

MIP-1b is a type-I-IFN-dependent gene but does not directly

inhibit viral replication. Instead, it promotes the recruitment of

monocytes to infected tissue to prevent viral spread throughout

the tissue.54 In this context, our findings suggest a model in

which preferential expression of MIP-1b, in relation to other

IFN response genes by monocytes, protects infected tissue in

the lung during severe COVID-19.

High levels of inflammatory cytokines are associated with

increased risk of death in individuals with COVID-19,14 but the

immunologic drivers of these cytokine levels remain incompletely

understood. Type I IFN signaling has been proposed to play both

a protective and a pathogenic role in COVID-19 disease, depend-

ing on its kinetics.18–20 It is essential early in infection in moder-

ating COVID-19 disease, as individuals with either IFN auto-anti-

bodies16 or inborn errors of type I IFN17 production have a much

higher risk of severe COVID-19. However, dysregulated IFN

signaling at later times during COVID-19 disease progression ap-

pears to be pathogenic.55,56 Our analysis revealed that monocyte

gene modules on day 1 dictate distinct disease trajectories, with

the high levels of the IFN-response-associated Mono_cells_

NOC2L module on day 1 correlating with its levels on day 5 in in-

dividuals. Additionally, the Mono_cells_NOC2L module on day 5

is correlated with numerous cytokines associated with disease

severity and death, including CXCL10, IL-6, TNF-a, and IL-8. In

support of this association, a late immune juncture beginning at

17 days following symptom onset (and corresponding to day 10

in our cohort) was recently described as associated with death

in individuals with COVID-19.38 Thus, we infer that protracted

IFN signaling (as reflected by consistently high Mono_cells_

NOC2Lmodule scores, ICU days 1–5) promotes an immune state

leading to immunopathogenesis, organ damage, and death.

Our study (which is supported by validation studies with

external cohorts) adds important details of immunopathogene-

sis. The high-dimensional approaches we applied to our cohort

allowed us not only to characterize peripheral biomarkers that

were predictive of mortality, but also to elucidate deeper insights

into the biology underlying critical illness in COVID-19. Neverthe-
less, our findingsmay facilitate discovery of new diagnostics and

therapeutics to improve outcome in severe COVID-19.

Limitations of the study
A limitation of our study is the relatively small number of individuals

with COVID-19 in our cohort, which precludes in-depth analysis of

relationships among flow cytometry measurements, transcrip-

tional statesof immunecells, and cytokineswith clinical covariates

suchasdiabetes, age, andgender. These covariatesare important

contributors to outcome and need to bemore fully integrated with

the high-dimensional immune system analyses in larger studies.

Another limitation is that our derivation of immune signatures was

based on samples from critically ill individuals obtained soon after

admission to the ICU. This complicates validation in external co-

horts that have limited sample available fromcritically ill individuals

in thesame time interval.Whileour immunesignaturesperformwell

in several cohorts, the predictive power is variable, and more

extensive validation across appropriate cohorts is required.
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Antibodies

Mouse anti-human HLA-DR conjugated to BUV395 BD Biosciences Cat# 564040; RRID:AB_2738558

Mouse anti-human CD8 conjugated to BUV496 BD Biosciences Cat# 612942; RRID:AB_2870223

Mouse anti-human CD4 conjugated to BUV563 BD Biosciences Cat# 741353; RRID:AB_2870854

Mouse anti-human CD103 conjugated to BUV615 BD Biosciences Cat# 751285; RRID:AB_2875299

Mouse anti-human CD45 conjugated to BUV661 BD Biosciences Cat# 750178; RRID:AB_2874383

Mouse anti-human CD14 conjugated to BUV737 BD Biosciences Cat# 612763; RRID:AB_2870094

Mouse anti-human CD19 conjugated to BUV805 BD Biosciences Cat# 742007; RRID:AB_287130

Mouse anti-human Ki-67 conjugated to BV412 Biolegend Cat# 350506; RRID:AB_2563860

Rat anti-human FOXP3 conjugated to eFluor450 Thermo Fisher Scientific Cat# 48-4776-42; RRID:AB_1834364

Mouse anti-human CD38 conjugated to BV480 BD Biosciences Cat# 566186; RRID:AB_2739582

Mouse anti-CD1c conjugated to PE-Cy5 in house Biolegend Cat# 331502; RRID:AB_1088995

Mouse anti-human CD45RA Biolegend Cat# 304108; RRID:AB_314412

Mouse anti-human CD62L conjugated to BV605 Biolegend Cat# 304834; RRID:AB_2562130

Mouse anti-human CD15 conjugated to BV650 Biolegend Cat# 323034; RRID:AB_2563840

Mouse anti-human CD25 conjugated to BV711 Biolegend Cat# 302636; RRID:AB_2562910

Mouse anti-human CD20 conjugated to BV750 BD Biosciences Cat# 747062; RRID:AB_2871819

Mouse anti-human CD141 conjugated to BV785 Biolegend Cat# 344116; RRID:AB_2572195

Mouse anti-human CD36 conjugated to CD36 Biolegend Cat# 336204; RRID:AB_1575025

Mouse anti-human CD3 conjugated to

SparkBlue 550

Biolegend Cat# 344852; RRID:AB_2819985

Mouse anti-human CD11b conjugated to

PerCP/Cyanine5.5

Biolegend Cat# 393106; RRID:AB_2734453

Mouse anti-human CD56 conjugated to

PerCP-eFluor710

Thermo Fisher Scientific Cat# 46-0567-42; RRID:AB_10548939

Mouse anti-human ACE2 conjugated to PE R&D Systems Cat# FAB933P-100

Mouse anti-human CD16 conjugated to

PE/Texas-Red

Biolegend Cat# 302016; RRID:AB_314216

Mouse anti-human CD27 conjugated to BV510 Biolegend Cat# 302836; RRID:AB_2562086

Mouse anti-human CD138 conjugated to APC Biolegend Cat# 142506; RRID:AB_10962911

Mouse anti-human CD11c conjugated to AF700 Biolegend Cat# 301648; RRID:AB_2819923

Mouse anti-human CD192 conjugated to APC/Cy7 Biolegend Cat# 357220; RRID:AB_2566750

Mouse anti-human CD16 conjugated to BV421 Biolegend Cat# 302038; RRID:AB_2561578

Mouse anti-human CD195 conjugated to BV510 Biolegend Cat# 313707; RRID:AB_345307

Mouse anti-human CD3 conjugated to BV650 Biolegend Cat# 100229; RRID:AB_11204249

Mouse anti-human CD19 conjugated to BV650 Biolegend Cat# 302238; RRID:AB_2562097

Mouse anti-human CD20 conjugated to BV650 Biolegend Cat# 302336; RRID:AB_2563806

Mouse anti-human CD56 conjugated to BV650 Biolegend Cat# 362532; RRID:AB_2565602

Mouse anti-human CD163 conjugated to BV711 Biolegend Cat# 333630; RRID:AB_2650972

Mouse anti-human CCR2 conjugated to BV785 Biolegend Cat# 357234; RRID:AB_2800972

Mouse anti-human ACE2 conjugated to APC R&D Systems Cat# FAB933A-100

Mouse anti-human NRP1 conjugated to PE Biolegend Cat# 354504; RRID:AB_11219194

Mouse anti-human CD36 conjugated to

PE/Cyanine7

Biolegend Cat# 336222; RRID:AB_2716142

Total-SeqC Hashtag Barcode 0251 Biolegend Cat# 394661; RRID:AB_2801031
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Total-SeqC Hashtag Barcode 0252 Biolegend Cat# 394663; RRID:AB_2801032

Total-SeqC Hashtag Barcode 0253 Biolegend Cat# 394665; RRID:AB_2801033

Total-SeqC Hashtag Barcode 0254 Biolegend Cat# 394667; RRID:AB_2801034

Total-SeqC Hashtag Barcode 0255 Biolegend Cat# 394669; RRID:AB_2801035

Total-SeqC Hashtag Barcode 0256 Biolegend Cat# 394671; RRID:AB_2820042

Biological samples

Whole blood from healthy donors University of Pittsburgh NA

Whole blood from non-COVID ARDS-affected

individuals

University of Pittsburgh NA

Whole blood from COVID-19-affected individuals University of Pittsburgh NA

Endotracheal aspirates from COVID-19-affected

individuals

University of Pittsburgh NA

Chemicals, peptides, and recombinant proteins

Zombie near-IR viability dye Biolegend Cat# 423105

eFluor780 fixable viability dye Thermo Fisher Scientific Cat# 65-0865-18

Critical commercial assays

Chromium Single Cell 50 Library & Gel Bead Kit,

16 rxns

10X Genomics Cat# PN-1000006

Chromium Single Cell 50 Library Construction Kit,

16 rxns

10X Genomics Cat# PN-1000020

Chromium Single Cell A Chip Kit, 48 rxns 10X Genomics Cat# PN-1000152

Chromium i7 Multiplex Kit, 96 rxns 10X Genomics Cat# PN-120262

V-PLEX Human Cytokine 44-plex Kit Meso Scale Discovery Cat# K15249D-2

Deposited data

Single-cell RNaseq dataset This study Accession number: GEO: GSE180578

Single-cell RNaseq dataset Liao et al.43 Accession number: GEO: GSE145926

Single-cell RNaseq dataset Grant et al.44 Accession number: GEO: GSE155249

Single-cell RNaseq dataset Liu et al.37 Accession number: GEO: GSE161918

Single-cell RNaseq dataset Ren et al.38 Accession number: GEO: GSE158055

Single-cell RNaseq dataset Stephenson et al.39 https://www.covid19cellatlas.org/

Single-cell RNaseq dataset Delorey et al.45 Accession number: GEO: GSE171668

Additional Data This study Mendeley Data: http://doi.org/

10.17632/r83csstphc.2

Software and algorithms

Red Hat Enterprise Linux Server (v7.7) Red Hat https://access.redhat.com/documentation/en-us/

red_hat_enterprise_linux/7/html/7.7_release_

notes/index

CellRanger (v3.1.0) 10X Genomics https://support.10xgenomics.com/single-cell-

gene-expression/software/pipelines/latest/

what-is-cell-ranger

CiteSeqCount (v1.4.3) Roelli57 https://github.com/Hoohm/CITE-seq-Count

R (v3.6.0) NA58 https://www.r-project.org/

Tidyverse (v1.3.0) Wickham et al.59 https://www.tidyverse.org/

ggplot2 (v3.3.2) Wickham et al.60 https://ggplot2.tidyverse.org/

patchwork (v1.0.0) Pederson et al.61 https://patchwork.data-imaginist.com/

Irlba (v2.3.3) Baglama et al.62 https://cran.r-project.org/web/packages/irlba/

index.html

ggplotify (v.0.0.5) Yu et al.63 https://cran.r-project.org/web/packages/

ggplotify/index.html
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pheatmap (v1.0.12) Kolde et al.64 https://CRAN.R-project.org/web/packages/

pheatmap/index.html

RColorBrewer (v1.1-2) Neuwirth et al.65 https://CRAN.R-project.org/web/packages/

RColorBrewer/index.html

survival (v3.2-7) Therneau66 https://CRAN.R-project.org/web/packages/

survival/index.html

survminer (v0.4.8) Kassambara et al. 67 https://CRAN.R-project.org/web/packages/

survminer/index.html

lubridate (v1.7.4) Grolemund and Wickham68 https://www.jstatsoft.org/v40/i03/

pROC (v1.16.1) Robin et al.69 https://www.biomedcentral.com/1471-2105/

12/77/

singleseqgset (v0.1.2.9000) Cillo et al.34 https://github.com/arc85/singleseqgset

future (v1.16.0) Bengtsson70 https://CRAN.R-project.org/web/packages/

future/index.html

future.apply (v1.4.0) Bengtsson71 https://CRAN.R-project.org/web/packages/future.

apply/index.html

SCENIC (v.1.1.2-2) Aibar et al.72 https://github.com/aertslab/SCENIC

Reticulate (v1.14) Ushey et al.73 https://CRAN.R-project.org/web/packages/

reticulate/index.html

python (bioconda v.3.7-2019.03) Björn et al.74 https://bioconda.github.io/

FlowJo (v9.9.6) BD Biosciences https://www.flowjo.com/
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Lead contact
Further information and requests for resources and reagents should be directed to andwill be fulfilled by the Lead Contact, Dario A.A.

Vignali (dvignali@pitt.edu).

Materials availability
This study did not generate new unique reagents.

Data and code availability

d Data: Both raw and processed transcriptomic are available through the Gene Expression Omnibus (GEO: GSE180578). Addi-

tional data are available via Mendeley Data (Mendeley Data: http://doi.org/10.17632/r83csstphc.2).

d Code: The Seurat package was used for scRNaseq normalization, scaling, dimensionality reduction, UMAP visualization, clus-

tering, and differential gene expression analysis. Code for these steps is available through Seurat’s website (https://satijalab.

org/seurat/). Code for gene set enrichment analysis is available at https://www.github.com/arc85/singleseqgset. Code is pro-

vided at https://github.com/arc85/covid_analyses files to demonstrate gene module discovery, training of machine learning

algorithms and leave one out cross validation analysis, and meta-analysis of infected myeloid cells.

d General statement: Any additional information required to reanalyze the data reported in this paper is available from the Lead

Contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

Following acquisition of written informed consent from patients or their legally authorized representatives, we enrolled 42 consecu-

tive critically ill patients with acute hypoxemic respiratory failure and symptoms/signs suggestive of COVID-19 in a prospective,

observational cohort study (University of Pittsburgh Institutional Review Board study number 20040036). Patients were hospitalized

in ICUs at two hospitals (Presbyterian and Shadyside) within the University of Pittsburgh Medical Center system. All patients under-

went at least one nasopharyngeal swab testing for SARS-CoV-2 qPCR (reference standard diagnosis at our Institution), which could

be repeated at the discretion of the treating physicians when the first test was negative and significant clinical suspicion for COVID-19

remained. Based on SARS-CoV-2 qPCR results, 35 patients with at least one positive test were diagnosedwith COVID-19 (COVID-19
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group), whereas 7 patients had at least one negative SARS-CoV-2 qPCR test andwere diagnosedwith a non-COVID etiology of acute

respiratory illness (non-COVID group). For comparisons against healthy controls, we also included a single blood biospecimen from

10 healthy donors.

From enrolled critically ill patients, we collected blood specimens upon enrollment (day 1), and then if the patients remained in the

ICU, we collected follow-up blood samples on days 5 and 10 post-enrollment. From intubated patients, we also collected endotra-

cheal aspirate (ETA) samples for profiling of the lower respiratory tract.

Demographics information include age, gender, and race, history of chronic diseases such as diabetes and chronic obstructive

pulmonary disease (COPD), timing of disease onset and whether patients received mechanical ventilation, and outcome data are

all presented in Table S1.

METHODS DETAILS

Sample processing
Whole blood was drawn by venipuncture into EDTA tubes. Plasma was separated from whole blood by centrifugation at 400xg for

5 min with the brake off. Following removal of plasma, blood was diluted with Hank’s Buffered Saline Solution (HBSS), and diluted

blood was layered of Ficoll-Hypaque. Density gradient centrifugation was performed by spinning at 400xg for 20 min with the brake

turned off, and the PBMC layer was removed. PBMC were then washed twice with HBSS, and carry-over red blood cells were lysed

using BD Pharm Lyse per the manufacturer’s instructions. Viable cells were counted using a Nexcelom Cellometer with acridine or-

ange and propidium iodide. Endotracheal aspirates (ETA) were collected from intubated patients in the ICU based on the condition of

the patient; samples were not collected if the patient’s status was poor. ETA were processed by diluting 1.5 mL of samples up to

15 mL with HBSS, pipetting vigorously to break up aggregated sputum. Cells from ETA were then pelleted by centrifugation at

400xg for 5 min, and red blood cells were lysed using BD Pharm Lyse per the manufacturer’s instructions. Viable cells were counted

using a Nexcelom Cellometer as described above. PBMC and ETA cells were cryopreserved in 90% FBS and 10% DMSO. Plasma

was frozen at �80�C. All experiments with COVID-19 patient samples were performed in a Biosafety Level 2+ facility (with appro-

priate precautions) at the University of Pittsburgh’s Center for Vaccine research.

Flow cytometry analyses
PBMCwere stained for flow cytometry as previously described.34 Briefly, cryopreserved PBMCwere thawed in a water bath at 37�C,
then diluted to 15 mL with warm RPMI with 10% FBS. 1-2x105 cells were placed in 96 well plates and centrifuged at 400xg for 5 min.

Supernatant was then removed, and cells were resuspended in antibody cocktails consisting of phosphate buffered saline with 10%

FBS (PBS/FBS) and appropriately diluted antibodies. All antibodies were used at a 1:100 final dilution. Samples were stained for

15 min a 4�C, and were then washed by adding PBS/FBS and centrifuging for 5 min a 400xg. Viability dye in PBS (1:4000 dilution)

was then added, and samples were once again incubated for 15 min at 4�C, followed by a subsequent wash step in PBS. Next, sam-

ples were fixed using Becton Dickinson (BD) Fix/Perm solution as per the manufacturer’s instructions. Following fixation and perme-

abilization, intracellular antibodies were added in BD Perm/Wash solution at appropriate concentrations; samples were once again

incubated at 4�C and washed. Samples were then resuspended in PBS/FBS and acquired on the appropriate flow cytometer. Sam-

ples were stained for subsequent assessment on either a Cytek Aurora 5-laser spectral flow cytometer or a Becton Dickinson 5 laser

Fortessa II for standard flow cytometry. The 28 antibodies were used for the Cytek Aurora panel are listed in the Key Resources Table.

Briefly, they are HLA-DR, CD8, CD4, CD103, CD45, CD14, CD19, Ki67, FoxP3, CD38, CD1c, CD45RA, CD62L, CD15, CD25, CD20,

CD141, CD36, CD3, CD11b, CD56, ACE2, CD16, CD27, CD138, CD11c, and CCR2. We also used Zombie NIR fixable viability dye

(Biolegend) at a 1:1000 dilution for this panel. The 14 antibodies used for our monocyte specific Fortessa II panel are listed in the Key

Resources Table. Briefly, they are HLA-DR, CD14, CD16, CCR5, CD3, CD19, CD20, CD56, CD163::BV711, CCR2, ACE2, CD11c,

NRP1, and CD36. We also used eFluor 780 Fixable Viability Dye (ThermoFisher) for this panel at a 1:4000 dilution. Flow cytometry

was performed in the Hillman Cancer Center Flow Cytometry Facility.

We used principal component analysis (PCA) to visualize the distribution of cell frequencies across patient cohorts. PCA was per-

formed using the R package irlba. Centered and scaled values of all immune cell frequencies were used as input. Sample embed-

dings and variable loadings were extracted from resulting PCA and used for visualization.

Single-cell RNaseq library generation and sequencing
Single-cell Rnaseq (scRNaseq) was performed using 50 v1 kit from 10X Genomics as per the manufacturer’s instructions. Libraries

were created from either fresh PBMC or were prepared from batches of cryopreserved PBMC. For fresh processing, libraries were

created immediately following isolation of cells. For cryopreserved samples, samples were thawed as described above for flow cy-

tometry. Sample multiplexing was performed using CITEseq. To achieve this, cells were first stained with TotalSeq-C antibodies for

15 min at 4�C, followed by washing in PBS with 10% FBS and centrifugation for 5 min at 400xg. Two samples (each stained with

unique TotalSeq-C antibodies) were then pooled and loaded per lane of the 10X chip to permit sample multiplexing. Libraries

were prepared following the manufacturer’s instructions, with the additional preparation of cell hashing libraries using the manufac-

turer’s protocol for Feature Barcode libraries. Final libraries concentration and size distributions were quantified using a BioAnalyzer
e4 Cell Reports Medicine 2, 100476, December 21, 2021
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as per the manufacturer’s instructions. Samples were sequenced on a NovaSeq at the UPMCGenome Core using a read 1 length of

28 cycles, read 2 length of 91 cycles and an i7 read length of 8 cycles.

Generation of gene expression and feature barcode matrices
Following sequencing, NovaSeq runs were downloaded from the UPMC Genome Core to the University of Pittsburgh Center for

Research Computing High Throughput Cluster. Samples were then demultiplex using bcl2fastq (Illumina), using a base mask of

Y28, I8, Y91 and setting the stringency to allow no barcode mismatches. Following demultiplexing, gene expression reads were

then aligned to the reference genome using CellRanger v3.1.0, and feature barcode matrices were created for each sample. Impor-

tantly, we added the reference sequence for SARS-CoV-2 (NC_045512.2) to the genome and the GTF to facilitate detection of SARS-

CoV-2 transcripts. Cell hashing libraries were aligned to TotalSeq-C barcodes using CITE-seq-Count v1.4.3,75 using a sample-spe-

cific cell barcodewhitelist (i.e., only cell barcodes from cells identified byCellRanger from each sample were included in thewhitelist).

Identification of individual samples from cell hashing
After generation of gene expression and feature barcode matrices, downstream analysis was performed using Seurat v3.1.476 in R

3.6.0. Gene barcode matrices and associated feature barcode matrices containing cell hash expression values were read into R. To

identify individual samples, feature barcode matrices were first log-normalized using a centered log ratio transformation (CLR) im-

plemented in Seurat. Individual samples were identified by unique expression of the anticipated TotalSeq-C antibody and the

absence of alternative TotalSeq-C antibodies. To permit automated identification of samples, k-means clustering was performed

on CLR normalized expression values for each sample to identify cut-offs for negative and positive TotalSeq-C counts. Samples

were visualized on bi-variate x/y plots to confirm adequate cutoffs. Cells with expression levels above the cut-offs for both Total-

Seq-C antibodies were considered doublets and were excluded from downstream analysis.

Visualization of scRNaseq data and identification of cell types
We utilized the data integration workflow76 provided in Seurat to integrate between fresh and cryopreserved samples. Briefly, we

independently identified highly variable features between fresh and cryopreserved samples and selected 2,000 integration features

from this combined set of highly variable features. Selected integration features were then independently scaled across all cells in

both fresh and cryopreserved samples, and PCAwas performed using the scaled expression levels in each dataset. Next, integration

anchors were identified using a reciprocal PCA across the first 30 PCs. Integrated data was then used for downstream PCA, visu-

alization and clustering. Dimensionality reduction for visualization was next performed using Uniform Manifold Approximation

Embedding (UMAP)35 implemented in Seurat. Clusters were identified using graph-based clustering in Seurat, and inspection of ca-

nonical lineage markers and their association with each cluster was used to identify cell types. One cluster of cells expressed high

levels of genes involved in the cell cycle, but included multiple cell types. Cell types were resolved from this cluster by bio-

informatically isolating these cells and inspecting lineage specific markers and then applying those labels to the cells in the overall

UMAP.

Generation of gene module scores for immune lineages
To quantify gene co-expressmoduleswithin each immune lineage, we first bioinformatically isolated eachmajor immune lineage (i.e.,

CD4+ T cells, CD8+ T cells, B cells, plasmablasts, monocytes and NK cells) and verified there were no contaminating immune cells

from other lineages present (e.g., there were no clusters expressingMS4A1 in the CD4+ T cell data, no clusters expressing CD14 in

theCD8+ T cells, et cetera). Next, we utilized both the SCENIC72 R package (version 1.1.2-2) and the Arboreto package (version 0.1.0)

implemented in PySCENIC36 in Python (Bioconda 3.7-2019.03). In R, genes were filtered based on a minimum count of 3 in 1% of

cells, and expression in at least 1% of cells. Filtered expression matrices and a list of expressed transcription factors were then ex-

ported to be used in GRNBoost2 from the Aboreto package in Python. Gene modules identified by GRNBoost2 were filtered based

on having greater than 20 genes and fewer than 200 genes, then scored across all cells in an expression dataset using the AddMo-

duleScore function in Seurat. Briefly, the AddModuleScore function generates a score based on the aggregated expression level

across a set of genes compared to a background set of genes with a similar express magnitude. Like to gene set enrichment,

this allows a group of genes to be scored at the level of individual cells. Based on the modules scores, a median module scores

were assigned to each patient for a given immune lineage. If less than 20 cells were present in a given patient sample, the median

module score was imputed as the median across all patients.

Discovery of a predictive algorithm for mortality in COVID-19
We sought to leverage machine learning algorithms in conjunction with gene modules scores on day 1 post-enrollment in the ICU to

predict outcome for critically ill patients with COVID-19. To do this, we utilized our cohort from the University of Pittsburgh as a dis-

covery cohort to train a support vector machine (with a linear kernel), random forest, and neural net. To reduce the dimensionality

prior to input into the machine learning algorithms, we first performed PCA using all scaled and centered gene modules scores

from day 1 that were significantly associated with outcome (p < 0.05 by Wilcoxon rank sum test) as input. If a patient did not have

a gene module score for a particular lineage due to too few cells present, the median gene module score from all samples was
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used as the interpolated value. We then used the embeddings for each patient in the first two principal components from the PCA as

input for the machine learning algorithms. We implemented these algorithms through the R package caret.77

Cross-validation for the discovery cohort was performed using a leave-one-out analysis. To prevent data leakage between folds of

cross validation, gene modules from day 1 samples that had a p < 0.05 for a Wilcoxon rank sum test between patients who survived

versus those that died were selected within each fold. Then, modules were scaled and PCAwas performed for dimensionality reduc-

tion in each fold, once again using PC1 and PC2 were used as predictive variables. Tuning parameters for each algorithm were

selected internally within each round of cross-validation. Receiving operating curves and area under the curve were calculated using

the R package pROC.69

Permutation testing for evaluating machine learning models
We performed permutation testing to determine if machine learning models outperformed the same models with permuted class la-

bels. We determined the accuracy of each of the machine learning models when leaving one patient out for the Pitt cohort, and

compare the resulting accuracy scores to models generated with the outcome labels for each patient permuted. We then compared

the resulting accuracy using a t test.

Validation of the peripheral immune signature for mortality
To determine if the peripheral immune signatures derived from our discovery cohort were valid across cohorts, we identified and

analysis 3 external datasets consisting of single-cell Rnaseq of PBMC from patients with COVID-19. Datasets were selected by hav-

ing publicly available single-cell Rnaseq data from PBMC of COVID-19 patients and outcome data for each patient. For each of these

external datasets, the processed data was downloaded from the Gene Expression Omnibus. Cell types annotations were used when

provided by authors, and were characterized by canonical gene expression profiles otherwise. Patients were selected for inclusion

based on availability of information pertaining to survival. Patients were retained in all instances where symptomatic disease was

noted. Gene module scores for the statistically significant gene modules on day 1 in the discovery cohort were calculated for

each immune lineage for each patient in the validation cohorts using the AddModuleScore function from Seurat. After gene module

scores were calculated, the machine learning algorithms derived from the discovery cohort were applied to the validation cohorts.

Receiver operating curves and area under the curve were calculated using the R package pROC69 as described above.

In-depth analysis of myeloid lineages
Further dissection of myeloid lineages was performed by bioinformatically isolating and re-clustering all myeloid cells. Datasets were

once again integrated for downstream visualization and clustering based on fresh versus frozen status using the workflow described

above. Differentially expressed genes were identified using aWilcoxon rank sum test as implemented in Seurat. Gene set enrichment

analysis was performed as previously described using the R package singleseqgset.34 Statistically significant gene sets were iden-

tified as those that had p values corrected for false discovery rate of less than 5%.

Soluble cytokine/chemokine quantification by Meso Scale Discovery
We utilized the V-PLEX Human Cytokine 44-plex Kit from Meso Scale Discovery (MSD) to quantify levels of chemokines and cyto-

kines in plasma of patients with COVID-19. The following soluble markers were included: Eotaxin, Eotaxin-3, GM-CSF, IFN-g, IL-1a,

IL-1b, IL-1RA, IL-2, IL-3, IL-4, IL-5, IL-6, IL-7, IL-8, IL-8 (HA), IL-9, IL-10, IL-12/IL-23p40, IL-13, IL-15, IL-16, IL-17A, IL-17A/F, IL-17B,

IL-17C, IL-17D, IL-21, IL-22, IL-23, IL-27, IL-31, IP-10, MCP-1, MCP-4, MDC, MIP-1a, MIP-1b, MIP-3a, TARC, TNFa, TNFb, TSLP,

and VEGF-A. Assays were performed as per the manufacturer’s instructions. Briefly, plasma samples were thawed and on average

25 mL of plasma samples were diluted as recommended in a MSD 96-well assay plate. Calibrators were added to wells on each plate

in parallel. Plates were then sealed and incubated overnight at 4�C. Next, the plates were washed 3 timeswith 150 mL per well of MSD

wash buffer. Following washing, 25 mL of detection antibodies was added to each well, and plates were then sealed and incubated at

room temperature for 2 hwith shaking. After 2 h, the plates were once again washed 3 timeswithMSDwash buffer and 150 mL ofMSD

Read Buffer T was added to each well and the plates were analyzed on the MESOQuickPlex SQ 120MM. Sample concentrations for

each marker were then calculated based on the respective standard curve. For analysis, the limit of detection was set at 50% of the

lowest limit of detection across all analytes (i.e., 0.045 pg/mL).

Meta-analysis of infected myeloid cells in lower respiratory tract samples
We sought to evaluate whether there were consistent gene expression profiles of infected myeloid cells in the lower respiratory tract

of patients with COVID-19. To do this, we first identified datasets in which single-cell Rnaseq was performed on either sputum, endo-

tracheal aspirates, bronchoalveolar lavage (BAL) fluid, or lung tissues. We identified 4 studies that fit these criteria, from which we

downloaded the processed gene expression datasets from the Gene Expression Omnibus. We note that 1 study used was a

post-mortem autopsy study in which single nuclei were processed rather than single cells. We next visualized all cells from each

study by UMAP, and either leveraged the cell type annotations noted by the authors when available or defined cells by canonical

gene expression profiles otherwise. Likewise, we also used cluster annotations provide by the authors for downstream analysis

or generated new graph-based clusters as previously described.
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To perform ameta-analysis to robustly characterize expression profiles of infectedmyeloid cells, we next identified themost highly

infected myeloid cell cluster in each individual study. This cluster was identified as the cluster with the highest frequency of infected

cells as determined by SARS-CoV-2 transcript levels. Within each study, we then determined the log fold-change in gene expression

for the infected myeloid cluster for each individual patient and created a mean and standard deviation in log fold-change for

each study. Meta-analysis was then performed by taking a weighted average of the log fold-change in gene expression, where

theweightingwas determined by the number of patients in each study. Results of thismeta-analysis were then visualized by heatmap

to identify genes consistently up- and downregulated in infected myeloid cells.

QUANTIFICATION AND STATISTICAL ANALYSIS

Survival analysis was performed using Cox’s proportional hazard regression analysis as implement in the R package survival.78,66

Likelihood ratio tests were used to determine the statistical significance of the survival models. Wilcoxon rank sum tests were

used to evaluate differences in immune cell frequencies andmean fluorescence intensity by flow cytometry, to calculate differentially

expressed genes from the scRNaseq analysis, and identify gene modules that were statistically different between patients who sur-

vived and those that died. Spearman’s correlation was used to calculate the correlation between gene module scores and cytokine

levels in plasma, between gene modules on day 1 and day 5, and between cytokines and gene modules on day 5. A two-sided alpha

of 5% was considered significant unless otherwise noted.
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Figure S1. Gating strategy to quantify immune cell frequencies in PBMC. Related to Figure 1. We utilized the 

Cytek Aurora to perform high-dimensional flow cytometry to enumerate cell frequencies in peripheral blood. All 

samples were first gated on forward and side scatter to identify lymphocytes based on size and granularity, followed 

by gating live singlet events, and then all CD45+ cells. Cell frequencies are a percent of CD45+ cells unless 

otherwise noted. (A) Classical monocytes were gated as CD14+CD16-, intermediate monocytes were 

CD14+CD16+, and non-classical monocytes were CD14-CD16+. Dendritic cells were gated as CD14-CD16-

CD11c+HLA-DR+ cells. (B) B cells were identified as CD19+CD20+ cells, and plasmablasts were identified as 

CD20dimKi67+ cells. Plasmablasts also co-expressed CD38 and CD27. (C) NK cells were gated as either 

CD56+CD16+ cells or CD56+CD16dim cells. CD4+ and CD8+ T cells were characterized by their reciprocal 

expression of each marker. CD8+ T cells were further sub-divided into cycling Ki67+CD8+ T cells and 

Ki67+CD38+HLA-DR+ cycling CD8+ T cells and were quantified as a frequency of total CD8+ T cells. 
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Figure S2. Immune cell frequencies by outcome in non-COVID ARDS and COVID-19 patients. Related to 

Figure 1. Comparison of frequencies of immune cells on day 1 by outcome as measured by 90-day mortality. (A) 
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There were no statistically significant differences in immune cell frequencies between COVID-19 patients who died 

and those who survived (p values for T tests ranged from p=0.09 to p=0.86). (B) There were no statistically significant 

differences in immune cell frequencies between non-COVID ARDS patients who died versus survived (p values 

ranging from p=0.30 to p=0.99). (C) Comparison of all cycling CD8+ T cells and HLA-DR+CD38+ cycling CD8+ T 

cells between surviving and discharged COVID-19 patients revealed no significant differences. (D) No statistically 

significant differences in mortality were evident between cycling and HLA-DR+CD38+ cycling CD8+ T cells in non-

COVID ARDS patients.  
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Figure S3. Arboreto pipeline for identification of gene modules from scRNAseq. Related to Figure 2. 

Overview of gene module discovery using Arboreto. (A) Individual cell subtypes were bioinformatically isolated for 
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downstream gene module discovery. (B-C) Arboreto utilizes the GRNBoost2 framework to identify genes that fall 

under the control of given transcription factors. An expression matrix (B) is organized into sets of genes that are co-

expressed with a given transcription (C) using tree-based methods, and a weight for the co-expression is assigned 

based on the significance from the tree-based regression. (D-E) Next, each cell is assigned a score per module based 

on the genes within each module using AddModuleScore from Seurat. Three example modules are shown for 2 

patients, with “genes off” being genes that are no in the given gene module and “genes on” being genes in the given 

gene module. The difference between “genes off” and “genes on” corresponds to the module score. (F-G) Median 

module scores per patient can be used to capture the overall influence of a gene module in a given patient. Scores for 

the 3 modules in (D-E) are shown for patient 1 (F) and patient 2 (G).  
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Figure S4. Permutation testing of Pitt machine learning models. Related to Figure 2. Permutation testing was 

performed to determine if the leave-one-out model accuracy was superior to the accuracy of models generated with 

permuted class labels. We found that the LOO (leave-one-out) models were statistically significantly superior for the 

support vector machine (SVM; p=4.6*10-19), random forest (RF; p=1.8*10-13), and neural network (NNET; 

p=1.9*10-11). A total of 24 LOO and permutation test were compared. 
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Figure S5. Peripheral blood monocytes display elevated levels of markers associated with immune activation 

by flow cytometry in COVID-19. Related to Figure 3. (A-B) Representative flow plots of ACE2 expression (A) 

and quantification of ACE2 expression levels in healthy donors, non-COVID ARDS and COVID-19 (B). (C-D) 

Representative flow plots of NRP1 expression (C) and quantification of NRP1 expression levels in healthy donors, 

non-COVID ARDS and COVID-19 (D). (E-F) Representative flow plots of CCR5 expression (E) and quantification 

of CCR5 expression levels in healthy donors, non-COVID ARDS and COVID-19 (F). 
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Figure S6. No significant relationships between patient age or glucocorticoid administration and key 

monocyte gene modules scores or peripheral cytokines levels were evident. Related to Figure 3. (A-B) No 

significant correlations were evident between monocyte modules Mono_cells_NOC2L (A) or Mono_cells_PDE6H 

(B) and age. (C-D) No significant correlations were evident between CXCL10 (C) or MIP- β (D) levels in plasma 

and age. (E-F) No significant differences were present between patients who received glucocorticoids and those 

who did not for levels of monocyte modules Mono_cells_NOC2L (E) and Mono_cells_PDE6H (F). (G-H) No 
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significant differences were present between patients who received glucocorticoids and those who did not for plasma 

levels of CXCL10 (G) or MIP- β (H). All comparisons were based on measures derived from day 1 post-enrollment.
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Figure S7. Annotation of the most highly infected myeloid cells across lower respiratory tract samples from 4 

studies. Related to Figure 4. Clustering analysis was performed to characterize subpopulations within the myeloid 

compartment, and to identify the myeloid cluster in each study that contained the highest frequency of infected cells. 

(A) In Liao et al, cluster 4 was the most frequently infected myeloid cluster out of the myeloid subpopulations 

(clusters 0, 1, 2, 3, 4, 6 and 7). (B) In Grant et al, cluster 2 was the most frequently infected of the myeloid 

subpopulations (clusters 0, 1, 2, 5, 6, and 7). (C) In Ren et al, cluster 9 was the most highly infected of the myeloid 

subpopulations (clusters 0, 1, 2, 4, 5, 11, 12, 15, and 17). (D) In Delorey et al, cluster 6 was the most frequently 

infected cluster out of the myeloid subpopulations (clusters 4, 5, 6 and 20).  
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