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SUMMARY
Mechanisms underlying severe coronavirus disease 2019 (COVID-19) disease remain poorly understood. We
analyze several thousand plasma proteins longitudinally in 306 COVID-19 patients and 78 symptomatic con-
trols, uncovering immune and non-immune proteins linked to COVID-19. Deconvolution of our plasma pro-
teome data using published scRNA-seq datasets reveals contributions from circulating immune and tissue
cells. Sixteen percent of patients display reduced inflammation yet comparably poor outcomes. Comparison
of patients who died to severely ill survivors identifies dynamic immune-cell-derived and tissue-associated
proteins associated with survival, including exocrine pancreatic proteases. Using derived tissue-specific
and cell-type-specific intracellular death signatures, cellular angiotensin-converting enzyme 2 (ACE2)
expression, and our data, we infer whether organ damage resulted from direct or indirect effects of infection.
We propose a model in which interactions among myeloid, epithelial, and T cells drive tissue damage. These
datasets provide important insights and a rich resource for analysis of mechanisms of severe COVID-19 dis-
ease.
Cell Reports Medicine 2, 100287, May 18, 2021 ª 2021 The Authors. 1
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INTRODUCTION

Coronavirus disease 2019 (COVID-19) has caused >1 million

deaths globally. Disease varies considerably,1–4 ranging from

an asymptomatic carrier state to severe illness, organ dysfunc-

tion, and death.5 Implicated in the pathophysiology of severe

disease is immune dysfunction, involving both hyper-immune re-

sponses (activated inflammatory cascades, cytokine storm, tis-

sue infiltrates, damage) and hypo-immune responses (relative

lymphopenia, impaired T cell function, impaired interferon [IFN]

antiviral responses, reduced viral clearance).5–8 To date, many

studies addressing the immune response to Severe acute respi-

ratory syndrome-coronavirus-2 (SARS-CoV-2) are limited by

small sample sizes or analyze narrow sets of immune media-

tors,2,4,9–13 although multi-omic approaches are beginning to

overcome these limitations.14 By analyzing responses to

SARS-CoV-2 using two unbiased plasma proteomic methodolo-

gies in a large cohort of acutely ill patients presenting to a large

urban emergency department (ED), we uncover protein signa-

tures associated with COVID-19 infection, severity, and death.

To gain insights into underlying disease mechanisms, we map

these to specific cell types in the context of relevant clinical

phenotypes.
RESULTS

Viral response and IFN pathway proteins
We enrolled 384 unique subjects who presented with acute res-

piratory distress suspected or known to be due to COVID-19

infection. A total of 306 patients were subsequently confirmed

to be COVID-19 infected. We classified patients by acuity levels

A1–A5 on days 0, 3, 7, and 28 (based on the World Health Orga-

nization [WHO] ordinal outcomes scale15: A1, died; A2, intu-

bated, survived; A3, hospitalized on oxygen; A4, hospitalized

without oxygen; A5, discharged), with the primary outcome of

maximal acuity (Acuitymax) within 28 days of enrollment (Fig-

ure 1A; Table S1). COVID-19+ patients were younger than

COVID-19� patients (median age 58 versus 67 years, respec-

tively), with a wide age distribution (Figure S1B), and were pre-

dominantly Hispanic (54% versus 15%, respectively). Clinically

measured non-specific inflammatory markers, including C-reac-

tive protein (CRP) and ferritin, were significantly higher in COVID-

19+ than COVID-19� patients; 28-day outcomes were similar

(Figure S1B). Given that enrollment occurred early in the

pandemic, few patients received targeted therapies that may

be expected to alter the disease course; 6 received remdesivir

versus placebo and 22 received anti-interleukin-6 (IL-6) receptor

monoclonal antibody versus placebo (both as study protocols),

and dexamethasone was not administered as usual care for

COVID-19.

We analyzed 1,472 unique plasma proteinsmeasured by prox-

imity extension assay (PEA) using the Olink platform (Olink

Explore 1536) for all patients on day 0 (D0, N = 383, one assay

outlier excluded) and for COVID-19+ patients still hospitalized

on D3 (N = 217) and D7 (N = 143) (Tables S2 and S3). Time since

symptom onset at presentation ranged from 0 to 31 days (me-

dian 7 days). Unsupervised clustering of D0 protein levels shows
2 Cell Reports Medicine 2, 100287, May 18, 2021
clustering by COVID-19 status, age, acuity, ethnicity, and kidney

disease (Figure S1A).

To identify proteins differential between COVID-19+ and

COVID-19� patients, linear models were fit to each protein at

D0, with COVID-19 status as a main effect and adjusted for

age, demographics, and key comorbidities (Figures 1B and S2;

Table S3). Hierarchical clustering of patients using these differ-

entially expressed proteins demonstrated a clear separation of

the majority of COVID-19+ from COVID-19� patients (Figures

1C and S1C–S1E). COVID-19+ patients displayed a higher

expression of viral response and IFN pathway proteins, including

DDX58 (RIG-I), type II (IFN-g), and type III (IFN-l1) IFNs, and the

proinflammatory cytokines CCL7, CXCL10, and CXCL11 (Fig-

ures 1D and 1E), with the enrichment of proteins in pathways

associated with vaccine response, innate immune activation,

and T cell function (Figures S1F). Fifty (16%) COVID-19+ patients

clusteredwith COVID-19� patients, displaying lower levels of the

typical COVID-19+ inflammatory signature (Figure 1C), yet with

mortality similar to themain cluster of COVID-19+ patients (Table

S1). Although significantly older than the main COVID-19+ pa-

tients (median age 69 versus 57 years), with more cardiac and

kidney comorbidities, this subset is comparably ill, with a distinct

low-inflammatory proteomic signature.

To derive potential immune cell subtype origins of key pro-

teins, we mapped the differential protein expression (Olink

assay) in COVID-19-infected patients to published single-cell

RNA sequencing (scRNA-seq) profiles from peripheral blood

mononuclear cells (PBMCs) and bronchoalveolar lavage (BAL)

samples from COVID-19-infected patients (Figures 1F,S3A,

and S3B).8,16,17 The majority of proteins were selectively

expressed in circulating plasmablasts (e.g., RRM2, WARS,

PRDX1) and myeloid cells (e.g., CD14, SIGLEC1, SIGLEC10,

IL-1RN, CCL8, CXCL10), particularly monocytes and neutro-

phils, which is consistent with the reported remodeling of these

cell types in infected patients.8,16,17 A smaller group of proteins,

expressed strongly in peripheral CD8+ T cells and natural killer

(NK) cells, reflected cytotoxic responses, including IFN-g, gran-

zymes B and H (GZMB, GZMH), which trigger cell death upon

delivery into target cells, and the receptor LAG3 (Figure 1F).

Whereas membrane-embedded LAG3 inhibits T cell activation,

soluble LAG3, such as we observed in plasma, functions as an

immune adjuvant.18,19 A set of proteins was found to be overlap-

ping within BAL cells and circulating myeloid and T cells; BAL

lung epithelial cells additionally expressed proteins not detected

in the plasma (Figure S3B). As these datasets were generated

from distinct cohorts of patients, the conclusions drawn will

require validation in individuals in whom plasma proteomics is

performed in parallel with scRNA-seq of PBMCs and BAL

samples.

Heterogeneous phenotypes associated with severity
Similar to previous reports,20–22 Acuitymax of COVID-19 patients

was significantly correlated with age, D0 acute kidney dysfunc-

tion, lactate dehydrogenase (LDH), lymphopenia, acute inflam-

matory markers (erythrocyte sedimentation rate [ESR], C-reac-

tive protein [CRP], D-dimer, ferritin), and the preexisting

comorbidities kidney disease, diabetes, smoking, and heart dis-

ease (Figures 2A and S3C–S3E). Distinct from some reports,20–22
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Acuitymax was not significantly correlated with race, ethnicity, or

body mass index (BMI). Virus neutralization activity by plasma

was highly correlated with inflammatory markers, absolute

neutrophil count (ANC), and COVID-19+ status, but not with

Acuitymax (Figures 2A, 3A, S3C, and S3D).

Unsupervised clustering of COVID-19+ patient samples

demonstrated the separation of patient samples by Acuitymax,

severity (severe: Acuitymax A1–A2; non-severe: Acuitymax A3–

A5), age, and time point (Figures 2B and S3F). To identify pro-

teins associated with Acuitymax levels and severity, we fit linear

mixed models (LMMs), which correct for non-independence of

time course data, to protein values with time and either Acuitymax

or severity as main effects, and with covariates age, demo-

graphics, and key comorbidities (Figures 2C and S4A–S4E; Ta-

ble S3B). At D0, 251 Olink plasma proteins were differentially ex-

pressed between severe and non-severe patients, 694 at D3,

and 767 at D7 (Figures 2D–2F; Table S3B). Because many pa-

tients with mild disease were discharged from the hospital within

3 days of admission, and D3 and D7 samples were collected

from the subset of patients who remained hospitalized at these

time points, D3 and D7 samples represent a generally sicker

population than do D0 samples (Figure 2E).

The increased numbers of severity-associated proteins at the

D3 andD7 time points indicate that even though the population is

generally sicker, the differences between those with severe dis-

ease and those with non-severe disease become more pro-

nounced with time; these dynamic changes likely reflect clini-

cally relevant phenotypes and underlying disease processes.

These severity proteins showed signals for enrichment in path-

ways implicated in the COVID-19 inflammatory response,

including IFN-g, IL-6, and tumor necrosis factor (TNF) signaling,

and in tissue remodeling, including KRAS signaling and epithe-

lial-to-mesenchymal transitions (Table S4). Hierarchical clus-

tering of patients by D0 severity-associated proteins revealed

multiple distinct clusters of severe patients (Figure 2C), indi-

cating that severe disease is phenotypically heterogeneous

and underscoring the presence of multiple phenotypes of pa-

tients with severe disease, beyond the single subgroup

described above that displayed a low-inflammatory proteomic

signature (Figure 1C). Similar to proteins associated with
Figure 1. SARS-CoV-2 infection induces viral response and IFN-pathw

(A) Schematic of study cohort: 306 COVID-19-infected patients and 78 symptom

acuity level within 28 days (Acuitymax) for COVID-19-infected patients (A1, most se

group.

(B) Schematic of study methodology.

(C–E) Differentially expressed proteins by COVID-19 status. Linear model fitting

founders as covariates (see STAR Methods). p values calculated to account for

(C) Heatmap of top 200 differentially expressed proteins between COVID-19+ a

protein over the entire cohort; each cell represents the Z score of protein expressio

taking the mean Z score of the top 25 differentially expressed proteins in COVID

patients.

(D) Volcano plot of differentially expressed proteins based on mean normalized p

Blue circles, significantly differentially expressed proteins. All of the proteins are

(E) Boxplots of select differentially expressed viral response and interferon (IFN

chemokines CXCL10, CXCL11, CCL7, CCL16, and CCL24.

(F) Inference of cell of origin by mapping gene expression of differentially expre

scRNA-seq peripheral blood cell COVID-19 dataset.16 Heatmaps of mean expres

T cells, gd T cells; pDCs, plasmacytoid dendritic cells.

See also Figures S1–S3 and S5 and Tables S1 and S2.

4 Cell Reports Medicine 2, 100287, May 18, 2021
COVID-19+ status (Figure 1), the majority of circulating proteins

associated with severity were most highly transcriptionally ex-

pressed in myeloid and plasmablast subsets (Figure S5).

Plasma proteomic prediction of severity
To test whether D0 plasma proteins predict subsequent disease

severity, we built a classifier of severe disease (Acuitymax A1 or

A2, Olink data) using elastic-net logistic regression with cross-

validation; the classifier yielded good predictive performance

(area under the curve [AUC] 0.85, 95% confidence interval (CI)

0.81–0.86) (Figures 2G, S4F, and S4G), although an independent

validation dataset is needed. Among the strongest weighted pro-

teins in the predictor were IL-6, IL-1RL1, PTX3, and the IL-1 re-

ceptor inhibitor IL-1RN, consistent with our LMM results, the

epithelial damage marker keratin-19 (KRT19, a predominantly

intracellular cytoskeletal protein23), and the apoptosis inhibitor

TRIAP1 (Figure S4F).24 The strength andweighting of this predic-

tor highlight that disease severity can be accurately predicted at

the time of presentation to the hospital, that proinflammatory sig-

natures are associated with severity, and that severity-associ-

ated proteins identified both here (PTX3, IL-1RN) and previously

(IL-62–4,9,10,25,26) contribute to a robust predictor.

SARS-CoV-2 pseudovirus neutralization activity and age
Virus neutralization activity was detected in plasma from nearly

all COVID-19+ patients (Figure 3A; Table S5), consistent with pre-

vious reports.27,28 Consistent with the observed lack of correla-

tion with Acuitymax (Figure 2A), neutralization activity increased

over time among the majority of both severe and non-severe pa-

tients (Figures 3B–3D), indicating that, as previously

described,27 neutralization activity per se does not predict milder

disease. However, neutralization activity was inversely corre-

lated with age and age-related comorbidities (Figure 2A), as pre-

viously observed,27 displaying age-associated decreases in

both the rate of increase over time and the level of neutralization

activity achieved (Figures 3E and 3F). The negative impact of age

on the rate of increase in neutralization over time was observed

only among patients who died (A1) (Figure 3E), suggesting that

disease processes present in severe illness contribute to

impaired adaptive immune responses.
ay proteins detected in patient plasma

atic COVID-19� controls. Inclusion criteria are indicated. Shown are maximal

vere; A5, least severe), N, proportion of patients, and severe versus non-severe

each Olink protein, with COVID-19 status as a main effect and putative con-

false discovery rate (FDR) < 0.05, Benjamini-Hochberg method.

nd COVID-19� patients. Each row represents the expression of an individual

n for all measurements across a row. COVID-19 signature scores calculated by

-19+ patients minus the top 25 differentially expressed proteins in COVID-19�

rotein expression (NPX) values between COVID-19+ and COVID-19� patients.

shown.

) pathway proteins (from D), including IFN-g, DDX58 (or RIG-I), IFN-l1, and

ssed plasma proteins elevated in COVID-19+ versus COVID-19� patients in a

sion of COVID-19-related proteins (y axis) in immune cell subtypes (x axis). gd
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D0 plasma protein levels (Olink assay) predicted neutralization

levels at D3 (AUC 0.83, CI 0.80–0.85), with many proteins

contributing to the prediction being independent of those asso-

ciated with severity (Figures 3G and 3H), although this needs to

be validated in an independent dataset. Among the proteins

most often selected in predicting neutralization were those

involved in the induction of apoptosis (TNF superfamily members

TNFSF10, TNFSF8, and galectin-7 [LGALS7B]), phagocytosis

(BRK1), T cell proliferation (IL-2), and tissue regeneration and

proliferation (EGFR, PTEN, PLA2G10, DKK3, RRM2). To identify

plasma proteins differentially expressed between patients with

high and low neutralization titers, we also used a LMM with

neutralization level and time as main effects (Figure 3I); this iden-

tified several proteins expressed in plasma cells, (e.g., MZB1,

SDC1), and others known to be important for priming (e.g.,

CD40LG). Among the proteins most significantly highly ex-

pressed in patients with low neutralization titers were CXCL10,

which has recently been implicated to be negatively correlated

with CD4+ T cell features associated with antibody titers,27 and

GPA33, a marker of thymic regulatory T cells (Figure 3I).29 These

findings indicate that elderly patients who do poorly display

distinctive neutralization activity-associated protein profiles

that may be useful in clinical prediction algorithms, vaccine

response prediction, and identifying subsets of patients most

appropriate for trials of antibody-based therapy.

Decreased anti-inflammatory proteomic profile in ARDS
ARDS is the leading cause of death in COVID-19. To gain insight

into processes that may underlie the development of ARDS, we

compared patients who died (A1, median time to death 9 days

[interquartile range {IQR} 4–17]) to those receiving mechanical

ventilation yet surviving (A2) (Figure 4; Table S3C); by clinical

criteria, essentially all of the patients in both groups had ARDS,

although not all who died were mechanically ventilated. At D7,

24 plasma proteinswere significantly differentially expressed be-

tween the 2 groups (Figure 4A); among those elevated in patients

who died were previously reported proinflammatory proteins

(proinflammatory cytokines IL-6,2–4,9,10,25,26 IL-8,2,3,9,10,26 and

CXCL102,9,10,26), chemokines that attract monocytes/T cells

(CCL2, CCL7, CCL8, CCL20), a receptor for IL-33 that activates

T cells and mast cells (IL-1RL1), regulators of innate immunity
Figure 2. Plasma proteomic biomarkers and predictors of disease sev

(A) Pairwise correlation heatmap of clinically annotated variables for COVID-19+

(B) Unsupervised clustering by uniform manifold approximation and projection

collection (D0, D3, D7), Acuitymax by D28, severity, age decile, gender, and ethn

(C) Linear mixed model fitting each Olink protein, with severity, time point, and t

variates (see STARMethods). Heatmap of significant differentially expressed prote

terms determined with an F test, Satterthwaite degrees of freedom, and type III sum

FDR < 0.05 using the Benjamini-Hochbergmethod for multiple hypothesis correct

using Tukey method.

(D) Linear mixed model fitting each Olink protein, with severity, time point, and t

variates (see STAR Methods). Volcano plots of differentially expressed proteins b

(N) indicated. Blue circles, proteins that are significantly differentially expressed.

(E) Distribution of patient samples by acuity level on day of collection and as a fu

(F) Point range plots over time of selected set of proteins significant for interactio

(G) Receiver operating characteristic (ROC) curve of predictive performance of an

each patient at D0. Performance was evaluated using 100 repeats of 5-fold cros

(CIs). Neutralization, virus neutralization activity by plasma.

See also Figures S2–S5 and Table S2.
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(PTX3), the endothelial and monocyte receptor for the growth

factors vascular endothelial growth factor (VEGF) and placental

growth factor (PGF) (FLT1), and a multi-functional cytokine (IL-

24). Most of these proinflammatory proteins showed similar up-

ward trajectories in survivor and non-survivor groups through

D3, but diverged at D7, with a decline in survivors and a sus-

tained elevation in those who died (Figure 4C); D0 plasma levels

were associated with survival (Figure 4B). Whereas an upward

trajectory at D3 could result from the sicker composition of the

D3 patient population comparedwith theD0 population, the sub-

sequent divergence in trajectories observed at D7 between sur-

vivors and those who died instead likely represents relevant bio-

logical processes associated with death. Several exocrine

pancreas proteases and protease inhibitors (CTRC, CELA3A,

CPA2, CTRB1, AMY2A, AMY2B) were reduced in the plasma

of those who died relative to survivors (A2) (Figures 4A and

4D); whereas their relevance in COVID-19 remains uncertain,

many display anti-inflammatory effects in mouse models.30–33

Few patients received the anti-inflammatory dexamethasone

because it was not yet the standard of care at the time of patient

recruitment. These findings suggest that survival fromCOVID-19

ARDS is associated with decreased proinflammatory and

increased anti-inflammatory responses over time.

Tissue-specific signatures mark toxicity
To elucidate patterns of tissue damage, we calculated gene

expression signatures associated with specific tissues using

the Genotype-Tissue Expression (GTEx)34 dataset and

confirmed using published scRNA-seq datasets that these sig-

natures were expressed primarily in non-immune cells that

compose the structure of tissues (Figures S6A–S6F). Because

of the breadth of the database, we chose for analysis of these

signatures the SomaScan platform,35 which detects >4,400 pro-

teins. We confirmed a high degree of overlap in differentially ex-

pressed proteins between severe and non-severe patients using

this platform as compared to the Olink platform (Table S6; STAR

Methods). We identified plasma proteins that overlap with these

tissue signatures and filtered for intracellular proteins (Table

S7A), based on the principle that intracellular proteins found in

the circulation represent the release of cellular cytosolic contents

in the setting of tissue damage. When possible, we validated our
erity

patients showing correlations having p < 0.05.

(UMAP) for COVID-19+ patients, color-coded (left to right) by day of sample

icity. E, event-driven samples (see STAR Methods).

he interaction of the 2 terms as main effects and putative confounders as co-

ins between severe and non-severe patients at D0. Significance of the 3model

of squares. p values for the 3model terms of interest calculated to account for

ion. Group differences calculated for each significant protein; p values adjusted

he interaction of the 2 terms as main effects and putative confounders as co-

etween severe and non-severe COVID-19+ patients by time point, with number

All of the proteins are shown.

nction of time. N, number of individual patient samples.

n term in the model described in (D), color-coded by disease severity.

elastic net logistic regression classifier of disease severity, for Olink proteins of

s-validation. Mean area under the curve (AUC) with 95% confidence intervals



Figure 3. Predictors of neutralization and its association with disease severity and age

(A) Boxplot of SARS-CoV-2 Spike pseudovirus neutralization levels for COVID-19� and COVID-19+ patients at D0. Box edges, interquartile range (IQR); middle

line, median.

(B) Point-range plots of neutralization levels in non-severe and severe COVID-19+ patients over time. Color-coding by neutralization level at D3, grouped into 0%–

25%, 25%–50%, 50%–75%, and 75%–100%.

(C) Proportion of patients with neutralization levels as in (B), over time and by severity level.

(D) Boxplots of neutralization levels in non-severe and severe patients over time. Box edges, IQR; middle line, median.

(E) Scatterplot of the correlation of age with rate of change in neutralization level over time in A2 (left) and A1 (right) patients. Rate of change is the negative of the

regression line slope through log2(fold change) in GFP levels at each time point compared to controls.

(F) Proportion of patients aged £65 years (left) or >65 years (right) achieving neutralization titers of 350% (blue) or 75% (orange) at D3. Error bars, 95% CI of

proportion.

(G) Lasso regression model for prediction of D3 neutralization level (above or below 75%) using Olink plasma proteins at D0 across all COVID-19+ patients.

Prediction performed with 5-fold cross-validation over 100 iterations; AUC 0.83 (95% CI 0.80–0.85).

(legend continued on next page)
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tissue-specific signatures against clinically measured laboratory

values, finding significant correlations with tissue-specific clin-

ical markers of damage (Figures 5B and S6I–S6L).

In patients with severe COVID-19 (A1, A2), among the organ-

specific signatures, heart, lung, and skeletal muscle intracellular

plasma protein signatures were elevated as early as D0 and re-

mained elevated to D7 (Figures 5A and S6G). Elevated D0 heart

and skeletal muscle protein signatures portended poor overall

survival (Figure 5C; Table S7C). Our lung signature contained

only one protein, the intracellular cytoskeletal protein keratin-7

(KRT7); therefore, this particular signature should be interpreted

with caution. Our tissue damage signatures suggest that COVID-

19 illness drives organ damage that can be detected in the circu-

lation upon hospital presentation.

Lung damage due to epithelial death
We mapped intracellular severity-associated plasma proteins to

organ-specific cell types using published scRNA-seq datasets.

Datasets from healthy lung, kidney, pancreas, and liver revealed

that D0 severity-associated intracellular proteins found in

plasma are expressed predominantly in macrophage subsets

and epithelial cells, with higher expression in kidney proximal tu-

bule cells; pancreatic stellate, ductal, and acinar cells; and hepa-

tocytes (data not shown). Parallel analysis in single cells of BAL

fluid and upper airways from COVID-19-infected patients,36,38

more disease-specific contexts, showed distinct clusters of pro-

teins expressed within lung epithelial cells and T cells, with lower

expression in tissue-associated myeloid or B cells (Figures 5D

and S7C).

Within lung epithelial cells from COVID-19 BAL cells,36 the

expression of severity-associated intracellular proteins corre-

lated with the expression of the SARS-Co-V-2 receptor angio-

tensin-converting enzyme 2 (ACE2) (R = 0.49, p = 0.04), but

not of the SARS-CoV-2 priming protease TMPRSS2 (Figure 5E;

Table S7B), which suggests that the increased levels of these

proteins in plasma may result from SARS-CoV-2 infection-

induced cell death and is consistent with proteases other than

TMPRSS2 being involved in spike protein processing during viral

entry. Consistent with this hypothesis of lung epithelial death,

plasma levels of alveolar cell markers advanced glycosylation

end product-specific receptor (RAGE) and pulmonary surfac-

tant-associated proteins A1, A2, and D are significantly elevated

at D0 in severe versus mild patients (data not shown).

In contrast, heart cell-type plasma signatures did not correlate

with ACE2 expression (Figure 5F), suggesting that heart damage

may be largely an indirect effect of the disease process

(assuming that ACE2 expression is similar in healthy individuals

and COVID-19-infected patients); the implications of the

observed correlation with TMPRSS2 expression on cells (R =

0.62, p < 0.001; Figure 5F) are unclear. Unlike that in circulating

immune cells (Figure S5A–S5D), the expression of a larger sub-

set of severity-associated intracellular plasma proteins was
(H) Heatmap of Olink plasma protein expression of each of the top selected featur

proteins from the linear mixed model (see STAR Methods).

(I) Volcano plot of differentially expressed proteins based on mean NPX values

COVID-19+ patients. Blue circles, significantly differentially expressed proteins. A

See also Tables S2 and S5.
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found in effector and cytotoxic CD8+ T cells and NK cells located

within the lung (Figure 5D). Intracellular plasma signatures from

cell subsets that do not express ACE2 or TMPRSS2 (Figure 5D),

including these cytotoxic CD8+ T cells and NK cells, epithelial

progenitors, and alveolar macrophages, may result from

bystander cell death. These findings suggest that immune-medi-

ated death of virus-infected lung epithelial cells is a key feature of

severe disease, that damage to several other cell types is indi-

rect, and that cell death is detectable in the circulating proteome.

Lung epithelial-immune communication
To gain insights into immune activation in severe disease, we

looked for enrichment of inflammatory pathways among plasma

proteins that are normally secreted or membrane bound. Within

the D0 Olink severity-associated proteome (and consistent with

SomaScan results), we analyzed enriched pathways against the

entire measured protein set and found enrichment in signaling by

cytokines IL-6 and IL-10, activation of myeloid and T cells by the

cytokine IL-17, airway pathology in chronic obstructive pulmo-

nary disease (COPD), cardiac hypertrophy signaling, signaling

by the proinflammatory danger-associated molecular pattern

(DAMP) molecule HMGB1, and signaling via the glucocorticoid

receptor (Table S4A). Analysis of upstream regulators revealed

TNF to be the most significant putative regulator of these path-

ways (Table S4B). To identify cellular mechanisms regulated by

severity-associated proteins, we analyzed ligand-receptor inter-

actions39 using the BAL fluid cell dataset from COVID-19-

infected patients (Figure 6).36 From D0 to D3, the number of

predicted ligand-receptor interactions increased dramatically

(Figure 6A), predominantly represented by ligand-receptor inter-

actions occurring in lung epithelial cells, T cells, and mast cells

(Figure 6B).

Most of the dramatic changes in terms of fold change were in

mast cells, although the total number of interactions was lower

than other cell types. This was driven by their interactions with

other mast cells, CD4+ and CD8+ T cell subsets, and epithelial

progenitors (Figure 6B). Consistent with this, the mast cell func-

tion marker tryptase was differentially expressed between se-

vere and non-severe patients over time (Figure S6H). Mast cell

activity in lung tissue may be related to signaling by the proin-

flammatory cytokine IL-18,40 with release of proinflammatory cy-

tokines IL-4 and IL-13,41 and may play a role in local tissue dam-

age. Mast cells have been implicated in the vascular leak and

coagulopathy observed in infections due to dengue and certain

other viruses,42,43 which, together with the increased mast cell

activity we observe in lung tissue, suggests that further investi-

gation into their role in COVID-19 infection is warranted.

To better understand the specific pathwaysmediating disease

severity, we constructed mappings of key ligand-receptor rela-

tionships of cells in BAL fluid and the airways with D0 and D3

plasma severity-associated ligands (Figures 6C–6F, S7A, and

S7B). We observed within the lung predominantly epithelial
es from the predictor in (G) that did not overlap with the top severity-associated

between high and low viral neutralization titers (>0.75 versus <0.75) across

ll of the proteins are shown.



Figure 4. Patients with ARDS who survive display reduced inflammatory markers and increased anti-inflammatory pancreatic proteases

(A) Differentially expressed proteins at day 7 between patients who had Acuitymax of A1 (death) versus A2 (ARDS but survived). Linear mixed model fitting each

Olink protein, with Acuitymax, time point, and the interaction between the 2 terms as main effects. Covariates and statistical analysis as in Figure 2C.

(B) Kaplan-Meier curves for overall survival of patients stratified by higher or lower than median expression of indicated proteins from (A).

(C and D) Point-range plots for select proteins from (A) with positive (C) or negative (D) NPX differences.

See also Table S3.
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andmyeloid cell ligands interacting with epithelial, T cell, and NK

cell receptors. Pairings of ligands from lung epithelial cells with

receptors on other lung epithelial cells identified pathways

involved in alveolar maintenance and protection, growth factor

signaling, and tissue regeneration (including HGF-MET, TGFA-

EGFR, DKK1-LRP6, KITLG-KIT, and semaphorin-PLXNA recep-

tors; Figure 6C). Several T cell-activating and -exhaustion signals

were upregulated and may originate from lung epithelial cells,

including, as early as D0, poliovirus receptor (PVR) triggering of

the receptors TIGIT and CD96, which induces an immunosup-
pressive and non-cytotoxic response, and at D3, IL-18, and IL-

7 (Figure 6C), which dampen T cell exhaustion44 and maintain

non-exhausted T cells,45 respectively. IL-18 is a predominant

effector released upon inflammasome activation and pyroptotic

cell death; the observed increase in IL-18 here thus suggests

increased inflammasome activation in severe COVID-19.

We examined lung epithelial cell receptor interactions with

severity-associated ligands (Figure 6D); a correlation matrix of

plasma ligand abundance identified co-regulated groups of pro-

teins that act on lung epithelial cells, including protein modules
Cell Reports Medicine 2, 100287, May 18, 2021 9



Figure 5. Severe COVID-19+ patients display elevated plasma markers of cell death from heart, lung, and skeletal muscle

(A) Expression of tissue-specific plasma protein signatures in non-severe versus severe patients at each time point.

(B) Scatterplot of the correlation of the D0 plasma heart signature as derived in (A) with D0 clinical troponin measurements.

(C) Kaplan-Meier curve of overall survival of patients with high or low expression (above or below median expression level) of the derived plasma heart signature

in (A).

(D) Heatmap of mean gene expression per cell type of severity-associated intracellular plasma proteins at D0 derived from SomaScan data that map to scRNA-

seq of BAL fluid,36 with TMPRSS2 and ACE2 expression indicated.

(E and F) Scatterplots of the difference between severe and non-severe patients of lung (E) and heart (F) cell-specific intracellular death scores, derived from

expression of differentially expressed proteins at each time point versus cell-type-specific ACE2 and TMPRSS2 expression levels from scRNA-seq of BAL fluid36

(E) or heart single-nucleus RNA-seq data37 (F). AT2, alveolar type 2 epithelial cells.

See also Figures S5–S7, and Tables S6 and S7.
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for regeneration and growth factor signaling (module 1: growth

factors EGF, transforming growth factor-b1 [TGF-b1], and

VEGFA, and anti-apoptotic factor Dickkopf WNT signaling

pathway inhibitor 1 [DKK1]; module 2: growth factors bone

morphogenic protein 6 [BMP6] and hepatocyte growth factor
10 Cell Reports Medicine 2, 100287, May 18, 2021
[HGF], and Wnt signaling pathway activators RSPO3 and

RSPO1) and for IL-6 pathway signaling (IL-6 and the IL-6 family

cytokines oncostatin M [OSM] and leukemia inhibitory factor

[LIF]). The direct effects of IL-6 signaling on lung epithelial cells

in COVID-19 are unknown.



Figure 6. Interactions among lung epithelial cells, monocytes, and T cells drive disease severity and tissue damage

(A) Heatmap of the total number of ligand-receptor interactions at D0 and D3 inferred from BAL fluid scRNA-seq data36 using only ligands differentially expressed

in the plasma of severe versus non-severe COVID-19+ patients.

(B) Heatmap of fold change from D0 to D3 in the number of ligand-receptor interactions between each cell type identified from BAL fluid scRNA-seq data.36

(C) Ligand-receptor contact map between D0 severity-associated ligands expressed by lung epithelial cells per BAL fluid scRNA-seq data36 (left) and the

respective receptors for these ligands with their cell-specific expression from the same BAL dataset (right).

(D) Ligand-receptor contact map between receptors expressed on lung epithelial cells in BAL fluid36 (right) and their respective severity-associated plasma li-

gands from our data (left). Ligand-receptor pairs are those for which the ligand was significantly associated with severity at D0.

(legend continued on next page)
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Many severity-associated ligands were expressed in lung-

resident monocytes/macrophages and function in T cell recruit-

ment, activation, and exhaustion, with some proteins found as

early as D0 (e.g., ligand-receptor interactions CXCL9-CXCR3,

CXCL10-CXCR3, IL-15-IL-2R, CD74-LAG3, CD274-PDCD1, IL-

18-IL-8R, IL-15-IL-2R, PVR-TIGIT, and CD96; CXCL16-CXCR6,

CD74-LAG3, and CD27-CD70; Figures 6E) and often co-regu-

lated in association with patient death (CCL2, CCL7, CCL8,

and CXCL10; Figures 4A, 4B, and 6F). Activated T cells and

NK cells express granzyme proteins and may cause direct and

indirect killing of cells in the lung. As in lung epithelial cells (Fig-

ure 6C), IL-18 interactions suggest severity-associated inflam-

masome activation in lung monocyte/macrophages (Figure 6E).

Additional ligand-receptor interactions betweenmonocyte/mac-

rophages and lung epithelial cells and other myeloid cells, most

apparent at D3, may drive later-stage damage, immune sup-

pression, and regulation of phagocytosis (e.g., ligand-receptor

interactions TGFb1-ITGb6 and -ITGb8, secreted phosphoprotein

1 [SPP1]-integrin av [ITGAV], signal regulatory protein alpha

[SIRPA]-CD47; Figure 6E). The interaction of TGF-b1 proprotein

with ITGb6/8 on lung epithelial cells likely releases active TGF-

b1,46,47 which inhibits cytotoxic T cells and naive T cell and B

cell proliferation and enhances Treg differentiation.48 The inter-

action of SPP1 with its receptor integrin ITGAV is associated

with lung fibrosis and is proposed to inhibit apoptosis.49 The

interaction of CD47, which is ubiquitously expressed on cell sur-

faces, with SIRPA on macrophages inhibits phagocytosis.

Based on these data, we propose a model of COVID-19-

induced immune and cellular responses and cell death within

the lower airways. We posit that early monocyte activation drives

T cell recruitment, activation, and exhaustion. This is followed by

a temporally delayed activation of additional proinflammatory

monocyte pathways and repair and regeneration within lung

epithelial cells (Figure 7). In patients who die, there is increased

expression over time of severity-associated, monocyte-

secreted ligands that interact with T cells (e.g., IL-18, IL-7, IL-

15), suggesting an inability to contain proinflammatory immune

responses.

DISCUSSION

This plasma proteomic analysis provides a comprehensive longi-

tudinal summary of the systemic host response to SARS-CoV-2.

COVID-19 patients have dramatically different plasma proteomic

profiles than acutely ill COVID-19� controls (Figure 1). The large

size of our cohort enabled the identification of a substantial sub-

set (16%) of COVID-19-infected patients with inflammatory sig-

natures similar to COVID-19� controls but outcomes similar to

those of other COVID-19+ patients. In these patients, the muted
(E) Ligand-receptor contact map between ligands expressed on monocytes/mac

these ligands with their cell-specific expression from the same BAL dataset (righ

(F) As in (D), but ligand-receptor pairs selected for receptors expressed on T cel

In (C)–(F), each cell in the heatmaps represents expression of the listed ligand or p

color-coded (vertical color bar) by the cell type that demonstrates their highest ex

time point (D3 only, or both D0 and D3) at which the interaction was present. Key

DC, dendritic cell; Mon-derived mac, monocyte-derived macrophages; mac, ma

See also Figures S5–S7, and Tables S2 and S4.
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levels of circulating inflammatory proteins suggest that much of

the underlying pathology is due to viral infection itself and preex-

isting comorbidities in the setting of advanced age rather than

immune-mediated processes. In this case, clinical response to

immune-targeted therapies, including dexamethasone, could

be suboptimal, and antiviral and other interventions may have

more of an impact.

Over 250 proteins were independently associated with

COVID-19 severity, with multiple inflammatory mediators

associated with death in ARDS patients, including previously

identified markers (IL-6,2–4,9,10,25,26 IL-8,2,3,9,10,26 and

CXCL102,9,10,26) and several other markers (CCL2, CCL7,

CCL8, CCL20, AREG, IL-1RL1, FLT1, IL-24) (Figures 2 and 4),

with some recently reported in a smaller study of hemodialy-

sis-dependent COVID-19 patients from a distinct geographic re-

gion,50 independently validating our findings. Of note, several

exocrine pancreas proteases and other proteases were signifi-

cantly associated with the survival of patients with ARDS. Deter-

mining whether these proteases are markers of underlying pro-

cesses that contribute to survival or are directly contributing to

a beneficial anti-inflammatory response will require further

investigation.

Prior proteomics studies have included fewer COVID+ patients

(N = 46, N = 22, N = 48) compared with ours (N = 306) and have

not obtained a sample at point of hospital arrival, yet these

studies have the advantage of using unbiased methods (e.g.,

liquid chromatography/mass spectrometry) for protein discov-

ery.11,13,51 Among the few overlapping proteins from these prior

datasets, our findings are consistent, yet compared to these

other works, our data show overall stronger associations of

pro-inflammatory cytokines and chemokines with severity and

death, and less strong associations with complement activation

and coagulation signals. These differences may in part reflect an

enrichment in our panel of proteins of immune-mediated

markers. This enrichment enables us to better infer immune

cell function and cellular communication at play in severe

COVID-19. Our classifier of severity did not perform as well as

in the above-mentioned studies.13,51 Decreased classifier per-

formance may reflect increased heterogeneity of our population

with respect to comorbidities and treatments received, resulting

in less distinct proteomic signatures in severe versus mild

COVID-19, or it may be a limitation of the finite number of pro-

teins assayed on our platform.

We observed a strong association between advanced age and

attenuated neutralizing antibody production and identified

discrete plasma protein signatures associated with the neutrali-

zation response (Figure 3), which may predict vaccination

response and have implications for vaccination strategies. The

strong predictive value of D0 plasma proteins highlights the
rophages in BAL fluid scRNA-seq data36 (left) and the respective receptors for

t).

ls in BAL fluid.

rotein relative to its expression across all cell types. Ligands and receptors are

pression. Ligand-receptor pairs and their connecting lines are color-coded by

to cell type color-coding applies to (C)–(F). Trm, resident memory CD8+ T cells;

crophages; Tfh, T follicular helper cell; Tregs, regulatory T cells.



Figure 7. Model of contributions to the plasma proteome from circulating immune cells (primarily monocytes, plasmablasts, CD8+ T, NK
cells) and damaged tissues

Temporally ordered interaction network between monocyte/macrophages, T cells, and lung epithelial cells that drives disease severity.
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presence of severity-associated pathways that may be

amenable to early therapeutic intervention. The incorporation

of derived biomarkers into diagnostics could stratify high-risk

patients for tailored therapies.

Proteins end up in the plasma via a variety of routes. Many,

including cytokines, interferons, and growth factors, are

secreted from effector cells. Some, including IL-18, are released

from the cytosol during programmed cell death of immune cells,

whereas others that are also normally cytosolic, including KRT7,

are released from the cytosol of dying cells. Less clear are the

mechanisms of observed increases in plasma membrane pro-

teins in the plasma. Some, including LAG3, exist as both soluble

and membrane-embedded forms; our primary data do not

enable the determination of the contribution of each. However,

the assignment of proteins to signatures we derived for specific

tissues and cells provides context for many relevant plasma pro-

teins, enabling inference of their origins, with implications for un-

derlying processes in the pathogenesis of COVID-19 infection.

By leveraging scRNA-seq datasets from PBMCs of COVID-19

patients and from healthy tissues, we deconvoluted the relative

contribution of different compartments to the plasma proteome,

finding major subsets of severity-associated plasma proteins ex-

pressed in circulating monocytes and plasmablasts and a smaller

subset in circulating T cells and NK cells. In contrast, plasma

severity-associated proteins were enriched in T cell and NK cell

expression in BAL samples, implicating a role of these cell types

in tissue inflammation in the lung. By deriving tissue-specific intra-

cellular death signatures, we show that severe patients have early

signals of heart and skeletal muscle tissue damage (Figure 5). Ex-
amination of the expression profiles of cells fromBAL fluid reveals

that the severity-associated proteome is significantly associated

with cell-type-specific ACE2 gene expression, implying that direct

infection of lung epithelial cells may be driving cell death that is

measurable in plasma (Figure 5). Concomitant elevation of epithe-

lial cell markers in our severe COVID-19 patients supports lung

epithelial cell damage, although the role of ACE2 in catalyzing

this process through direct viral infection remains speculative,

particularly given the low proportion of lung epithelial cells that ex-

press ACE2.52 Our derived protein signatures correlate with clin-

ical metrics of tissue-specific cellular damage and, by using

scRNA-seq data, primarily show gene expression in epithelial

cells within the respective tissues, supporting their validity. These

plasma tissue-specific damage signatureswill have broader utility

as liquid biopsies for organ damage and will enhance interpreta-

tion of the plasma proteome in settings of tissue-specific cell

death and inflammation.

Analysis of the interactions of circulating ligands with receptors

within cells in BAL fluid identified a temporal order of cellular

communication in the lung associated with disease severity (Fig-

ure 6), acknowledging that circulating factors are also produced

by tissues besides the lung. In severe patients, we propose that

early activation of monocytes/macrophages leads to (1) recruit-

ment of neutrophils, monocytes, dendritic cells (DCs), and

T cells; (2) activation and expression of exhaustion markers on

T cells; (3) the death of lung epithelial cells; and (4) regeneration

and growth factor signaling in lung cells (Figure 7). This model is

consistent with the spatial colocalization of macrophages and

T cells in autopsy tissue53,54 and ligand/receptor expression
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patterns in COVID-19 patients with severe versus mild disease

derived from single-cell profiles of immune and lung epithelial

cells.36,38,55 Many severity-associated proteins were also associ-

ated with the nuclear factor kB (NF-kB) pathway, showing sub-

stantial overlap with published bronchial and nasopharyngeal

cells collected from patients,38,55 genes induced by TNF-a in

monocytes in vitro,56 and a TNF-a pathway signature observed

by scRNA-seq in COVID-19 severity-associated monocytes.17,57

Few severity-associated proteins were part of the type I IFN

response, in agreement with published data4,7 and with the asso-

ciation of COVID-19 severity with genetic variants that weaken

IFN-related viral sensing.58 Our proteomic analysis of a large

cohort of COVID-19patients reveals COVID-19 severity- andmor-

tality-associated pathways that may serve as potential therapeu-

tic targets and provide the basis for diagnostics to stratify high-

risk patients for tailored therapies and earlier interventions. The

proteomic datasets we generated, which are freely available for

investigators from Mendeley Data: https://data.mendeley.com/

datasets/nf853r8xsj/1, will serve as a valuable resource in

COVID-19 discovery.

Limitations of study
First, because it was not feasible to collect a second cohort for

the validation of our findings, trends seen here will need to be

corroborated in future studies, especially at other institutions.

Second, blood collections at later time points were biased to-

ward sicker patients, as they weremore likely to remain hospital-

ized, thus skewing the balance of severity groups over time,

affecting the comparison of differentially expressed proteins,

and limiting the ability to interpret effect estimate trends. Third,

relative contributions to the plasma proteome from circulating

immune cells or lung-resident cells were inferred from mapping

to published scRNA-seq data from PBMC and BAL datasets,

respectively. Whereas consistent patterns of co-expression

were observed between our data and published scRNA-seq da-

tasets, because circulating plasma proteins may have multiple

sources, confirmation of cell or tissue origin will require validation

in individuals in whom plasma proteomics is performed in paral-

lel with scRNA-seq of PBMC and BAL samples. Fourth, themap-

ping of peripheral plasma proteins onto tissue expression was

done using scRNA-seq data from normal, healthy tissues that

may not reflect expression profiles in SARS-CoV-2 infection.

Fifth, in LMMs, we used significance in the interaction term of

severity 3 time to define our subset of severity-associated pro-

teins; thus, significant association of a protein with severity

required a dynamic effect over time, and proteins stably differen-

tially expressed between severity groups over time or at partic-

ular time points, may not have been identified as significant. All

of the terms of our LMMs are included in Tables S1–S7. Lastly,

gene set enrichment and pathway analyses may be biased by

the preselected set of proteins available on the proteomic plat-

forms used for this study, which have been selected for associ-

ation with particular diseases and pathways of interest.
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

ACK buffer 10x500ml Quality Biological INC 118-156-101

CryoStor Cs10 HemaCare 210102

Neutrophil isolation kit (StemCell) STEMCELL 19666

SepMate 15ml tubes (100/pk) STEMCELL 85415

SepMate 50ml tubes (500/cs) STEMCELL 85460

TCL buffer 125ml QIAGEN 1031576

96 round bottom plates WestNet 3788

Deposited data

scRNA-sequencing data PBMCs Wilk et al. (2020)16 COVID-19 atlas Database: https://www.covid19cellatlas.org/#wilk20

scRNA-sequencing data PBMCs Lee et al. (2020)8 GEO accession - GSE149689

scRNA-sequencing data PBMCs Arunachalam et al. (2020)4 GEO accession - GSE155673

scRNA-sequencing data PBMCs Schulte-Schrepping et al. (2020)17 EGA accession - EGAS00001004571

scRNA-sequencing data BAL Bost et al. (2020)36 GEO accession - GSE145926 and GSE149443

scRNA-sequencing data BAL Chua et al. (2020)38 Database: https://figshare.com/articles/COVID-19_severity_

correlates_with_airway_epithelium-immune_cell_interactions_

identified_by_single-cell_analysis/12436517

scRNA-sequencing data heart Tucker et al. (2020)37 Broad Institute’s Single Cell Portal study - ID SCP498

scRNA-sequencing data kidney Menon et al. (2020)59 GEO accession - GSE140989

scRNA-sequencing data liver MacParland et al. (2018)60 GEO accession number - GSE115469

scRNA-sequencing data pancreas Baron et al. (2016)61 expression matrix obtained from the Itai Yanai lab

Olink proteomic dataset This study Mendeley Data: https://data.mendeley.com/datasets/nf853r8xsj/1

SomaScan proteomic dataset This study Mendeley Data: https://data.mendeley.com/datasets/nf853r8xsj/1

Experimental models: Cell lines

293T ACE2 TMPRSS2 This paper N/A

Recombinant DNA

pCMV-SARS2DC-gp41 This paper N/A

psPAX2 Addgene RRID: Addgene_12260

pCMV-VSV-G Addgene RRID: Addgene_8454

pTRIP-SFFV-GFP-NLS Addgene RRID: Addgene_86677

pTRIP-SFFV-Hygro-2A-TMPRSS2 This paper N/A

Software and algorithms

FlowJo v10.7.1 BD N/A

RStudio Database: https://www.rstudio.com/ v1.4

R Database: https://cran.r-project.org/ v4.0.4
RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Marcia B.

Goldberg (marcia.goldberg@mgh.harvard.edu).
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Materials availability
Plasmids generated in this study have been deposited to Addgene: pTRIP-SFFV-Hygro-2A-TMRPSS2, ID 170390, and pCMV-

SARS2SDC-H2gp41, ID 170389. 293T ACE2/TMPRSS2 are available upon request from the Lead Contact without restriction.

Data and code availability
Original proteomic data have been deposited toMendeley Data: http://dx.doi.org/10.17632/nf853r8xsj. Single-cell RNAseq datasets

were obtained as directed in the references for each dataset. All code used for analysis will be available without restriction from the

Lead Contact; examples needed to replicate analysis of proteomic data have been deposited to github at https://github.com/

arnav-mehta/covid19-proteomics. Original Supplemental Tables data have been deposited to Mendeley Data: http://dx.doi.org/

10.17632/nf853r8xsj.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Patient cohort and clinical data collection
Patients were enrolled in the Emergency Department (ED) of a large, urban, academic hospital in Boston from 3/24/2020 to 4/30/2020

during the peak of a COVID-19 surge. All study procedures involving human subjects were approved by the Mass General Brigham

(formerly Partners) Human Research Committee, the governing institutional review board at Massachusetts General Hospital. A

waiver of informed consent was approved in compliance with the Code of Federal Regulations (45CFR 46, 2018 Common Rule).

Included were patients 18 years or older with a clinical concern upon ED arrival for COVID-19 and with acute respiratory distress,

with at least one of the following: 1) tachypnea (22 breaths per minute), 2) oxygen saturation %92% on room air, 3) a requirement

for supplemental oxygen, or 4) positive-pressure ventilation. The day 0 blood sample (N = 384) was obtained concurrent with the

initial clinical blood draw in the ED, and day 3 (N = 217) and day 7 (N = 143) samples were obtained for COVID-19-positive patients,

if still hospitalized at those times, yielding 744 samples. In addition, blood was collected from some patients at the time of substantial

clinical deterioration (44 samples); these event-driven samples were excluded from linear models. Clinical course was followed to

28 days post-enrollment or until hospital discharge, if that occurred after 28 days.

Patients were classified by acuity levels A1-A5 on days 0, 3, 7, and 28 (WHOOrdinal Outcomes Scale15) where the acuity levels are

described as follows: A1, deathwithin 28 days (N = 42, 14%); A2, intubation, mechanical ventilation, and survival toR28 days (N = 67,

22%); A3, hospitalized and requiring supplemental oxygen (N = 133, 43%); A4, hospitalized without requiring supplemental oxygen

(N = 41, 13%); and A5, discharged directly from the ED without subsequently returning and requiring admission within 28 days

(N = 23, 8%). A1 and A2 were classified as severe (N = 109) and A3-A5 as non-severe (N = 197).

Of all 384 enrolled, 78 (20%) tested negative for SARS-CoV-2; among these, for 50 (64%), suspicion for COVID-19 was very low

based on careful retrospective chart review by MRF and RPB, an emergency physician and infectious diseases physician, respec-

tively. Among the remaining 28 patients, COVID-19was a diagnostic possibility, yetmost hadmultiple negative PCR tests during their

hospital course. These 78 subjects were categorized as controls. We dichotomized COVID-19 subjects by illness severity and

outcome into severe (A1-A2) and less severe (A3-A5) groups. Of the 42 COVID-19 patients who died, 24 (57%) received mechanical

ventilation and 18 (43%) did not. The latter group was significantly older, many with advanced directives to withhold aggressive care.

Demographic, past medical history and clinical data were collected and summarized for each outcome group, using medians with

interquartile ranges and proportions with 95% confidence intervals, where appropriate. Detailed clinical data, including age, gender,

ethnicity, and race, are summarized for all outcome cohorts in Table S1. Patient-level clinical data are available fromMendeley Data:

https://data.mendeley.com/datasets/nf853r8xsj/1. To protect the identity of individual subjects, public posting of patient-level de-

mographic information is limited as required by the Mass General Brigham Human Research Committee.

Human cell lines
293T ACE2/TMPRSS2 were derived from 293T, a kidney cell line. Culture methods and transductions are detailed in the paragraph

‘‘Measurement of neutralization levels.’’ Cells were regularly tested for mycoplasma contamination.

METHOD DETAILS

Plasma collection and processing
Blood samples were collected in EDTA tubes and processed nomore than 3 hours post blood draw in a Biosafety Level 2+ laboratory

on site. Whole blood was diluted with room temperature RPMI medium in a 1:2 ratio to facilitate cell separation for other analyses

using the SepMate PBMC isolation tubes (STEMCELL) containing 16mL Ficoll (GE Healthcare). Diluted whole blood was centrifuged

at 1200 g for 20 minutes at 20�C. After centrifugation, plasma (5 mL) was pipetted into 15 mL conical tubes and placed on ice during

PBMC separation procedures, centrifuged at 1000 g for 5 min at 4�C, aliquoted into cryovials, and stored at �80�C. Study samples

(45 mL) were randomly allocated onto 96-well plates based on disease outcome grouping and were treated with 1% Triton X-100 for

virus inactivation at room temperature for 2 hr.
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Olink plasma proteomic assays
The Olink Proximity Extension Assay (PEA) is a technology developed for high-multiplex analysis of proteins using 1 mL of sample. In

PEA, oligonucleotide-labeled monoclonal or polyclonal antibodies (PEA probes) are used to bind target proteins in a pairwisemanner

thereby preventing all cross-reactive events. Upon binding, the oligonucleotides come in close proximity and hybridize followed by

extension generating a unique sequence used for digital identification of the specific protein assay. With recent developments, PEA

enables an increased number of 384 multiplex assays and higher throughput using next-generation sequencing (NGS) as a readout

method. PEA probe design is based on addition of Illumina adaptor sequences, unique barcodes for protein identification and in-

dexes to distinguish samples in multiplex sequencing. The protocol has also been miniaturized and automated using liquid handlers

to further improve robustness and maximize output.

The full library (Olink� Explore 1536) consists of 1472 proteins and 48 controls assays divided into four 384-plex panels focused on

inflammation, oncology, cardiometabolic and neurology proteins. In each of the four 384-plex panels, overlapping assays of IL6, IL8

(CXCL8), and TNF are included for quality control (QC) purposes. Library content is based on target selection of low-abundant inflam-

mation proteins, actively secreted proteins, organ-specific proteins leaked into circulation, drug targets (established and from

ongoing clinical trials), and proteins detected in blood bymass spectrometry. Selection, classification, and categorization of proteins

were based on using various databases (e.g., Gene Ontology), the Blood Atlas – the human secretome (Database: www.proteinatlas.

org), a collaboration with the Institute of Systems Biology, Seattle WA, for tissue-specific proteins, Database: https://www.

clinicaltrials.gov for mapping of drug targets, detection of proteins in blood measured by mass spectrometry and finally, various

text-mining approaches identifying protein biomarkers described in the literature. The analytical performance of PEA is carefully vali-

dated for each protein assay; performance data are available at Database: https://www.olink.com. Technical criteria include assess-

ing sensitivity, dynamic range, specificity, precision, scalability, endogenous interference, and detectability in healthy and patholog-

ical plasma and serum samples.

In the immune reaction, 2.8 mL of sample is mixed with PEA probes and incubated overnight at 4�C. Then, a combined extension

and pre-amplification mix is added to the incubated samples at room temperature for PCR. The PCR products are pooled before a

second PCR step following addition of individual sample index sequences. All samples are thereafter pooled, followed by bead pu-

rification and QC of the generated libraries on a Bioanalyzer. Finally, sequencing is performed on a NovaSeq 6000 system using two

S1 flow cells with 23 50 base read lengths. Counts of known sequences are thereafter translated into normalized protein expression

(NPX) units through a QC and normalization process developed and provided by Olink.

Quality control, Olink plasma proteomics
The Olink PEA QC process consists of specifically engineered controls to monitor the performance of the main steps of the assays

(immunoreaction, extension and amplification/detection) as well as the individual samples. Internal controls are spiked into each

sample and represent a control using a non-human assay, an extension control composed of an antibody coupled to a unique

DNA-pair always in proximity and, finally, a detection control based on a double stranded DNA amplicon. In addition, each plate

runwith Olink includes a control strip with sample controls used to estimate precision (intra- and inter-coefficient of variation). A nega-

tive control (buffer) run in triplicate is utilized to set background levels and calculate limit of detection (LOD), a plate control (plasma

pool) is run in triplicate to adjust levels between plates, and a sample control (reference plasma) is included in duplicate to estimate

CV between runs.

NPX is Olink’s relative protein quantification unit on a log2 scale and values are calculated from the number of matched counts on

the NovaSeq run. Data generation of NPX consists of normalization to the extension control (known standard), log2-transformation,

and level adjustment using the plate control (plasma sample).

SomaScan plasma proteomic assays
The SomaScan Platform for proteomic profiling uses 4979 SOMAmer reagents, single-stranded DNA aptamers, to 4776 unique hu-

man protein targets. Themodified aptamer binding reagents,35 SomaScan assay,35,62 its performance characteristics,63,64 and spec-

ificity65,66 to human targets have been previously described. The assay used standard controls, including 12 hybridization normal-

ization control sequences to control for variability in the Agilent readout process and 5 human calibrator control pooled replicates and

3 quality control pooled replicates to mitigate batch effects and verify the quality of the assay run using standard acceptance criteria.

Quality control, SomaScan plasma proteomics
The SomaScan Assay is run using 96-well plates; 11 wells are allocated for control samples used to control for batch effects and to

estimate the accuracy, precision, and buffer background of the assay over time. Five pooled Calibrator replicates, three pooled QC

replicates, and three buffer replicates are run on every plate. The readout is performed using Agilent hybridization, scan, and feature

extraction technology. Twelve Hybridization Control SOMAmers are added alongside SOMAmers to bemeasured from the biological

samples and controls of each well during the SOMAmer elution step to control for readout variability. The control samples are run

repeatedly during assay qualification and robust point estimates are generated and stored as references for each SOMAmer result

for the Calibrator and QC samples. The results are used as references throughout the life of the SOMAscan V4 Assay. Plate Calibra-

tion is performed by calculating the ratio of the Calibrator Reference RFU value to the plate-specific Calibrator replicate median RFU

value for each SOMAmer. The resulting ratio distribution is decomposed into a Plate Scale factor defined by the median of the
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distribution and a vector of SOMAmer-specific Calibration Scale Factors. Normalization of QC replicates and samples is performed

using adaptive normalization by maximum likelihood (ANML) with point and variance estimates from a normal U.S. population. Post

calibration accuracy is estimated using the ratio of the QC reference RFU value to the plate-specific QC replicate median RFU value

for each SOMAmer. The resulting QC ratio distribution provides a robust estimate of accuracy for each SOMAmer on every plate.

Plate-specific Acceptance Criteria: Plate Scale Factor between 0.4-2.5 and 85% of QC ratios between 0.8 and 1.2 must be met prior

to release.

Measurement of neutralization levels
Constructs

SARS-CoV-2 S was amplified by PCR (Q5 High-Fidelity 2X Master Mix, New England Biolabs) from pUC57-nCoV-S (gift of Jonathan

Abraham), in which the C-terminal 27 amino acids of SARS-CoV-2 S are replaced by the NRVRQGYS sequence of HIV-1, a strategy

previously described for retroviruses pseudotyped with SARS-CoV S.67 The truncated SARS-CoV-2 S fused to gp41 was cloned into

pCMV byGibson assembly to obtain pCMV-SARS2DC-gp41. psPAX2 and pCMV-VSV-Gwere previously described.68 pTRIP-SFFV-

EGFP-NLS was previously described69 (Addgene plasmid #86677). cDNA for human TMPRSS2 and the hygromycin resistance gene

were generated by synthesis (Integrated DNA Technologies). pTRIP-SFFV-Hygro-2A-TMPRSS2 was generated by Gibson

assembly.

Cell culture

293T cells were cultured in DMEM, 10%FBS (ThermoFisher Scientific), and PenStrep (ThermoFisher Scientific). 293T ACE2 cells (gift

of Michael Farzan) were transduced with pTRIP-SFFV-Hygro-TMPRSS2 using TransIT�-293 Transfection Reagent (Mirus Bio, MIR

2700) to obtain 293T ACE2/TMPRSS2 cells, which were selected with 320 mg/ml of hygromycin (Invivogen) and used as a target in

pseudotyped SARS-CoV-2 S lentivirus neutralization assays.

Pseudotyped SARS-CoV-2 lentivirus production

The protocol for lentiviral production was previously described.68 Briefly, 293T cells were seeded at 0.83 106 cells per well in a 6-well

plate and were transfected the same day with a mix of DNA containing 1 mg psPAX, 1.6 mg pTRIP-SFFV-EGFP-NLS, and 0.4 mg

pCMV-SARS2DC-gp41 using TransIT�-293 Transfection Reagent. After overnight incubation, the medium was changed. SARS-

CoV-2 S pseudotyped lentiviral particles were collected 30-34 hr post medium exchange and filtered using a 0.45 mm syringe filter.

To transduce 293T ACE2 cells, the same protocol was followed, with a mix containing 1 mg psPAX, 1.6 mg pTRIP-SFFV-Hygro-2A-

TMPRSS2, and 0.4 mg pCMV-VSV-G.

SARS-CoV-2 S antibody neutralization assay

The day before the experiment, 293T ACE2/TMPRSS2 cells were seeded at 53 103 cells in 100 ml per well in 96-well plates. On the

day of lentiviral harvest, 100 ml SARS-CoV-2 S pseudotyped lentivirus was incubated with 50 ml of plasma diluted in medium to a final

concentration of 1:100. Medium was then removed from 293T ACE2/TMPRSS2 cells and replaced with 150 ml of the mix of plasma

and pseudotyped lentivirus. Wells in the outermost rows of the 96-well plate were excluded from the assay. After overnight incuba-

tion, medium was changed to 100 ml of fresh medium. Cells were harvested 40-44 hr post infection with TrypLE (Thermo Fisher),

washed in medium, and fixed in FACS buffer containing 1% PFA (Electron Microscopy Sciences). Percentage GFP was quantified

on a Cytoflex LX (Beckman Coulter), and data was analyzed with FlowJo.

QUANTIFICATION AND STATISTICAL ANALYSIS

Data analysis and visualization
All statistical analyses for the clinical and proteomics data in this cohort was performed using R version 4.0.2. All plots were generated

using the ggplot2 package in Rwith the exception that the correlation plots were generated using the corrplot() function in R. Pairwise

Pearson correlations were calculated for all proteins, and rows and columns of correlation plots were ordered based on hierarchical

clustering. All heatmaps were generated using the heatmap370 package and NPX values for each protein centered to have a mean of

0 and scaled to have a standard deviation of 1 within each protein. Scaled data greater than either 4 or 5 standard deviations from the

mean were truncated at ± 4 or 5. Rows and columns were ordered based on hierarchical clustering.

Unsupervised clustering

Principal components analysis (PCA) was performed using all proteins and all samples using the prcomp() function in R. Unsuper-

vised clustering by UMAP was performed using all proteins, and either all samples or just day 0 samples, using the umap() function

in R, and UMAP coordinates were plotted using the ggplot2 package. Unsupervised clustering by tSNE was by first performing

dimensionality reduction by PCA and then taking the top principal components for a tSNE embedding using the Rtsne package

and the argument pca = TRUE. k-nearest neighbor (KNN) graphs and Louvain community detection was performed using custom

code and the FNN package provided in R.

Linear models

Linear regression models were fit independently to each protein using the lm package in R with protein values (NPX for Olink data) as

the dependent variable. The models included a term for COVID-19 status and covariates for age, gender, ethnicity, heart disease,
Cell Reports Medicine 2, 100287, May 18, 2021 e4
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diabetes, hypertension, hyperlipidemia, pulmonary disease, kidney disease, immuno-compromised status to control for any poten-

tial confounding. P values were adjusted to control the false discovery rate (FDR) at 5% using the Benjamini-Hochberg method im-

plemented in the emmeans package in R.

Linear mixed models

Linearmixed effectsmodels (LMMs) were fit independently to each protein using the lme469 package in Rwith protein values (NPX for

Olink data) as the dependent variable. The model for severity included a main effect of time, a main effect of severity, the interaction

between these two terms, and a random effect of patient ID to account for the correlation between samples coming from the same

patient. Covariates for age, gender, ethnicity, heart disease, diabetes, hypertension, hyperlipidemia, pulmonary disease, kidney dis-

ease, and immuno-compromised status were included in themodel to control for any potential confounding. Significance of the three

model termswas determinedwith an F-test using Satterthwaite degrees of freedom and type III sum of squares implementedwith the

lmerTest71 package in R. P values for the three model terms of interest were adjusted to control the FDR at 5% using the Benjamini-

Hochberg method. Group differences were calculated for each protein passing the FDR threshold with p values adjusted using the

Tukey method implemented by the emmeans package in R. Group differences with Tukey adjusted p values less than 0.05 were

considered statistically significant. Note, all other models were run similarly with time in addition to either Acuitymax, age, or both

age and severity as main effects instead of severity.

For SomaScan data, LMMs for severity and time as main effects were run as was done for Olink. Overall, significant proteins were

found to be partially overlappingwith those found for Olink (hypergeometric test p = 0.002) (Tables S3B andS6); for example, at D0, of

the 1085 overlapping assays between the two platforms, 779 proteins were significant for severity or interaction term in Olink data,

and 669 in the SomaScan data, with 460 proteins overlapping between the two sets. In other words, 69% of the SomaScan severity-

associated proteins overlapped with those identified by Olink data. The non-overlapping assays in part due to a narrower dynamic

range for some of the SomaScan assays.

Residuals

Model residual valueswere extracted from LMMs (as described above) independently fit to every protein usingNPX as the dependent

variable, age, gender, ethnicity, heart disease, diabetes, hypertension, hyperlipidemia, pulmonary disease, kidney disease, and im-

muno-compromised status as covariates and a random effect of patient ID to account for the correlation between samples taken

from the same patient. These residuals represent the remaining unexplained variance in the protein expression after accounting

for the effects of the included covariates.

Permutation controls

For the Olink assay, the likelihood of observing 1131 statistically significant proteins for the Acuitymax model term and 963 statistically

significant proteins for the time and Acuitymax interaction term from the linear mixedmodels was evaluated using permutation testing.

Acuitymax group was randomly permuted 100 times among patients and for each permutation the full LMM procedure was followed.

None of the permutations produced as many statistically significant results as were observed when using the true Acuitymax

groupings.

Gene set enrichment and pathway analysis

For analysis of functional pathways, two different strategies were employed: (i) gene set enrichment analysis72 using the ClusterPro-

filer package in R using the C7 immunologic signature gene set from themolecular signatures database v7.2 (Database: https://www.

gsea-msigdb.org/gsea/msigdb); and (ii) Ingenuity Pathway Analysis (QIAGEN) on our gene lists using default parameters from the

vendor. Pathways were visualized in dot plots and bar plots using the ggplot2 package in R.

Prediction of severity

Predictive performance of severity within 28 days was performed using all proteins and model covariates and was estimated using

elastic net logistic regression implemented by the glmnet73 package in R and 100 repeats of 5-fold cross validation. Model tuningwas

performed using the caret package in R. Variable scaling, model tuning, and feature selection was performed independently for each

held-out fold such that the predictive model was never exposed to the held-out data. Measures of predictive performance are re-

ported as medians and 95% confidence intervals calculated from the 100 repeats of the cross validation. Features were ranked

by how frequently they were chosen to be included in the model.

Prediction of neutralization level

Generalized linear models with lasso regularization were trained (using the R caret package) on COVID-19-positive patient proteome

samples (consisting of 1472 Olink protein features) from each selected day (0, 3, and 7) to neutralization levels (% or > 75%). For

percent neutralization predictions, protein levels at day 0 were used to predict binned neutralization categories at day 3. Repeated

5-fold cross validation (with a hyperparameter scan from 0.0001 to 1 to select the lambda constant yielding the greatest prediction

accuracy) was replicated 100 times to obtain a confidence interval for the area under the ROC curve (where ROC curves were gener-

ated using each patient’s estimated probability while serving as the held-out fold). The average feature weights of the final models

from each of the 100 rounds of 5-fold cross validation were used to identify proteins of importance. Orthogonally, 10-fold cross vali-

dation was used to train and validate a random forest model (with default ntree = 500 andmtry = 38) to predict neutralization quartiles

(0%–25%, 25%–50%, 50%–75%, 75%–100%) and important proteins were identified based on mean decrease in Gini. To identify

protein features that were independent from or overlapping with severity markers, the union of the top 50 important features from the

lasso and random forest models were intersectedwith significantly variable proteins between severity groups on day 0 (from the LMM

described above).
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scRNA-sequencing data processing and analysis
We analyzed 4 publicly available scRNA-seq PBMC datasets from COVID-19 patients, which were obtained from: 1) Wilk et al.,

2020,16 COVID-19 atlas, Database: https://www.covid19cellatlas.org/#wilk20; 2) Lee et al., 2020,8 GEO: GSE149689; 3) Arunacha-

lam et al., 2020,4 GEO: GSE155673; and 4) Schulte-Schrepping et al., 2020,17 EGA accession EGAS00001004571. Gene expression

matrices after filtering low quality cells were used as provided by the respective investigators, and annotations were used as

described in each of the studies. scRNA-seq data from BAL fluid and lower airways of COVID-19 patients were obtained from 1)

Bost et al., 2020,36 GEO: GSE145926 and GEO: GSE149443 and 2) Chua et al., 2020,38 FigShare Database: https://figshare.com/

articles/COVID-19_severity_correlates_with_airway_epithelium-immune_cell_interactions_identified_by_single-cell_analysis/

12436517. Cell-type specific expression in lung tissue was derived as described below. scRNA-seq data from other tissues were

obtained from the following sources: 1) heart from Tucker et al., 2020,37 Broad Institute’s Single Cell Portal study ID SCP498; 2) kid-

ney from Menon et al., 2020,59 GEO: GSE140989; 3) liver from MacParland et al., 2018,60 GEO: GSE115469; and 4) pancreas from

Baron et al., 2016,61 expression matrix obtained from the Itai Yanai lab.

Expression data generation, lung cell subsets

To generate lung cell-type specific signatures, we collected and aggregated scRNA-seq studies, normalized each dataset, harmo-

nized the published cell type annotations, and trained a multiclass logistic regression model.

Dataset selection: Only studies with scRNA-seq data from primary tissue (including healthy, fibrotic, and COVID-19 donors),

sequenced using the 10X Genomics platform, and published annotations were included. Two additional studies (chosen tomaximize

the number of cell types in the test set) were held out for cross validation to test cell type predictions and tune hyperparameters. The

training datasets were Adams et al., 2020,74 Chua et al., 2020,38 Habermann et al., 2020,75 Travaglini et al., 2020,76 and two unpub-

lished datasets. The test datasets used were Vieira et al., 201977 and Laio et al., 2020.78

Normalization: Single cell/nuclei RNA-seq datasets from individual studies were aggregated and normalized using Scanpy.79 Each

study was subjected to identical pre-processing steps. First, UMI count values were winsorized, those above the 99th percentile of

non-zero counts were reduced to the value of the 99th percentile (13 counts). Winsorized count data were normalized, so that UMI

counts per cell/nucleus summed to 10,000, and then were logged, resulting in log(1+10,000*UMIs / total UMIs) for each cell/nuclei

(‘‘logtp10k’’). Then the aggregated expression data were scaled using the scanpy ‘scale‘ function with zero_center = False. To pre-

pare cell type labels, wemapped each annotation to a common reference list before training. Cells labeled with cell types with ambig-

uous mappings (e.g., ‘‘T cell’’ or ‘‘myeloid’’) were excluded from training.

Signature extraction: Cell type signatures were learned using an L2 penalized logistic regression model trained to predict the cell

type from a single cell gene expression profile. The model was trained using SciKitLearn’s LogisticRegression function with the

default parameters with the exception of C = 0.1, max_iter = 30, and multi_class = ‘ovr’. During fitting, individual cells were weighted

to balance with respect to both cell type and study. Model coefficients learned were used as cell type signatures.

Analysis of scRNA-seq data

All scRNA-seq gene expression data was analyzed in R version 4.0.2 using custom code to look at average expression of genes of

interest in each cell type. Genes of interest were selected from the proteomic analysis, and the tissue distribution of these genes (or

groups of genes) were evaluated in the different scRNA-seq datasets. For visualization, gene expression was normalized across cell

types (rows) with Z-scores and visualized in heatmaps using the heatmap3 function in R with hierarchical clustering of both cell types

and genes. Where cell types were annotated on heatmaps, this was done by identifying cell types with the highest relative expression

by Z-scores. The cell-type-specific intracellular gene list was defined as the top 20 genes with the highest relative expression for that

cell type.

Derivation tissue-specific protein signatures
Organ specific protein signatures were defined using RNA sequencing data from the Genotype-Tissue Expression (GTEx) Portal

(Database: https://www.gtexportal.org/home/). The median transcripts per million (TPM) of 56,200 genes across 54 non-diseased

tissue sites were obtained. For each tissue site, the intersection of the top 500 highest TPM genes and the top 500 most variable

genes (based on coefficient of variation across tissue types) was identified. Proteins that were also measured by SomaScan were

extracted, validated for high tissue specific expression, and consolidated across related tissues for each organ of interest. Organ

signatures were split based on localization (intracellular versus membrane/secreted) using UniProt and literature annotations. The

values for each protein across all COVID-19-positive patients were scaled to Z scores, and the mean Z score of all proteins in an

organ set was used as an overall signature score for a given patient.

Ligand-receptor analysis
Single-cell RNA-seq expression profiles (10X genomics) of immune cells isolated from BAL fluid of healthy and COVID-19-infected

patients of varying severity fromBost et al., 202036 was obtained fromGEO: GSE145926 andGEO: GSE149443. Python 3.8was used

to run the python package Cellphonedb v2.1.4 with the following parameters: database v2.0.0, statistical method analysis, 1000 it-

erations, 6000 cell subsampling. Themetadata cluster identities were previously assigned based on the published annotations. Anal-

ysis of specific ligands and receptors was performed from a curated list of known ligand-receptor pairs, and cell types were assigned

to particular ligands and receptors by identifying cell types with the highest relative expression by Z-scores.
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