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Summary

Dexamethasone is the standard of care for critically ill patients with COVID-19,
but the mechanisms by which it decreases mortality and its immunological effects in this
setting are not understood. We performed bulk and single-cell RNA sequencing of the
lower respiratory tract and blood, and plasma cytokine profiling to study the effect of
dexamethasone on systemic and pulmonary immune cells. We find decreased
signatures of antigen presentation, T cell recruitment, and viral injury in patients treated
with dexamethasone. We identify compartment- and cell- specific differences in the
effect of dexamethasone in patients with severe COVID-19 that are reproducible in
publicly available datasets. Our results highlight the importance of studying

compartmentalized inflammation in critically ill patients.



37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70

Main

Moderate doses of corticosteroids, including dexamethasone, decrease mortality
in patients with severe COVID-19 in clinical trials'. Conversely, steroids may increase
mortality in COVID-19 patients without hypoxemia?, and higher doses of
dexamethasone may increase mortality in hypoxemic, non-ventilated patients3. While
randomized controlled trials of steroids in patients with COVID-19 have transformed
clinical practice, the cell- and compartment-specific effects of corticosteroids in these
patients are not well understood. Dexamethasone is classically considered a non-
specific and potent systemic anti-inflammatory medication, but it has pleiotropic effects
on inflammatory signaling, wound healing, and metabolism in experimental models*. In
experimental studies in animal models and human volunteers, dexamethasone and
other corticosteroids have distinct effects on systemic versus pulmonary inflammation?®,
and several studies have identified cell-specific effects of glucocorticoids.® While a small
number of studies have described the effects of corticosteroids on blood and lung gene
expression in COVID-1978, no work has yet comprehensively evaluated effects across
gene, protein, and cellular levels in both systemic circulation and respiratory tract.
Further understanding the cell- and compartment-specific effects of dexamethasone in
severe COVID-19 may elucidate the therapeutic effects of steroids in these patients and
further our understanding of the role of steroids in other viral infections and/or the acute
respiratory distress syndrome (ARDS) more generally.

Here, we use single-cell RNA sequencing to study peripheral blood and tracheal
aspirate (TA) from a multi-center observational cohort of patients with COVID-19 before
and after dexamethasone became standard of care, using data generated as part of the
COMET and IMPACC studies.®'® We integrate this data with cytokine and gene
expression data from blood and compare it to two publicly available datasets. We
identify several cell-specific differences in the pulmonary and systemic effects of
dexamethasone in mechanically ventilated patients with COVID-19 ARDS, many of
which were reproducible in the external datasets. Through receptor-ligand analysis we
also detect signatures of injury resolution and reduced antigen presentation and T cell
recruitment in dexamethasone-treated patients, returning to levels observed in healthy
controls. This work highlights the importance of studying both local and systemic
inflammatory signaling in acute respiratory disease and identifying biological pathways

that may represent future therapeutic targets.
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Results

We conducted a prospective case-control study of mechanically ventilated adults
(age = 18) with COVID-19 acute respiratory distress syndrome (ARDS) at two academic
hospitals: the University of California, San Francisco Medical Center (UCSFMC), and
the Zuckerberg San Francisco General Hospital (ZSFG). Patients were enrolled into an
observational cohort starting in April 2020. At both sites, patients did not routinely
receive corticosteroids for COVID-19 ARDS prior to the publication of the RECOVERY
trial in July 2020, at which time dexamethasone was promptly introduced as a treatment
for patients hospitalized with severe COVID-19. We studied patients enrolled before and
after this rapid change in the standard of care, which enabled a multi-omic
characterization of the effects of dexamethasone in patients with COVID-19 ARDS.

For this study, we included patients admitted to the ICU with at least one
biospecimen (TA, blood, or plasma) collected (Figure 1A) while they were mechanically
ventilated. We excluded patients who received steroids for an indication other than
COVID-19 and those who received other immunosuppressive drugs (e.g. tocilizumab,
baricitinib), leaving a final sample size of 27 patients who received at least one dose of
6mg dexamethasone at the time of initial biosampling (Dex) and 16 patients who did not
receive dexamethasone (NoDex) prior to specimen collection. (Extended Data Figure
1, Extended Data Table 1). An overview of patients included in the different analyses is
provided (Figure 1B). All included patients were recruited between April 2020 and
March 2021.

Dexamethasone modulates cytokine and immune cell gene expression in blood
samples from patients with severe COVID-19

We first profiled a panel of 18 plasma cytokines (Extended Data Table 2)
previously associated with COVID-19 and ARDS pathophysiology'! in Dex (N=15) as
compared to NoDex (N=23) subjects at the time of study enroliment. After adjusting for
multiple hypothesis testing, we observed significantly lower plasma IL-6 and IFN-
gamma in Dex patients compared to NoDex patients (Figure 1C). Conversely, we
observed significantly higher levels of IL-10, a cytokine that suppresses inflammatory
responses'?, in Dex patients treated with dexamethasone (Figure 1C). Other cytokines
did not present significantly different levels across treatment groups (Extended Data

Figure 2A). Examination of times between first dexamethasone dose and sample
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collection demonstrated that these changes in cytokine levels persisted for at least 24

hours after starting steroid treatment (Extended Data Figure 2B).

Figure 1: Dexamethasone modulates cytokine and immune cell gene expression
in the blood of patients with COVID-19
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a, The introduction of dexamethasone (Dex) as standard of care for critically ill patients
hospitalized with COVID-19 based on the results of the RECOVERY trial. Blood and
tracheal aspirate (TA) samples were collected from intubated patients enrolled either
before or after this change. b, Included patients and time points per analysis. A single
sample was used per patient. Each patient was either treated with Dex (orange) or not
(blue). Samples used in DIABLO analysis (Figure 2) are the overlap in PBMC bulk RNA
sequencing and plasma cytokine rows. ¢, Individual plots of log-transformed significant
cytokines IL-6, IL-10, and interferon gamma (IFN-gamma) (Wilcoxon test, adjusted p-
value < .1). N = 23 Dex, N = 15 NoDex. d, Volcano plot of differential gene expression
of PBMC RNA-seq data. N = 10 Dex, N = 11 NoDex.

We then compared peripheral blood gene expression between the Dex (N = 10)
and NoDex (N =11) groups and found 4,050 differentially expressed genes (20% of
protein coding genes tested) after adjusting for age and sex (adjusted p-value < 0.1)
(Figure 1D). Immune genes such as TNFRSF4, involved in T cell co-stimulation, and
IL21R, involved in T-/B- and NK-cell activation, as well as several genes involved in

allergic responses (MS4A2, PTGDRZ2) were downregulated in Dex patients. Genes
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upregulated in the Dex patients included ADAMTS2, a procollagen N-endopeptidase
upregulated by TGF-beta that has been reported to be upregulated by glucocorticoids,'
and RLN3, involved response to DNA damage and repair.'* Gene set enrichment
analysis (GSEA) of results of the differential gene expression analysis identified 21
significantly dysregulated pathways in the Reactome database (adjusted p-value < 0.1)
(Extended Data Figure 3). The most enriched pathways in Dex patients included
metabolic pathways such as tricarboxylic acid cycle and several mitochondria-
associated pathways, defense against pathogens, and interferon signaling. Conversely,
NoDex patients had gene expression signatures consistent with the enrichment of
sensory perception pathways possibly linked to differences in leukocyte populations,’
and the activation of cell survival related pathways such as fibroblast growth factor

receptor (FGFR)- and G-protein-coupled receptor (GPCR).

Supervised integrative analysis of blood transcriptomic and plasma cytokine data
identifies co-varying responses to dexamethasone

We next designed an integrative analysis examining the effect of dexamethasone
on gene expression and protein concentrations in all patients with both data types
available from the same blood sample (N = 10 Dex patients and N = 11 NoDex). We
used DIABLO'®, an implementation of partial least squares discriminant analysis, to
identify components (“variates”) shared across modalities that stratify based on
dexamethasone treatment with the goal of identifying coordinated changes across gene
expression and protein concentrations vs. changes independently observed in unique
data types. Variate 1 clearly separated Dex from NoDex patients (Figure 2A). When
examining the contributions to variate 1 from the cytokine data, Dex patients were
separated based on lower IP-10, which is involved in interferon gamma signaling; lower
levels of the inflammatory cytokines IL-6 and IL-18; lower ICAM-1, which is involved in
inflammation and leukocyte recruitment; and lower Ang-2, a facilitator of angiogenesis
and antagonist to Ang-1. Dex patients were conversely separated by higher Ang-1, and
higher levels of protein C and IL-10, reflecting the attenuated proinflammatory cytokine
signaling observed in the unimodal analysis (Figure 2B).

Gene set enrichment analysis of the transcriptomic contributions to variate 1
unexpectedly demonstrated relative elevation of innate immune response and cytokine
signaling pathways in Dex patients compared to the NoDex patients (Figure 2C).
Covariation highlighted by DIABLO exposed a decrease in the inflammatory response in

circulating cytokines, and an increase in inflammatory responses in peripheral blood
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Figure 2: Supervised integrative analysis of blood transcriptomic and plasma
cytokine data captures co-varying effects of dexamethasone on immune cell
pathways and modulators
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a, Integrative analysis of plasma cytokines (17 cytokine variables) and bulk PBMC RNA-
seq (500 gene variables) data (paired) from patients comparing Dex and NoDex using
DIABLO and highlighting shared contributions from individual data modalities. N = 10
Dex, N = 11 NoDex; day 0 of hospitalization. First two variates from DIABLO run
comparing Dex (orange) vs. NoDex (blue) samples. A parameter value of 0.5 was
chosen to model the strength of the relationship between the data and the treatment
status. b, Cytokine contribution (loadings) to DIABLO variate 1. The color indicates the
treatment group in which the median value was the highest (orange for Dex and blue for
NoDex). ¢, Gene set enrichment analysis of PBMC RNA-seq contribution to DIABLO
variate 1 (loadings) using REACTOME gene sets (methods). 20 most significant terms
represented: top 10 for Dex (orange) and top 10 for NoDex (blue).

gene expression. Pathways involved in defense against pathogens, as well as interferon
signaling, were found to be enriched in Dex patients, consistent with the analysis of
peripheral blood gene expression. Additionally, gene expression variation represented

by variate 1 was associated with alterations in transcriptional regulation and specifically,

to epigenetic-related processes.

Single-cell analysis reveals differing effects of dexamethasone on immune cells
from the lung versus blood that are reproducible in external datasets
In order to compare systemic and tissue-specific effects of dexamethasone

treatment, we examined single-cell RNA sequencing data from both whole blood and
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TA from patients treated with or without dexamethasone. We evaluated whole blood
(WB) scRNA-seq data from 7 Dex and 3 NoDex, and TA scRNA-seq data from 10 Dex
and 7 NoDex patients (Figure 3A, 3B). A single data processing pipeline was used to
align, harmonize, and cluster data and identify cell types from both compartments
(Figure 3C, 3D), as well as examine the cell-specific effect of dexamethasone (Figure
3E, 3F). Notably, while we include in our gene expression and pathway analysis the
cells that are identified as neutrophils, we excluded them from our comparisons of cell
type abundance because their proportions were highly discordant with complete blood
count results of absolute neutrophil count per white blood cell count (Extended Data
Table 1), likely due to experimental variability in the neutrophil-sparing protocol for
scRNA-seq in blood.

Cell-type specific gene expression differences assessed using MAST'" identified
both shared and compartment-specific differential gene expression associated with
dexamethasone (Figure 3G, 3H, Extended Data Figure 4, Extended Data Table 3;
Supplementary File 1). The greatest concordance across compartments appeared in
neutrophil differential gene expression (R = 0.5; Figure 3G). Dex subjects exhibited
decreases in expression of the S100A family of proinflammatory genes in neutrophils in
both lungs and blood. In contrast, gene expression in T cell subsets was highly
discordant across compartments (Tregs R = 0.03; CD4 T cells R = 0.05, CD8 T cells R
= -0.01). The greatest shared significant difference across anatomical sites in CD4 and
CDS8 T cells was in the expression of FKBP5 (log2 fold-difference 0.49 and 0.39, and
adj. p-value 0.023 and 0.058 for CD4 and CD8 T cells, respectively), which is a
canonical transcriptomic marker of glucocorticoid receptor activity.'®

In order to assess consistency and reproducibility of our analysis, we also
analyzed two external single-cell RNA-seq datasets using this same pipeline: Sinha et
al similarly generated scRNA-seq on whole blood to examine the role of neutrophils in
COVID-19 and responsiveness to dexamethasone in an observational cohort of 13
patients (5 Dex/ 8 NoDex)’; and Liao et al acquired bronchoalveolar lavage (BAL)
samples from 6 COVID-19 patients®, a subset of whom were treated with the
corticosteroid methylprednisolone (4 methylprednisolone, 2 no-methylprednisolone).
Immune cell composition was similar per compartment in external datasets (Extended
Data Figure 5).

To assess whether the effects of dexamethasone were reproducible across
datasets, we performed tested for enrichment of pathways in the Reactome dataset that

were detected across blood datasets (Figure 4A, Extended Data Figure 6) and lung
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Figure 3: Single-cell analysis of lung and peripheral blood samples from patients
treated with or without dexamethasone
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a,b, Plot per patient showing the collection of blood (a; N = 7 Dex, 3 NoDex) or TA
samples (b; N = 10 Dex, 7 NoDex) overlaid on hospitalization (gray bars) and
dexamethasone treatment (pink bars). X-axis shows days of hospitalization (day 0 =
admission to UCSF hospital). Dots show the day when sample was collected, colored
by Study Day (methods). ¢,d, UMAP plots of single-cell RNA-seq data from blood (c) or
TA (d) samples, clustered and annotated by major immune cell types. e,f, UMAP plots
of single-cell RNA-seq data from blood (e) or TA (f) samples, colored by Dex (blue) or
NoDex (pink) samples. g,h, log> fold difference of gene expression of Dex and NoDex in
TA (y-axis) v. blood (x-axis) plotted for Neutrophils (g) and Tregs (h). Significant genes
in TA only (blue), blood only (brown), both compartments (red) are shown (adj. p-value
< 0.1 & |log2 fold-difference| > 0.5). Spearman’s correlation R value shown between the
two compartments.

datasets (Figure 4B, Extended Data Figure 6). In the blood datasets, we observed
decreased innate immune signaling and degranulation in neutrophils and decreased
immunoregulatory interactions between the lymphoid and non-lymphoid cells in
monocytes in Dex patients. Both blood datasets revealed decreased adaptive immune

responses and co-stimulation in B cells, as well as decreased levels in cellular
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responsiveness, and pathways related to infectious disease and influenza responses in
both CD4 and CD8 T cells in Dex patients. Interestingly, responses in B cells, CD4 T
cells, and monocytes were directionally consistent with a restoration to healthy control
levels in these pathways (Figure 4A, third column), as compared to observations in

neutrophils and CD8 T cells.

Figure 4: Dexamethasone has discordant effects on cell type specific gene
expression in lung and peripheral blood that are reproducible in external datasets
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indicating the pathway is more highly expressed in dexamethasone-treated COVID-19
patients (Dex) or healthy controls relative to NoDex subjects. Solid circles identify
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0.1, and blank spaces indicate no GSEA NES score was calculated for that pathway.
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et al (BAL).
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In contrast, when examining our lung datasets, we observed reproducible but
often discordant effects with what was observed in blood, most strikingly an elevation in
interferon signaling and response in influenza-related genes in T cell subsets and NK
cells in Dex patients that was not observed (interferon) or decreased (influenza) in the
blood single-cell datasets (Figure 4B). Interferon signaling was, as expected, lower in
healthy controls than in COVID-19 patients (column 3). Discordant effects also included
pathways related to translation and cellular responses to starvation in CD4 T cells,
which appeared higher in lung but lower in blood in Dex patients. Concordant effects

across compartments were not detectable.

Single-cell receptor ligand analysis suggests effects of dexamethasone on tissue
injury resolution and a dampening of antigen presentation and T cell responses
Because we identified several differences in cell-specific gene expression, we
next sought to understand communication between cells within a compartment to
develop a model of the systems biology of dexamethasone in patients with severe
COVID-19. We examined ligand-receptor communication using CellChat?°, which
extracts signaling patterns among cells from single-cell RNA-seq data. We compared
cell-cell signaling between Dex and NoDex subjects in the COMET study patients
(blood and TA) and the Sinha et al study, and compared results against blood scRNA-
seq data from healthy controls. In TA, CellChat identified several pathways that were
differentially active in Dex and NoDex samples (Figure 5A). Dexamethasone was
associated with a marked decrease in MHC-I| signaling (Figure 5B), suggesting a
potential decrease in antigen presentation to CD4 cells in the lung. In addition, CellChat
identified a significant decrease in SELPLG activity in TA (Figure 5C), suggesting
dexamethasone might play a role in decreasing lung injury through these mechanisms,
given prior studies associating SELPLG with murine lung injury and higher risk for non-
COVID-19 ARDS in humans. Similar effects were also observed in blood, but the effect
was much smaller in magnitude than in TA samples and statistically insignificant.
Dexamethasone was associated with additional differences in whole blood that
were consistent with findings in the Sinha et al dataset. A clustered heatmap of detected
interactions grouped together the two NoDex COVID-19 datasets, whereas the two Dex
COVID-19 datasets grouped with each other and with the healthy control dataset,
suggesting dexamethasone may be contributing to a restoration toward a healthy
phenotype (Figure 5D). The collagen and annexin pathways were more active in

NoDex subjects, and activity of these pathways in Dex subjects was comparable to
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Figure 5: Receptor ligand inference from single-cell sequencing data reveals
decrease in inflammation, antigen presentation, and T cell recruitment in blood
and lung in response to dexamethasone
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a, Clustered heatmap of CellChat results of TA samples from Dex as compared to
NoDex patients with significant receptor-ligand pairs shown (p-value < 0.05 and |log>
fold-difference| > 1). b,c, Cell type interaction networks for MHC-II (b) and SELPLG
interactions (¢) shown comparing NoDex (left) and Dex (right) patients of TA samples.
Line thickness represents predicted strength of the interaction. d, Clustered heatmap of
CellChat results of blood samples from Dex (COMET), Dex (Sinha et al), NoDex
(COMET), NoDex (Sinha et al), and healthy controls (COMET) with receptor-ligand
pairs that are significant between at least one pair of patient groups are shown (p-value
< 0.05 and | log: fold-difference| > 1). e, Comparisons for the COMET dataset shown
between Dex, NoDex, and healthy controls for a subset of significantly detected
receptor-ligand interactions (*adj. p<0.1, **adj. p<0.001, ***adj. p<0.0001, ****ad;.
p<0.00001).
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healthy controls (Figure 5E, Extended Data Figure 7). Interestingly, collagen
deposition can occur in the context of viral infection, likely as a response to injury and
inflammation, and the restoration to healthy control levels may further indicate reduction
of that response. In addition, elevation of CD99, ICAM, and ITGB2 were observed in
NoDex patients as compared to both Dex patients and healthy controls (Figure 5E,
Extended Data Figure 7). This finding may indicate an effect of dexamethasone on
dampening T cell responses since these signaling molecules are involved in leukocyte
recruitment, formation of the immunological synapse between T cells and antigen

presenting cells, and T cell function and activation?'.

Discussion

Despite their widespread use in clinical medicine and demonstrated benefit in
patients with severe COVID-19 infections, the biological effects of corticosteroids on
pulmonary and systemic biology in critically ill patients are incompletely characterized.
We performed a multi-omic analysis of the effects of dexamethasone in a cohort of
patients with severe COVID-19. We identified cell- and compartment-specific effects of
dexamethasone that highlight the pleiotropic effects of steroids in critical iliness. Limited
data are available about the compartmentalized biological effects of steroids in patients
with ARDS, pneumonia, or sepsis due to causes other than COVID-19, and the role of
corticosteroids to treat these conditions in patients remains uncertain.??-?* Our analysis
identifies dysregulated pathways potentially modified by dexamethasone therapy that
could have potential therapeutic relevance in other causes of critical illness?®.

Integrative analysis of cytokine and blood transcriptomics identified decreased
plasma concentrations of IP-10 in Dex patients. IP-10 is an interferon-stimulated
molecule that promotes T-cell adhesion to endothelial cells,?® and has been associated
with disease severity and mortality in COVID-19 patients.?” Consistent with this result,
interferon-gamma concentrations were also lower in patients treated with
dexamethasone. In contrast to IP-10 and IFN-gamma protein levels, interferon-
stimulated genes were markedly upregulated in dexamethasone-treated patients in our
integrative analysis. The discordance between interferon levels from protein biomarker
data and the enrichment of interferon-related genes may reflect steroid-resistant ISG
pathways remaining active in these patients, which may explain the efficacy of
JAK/STAT inhibition in patients treated with steroids?®. We also found higher levels of

Ang-1, and lower concentrations of its antagonist, Ang-2, were associated with
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dexamethasone treatment. An increased ratio of Ang-2 to Ang-1 reflects endothelial
injury?®, and is associated with mortality in patients with ARDS due to COVID-19 and
other causes®. Together, the results of our integrative analysis demonstrate treatment
with dexamethasone is associated with decreased activation of several pathways
associated with COVID-19 severity.

Inference and analysis of cell communication identified potential cellular signaling
networks that may explain changes in COVID-19 biology associated with
dexamethasone treatment. In TA, dexamethasone treatment was associated with
decreased activity of MHC-II and SELPLG, a glycoprotein involved in leukocyte
trafficking in inflammation. Notably, SELPLG was identified as a locus associated with
increased risk of ARDS in GWAS studies, pulmonary SELPLG expression is increased
in murine lung injury models, and anti-SELPLG antibodies decrease LPS-induced lung
injury3'. In both the respiratory tract and whole blood, dexamethasone was associated
with decreased MHC-II activity. Dexamethasone inhibits expression of MHC-II in
dendritic cells in experimental models,3? which may further suppress immune responses
by decreasing antigen presentation to T cells.

Network analysis of whole blood scRNA-seq data revealed decreased activity of
annexin, integrin beta 2, and ICAM pathways, which mediate leukocyte adhesion and
extravasation. These decreases were also observed in TA. Annexins play a key role in
resolving inflammation and are established glucocorticoid targets.33 Beta2 integrins are
adhesion molecules that regulate neutrophil function, and leukocyte adhesion and
trafficking. Our results are consistent with prior observations that steroids decrease the
expression of integrin beta 2 (CD18) in activated neutrophils.34 Intercellular adhesion
molecules enable leukocyte recruitment to injured lung and, in patients with non-
COVID-19 ARDS, increased concentrations of sICAM-1 are associated with a higher
mortality, hyperinflammatory ARDS phenotype3®-3¢ and dexamethasone also inhibits
LPS-stimulated ICAM-1 signaling.®” ICAM-1 has additionally been reported to be higher
in non-survivors than survivors of COVID-19 related ARDS.™" In whole blood, we also
observed decreased activity of collagen pathways with dexamethasone treatment,
which may reflect a mitigation of damage from viral injury.® The results of the network
analysis identify several dysregulated cell-signaling pathways that may be modified by
dexamethasone treatment and mediate the therapeutic effects of steroids in each the
lungs and blood.

This study significantly builds upon prior studies of the effects of steroids in

patients with COVID-19. Prior observational studies have identified changes in
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neutrophilic inflammation and gene expression associated with corticosteroids in
patients with COVID-19. Steroids were associated with decreased BAL neutrophils in a
case series of 12 patients with COVID-19 ARDS who required ECMQO?3°. In patients with
non-resolving ARDS, steroid treatment was associated with decreased BAL
concentrations of the neutrophil chemoattractants CXCL1 and CCL20%°. Two
observational studies have described the effects of dexamethasone on gene expression
in patients with COVID-19 ARDS. Sinha et al. compared peripheral scRNA-seq data
from six dexamethasone-treated patients to eight controls, and found that
dexamethasone was associated with decreased annexin signaling, increased circulating
immature neutrophils, and suppression of interferon-stimulated neutrophils.” The
second compared bulk RNA sequencing in BAL samples from eight patients treated
with dexamethasone to four who did not receive dexamethasone, and identified genes
that were differentially expressed between the groups related to B cell activation,
leukocyte trafficking, and antigen presentation.8 Our work adds to the literature by
identifying cell-specific and compartment-specific effects of dexamethasone in the
context of severe COVID-19 that are reproducible in external cohorts.

Our results suggest dexamethasone has distinct effects on pulmonary and
systemic inflammation and repair in patients with COVID-19, consistent with prior
findings from lung injury models. Michel et al. challenged healthy volunteers with
inhaled LPS and observed an increase in sputum and peripheral blood inflammatory
biomarkers. Prednisolone 10mg had no effect on airway inflammation but markedly
decreased plasma CRP concentrations*!. Bartko et al bronchoscopically instilled LPS
into lung segments of healthy volunteers and saline into a contralateral segment.
Pretreatment with 40mg of dexamethasone 13 hours and 1 hour before LPS challenge
markedly decreased systemic inflammation biomarker levels, BAL neutrophilia, and BAL
protein concentrations, but only minimally decreased BAL IL-6 concentrations and had
no effect on BAL TNF or IL-8 concentrations®. We observed several cell- and
compartment-specific differences in gene expression associated with dexamethasone
treatment, emphasizing the importance of studying respiratory iliness biology not only
systemically, but also at the site of injury.

This study has several strengths. We selected subjects from a deeply
phenotyped observational cohort and integrated multiple assays to identify
compartment- and cell-specific differences in the responses to dexamethasone. We
build on prior studies by examining both the systemic and pulmonary biology of COVID-

19 together, which provides more complete insight into the pathophysiology of critical
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respiratory illness. We used mixed effects modeling to compare single cell RNA
expression, which addresses the pseudo-replication bias present in prior clinical single
cell studies and produces more conservative and reproducible estimates of differential
gene expression. Our findings extend our understanding of corticosteroids in critical
respiratory illnesses, at the gene, protein and cellular levels. Future studies using similar
methods can assess whether these observations are generalizable to patients with
other critical illness syndromes, such as sepsis or ARDS.

This study also has some limitations. COMET is an observational study, so
treatment with dexamethasone was not randomly assigned, and we cannot rule out
confounding by other unobserved variables that also changed during the study period.
However, we carefully selected patients for inclusion in both the Dex and NoDex
cohorts to minimize the effects of practice variation (Methods). We also observed higher
plasma N-antigen concentrations in COMET patients who received dexamethasone.
Dexamethasone notably impairs viral clearance in experimental models of SARS-CoV2
pneumonia®?, but we cannot confirm steroids had this effect in our cross-sectional data.
Reassuringly, many of our observations are reproducible in external cohorts and are
consistent with experimentally confirmed effects of dexamethasone. Secondly, it is
challenging to temporally align specimens from critically ill patients, who have dynamic
and rapidly changing biology. This variance can introduce additional within-group
biological heterogeneity and bias comparisons toward the null; despite this challenge,
we were able to identify robust and reproducible signals using multiple modalities,
suggesting the date of intubation was a suitable reference timepoint for sample
collection. Because this was an observational, cross-sectional study, we cannot
determine if differences in cell- and compartment-specific gene expression represent
proliferation of cell lines, changes in cell polarization, and/or translocation of cells
between the pulmonary and systemic compartments.

In summary, we identified cell- and tissue-specific differences in the effects of
dexamethasone in critically ill patients with COVID-19. Our results provide new insights
into potential therapeutic targets in COVID-19 and highlight the importance of studying

compartmentalized immune responses in critically ill patients.

Data availability
The data files used to produce the results reported in this article are available on Gene

Expression Omnibus (GEO), dbGaP or Dryad. The computable matrix of the plasma
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cytokine data is deposited at Dryad (doi:10.7272/Q6MS3R18). The sequencing data for
COMET samples used here is available at GEO under GSE237180 SuperSeries. The
FASTQ files and processed data files for the bulk RNA-seq data are available at GEO
(GSE237109), dbGaP (phs002686.v1.p1) and at ImmPort (SDY1760). The cellranger-
processed raw feature-barcode matrices for tracheal aspirate and whole-blood are
available at GEO (GSE236030), and the associated raw FASTQ files for 10X libraries
have been deposited in the Sequence Read Archive (SRA). A subset of the whole-blood
data published in our previous article'® was obtained from GSE163668 (HS1 and HS2
from GSM4995425, HS50 from GSM4995430, and the healthy controls from
GSM4995449- GSM4995462) The whole-blood data reported in Sinha et al was
secured from GSE157789 and the BAL data in Liao et al from GSE145926. The

accession numbers and sample metadata are included in Supplementary File 2.

Code availability

Code used to generate the analysis results are available at https://github.com/UCSF-
DSCOLAB/COVID-dex.
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Methods

Study

We conducted a case-control study of mechanically ventilated COVID-19 ARDS
patients with (Dex) or without (NoDex) administered dexamethasone. The patients used
in this study were a subset of the participants enrolled in the COMET study (COVID-19

Multi-immunophenotyping projects for Effective Therapies; https://www.comet-

study.org/) , which had a partial overlap with the IMPACC (IMmunoPhenotyping
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Assessment in a COVID-19 Cohort).° These patients were enrolled either at the
University of California, San Francisco Medical Center (UCSFMC) and Zuckerberg San
Francisco General Hospital (ZSFG). The COMET study was approved by the UCSF
Institutional Review Board (IRB #: 20-30497). We included patients who were enrolled
between April 2020 and Mar 2021. The NoDex group (n=16) included patients enrolled
before July 2020, when the dexamethasone became the standard of care for COVID-
19. The Dex group (n=27) included patients enrolled after July 2020. The patients were
enrolled in a study within the first 72 hours of hospitalization. The blood samples were
collected on the day of enrollment (“Study Day 0”) and tracheal aspirates were collected
within four days of enrollment. We selected only a single timepoint per patient in each

assay for this study.

Subjects

As the COMET database is regularly updated, we chose to freeze our list of included
patients based on a snapshot of the database as of May 9, 2022. To be selected,
patients had to meet all following criteria: confirmed COVID-19 infection; ICU admission
record or WHO COVID-19 severity score of 6 or more at any point during hospital stay;
not on an immunosuppressive therapy; for dexamethasone-treated patients, not be on a
different steroid with an overlapping range, or prior admission; complete and
unambiguous treatment record available; and intubated (Extended Data Table 1,
Extended Data Figure 1).

Data acquisition

Luminex Assay for Plasma Cytokines

The soluble plasma cytokines were quantified using the Luminex multiplex platform
(Luminex, Austin TX) as described previously.'® Briefly, the analytes were quantified
using the Luminex multiplex platform with custom-developed reagents (R&D Systems,
Minneapolis, MN), as described in detail*® or single-plex ELISA (R&D Systems,
Minneapolis, MN). The quantified analytes were read on MAGPIX® instrument and the
raw data was analyzed using the xPONENT® software. Analytes quantified using
single-plex ELISA were read using optical density. Values outside the lower limit of
detection were imputed using 1/3 of the lower limit of the standard curve for analytes
quantified by Luminex and 1/2 of the lower limit of the standard curve for analytes
quantified by ELISA.
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Bulk RNA sequencing of PBMCs

The bulk RNA sequencing library preparation for PBMC was performed using SMART-
Seq Low Input protocol as described here.** Briefly, RNA was extracted from 2.5 x 105
PBMCs using the Quick-RNA MagBead Kit (Zymo) with DNase digestion. RNA quality
was assessed using a Fragment Analyzer (Agilent) and 10ng RNA was used to
synthesize full length cDNA using the SMART-Seq v4 Ultra Low Input RNA Kit (Takara
Bio). The cDNA was purified using bead cleanup, followed by library preparation using
Nextera XT kit (lllumina). Libraries were validated on a Fragment Analyzer (Agilent),
pooled at equimolar concentrations, and sequenced on an lllumina NovaSeq6000

(Emory) at 100 bp paired-end read length targeting ~25 million reads per sample.

Single-cell RNA sequencing of TA and WB

The single cell RNA sequencing of TA and WB samples was performed as described
previously.'94° Briefly, the TA samples were transported to a BSL-3 laboratory, 3 mL of
TA was dissociated using 50 pg/mL collagenase type 4 (Worthington), and 0.56 ku/mL
of Dnase | (Worthington). The single-cells were collected by centrifugation and counted,
and the CD45-positive cells were enriched using MojoSort Human CD45 beads
(Biolgenend) and counted again before library preparation. The scRNA-seq of whole
blood was performed to preserve granulocytes. Briefly, the peripheral blood was
collected into EDTA tubes (BD, 366643). 500 pl of peripheral blood was treated with
RBC lysis buffer (Roche, 11-814-389-001) according to the manufacturer’s instructions
and the single cells were collected and counted. For both TA and WB samples, the
Chromium Controller was loaded with 15,000 cells per sample following the
manufacturer’s instructions (10X Genomics). Some samples were pooled together (at
15,000 cells per sample) before GEM partitioning. A Chromium Single Cell 5’ Reagent
Kit v2 (10X Genomics) was used for reverse transcription, cONA amplification and
library construction of the gene expression libraries (following the detailed protocol

provided by 10X Genomics). Libraries were sequenced on an Illlumina NovaSeq6000.

Cytokine analysis

Cytokine data was represented using principal component analysis. For this analysis
only, variables with more than 10% missing values across the dataset were excluded.
Patients with one or more remaining missing values were filtered out. Values were then
log2-transformed and scaled. A PERMANOVA test was performed using Euclidean

distances to estimate separation of the treatment groups. To compare circulating



590 cytokine levels, Wilcoxon tests on cytokine concentrations, including those with more
591 than 10% missing values, were employed. Significant differences were selected using a
592 0.1 threshold on adjusted p-values.

593

594 Bulk RNA sequencing analysis

595 Gene counts were generated using the nf-core rnaseq pipeline v3.3 (https://nf-

596 co.re/rnaseq) and Salmon-generated counts were used for the analyses.

597 For the analysis of bulk gene expression data, the R package DESeqg2 (v1.28.1) was
598 used. Age and sex were included as covariates in the model. The /og fold-change

599 values were shrunk using the apeg/m algorithm. A 0.1 threshold on adjusted p-values
600 was used to identify differentially expressed genes. Gene set enrichment analysis was
601 performed with the fgsea package (v.14.0) and the REACTOME gene set database.
602  Significantly disrupted pathways were identified using a 0.1 threshold on adjusted p-
603  values.

604

605 Integrative analysis

606 DIABLO (v6.14.11), a supervised multi-omics data integration tool, was selected to
607 analyze coordinated changes across cytokine and bulk PBMC data, and to identify
608 variables driving the differences between NoDex and Dex patients. Only intubated

609 patients with both cytokine and bulk PBMC data measurements were selected for the
610 integrative analysis. Scaled log: transformed cytokine values and scaled variance

611  stabilization transformed counts for the 500 most variable genes were used as input.
612 DIABLQO’s parameter design (range 0-1) indicates the extent to which covariance

613 between data modalities should be maximized vs. covariance between individual data
614 modalities and treatment status. We chose a value of 0.5 to balance the contribution of
615 those two covariances for our analysis.

616

617 Single-cell RNA sequencing analysis

618 Data processing:

619 The BCL files from sequencer were demultiplexed into individual libraries using

620 mkfastgs command in Cellranger 3.0.1 suite of tools (https://support.10xgenomics.com).

621 The feature-barcode matrices were obtained for each library by aligning the WB raw
622 FASTQ files to GRCh38 reference genome (annotated with Ensembl v85) and TA raw
623 FASTAQ files to GRCh38 + SARS-CoV-2 reference genome using Cellranger count. The

624 raw feature-barcode matrices were loaded into Seurat 4.0.3, and cell barcodes with
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minimum of 100 features were retained in order to remove the droplets lacking cells.
The features that were detected in less than 3 barcodes were removed. Our dataset
contained three samples that were multiplexed for 10X library preparation and the rest
were processed individually. For the samples that were processed individually, the
heterotypic doublets were detected using DoubletFinder*® by matching each cell with
artificially synthesized doublets. We used 35 PCs, pN=0.25 and sct=TRUE in
DoubletFinder. An optimal pK value (PC neighborhood size used to compute pANN)
was determined for each sample separately using find.pK function as suggested by the
authors. We approximated the doublet rate as 7% based on 10X's recommendation for
the expected doublets when 15,000 cells were loaded on the 10X handler
(https://kb.10xgenomics.com/hc/en-us/articles/360001378811). DoubletFinder requires

cell annotations to determine the rate of heterotypic doublets. We clustered the cell

barcodes using Louvain clustering and the cluster labels were used as cell annotations.
We removed the heterotypic doublets and subjected the remaining barcodes for further
quality control.

Our dataset contained three samples that were multiplexed, for which the filtered count
data for singlets were obtained from GSE163668."° The authors used Demuxlet*’ to
demultiplex the samples and to identify inter-sample doublets, and DoubletFinder to
identify heterotypic doublets. Single cells with greater than 50,000 unique RNA
molecules, fewer than 150 or greater than 8000 features, greater than 15%
mitochondrial content or greater than 60% ribosomal content were removed. The cell
cycle state of each cell was assessed using a published set of genes associated with
various stages of human mitosis.*®

The WB data from healthy controls was obtained from GSE163668,'° the external
validation WB data from COVID-19 patients from GSE157789" and the external
validation bronchoalveolar lavage (BAL) fluid data from GSE145926."° The same data

processing strategy was used for these datasets as for our datasets described above.

Data integration and UMAP generation:

There was a substantial heterogeneity between samples within treatment groups, most
likely due to technical variations introduced during the library preparation that spanned
over months. Even if this heterogeneity is due to biological differences, this
heterogeneity could cause substantial issues in mapping same cell types across
samples. To account for this, we integrated the samples using Seurat's CCA integration

approach (FindIntegrationAnchors and IntegrateData functions),*® while treating each


https://kb.10xgenomics.com/hc/en-us/articles/360001378811
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sample as its own batch. The integrated data was scaled while regressing out feature
counts, RNA counts, mitochondrial percentage, ribosomal percentage and cell states.
After reducing the data to lower dimensions (PCs), 30 PCs were used for UMAP
generation. The CCA integrated data was used only for generating UMAPs. All follow-
up analyses were performed using the non-integrated data. Each tissue was processed

separately.

Single-cell annotation:

Automated cell annotation was performed using SingleR.5° We mapped the log-
normalized expression data against a reference expression dataset from ENCODE
Blueprint.%! The fine labels of Blueprint dataset were used for mapping. Many cell types
contained too few cells, which were cleaned up in two ways: the cell types with less
than 101 cells across all samples from a tissue were labeled "other" and fine labels

were manually combined into broad cell types for the follow up analyses.

Differential frequency analysis:

The cell frequencies were normalized to the total cell counts per sample and compared
between Dex and NoDex samples using Wilcoxon test. The log> fold-change was
calculated by calculating the log-ratio of mean normalized frequencies of Dex and

NoDex samples. The Neutrophils were removed before frequency normalization.

Differential gene expression:

To study the cell-type-specific effects of dexamethasone in whole blood and TA
samples, we compared gene expression between Dex and NoDex samples within each
tissue for every cell-type separately. The differential expression analysis was performed
using Model-based Analysis of Single-cell Transcriptomics (MAST),'” while controlling
for the number of detected genes per cell and using patients as a random effect. Briefly,
the cell types with at least 50 cells in both conditions were retained in the Seurat
objects. For each cell type, the Seurat object was subsetted to keep single-cell
expression data for that cell type, the subsetted object was converted to
SingleCellExperiment object, and the RNA raw counts were normalized for the library
size (i.e. divided each count by total number of UMIs per cell and multiply by the mean
of the number of UMIs per cell across all cells) and /og> transformed with pseudocount
of 1. To remove the highly sparse data, only genes with non-zero counts in at least 5%

cells in at least one condition were retained. Finally, the zIm function was used to
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identify the differentially expressed genes between Dex and NoDex samples. We
accounted for the number of detected genes per cell in the model. Since the numbers of
cells per patient are often very different, the differential analysis is often biased toward
the patient with the largest number of cells. To account for this bias, we used patient ids
as a random effect. Additionally, we used the following parameters in zIm function:
method='glmer’, ebayes = F, strictConvergence = FALSE, fitArgsD = list(nAGQ = 0).

Finally, the P values were corrected for multiple testing using FDR.

Gene set enrichment analysis:

To identify the pathways affected by the dexamethasone treatment, we performed gene
set enrichment analysis (GSEA).>? We ranked the genes by the log. fold-changes
between pairs of Dex, NoDex and healthy samples and used fgseaMultilevel function
from fgsea package in R (nPermSimple = 10000 and minSize = 25) to perform GSEA
analysis against REACTOME pathways. Significantly disrupted pathways were

identified using a 0.1 threshold on adjusted p-values.

CellChat analysis:

We performed CellChat analysis®? to identify ligand-receptor pairs that display
differential interaction strength between cells from Dex, NoDex and healthy groups. The
Seurat objects were subsetted to include the cell types that had more than 100 cells in
all conditions within that tissue. Specifically, for TA data, the cell types with more than
100 cells in both Dex and NoDex were retained, and for blood data, the cell types with
more than 100 cells in all groups (Dex (COMET), NoDex (COMET), healthy (COMET),
Dex (Sinha et al) and NoDex (Sinha et al)) were retained. The CellChat objects were
first created for each group (condition) of cells separately using createCellChat()
function, with Seurat’s normalized RNA data as input data. The over expressed genes
and interactions were identified based on the CellChat database of human ligand-
receptor pairs, and the expressed data were projected on the protein-protein interaction
network. Finally, the communication probabilities were calculated, the communications
based on less than 10 cells were discarded, aggregated network were calculated by
summarizing the communication probability, and saved as individual RDS files for each
condition. Pairs of conditions, for example TA Dex and TA NoDex, were compared
using rankNet to rank signaling networks based on the information flow. We used this
information flow to find ligand-receptor pairs that exhibit significant difference in

predicted interaction strength between the conditions.
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Statistics
The p-values were corrected for multiple testing using Benjamini-Hochberg method,

which controls for the false-discovery rate (FDR).
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866 Extended Data

867
868 Extended Data Table 1 | Demographics table at admission (unless specified otherwise).
869
Variable Category Al (N=43) No Dexamethasone Dexamethasone (N=27) ~ \°Dexvs.
(N=16) Dex
Age (vears) 58.0 (45.5-68.5) 50.5 (40.5-64.2) 62.0 (53.0-70.5) NS
Sex at birth Male 30 (69.8%) 11 (68.8%) 19 (70.4%) NS
BMI 33 (30.3-37.5) 32.7 (28.7-37) 33.5 (30.3-38.2) NS
Asian 2 (4.7%) 2 (12.5) 0(0.0)
Black / Afri
‘}‘\cmericgﬁa" 2 (4.7%) 0 (0.0%) 2 (7.4%)
Native Hawaiian /
Race Other Pacific 0 (0.0%) 0 (0.0%) 0 (0.0%) NS
Islander
Other ! Multiple 31 (72.1%) 12 (75.0%) 19 (70.4%)
White 8 (18.6%) 2 (12.5%) 6 (22.2%)
Ethnicity Hispanic / Latino 27 (62.8%) 10 (62.5%) 17 (63.0%) NS
Mean arterial (mmHg) 97.3 (84.7-105.5) 95.0 (81.8-100.7) 98.0 (85.7-106.2) NS
pressure
Diastolic blood (mmHg) 77.0 (69.0-84.0) 79.0 (65.2-86.8) 76.0 (70.5-82.0) NS
pressure
Systolic blood (mmHg) 134.0 (116.0-145.5) 119.0 (106.0-136.5) 140.0 (122.5-150.0) P=.03
pressure
FiO2 0.2 (0.2-0.5) 0.2 (0.2-0.4) 0.2 (0.2-0.6) NS
P/F ratio at Day 0 97 (68-150) 97 (71-155) 95 (68-147) NS
Oxygen saturation (%) 90 (85-96) 93 (88-96) 90 (84-95) NS
Heart rate (beats per minute) 108 (87-123) 112 (85-125) 105 (91-121) NS
Respiratory rate (br:]?r::tse‘;’er 25 (22-30) 25 (24-32) 26 (21-30) NS
Temperature (Celsius) 36.8 (36.7-37.5) 36.8 (36.7-37.2) 36.8 (36.7-37.6) NS
Neutrophil/ WBC 0.85 (0.79-0.90) 0.85 (0.83-0.90) 0.85 (0.77-0.91) NS
N antigen (pg/mL) 481.2 (5.3-4510.8) 24.5 (2.1-2162.5) 958.7 (335.5-4887.5) P=.04
Time between first
Dex and DO (days) / / 2 (1-2.5) /
sample
Remdesivir Yes 32 (74%) 5 (31%) 27 (100%) P<.001
In-hospital death 10 (23.3%) 2 (12.5%) 8 (29.6%)
Activity limitations
. and/or 02 23 (53.5%) 10 (62.5%) 13 (48.1%)
Discharge status requirements NS
No limitations and
no 02 10 (23.3%) 4 (25.0%) 6 (22.2%)
requirements
Ve”‘!a:;’;free 7.0 (2.0-18.5) 12.0 (0.0-18.2) 5.0 (2.5-18.0) NS
Alive Yes 32 (74.4%) 14 (87.5%) 18 (66.7%) NS
870

871



Extended Data Table 2 | Measured cytokine biomarkers.

Cytokine Cytokine full name
Ang-1 Angiopoietin 1
Ang-2 Angiopoietin 2
ICAM-1 Intercellular adhesion molecule 1
IFN-gamma Interferon gamma
IL-10 Interleukin 10
IL-18 Interleukin 18
IL-6 Interleukin 6
IL-8 Interleukin 8
IP-10 Interferon gamma-induce protein 10
MMP-8 Matrix metalloproteinase 8
PAI-1 Plasminogen activator inhibitor 1
Protein C /
RAGE Receptor for advanced glycation end-products
SP-D Surfactant protein D
Thrombomodulin
TNR R1 Tumor necrosis factor receptor 1
TREM-1 Triggering receptor expressed on myeloid cells 1
VEGF Vascular endothelial growth factor




Extended Data Table 3 | Significant gene expression counts per
cell type across compartments.

Both

Cell type compartments  TA only WB only

CD4T 1 0 177
CcD8 T 1 4 38
Monocytes 8 13 176
Neutrophils 14 9 92
NK 0 11 19
other 0 0 37
Tregs 3 84 50

Number of significantly different genes per cell type using MAST (adj.
p-value < 0.1 & |log2FC| > 0.25).

TA = tracheal aspirate. WB = whole blood. Both compartments = both
WB and ETA samples.



354 subjects recruited with at
least one assay measured

189 excluded:
* not confirmed COVID-19 positive OR
* did not meet any of the following criteria:
= admitted to the ICU
*  WHO score 5 or more during hospital stay

A 4

165 subjects considered for
inclusion

48 excluded:

* onanimmunosuppressive drug OR

* non-dex given a steroid prior to admission OR

* ondex before it became the standard of or not
on dex after it became the standard of care

¥

117 subjects considered for
inclusion

—>| 20 did not have at least one assay that passed QC

A 4

97 subjects considered for
inclusion

—PI 54 did not have at least one assay post-intubation

A 4

43 subjects included |

4

27 dex subjects

Extended Data Figure 1 | Consort chart.

h

16 non-dex subjects
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Extended Data Figure 3 | Gene set enrichment of bulk RNA-seq for Dex (orange) and top 9 for NoDex (blue) — Reactome terms,
from PBMC. Gene set enrichment plot of 19 most significant — top 10 based on differential gene expression results.



Monocytes cD4T
cells

| | 1.0 | RPS10
1.0{ R=-003 p=0009 | R=0 | 0 2 i
| RPL36A FT sio0as i ZFP36L2
mfza
I | HLA-A 1
| 0.5 | 1
0.5 1 EEF1 MT-ATP8 | 0s] S5 i FKBPS 7Epas EEF1G
MT-ATPS TP cTsD PCBP1  Rpsde RPL36A
| | e cD183 I'PTBRCAP™ | oo
P S100A8 | < | RPL26 RNF21‘3UR2 ” MT=aTPg MT-ND1, | CRIPI{SCZZDS
e B e RNASEK . _ . 4 | SLC1IAT .ot P RPS10 E RPL41 RPL37A i DOIT4 RPL1T
8 IFITM3 | g — GNAI2 FKBPRPLI7 ¥ RPL21 RpLozo o < NDUFATS
2 3 FOBRT |=LEC 1334 CEBPD 3 Rpsil Lo KiF2
= 2 Lo s i _CD_53_ = RPLIBA =
£ I < 001 SLU- Lo & £ 0 — — — EBPU _ESPLQ_L_RﬁMx_WAS__.
i 3
S 0 -Ha-ores I =1 RpLat 283100 M afpe, SaMpD/IMCLY AHNAK & RPS20 RpS16RPLP2I R e
g 4 g SODZ ! vhn HMCGE2 g | ¢
| FCER‘]G ATPBVOC | = S100A8 | UB!
‘ ATPSVUEjTXN i IFITM3 i
_1of I 0 | 8] |
I 05 BeL2at | 7B |
| | 1
| | 1
18] | H3E3A | i
2 1 [i] 7 -1.0 05 0.0 05 10 5 ) 1) b
log, (Dex/NoDex) WB fog, (Dex/NoDex) WB log, (Dex/NoDex) WB
| NK other
GOEL |
| I
| R=0.06p RplLaTXNiF R=0.08,p= |
1.0{
N ! o ! L Eeris
HISTWIHQC RPC1B | RPL3g |
HLA- @'choRowA EEF1G | ‘ RPL
EPSTI1 SMAP2
PCBP1 e Nblrez Usczg_ SEPLG MT-HTES | | RPL36A
o I TRAP, oaJC]%%RCAP PCBP1 | EEF1G 0.5] IFITM3 ;
RPS“ERPSW |TCEA IMAP1 1P it i WAS 51009 |
3 cis BUOAPDH * EWSRT o 00 — BT — — —"— St g SBENTPTPRC © g 51008 PCBP1
5 RPL41 TS \RF’LH R AR, CSNK2B = | PRRI3 e % TYROBP 7¢
***** o)
g, RPLZ1 R:;-f?' cuwg S RNASEK & | 3 stooAg: o
z SNRPD2
% I | TSC2203 § ! % D= = iy = i GMFS ;EjTIRR ¢ D
a | 3 1 a TSPOEEFID | frae
- ARL6IP1 <, S Hit4i
9 ATPBYIGH 3 | 3 IFITM2 I
= RSRC2 205 <
LTB THRAP@pc+ | LAMTORA
L RBM3d * “ELF1 | " I
UFC1 Y2SURP DAZAP2 | 0.5
| PNRC1 | S100A4 )
PPF!1R15A ! !
A | -1.9 GNLY | |
I gl | !
-2 =1 0 1 -2 =1 0 1 -3 2 ]
log, (Dex/NoDex) WB log, (Dex/NoDex) W8 log, (Dex/NoDex) WB
Significance
TA
wB
@ Both
NS
Extended Data Figure 4 | Cross tissue differential gene (brown), both compartments (red) are shown (adj. p-value < 0.1 & |
expression. /og: fold-difference in gene expression of Dex and log: fold-difference| > 0.5). Spearman’s correlation R value shown
NoDex in TA (y-axis) v. blood (x-axis) plotted for additional cell types between the two compartments.

not shown in Figure 3. Significant genes in TA only (blue), blood only
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Supplementary information

Supplementary files are available as separate files.

Supplementary File 1: Full differential gene expression results (MAST) for COMET, Sinha et
al, and Liao et al comparisons.

Supplementary File 2: List of samples used in the analyses presented here along with their
metadata and accession humbers.
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