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Impacted biological processes

Figure S1 shows the BPs ordered in the order of significance in the COVID-19-infected NHBE vs mock
infection. Figure S2 shows the Venn diagram representing the differentially expressed genes (DEGs) in the
two contrasts. Note that the response of the NHBE cells involves many more BPs than the patient lung
tissue. The results may suggest that the host’s immune system is responding with a more unified and
concerted attack on the virus through a small number of very well-aimed biological processes. The response
of the tissue in culture (NHBE) appears to be less focused with more biological processes disrupted and less
coordination. This is particularly interesting because the number of differentially expressed genes (DEGs) is
much higher in the patient lung sample, 815 DEGs, compared to only 223 DEGs in the NHBE. A comparison
of the DEGs in COVID-19-infected lung vs. healthy lung, NHBE treated with SARS-CoV2, A549 treated
with SARS-CoV2, A549 treated with RSV, and A549 treated with IAV is shown in Figure S4.
Another impacted pathway is Necroptosis, shown in Fig. S13. Necroptosis is a programmed form of
necrosis, or inflammatory cell death. Conventionally, necrosis is associated with un-programmed cell death
resulting from cellular damage or infiltration by pathogens, both of which are probably true in COVID-19infected lung.
Figure S15 shows a Venn diagram showing the relationships between various FDA-approved drugs as well
as chemicals found to reverts the changes in the 5 contrasts studied here. There are 8 drugs found to be
significant in all three contrasts involving SARS-CoV2.
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Other drugs investigated

We also looked at other drugs that have already been proposed as repurposing candidates for COVID-19
including: chloroquine, hydroxychloroquine, erythromycin, prednisone, dexamethasone, ibupro∗ sorin@wayne.edu
† gmor@med.wayne.edu
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Figure S1: Biological processes (BPs) identified as significant in the five experiments sorted by their significance in NHBE infected with SARS-CoV2. The columns labelled “#genes” show the number of differentially
expressed (DE) genes out of the number of genes associated with the given biological process. The p-values
have been corrected with FDR.

Figure S2: Number of differentially expressed genes in the COVID-19 patient lung vs healthy lung (green)
and SARS-CoV2-infected lung epithelium (NHBE) vs. mock infection. In spite of the larger number of
DEGs in the patient’s lung (815), there are only 7 significant biological processes involved (see Figure S3)
which may indicate a more coordinated, systemic response. In contrast, the changes in the NHBE cells are
characterized by fewer DEGs (only 223), but span more uncoordinated biological processes (see Figure S1).
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Figure S3: Biological processes (BPs) identified as significant in the five experiments sorted by their significance in the COVID-19-infected lung tissue vs. healthy lung tissue. The columns labelled “#genes”
show the number of differentially expressed (DE) genes out of the number of genes associated with the given
biological process. For instance for COVID-19-infected lung vs. healthy lung, the most significant BP is
negative regulation of viral genome replication: 19 out of the 46 genes known to be involved in this process
are DE and all but one of those are significantly up-regulated.
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Figure S4: A comparison of the differentially expressed genes in COVID-19-infected lung vs. healthy lung,
NHBE treated with SARS-CoV2, A549 treated with SARS-CoV2, A549 treated with RSV, and A549 treated
with IAV.
fen, ritonavir, aspirin, and clopidogrel. Most or all of these drugs are currently under clinical trials [1].
Chloroquine was found to revert only 2 out of 4 genes found to be differentially expressed in the
COVID-19-infected lung (p = 1) and only 3 out of 6 genes found to be differentially expressed in NHBE
infected with SARS-CoV2 only (p = 1). Furthermore, this drug was not found to be potentially effective
in reversing the changes in A549 infected with either RSV (p = 1) or SARS-CoV2 (p = 1). These results
suggest that chloroquine would not be a good potential candidate for repurposing for the goal of modulating
the immune response.
Hydroxychloroquine did not appear as a good candidate for repurposing in any of the phenotypes
and contrasts studied here. Chloroquine and hydroxychloroquine do not target any of the 21 genes that
are both severely dysregulated, and also targeted by the proposed drugs. Note that while these drugs do
not reverse observed gene expression changes, they may act as anti-virals by potentially inhibiting the viral
replication [1].
Erythromycin targets only three genes that are DE in COVID-19 and would revert only 2 of those.
This yields an insignificant p value (p = 1 after Bonferroni, p = 0.75 after FDR).
Ibuprofen was also not found to be a good candidate for use in COVID-19, having the potential to revert
only 4 out of 10 differentially expressed genes (p = 1). This suggests a phenomenon in the class of NSAIDs
similar with that observed within the corticosteroids: while one or two specific drugs may be effective, the
effect of these one or two drugs cannot be generalized to the entire class. These results suggest that not all
NSAIDs would be helpful in modulating the over-inflammation induced by COVID-19.
Ritonavir was found to be significant (p = 0.002) in reverting changes in 8 out of its 10 targets that
were measured to be differentially expressed in NHBE infected with SARS-CoV2. However, ritonavir was
not found to be effective in reversing the gene changes induced in the COVID-19 lung vs normal lung.
Clopidogrel targets only one gene that is DE in COVID-19, one gene that is DE in the A549 infected
with SARS-CoV2, and none of the genes that are DE in NHBE. These results suggest that this drug is
unlikely to be effective in COVID-19 with a p-value of 1 across all experiments.
Finally, aspirin is targeting 44 of the genes found to be DE in COVID-19 but reversing only 22 of them.
In NHBE samples, aspirin was found to target 18 genes and revert 12 on them. In NHBE, aspirin has a raw
p-value of 0.028 but after an FDR correction this becomes 0.187. In the COVID-19 contrast, even the raw
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Figure S5: The genes found to be DE in COVID-19 shown on the influenza A pathway. Note the putative
mechanism triggered by STAT2 and IRF9 inferred from the SARS-CoV2 data is also present on the response
to influenza A pathway shown here (rectangle). Up-regulated genes are shown in shades of red, downregulated genes are shown in shades of blue. OAS1, OAS2, OAS3 are grouped together as OAS downstream
of IRF9. MX1 and MX2 are grouped together as MXA.

5

Figure S6: STAT2 and IRF9 are identified as activated up-stream regulators due to the 15 genes that are:
i) immediately downstream of them, ii) differentially expressed and iii) consistent with their activation.
The colors represent the fold changes measured in COVID-19 lung vs. healthy lung. STAT2 is shown
in gray because was measured to be up-regulated 2.265 fold, but its p-value was not significant after the
FDR-correction (p = 0.06).

Figure S7: The signaling pathways found to be significantly impacted in all five experiments ordered by
their significance in the COVID-19-infected lung. The p-values represent a combination of the p-value due
to enrichment and the p-value due to pathway impact. The column labelled “#genes” shows the number
of DE genes and the total number of genes on each pathway. All p-values have been corrected for multiple
comparisons wtih FDR.
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Figure S8: The signaling pathways in all 5 experiments, ordered by their significance in NHBE infected with
SARS-CoV2 vs mock infection. The p-values represent a combination of the p-value due to enrichment and
the p-value due to pathway impact. The middle column shows the number of DE genes and the total number
of genes on each pathway. All p-values have been corrected for multiple comparisons with Bonferroni. The
most impacted pathway in NHBE is the hematopoietic pathway which may be linked to the hyper-coagulation
phenomena observed in many COVID-19 patients.
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Figure S9: The cytokine-cytokine receptor interactions pathway is the most significantly impacted pathway
in COVID-19-infected lung vs healthy lung and the second most impacted in NHBE. This is due mainly to
the large number of cytokines present in the tissue. While not unexpected, the over abundance of cytokines
may suggest that the severe symptoms may be caused by a cytokine storm. The image shows up-regulated
genes (red), down-regulated genes (blue), as well as differentially regulated genes (either up- or down-) that
are targeted by existing FDA-approved drugs. Note that all up-regulated genes are pro-inflammatory while
the down-regulated genes are anti-inflammatory.
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Figure S10: The chemokine signaling pathway is the second most significantly impacted pathway in the
COVID-19-infected lung vs. healthy lung. The red arrows represent chains of coherent perturbation propagation, i.e. sequence of steps for which the observed expression changes are coherent with the expected
changes according to the phenomena described by the pathway. The node labelled “chemokines” represents
11 chemokines measured to be up-regulated (CCL2, CCL3, CCL4, CCL7, CCL8, CCL11, CCL18, CCL19,
CXCL10, CXCL11, CXCL16 ). The CCR1 receptor is also up-regulated, as well as JAK3 and STAT1. The
ovals represent drug targets for which FDA-approved drugs already exist. The drugs targeting genes on this
pathway are shown in Fig. S11. On this pathway, the impact is due both to the large number of DE genes
(26 out of 130), as well as to the signal propagation as shown by the red arrows.

Figure S11: Drugs known to be targeting genes on the chemokine signaling pathway.
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Figure S12: The putative mechanism that involves the genes on the chemokine signaling pathway and all
their known interactions.
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Figure S13: The necroptosis pathway.

Figure S14: Three closely related steroidal anti-inflammatory: prednisolone, dexamethasone, and hydrocortisone. However, the results shown here suggest that only prednisolone is expected to reverse many of the
gene expression changes induced by SARS-CoV2.
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Figure S15: The relationships between various FDA-approved and proposed drugs as well as chemicals found
to revert some of the gene expression changes in the 5 contrasts studied here.

Figure S16: The number of differentially expressed genes that would be potentially reverted by each drug
from the chloroquine family, as well as their associated p-values after a Bonferroni correction for multiple
comparisons.
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p-value is 0.939 and becomes 1 after any correction.
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Methods details

Pathway analysis method. iPathwayGuide (www.advaitabio.com) assesses pathways using the Impact
Analysis method [2, 3, 4]. The impact analysis uses two types of evidence: i) the over-representation of
differentially expressed (DE) genes in a given pathway and ii) the perturbation of that pathway computed
by propagating the measured expression changes across the pathway topology. These aspects are captured
by two independent probability values, pORA and pAcc, that are then combined in a unique pathwayspecific p-value. The underlying pathway topologies, comprised of genes and their directional interactions,
are obtained from the KEGG database [5, 6, 7, 8].
The first probability, pORA, expresses the probability of observing the number of DE genes in a given
pathway that is greater than or equal to the number observed, by random chance [9, 10]. Let us consider
there are N genes measured in the experiment, with M of these on the given pathway. Based on the userdefined a priori selection of DE genes, K out of M genes were found to be differentially expressed. The
probability of observing exactly x differentially expressed genes on the given pathway is computed based on
the hypergeometric distribution:


M N −M
P (X = x|N, M, K) =

x

K−x

N
K

(1)

Because the hypergeometric distribution is discrete, the probability of observing fewer than x genes on
the given pathway just by chance can be calculated by summing the probabilities of randomly observing
0, 1, 2, ..., up to x − 1 DE genes on the pathway:
 −M 
x−1
X Mi NK−i
pu (x − 1) = P (X = 1) + P (X = 2) + ... + P (X = x − 1) =
(2)

N
i=0

K

iPathwayGuide calculates the probability of randomly observing a number of DE genes on the given
pathway that is greater than or equal to the number of DE genes obtained from data, by computing the
over-representation p-value: pORA = po (x) = 1 − pu (x − 1):
 −M 
x−1
X Mi NK−i
po (x) = 1 −
(3)

N
i=0

K

The second probability, pAcc, is calculated based on the amount of total accumulation measured in each
pathway. A perturbation factor is computed for each gene on the pathway using:
P F (g) = α(g) · ∆E(g) +

X

βug

u∈U Sg

P F (u)
Nds (u)

(4)

In Equation 4, P F (g) is the perturbation factor for gene g, the term ∆E(g) represents the signed
normalized measured expression change of gene g, and α(g) is a priori weight based on the type of the gene.
The last term is the sum of the perturbation factors of all genes u, directly upstream of the target gene g,
normalized by the number of downstream genes of each such gene Nds (u). The value of βug quantifies the
strength of the interaction between genes g and u. The sign of β represents the type of interaction: positive
for activation-like signals, and negative for inhibition-like signals. Subsequently, iPathwayGuide calculates
the accumulation at the level of each gene, Acc(g), as the difference between the perturbation factor P F (g)
and the observed log fold-change:
Acc(gi ) = P F (gi ) − ∆E(gi )

(5)

All perturbation accumulations are computed at the same time by solving the system of linear equations
resulting from combining Equation 4 for all genes on a given pathway. Once all gene perturbation accumulations are computed, iPathwayGuide computes the total accumulation of the pathway as the sum of all
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Figure S17: A candidate for repurposing would revert the changes of the observed DE genes. This potential
drug u would repress the gene which is up-regulated by the disease (red circle) and would activate the one
that is repressed (blue circle).
absolute accumulations of the genes in a given pathway. The significance of obtaining a total accumulation
(pAcc) at least as large as observed, just by chance, is assessed through bootstrap analysis.
The two types of evidence, pORA and pAcc, are combined into an overall pathway score by calculating a
p-value using Fisher’s method. This p-value is then corrected for multiple comparisons using false dicovery
rate (FDR) [11, 12] and Bonferroni [13] corrections.
The underlying pathway topologies, comprised of genes and their directional interactions, are obtained
from the KEGG database [5, 6, 7, 8].
Gene Ontology (GO) analysis method. For each GO term [14, 15], the number of differentially
expressed (DE) genes annotated to the term is compared to the number of DE genes expected just by
chance. We used an over-representation approach to compute the statistical significance of observing at
least the given number of DE genes. The p-value is computed using the hypergeometric distribution [9, 10]
and corrected with FDR and Bonferroni.
The classical method used above considers all GO terms to be independent. However, given the nature of
gene ontology, considering the genes multiple times introduces errors [16, 10]. Due to the “true path rule”,
all genes annotated to a GO term are also annotated to all its ancestors when traversing “is a” relationships.
Because of this, the same genes are counted in the enrichment of every term above the one they are directly
annotated with. We used an approach inspired by the elim and weight pruning methods [17]. The algorithm
constructs a custom cut through the GO hierarchy by starting with the most specific nodes and calculating
their p-value with all genes assigned directly to each such node. If a node is significant, it is reported as such.
If the node is not significant, the genes associated to the given node are propagated to its direct ancestors
and a p-value is calculated for each of those.
The prediction of upstream Chemicals, Drugs, Toxicants (CDTs) is based on two types of
information: i) the enrichment of DE genes from the experiment and ii) a network of interactions from
the Advaita Knowledge Base (AKB v1910). The network is a directed graph in which the source node
represents either a chemical substance or compound, a drug, or a toxicant (CDT). We focused our work
on FDA-approved drugs that could be repurposed. The edges represent known effects that these CDTs
have on various genes. A signed edge in this graph consists of a source CDT, a target gene, and a sign to
indicate the type of effect: activation (+) or inhibition (−). The analysis considers the hypothesis that the
upstream chemical, drug or toxicant is absent (or insufficient) in the condition studied. In essence, a drug
for which this hypothesis is supported by a significant amount of evidence will be a very strong candidate
for repurposing because such drug will effectively reverse many of the gene expression changes observed in
the given disease.
The analysis divides the set of all the genes from the AKB into several subsets based on the measurements
in the experiment and the definitions shown in Fig. S17 and Fig. S18. A gene is a target gene if it corresponds
to a node in the network that has at least one incoming edge. We define a consistent gene as a target DE
gene such that the sign of the gene is consistent both with the type of the signal and with the hypothesis
considered. This case captures the situation in which the CDT is absent (or insufficient), the signal is
inhibition and the target DE gene is up-regulated, or the signal is activation and the target DE gene is
down-regulated (see Fig. S17).
For the research hypothesis considered, the analysis computes a z-score for each CDT z(u) by iterating
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Figure S18: The set of all genes includes the set of measured genes that are also targets in the network, or
Measured Targets (MT). We define the subset of“DE Targets consistent with the hypothesis that the CDTs
are insufficient, DTI. For a selected upstream CDT u, we have the set of ”Measured Targets of u” MT(u),
”Differentially expressed Targets downstream of u” DT(u), and the set of ”DE targets consistent with the
hypothesis that u is insufficient” DTI(u).
over the genes in DT (u) and their incoming edges in(g):
P
P
sign(e) × sign(g)
z(u) =

g∈DT (u) e∈in(g)

r

P

|in(g)|

g∈DT (u)

f (x|µ, σ) =

(x−µ)2
1
√ e− 2σ2
σ 2π

For µ=0 and σ = 1, we have:
x2
1
f (x) = √ e− 2
2π
Z −|z|
x2
1
Pz = √
e− 2 dx
2π −∞

(6)

Assuming the variable z as defined in this formula follows the standard normal distribution N (0, 1)
(Kramer et al. 2014), we can compute the p-value corresponding to the z-score Pz as the one-tail area under
the probability density function for normal distribution.
Identifying candidate drugs for repurposing. A good candidate for repurposing would revert the
observed changes. This is equivalent with the research hypothesis that considers the condition is due to a
given CDT that is present in insufficient amounts. We use Pabs and Pz to predict upstream CDTs that would
revert the measured changes. For each upstream CDT u, the number of consistent DE genes downstream
of u, DT I(u), is compared to the number of measured target genes expected to be both consistent and DE
just by chance. The p-value Pabs is computed using the hypergeometric distribution [18, 10]. The analysis
combines Pabs and Pz , using Fisher’s method [19].

4

Additional clinical details

Two-hundred and fifty consecutive patients were considered for inclusion in this study. Ten were hospitalized
for 24 hours or less, 23 did not require oxygen by nasal cannula, HFNC or mechanical ventilation, and four

15

expired within 24 hours of admission. There were two-hundred and thirteen patients left who were included.
Out of these 81 (38%) were included in the pre-methylprednisolone protocol group and 132 (62%) in the
methylprednisolone protocol group. The clinical characteristics of the patients are shown in Table S1 and
Table S2.
The endpoint (death) occurred at a significantly lower rate in methylprednisolone protocol group compared to the pre-methylprednisolone protocol group. There were 29.6% deaths in the pre-protocol group vs.
16.6% in the MP group, corresponding to a p=0.027 (see Table S3).
Other endpoints including escalation to ICU and need for mechanical validation were also assessed and
found to be significantly improved in the post-treatment group (https://www.medrxiv.org/content/10.
1101/2020.05.04.20074609v1). Significant reduction in median hospital length of stay was observed in the
post-methylprednisolone group (8 vs. 5 days, p < 0.001).

5

Statistical Analysis of clinical data

Continuous variables were reported as median and interquartile range (IQR) and compared using the MannWhitney test or t-test, as appropriate. Categorical data was reported as number and percentage (no., %)
and compared using the chi-squared test or Fisher’s exact test, as appropriate. No imputation was made
for missing data points. The sample included all eligible consecutive hospitalized patients during the study
period. A non-equivalent dependent variable of antibiotic prescribing was utilized to account for potential
maturation in treatment. Survival analysis was performed using the Kaplan-Meier method and log-rank
test.
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Data sources

This results presented here used data from the Advaita Knowledge Base v 1910, gene ontology data from
the GO DB released on April 26, 2019, pathway data from KEGG release 90.0+/05-29, May 2019, miRNA
data from MicroCosm Targets version 5, Targetscan version 7.2 (human), MiRBase release 22.1, October
2019, interactions from String version 11.0 Jan 19, 2019, chemicals, drugs and toxicants from CTD released
June 2019, and network data from BioGRID version 3.5.171, March 25th 2019. The data set used in this
analysis, GSE147507, was retrieved from Gene Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo).
All laboratory work related to this dataset was done at the Icahn School of Medicine at Mount Sinai in the
tenOever Lab [20].
Gene expression data description (from the GEO description of this dataset): In this experiment,
gene expression data were measured from human lung epithelium (NHBE) and transformed lung alveolar
(A549) cells mock treated or infected with SARS-CoV-2 at different multiplicity of infection (MOI) (NHBE:
2 and A549: 0.2). Other independent biological duplicates of A549 cells were mock treated or infected with
respiratory syncytial virus A2 strain (MOI 15) or with influenza A virus H1N1 strain (MOI 5).
Cell lines: Independent biological triplicates of primary human lung epithelium (NHBE) were mock
treated or infected with SARS-CoV-2 (USA-WA1/2020), IAV (A/Puerto Rico/8/1934 (H1N1)), a IAV that
lacks the NS1 protein (IAVdNS1) and treated with human interferon-beta. Independent biological triplicates
of transformed lung alveolar (A549) cells were mock treated or infected with SARS-CoV-2 (USA-WA1/2020),
RSV (A2 strain) or IAV (A/Puerto Rico/8/1934 (H1N1)). Additionally, Independent biological triplicates of
transformed lung alveolar (A549) transduced with a vector expressing human ACE2, were also mock treated
or infected with SARS-CoV-2 (USA-WA1/2020). Finally transformed lung-derived Calu-3 cells were mock
treated or infected with SARS-CoV-2 (USA-WA1/2020).
COVID-19 patient samples: Uninfected human lung biopsies were derived from one male (age 72) and
one female (age 60) and used as biological replicates. Additionally, lung samples derived from a single male
COVID-19 deceased patient (age 74) were processed in technical replicates. Experiments using samples
from human subjects were conducted in accordance with local regulations and with the approval of the
institutional review board at the Icahn School of Medicine at Mount Sinai under protocol HS12-00145.
Identifying data. The secondary analysis of the raw expression data files (secondary analysis) was
done by Radu Vanciu. The secondary analysis produced the list of genes, fold changes and p-values. These
data were analyzed by Sorin Draghici to identify impacted biological processes, putative mechanisms, and
16

Table S1: Baseline Demographics and Clinical Characteristics of Study Patients

Characteristics

Total
(n=213)

Demographics
Age - median (IQR) - years
62 (51-62)
Male sex - no. (%)
109 (51.2)
Race
Black - no. (%)
155 (72.8)
White - no. (%)
29 (13.6)
Body mass index (IQR) - median (IQR) - 32 (27.3-38.7)
kg/m2
Comorbidities - no. (%)
Asthma
33 (15.5)
Chronic kidney disease
98 (46)
Chronic obstructive pulmonary disease
27 (12.7)
Congestive heart failure
26 (12.2)
Coronary artery disease
38 (17.8)
Diabetes
105 (49.3)
Hypertension
158 (74.2)
Malignancy
24 (11.3)
Smoking history
88 (41.3)
Presenting Symptoms
Cough - no. (%)
158 (74.2)
Fever - no. (%)
150 (70.4)
Myalgia - no. (%)
85 (39.9)
Shortness of breath - no. (%)
148 (69.5)
Duration of symptoms - median (IQR) 5 (3-7)
days
Severity of illness in emergency department (ED)
qSOFA – median (IQR)
1 (0-1)
NEWS – median (IQR)
7 (4-10)
Requiring mechanical ventilation in ED –
22 (10.3)
no. (%)
Direct admission to ICU – no. (%)
26 (12.2)

Pre-Protocol
(n=81)

Post-Protocol
(n=132)

p-value

64 (51.5-3.5)
41 (50.6)

61 (51-72)
68 (51.5)

0.400
0.899

50 (61.7)
18 (22.2)
30 (25-39)

105 (79.5)
11 (8.33)
33.2 (28.9-38.5)

0.004
0.005
0.007

16
41
15
10
18
37
62
11
40

(19.8)
(51.9)
(18.5)
(12.5)
(22.2)
(45.7)
(76.5)
(13.6)
(49.4)

17 (12.9)
57 (43.5)
12 (9.1)
16 (12.2)
20 (15.2)
68 (51.5)
96 (72.7)
13 (9.9)
48 (36.4)

0.180
0.240
0.045
0.951
0.192
0.411
0.925
0.405
0.0615

62
57
32
50
5

(76.5)
(70.4)
(39.5)
(61.7)
(2-7)

96
93
53
98
6

(72.7)
(70.5)
(40.2)
(74.2)
(3-7)

0.536
0.989
0.926
0.054
0.107

1 (0-1)
7 (4-10)
10 (12.3)

1 (0-1)
7 (4-9)
12 (9.1)

0.850
0.668
0.448

11 (13.6)

15 (11.4)

0.631

*IQR denotes Interquartile range, NEWS denotes National Early Warning Score, qSOFA denotes quick Sequential Organ
Failure Assessment (qSOFA), ED denotes Emergency Department, ICU denotes intensive care unit
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Table S2: Treatments Received by Patients Pre-methylprednisolone and Methylprednisolone Protocol Groups

Treatment
Antimicrobials
Empiric antibiotic prescribed for pneumonia –
no. (%)
Time to empiric antibiotics - median (IQR) days
Duration of antimicrobials - median (IQR) days
Hydroxychloroquine use - no. (%)
Time to hydroxychloroquine initiation - median (IQR) - days
Lopinavir/ritonavir and ribavirin use - no.
(%)
Remdesivir use – no. (%)
Tocilizumab use – no. (%)
Corticosteroid
Methylprednisolone received at any time - no.
(%)
Methylprednisolone received in first 48 hours
- no. (%)
Time to steroid initiation from admission median (IQR) - days
Methylprednisolone dose - median (IQR) - mg
Median duration of corticosteroids - median
(IQR) - days

Total
(n=213)

Pre-Protocol
(n=81)

Post-Protocol
(n=132)

p-value

163 (76.5)

65 (80.2)

98 (74)

0.316

1 (0-1)

1 (0-1)

0 (0-1)

0.631

4 (2-5)

5 (3-5)

3 (2-5)

0.009

161 (75.6)
2 (1-3)

57 (70.4)
3 (1-4)

104 (78.8)
1 (0-2)

0.167
0.126

10 (4.7)

9 (11.1)

1 (0.76)

0.001

5 (2.3)
14 (6.6)

5 (6.2)
8 (10.1)

0 (0)
6 (4.5)

0.004
0.126

136 (63.8)

46 (56.8)

90 (68.2)

0.094

65 (30.5)

10 (12.4)

55 (41.7)

<0.001

2 (1-4)

5 (3-7)

2 (1-3)

<0.001

40 (40-50)
3 (3-3)

40 (40-50)
3 (3-3)

40(35-50)
3 (3-3)

0.851
0.812

*IQR denotes Interquartile range

Table S3: Outcomes in the Pre-Corticosteroid and Corticosteroid Protocol Groups

Primary Outcome
30-day mortality - no. (%)

Pre-Protocol
(n=81)

Post-Protocol
(n=132)

Odds Ratio (CI)

p-value

24 (29.6)

22 (16.6)

0.48 (0.25 - 0.92)

0.027

CI denotes confidence interval, ICU denotes intensive care unit, GMU denotes general medical unit, ARDS denotes acute .
respiratory distress syndrome, IQR denotes Interquartile range
Note 1: A total of 10 and 12 patients were not included in this analysis because they required mechanical ventilation in
the emergency department in the pre-corticosteroid and corticosteroid group, respectively.
Note 2: A total of 11 and 15 patients were not included in this analysis because they were directly admitted to the
intensive care unit in the pre-corticosteroid and corticosteroid group, respectively.
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predict drugs suitable for potential repurposing. All clinical data was analyzed and interpreted by Raef
Fadel, Austin Morrison, and Mayur Ramesh.

7

Study limitations

This study has several limitations as follows. The drugs recommended here are supporting and modulating
the immune system response but will not kill the virus and will not prevent infections. They are likely to be
useful only for patients with very severe symptoms caused by over-inflammation, cytokine storm syndrome,
etc. The use of these drugs has to be decided in the context of the entire clinical profile of the patient
including the clinical stage [21], co-morbidities, other risk factors, etc.
The COVID-19 infected lung comes from a single patient with a couple of technical replicates. This is
likely to generate standard deviations smaller than what they would be if there were independent samples
from different patients. In turn, this is likely to affect the p-values and the identification of the DE genes
between the COVID-19-infected lung and the healthy lung. Once more patient data becomes available,
the set of DE genes may change to some extent, in particular in the contrast between COVID-19-infected
lung and the healthy lung. Such changes are not expected to significantly affect the findings, nor the drug
proposed here.
Highly significant p-values indicate that the result is extremely unlikely to be due to random chance, but
does not speak to the clinical significance of the finding.
The drugs that were found not to have the potential to revert the gene expression changes triggered by
SARS-CoV2 may have other beneficial effects (e.g. antiviral properties), and may be useful in earlier stages
of the disease.
The A549 cell line is a cancer cell line. In this cell line many phenomena may be very different than in
the epithelial tissue in the normal lung. This was taken into consideration by basing most of the analysis on
the other data. Nevertheless, all the results coming from the A549 cell line should be considered in the light
of the fact that these are not normal cells.
Given the pandemic nature of the disease a pragmatic quasi-experimental design was used for the
clinical study. The potential for regression to the mean and maturation is an inherent limitation to all
quasi-experiments. After March 16, 2020 some of the pre-steroid group experienced delayed diagnosis and
treatment due to the adoption of rapid on-site RT-PCR testing for SARS-CoV-2. However, the observed
association was unchanged in the sensitivity analysis. A non-equivalent dependent variable, empiric antibiotic therapy for pneumonia, suggested no difference in management of COVID-19. Some of the premethylprednisolone protocol group received methylprednisolone after initiation of the updated COVID-19
institutional treatment protocol. Steroids initiated in this group were started significantly later. Additionally,
guideline adherence in the methylprednisolone protocol group was not universal.

8

Institutional IRB approval for the clinical study

This was a multi-center quasi-experimental study at Henry Ford Health System, comprised of five hospitals in
Southeast and South-central Michigan. The study was approved by the institution’s Investigational Review
Board (#13739) with waiver of consent. The clinical study has been registered on clinicaltrials.gov
with the number NCT04374071.

9

Henry Ford Hospital Division of Infectious Diseases Management and Treatment of COVID-19 Cases Guideline

All confirmed COVID-19 inpatients require Infectious Diseases consultation for management. For testing
recommendations, please refer to SARS-CoV-2 (COVID-19) Testing Criteria from HFHS infection prevention and control. https://onehenry.hfhs.org/documentcenter/Business%20Units%20%20Departments/
SARS-CoV-2%20(COVID-19)%20Testing%20criteria%20v3.12.2020.pdf
Currently, there are no FDA approved therapies to treat COVID-19. Some medications have demonstrated in vitro, animal, or very limited clinical safety and efficacy data in other coronaviruses (e.g. SARS
19

and MERS). The Division of Infectious Diseases is coordinating research/compassionate use remdesivir.
The below treatments should be started immediately once COVID test is positive (when indicated), pending remdesivir availability. Preemptively starting COVID medications prior to return of test results is not
recommended due to limited medication supply unless there is high suspicion based upon clinical judgement
and patient characteristics. These guidelines are interim recommendations and may change according to
drug availability and new data published. Supportive care and infection control measures are indicated for
all hospitalized patients.
Initial labs for all inpatients (see below for ongoing treatment monitoring):
• Suspected or confirmed patients: CBC with differential, BMP, magnesium, ferritin, liver profile, bilirubin, total, procalcitonin, CPK, D-dimer, CRP, LDH, high sensitivity troponin
• Draw upon admission to ICU: Triglyceride, IL-6, DIC panel (in addition to labs listed above if not
previously ordered)
• Baseline EKG
Monitoring parameters:
• Hydroxychloroquine: Cardiotoxicity, Torsade de Pointes, depression, psychosis. Maintain potassium
at least 4 mEq/L, and magnesium at least 2 mEq/L. Refer to QT monitoring appendix.
• Remdesivir: Phlebitis, Constipation, Nausea, Headache, Bruising, Liver Function test abnormalities.
Obtain daily BMP and LFTs.
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Characteristics

Recommended
treatment

Treatment
Mild symptoms, outpatient
Cough, fever, myalgias
On Room air / baseline
SaO2 94% or above
No radiographic evidence
of pulmonary infiltrates

Social distancing recommended
Consider OTC Symptom
relief
Cough:
-vaporizer or humidifier
-dextromethorphan (dry
cough)
-guaifenesin (productive
cough)
Fever:
Acetaminophen

for COVID Patients
Moderate symptoms,
hospitalized
Supplemental oxygen
use or SaO2 less than
94%, fever of ≥ 36.6◦ C
armpit, ≥ 37.2◦ C oral,
or ≥ 37.8◦ C rectal, radiographic evidence of
pulmonary infiltrates

Severe, hospitalized
Respiratory failure requiring mechanical ventilation
Cough, fever, myalgias

*

Hydroxychloroquine
400 mg PO BID × 2 doses,
then 200 mg PO BID × 4
days

*

OR

OR

Remdesivir:
Requires
patient informed consent
for clinical trial. Not an
FDA approved therapy

Remdesivir: Expanded
access Requires patient informed consent. Not an
FDA approved therapy

Hydroxychloroquine
400mg PO BID × 2 doses,
then 200 mg PO BID × 4
days

*

Monotherapy hydroxychloroquine preferred for most patients.
Consider combination with
azithromycin 500 mg PO × 1 dose, then 250 mg PO × 4 days in carefully selected patients after dis-

cussion with ID. COVID-19 infection has been associated with cardiovascular complications including acute
myocardial injury, myocarditis, and arrhythmias. Hydroxychloroquine and azithromycin have cardiovascular side effects that may exacerbate these complications. Combination therapy is NOT recommended for
patients with a history of cardiac comorbidities, baseline prolonged QTc, or uncorrected electrolyte abnormalities. QTc > 500 should be considered an absolute contraindication to combination therapy with
hydroxychloroquine and azithromycin.
NOTE: If influenza testing was done and is positive, steroids are not recommended. Consider a dose
maximum of methylprednisolone 80 mg IV every 12 hours for obese patients. When clinically appropriate
for oral switch, convert methylprednisolone 1:1 to oral prednisone.
NOTE: Multiple dose hydroxychloroquine has a terminal half-life of up to 50 days, azithromycin has a halflife of 68 hours. Therefore, the patient will be “on treatment” for an extended time after drug discontinuation.
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