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Abstract

The Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) virus has infected over
115 million people and caused over 2.5 million deaths worldwide. Yet, the molecular
mechanisms underlying the clinical manifestations of COVID-19, as well as what distinguishes
them from common seasonal influenza virus and other lung injury states such as Acute
Respiratory Distress Syndrome (ARDS), remains poorly understood. To address these
challenges, we combined transcriptional profiling of 646 clinical nasopharyngeal swabs and 39
patient autopsy tissues, matched with spatial protein and expression profiling (GeoMx) across
357 tissue sections. These results define both body-wide and tissue-specific (heart, liver, lung,
kidney, and lymph nodes) damage wrought by the SARS-CoV-2 infection, evident as a function
of varying viral load (high vs. low) during the course of infection and specific, transcriptional
dysregulation in splicing isoforms, T cell receptor expression, and cellular expression states. In
particular, cardiac and lung tissues revealed the largest degree of splicing isoform switching and
cell expression state loss. Overall, these findings reveal a systemic disruption of cellular and
transcriptional pathways from COVID-19 across all tissues, which can inform subsequent
studies to combat the mortality of COVID-19, as well to better understand the molecular
dynamics of lethal SARS-CoV-2 infection and other viruses.

Keywords
Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), spatial transcriptomics,
coronavirus disease 2019 (COVID-19), next-generation sequencing (NGS), RNA-seq, host
response.

Introduction

In March 2020, the World Health Organization (WHO) declared a novel pandemic of the
coronavirus disease 2019 (COVID-19), an infection caused by the betacoronavirus Severe
Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2)!, currently attributed to over 115
million cases and over 2.5 million deaths globally (https://coronavirus.jhu.edu). Since the
presenting symptoms of COVID-19 resemble those of common viral respiratory infections, a
molecular diagnosis is required to distinguish a SARS-CoV-2 infection from influenza and other
respiratory illnesses??, and ongoing questions remain about the host responses to SARS-CoV-2
relative to other respiratory pathogens. As severe illness and death continue to impact a
segment of COVID-19 positive individuals, urgent questions about the molecular drivers of
morbidity and mortality associated with SARS-CoV-2 infection persist. This knowledge could
lead to improvements in both the acute treatment and long-term management of pathological
changes in multiple organs.

Prior work has shown that COVID-19 creates systemic and severe interferon response (both
alpha and gamma), and that co-infection with other pathogens is relatively rare (3-15%)*>®. Yet,
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there is limited data for discriminating the molecular response between different kinds of
respiratory infections or pulmonary conditions (e.g. influenza vs. COVID-19) and almost no data
on the variegated impact of different pathogens across different tissues. Delineation of
pathogen- and tissue-specific differences is critical for understanding the molecular
determinants of mortality associated with COVID-19, as well as guide development of novel
diagnostics and therapeutic interventions.

To address these gaps in knowledge, we first used shotgun metatranscriptomics (total RNA-
seq) to comprehensively profile human tissues in 39 patients who died from COVID-19 (n=190
total autopsy samples), including heart, liver, lung, kidney, and lymph nodes, and analyzed gene
expression, isoform, and T cell receptor expressed motifs (TCEMSs) alterations. We also used a
spatial protein and transcript mapping platform (GeoMx) to delineate the cartography of the
infection in these tissues and to discover disruptions of cell-to-cell interactions. The spatial
omics data examined 357 areas of interest (AOIs) from 16 total patients with COVID-19,
influenza, ARDS, and normal, revealing the cellular and regulatory signatures that define these
distinct pathological states. Finally, to provide context to earlier stages and sites of infection, we
compared these in-depth spatial and tissue-specific transcriptome maps with an independent
cohort of nasopharyngeal (NP) swabs from 216 COVID-19 positive patients and 430 COVID-19
negative controls, which reveal a significant, distinct disruption of cellular and transcriptional
programs induced by SARS-CoV-2 infection in the patients who unfortunately succumbed to the
disease. These data were also placed into an online portal for data mining and visualization at
https://covidgenes.weill.cornell.edu/.

Results

Spatial and expression profiling of high and low SARS-CoV-2 infection

We first used the GeoMx Digital Spatial Profiling (DSP) platform to perform multiplexed high-
resolution spatial transcriptomic profiling of 357 lung tissue regions of interest (ROIs) from 16
patients. These were selected from deceased patients with COVID-19 (n=31), non-viral ARDS
(2), influenza induced ARDS (3), and healthy tissues from individuals without infections as
controls (3) using nCounter Multiplex Analysis which incorporated targets for SARS-CoV-2 (i.e.
COVID-19 Spike-In) (See Methods, Table 1). Among 31 COVID-19 donors, we identified lung
samples that had high overall SARS-CoV-2 expression (COVID-19 high) or had low overall
expression of SARS-CoV-2 (COVID-19 low), and four representative samples from each group
were selected for downstream analysis (Extended Data Figure 1). Serial sections were stained
with an RNAscope probe against the viral S gene, Syto13 (nuclear DNA), Macrophages (CD68),
immune cells (CD45), and epithelial (Pan-cytokeratin) along with the GeoMx Cancer
Transcriptome Atlas Panel (CTA, 1811 targets), supplemented with 23 human genes associated
with lung biology and two ORFs from the SARS-CoV-2 genome (See Methods, Extended Data
Figure 1). We chose tissue regions (Regions of Interest, ROIs) that captured three structural
components of the lung, including vascular, airway, and alveolar regions (Figure 1a).

As shown in Figure 1b, we observed significant differences between normal and COVID-19
high samples, even after accounting for compartmental variability. These differences included a
decrease in expression of SFTPAL, SFTPB, and SFTPC (markers associated with alveolar type
1 and type 2 cells), as well as an enrichment for genes associated with basal cells (TP63) and
club cells (SCGB1A1), and several immune markers (e.g. HLA-B, HLA-E) (p-values all <0.05,
mixed effects model) in COVID-19 high patients. A ternary plot (Figure 1c) of a combined
analysis of COVID-19 high, COVID-19 low, and normal tissues - where transcripts are projected
away from the center based on their marginal means - revealed upregulation of several genes
enriched in each set of lung tissues. Enrichments included SFTPA1, SFTPB, and SFTPC
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(alveolar epithelial cell markers) in normal lungs, CLU (lung injury and repair) and S100A9
(enriched in activated macrophages) in COVID-19 low lungs, and TP63 (basal cell), ID1
(upregulated and a key regulator of lung injury and repair), and interferon regulated genes
including IF16, IFI27, 1ISG15, and LYBE in COVID-19 high lungs. Enrichment of interferon
stimulated genes was only observed in COVID-19 high samples, which correspond to early
stages of the infection, by timing of disease onset and histopathology (Extended Data Figure
1). Moreover, we observe enrichment of CASP3 and ID1, suggesting ongoing cellular injury and
repair responses in COVID-19 high patients. In contrast, we find an enrichment of several
markers of pulmonary fibrosis (e.g. CLU, COL1A1, COL1A2, and COL3A1) in COVID-19 low
patients (which correspond to the later stages of infection), indicating that these are two distinct
stages of infection’.

Next, we examined the spatial transcriptome data for differences between the COVID-19
high/low patients and the influenza lung samples. This analysis revealed a significant
enrichment of THBS1 and NR4A1 in the influenza samples, both genes that have been shown
to be engaged in response to influenza-induced lung injury (Extended Data Figure 2a). When
lung tissues from COVID-19 high and low samples were compared to those from non-viral
induced acute respiratory distress syndrome (ARDS), enrichment for S100A8 and S100A9 was
observed, which is consistent with the significant enrichment of neutrophils in these samples
and previously suggested to be a driver of COVID-19 pathogenesis (Extended Data Figure
2b)®°. Importantly, an enrichment for genes involved in lung injury and repair (ID1) as well as
those involved in type 1 interferon responses including IFI6, IFI27, ISG15, and LY6E in COVID-
19 high lungs is observed even when compared to influenza infection of the lung (Extended
Data Figure 2a) and non-viral lung injury (Extended Data Figure 2b). Similarly, we find
enrichment of several markers of pulmonary fibrosis (e.g. CLU, COL1Al, COL1A2, and
COL3A1) in COVID-19 low samples as compared to non-viral and viral ARDS samples,
exemplifying the profound lung injury and fibrosis during later stages of COVID-19 infection.

COVID-19 specific changes in intrapulmonary and viral heterogeneity

For each ROI, count estimates of 15 distinct cell types were imputed based on gene expression
profiles from the Human Cell Atlas (HCA) adult lung dataset, including a neutrophil profile
derived from snRNA-seq of lung tumors (see Methods). Consistent with other studies™®*!, we
observed that COVID-19 was associated with an increase in tissue infiltrating immune cells,
including T cells, NK cells, monocytes, and macrophages (Figure 2a). Some immune cell types,
such as monocytes, NK cells, and regulatory T cells, showed a statistically significant increase
only in the COVID-19 high condition (Figure 2). Also, while fibroblasts and endothelial cells
increased in both COVID-19 high and low samples (52% and 65% increase, respectively), type
1 and type 2 alveolar epithelial cell proportions decreased (26% and 16% decrease,
respectively), reflecting the ongoing tissue remodeling or selective epithelial cell death induced
by infection (Extended Data Figure 3). Using an orthogonal approach, we stained the lung
tissues with Masson’s trichrome and observed a statistically significant increase in cellular
collagen-rich areas, confirming the increase in lung fibroblasts (Extended Data Figure 4). As
shown in the cluster analysis these cell type counts and proportions distinguish between the
normal vs. COVID-19 (high and low) lungs regardless of lung structure origin (Figure 2b),
indicating that the SARS-CoV-2 infection is altering the cellular landscape and composition of
the lung tissue.

Given the observed changes in cell proportions that are induced during SARS-CoV-2 infection,
we next examined the impact on the cell-to-cell interaction landscape as a metric of
intrapulmonary cellular heterogeneity (Figure 3). Pairwise correlations of all detected cell types
under five different conditions (COVID-19 high and low, flu, ARDS, and normal) were calculated
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and visualized (Figure 3a). In normal lungs, we observed three clear cellular correlation clusters
(1) monocytes, fibroblasts, T and NK cells, (2) neutrophils and ciliated cells, and (3) pDCs,
macrophages, and B cells. While perturbations of these cellular interactions were observed
across all injury conditions, the NK-T cell correlation was lost only in the COVID-19 high
patients, and not present in COVID-19 low patients, which corresponds to the later stages of
infection (Figure 3a-b). We then quantified the correlation differences in the lungs’ cellular
landscape between COVID-19 high vs. COVID-19 low patients, which indicated that the
greatest changes were in the monocyte-T correlations and dendritic-neutrophil correlations
(Extended Data Figure 5a), further supporting the view that SARS-CoV-2 specific T cell
activities may be disrupted. Of note, it may be possible that the changes in correlation reflect
bothltzhe generation of long-term memory as well as T cell mediated killing of infected epithelial
cells™.

When next plotted the average proportions of each cell type across the COVID-19 disease
states (COVID-19, Flu, ARDS). Macrophages and neutrophils populations were found to be
much higher in the COVID-19 lungs (both high and low), while T, monocyte, and epithelial cells
were much lower compared to normal. The entropy estimates of the given cell types (Figure 3c)
showed that macrophages and neutrophils commonly displayed increased heterogeneity
(across ROIs and patients) across all injury conditions. Variances of fibroblast, epithelial, vessel,
and T cell populations were bigger in COVID-19 high and low lung tissues compared to flu
infection and ARDS, suggesting an increase in the cellular heterogeneity. When comparing the
entropies by tissue types, nearly all COVID-19 positive ROIs showed increase in heterogeneity
of the cell populations, with the sole exception being vascular regions with high COVID-19
(Figure 3d). The decrease in entropy in the vascular regions of COVID-19 high condition is
mainly from the decrease of fibroblasts, epithelial, T, and NK cells (Extended Data Figure 5b).
The signals from B cells are also specific to large airway tissues, and this observation is
consistent with the cell fraction increase in large airway ROIs of COVID-19 samples (Extended
Data Figure 5b). Single-sample Gene Set Enrichment Analysis (ssGSEA) of macrophage-,
neutrophil-, and T cell regulatory pathways showed enrichment in COVID-19, even when
compared with flu and ARDS, including macrophage activation and apoptotic process (1.302
and 2.809 fold increase in averaged ssGSEA scores relative to normal, with p-values of 2.91e-
08 and 0.001) in COVID-19 high. (Extended Data Figure 6a-c).

SARS-CoV-2 RNA reads were aligned to the SARS-CoV-2 genome and the number of reads
was discerned across multiple tissues including the lung, lymph node, kidney, liver, and heart
(Extended Data Figure 7a-b) but mostly in the lung. Viral reads were robustly detected in
nasopharyngeal samples from COVID-19 patients, consistent with the published reports®.
Normalized coverage values in SARS-CoV-2 positive autopsy tissue samples revealed
detection bias towards the SARS-CoV-2 3’ end consistent with the known life cycle of the virus
(Extended Data Figure 7a-b)™'*. Reconstruction of the viral genomes revealed known and
unknown variants common to many patients (Extended Data Figure 7c¢), and some evidence of
intra-host variability.

Multi-organ analysis from patient autopsy samples

We next used shotgun metatranscriptomics (total RNA-seq) for host and viral profiling on 39
patients that died from COVID-19, including 190 organ-specific tissue samples from the
respective autopsies and healthy controls from organ donor remnant tissues (n=3). We
examined the COVID-19 specific host responses and transcriptome changes across various
organs (heart, kidney, liver, lung, and lymph nodes) to ascertain the differentially expressed
genes (DEGS) between COVID-19 high, COVID-19 low, and control sample sets (g-value <0.01
expression fold-change >1.5-fold, DESeq2, Figure 4a-d). Pathway enrichment analysis
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revealed significant changes (g-values <0.01) in pathways for viral infection (Regulation of Viral
Genome Replication and Viral Entry into Host Cell), immune response (Regulation of Type 1
Interferon Response and Regulation of Tyrosine Phosphorylation of Stat Protein,
GO_Regulation of Toll Like Receptor Signaling Pathway, Supplementary Table 1).

We observed that each tissue showed its own distinct transcriptional disruption due to the
infection, with the lymph node exhibiting the greatest number of DEGS when compared to
controls (in both COVID-19 high and COVID-19 low patients). Of note, both tissue-specific and
pan-tissue disruptions of normal expression programs were observed (Figure 4a-d), and these
were then summarized using GSEA (Figure 4e-f). Some pathways were consistently
dysregulated in all tissues during early infection (COVID-19 high), such as G2M checkpoint (g-
values of 6.4 x 10™° 3.0 x 10, 1.2 x 10%, 9.7 x 10®, and 0.002 for lung, liver, kidney, lymph
node, and heart respectively, Supplementary Table 1), E2F targeting (g-values of 2.8 x 10°%°,
0.00672, 1.9 x 107, 9.9 x 10°, 0.047, respectively), and epithelial mesenchymal transition
(EMT) (g-values of 2.1 x 10%, 3.0 x 10, 2.9 x 107, 1.4 x 107, 0.0287, respectively), but late
infection (COVID-19 low) gene networks showed more inter-tissue heterogeneity in their
disrupted pathways, including cytokine activity and inflammatory response. However, in both the
COVID-19 high vs. low comparisons, the G2M checkpoint and E2F networks were consistently
upregulated, indicating a core, persistent set of dysregulated cell cycle regulation genes during
early and late stages of infection.

The DEGs and GSEA results were then examined for the largest differences between infection
level and stage (COVID-19 high, early infection vs. COVID-19 low, late infection). Interestingly,
the heart tissues showed the largest transcriptional differences, revealing that the later stage of
the infection had a much greater impact on cardiac tissues (Figure 4). To place these results
into greater context, we compared DEGs from each tissue to RNA-seq data from
nasopharyngeal (NP) swabs, previously described in Butler et al*, as well as RNA-seq data from
a publicly available dataset on monocytes from COVID-19 positive and negative patients
(Extended Data Figure 10). The majority of the tissues with high viral load were significantly
positively correlated with the DEGs in the NP swab samples (g-value <0.01), compared to
normal/negative patients. However, in contrast, the later infection (low viral load) patients’
tissues showed negative correlation with the NP swab samples, indicating that the systemic
impact of SARS-CoV-2 can be missed when not considering the biological impact on different
organs.

Despite significant transcriptional differences in the lung, there were no clear gross pathologic
differences in bulk tissue or cell surface proteins (Extended Data Figure 8a, 8b). Thus, to
create a more fine-grained analysis of the cellular gene expression state in each tissue, we
used the cell deconvolution algorithm MuSiC on each tissue’s RNA-seq data. The MuSiC results
showed distinct disruptions of the transcriptional programs for each tissue in the COVID-19
patients and gain or loss of cell types (Figure 4b). Specifically, the kidney and liver showed a
loss of proximal tubule in the kidney and hepatocyte marker expressions in the liver (Extended
Data Figure 4a, 10), but an increase in T cells found in the kidney and liver. The lung showed a
loss of the capillary intermediate cells and alveolar epithelial cells. Finally, the heart showed a
striking, near-complete loss of the cell signatures for cardiomyocytes (Figure 4c), in both
COVID-19 high and low samples (Extended Data Figure 4a, 9), despite no obvious gross or
histologic changes in the heart (Extended Data Figure 8b).

Given the changes in expression phenotypes of the infected tissues, we next examined the
splicing differences induced in each tissue relative to controls. Quantified transcript counts from
RNA-seq were used to estimate isoform differences with Isoform Switch AnalyzeR (ISAR)™.
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Each tissue was examined for transcript switches across nine isoform disruption categories,
such as loss of function, disrupted open reading frames, and nonsense mediated decay (FDR
<0.05, Figure 5a). Splicing alterations were most pronounced in the heart and lung tissues (7/9
isoform types significantly altered), but less significantly in the lymph nodes (2/9) and liver (0/9)
again highlighting a particularly disruptive set of transcriptional changes in the heart and lung.
Next, alternative splicing was analyzed within each tissue (Figure 5a) from the ISAR data,
showing significant exon skipping in the lung and increased exon skipping events in the heart,
and more alternate start and stop sites within the heart, lung, and lymph nodes (FDR<0.05). No
significant isoform switching or alternative splicing was detected in the kidney, despite
significant disruption in expression profiles.

To put these differences into broader context, we then examined the intersection of specific
splicing-disrupted genes across tissues and pathways (Figure 5c,d). The greatest number of
genes with consequential isoform switches (significant genes from Figure 5a,b) was found in
the lymph node (1353) and heart (1029), followed by lung (231) and liver (27). Most splice-
disrupted genes were unigue to a given tissue, but the greatest overlap was observed between
the heart and the lymph node (162 genes). Next, pathway enrichment was calculated with
PathwaySplice®, using canonical pathways from the Reactome database (Figure 5d). In the
tissues with significant isoform switches, the greatest number of significantly disrupted pathways
(adjusted p-value < 0.05) occurred in the heart (97), followed by the lymph node (72) and lung
(65), indicating a stronger pathway disruption effect in the heart than the lymph node and lung.
Of note, the top dysregulated pathways in these tissues were related to viral responses,
including the export of viral ribonucleoproteins and antiviral mechanism by interferon-stimulated
genes, reflecting a broad, but tissue-specific, transcriptional response to viral infection
(Extended Data Figure 10).

Characterization of SARS-CoV-2 related TCEM repertoires and abundances

Finally, to examine the impact that COVID-19 has on T cell receptors in the patients that could
be found in each tissue, we assembled CDR3 sequences from the patient-specific RNA-Seq
data and derived a set of T Cell Expressed Motifs (TCEMs); TCEMs are amino acid sequences
that can be recognized as an antigen by a T Cell when presented by an MHC. We mapped
these TCEMSs to the SARS-CoV-2 reference genome, to quantify the likely response of the T
cells to the virus (Figure 6). When compared the abundance of TCEMs that mapped to the
SARS-CoV-2 genome, the abundance of TCEMs that mapped to SARS-CoV-2 was significantly
higher in cases than in controls (3.7x increase using one-sided T-test, p-value of 1.24e-12,
Figure 6a and Supplementary Table 3).

We next considered variable (non-uniform) TCEM abundance across different tissue types. By
taking the average abundance of TCEMs that mapped to each gene in the SARS-CoV-2
genome across all patients for each tissue type (lung, liver, heart, kidney, and lymph nodes,
Figure 6b), we found that TCEMs matching SARS-CoV-2 are differentially abundant by tissue
types. The majority (2592/3174, 81.7%) of unigue TCEMs were found in samples from lymph
nodes, consistent with their importance in immune function. Despite the largest number of
unique TCEMs, those from the lymph nodes were typically low abundance compared to other
tissues, which may be evidence of T Cell maturation before effective clones are found and
distributed across the body. By contrast TCEMs from heart samples were highly abundant and
less diverse, indicating a possible targeted response, which also provides further evidence of
the distinct cardiovascular COVID-19 phenotype of heart damage.

Discussion
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In this study, we established a clinical analytical pipeline to collect and examine autopsy
samples to elucidate and compare the spatial transcriptional landscape induced by SARS-CoV-
2, influenza, and ARDS. First, we found that the lung and other tissue samples demarcated
COVID-19 patients into two groups, based on the amount of SARS-CoV-2 RNA present:
COVID-19 high versus COVID-19 low. Lung samples examined using two techniques
(Nanostring nCounter or GeoMx DSP) both support the correlation that high SARS-CoV-2 viral
loads correlate with early COVID-19 disease while low SARS-CoV-2 viral loads correlate with
late COVID-19 disease. The nature of the COVID-19 disease and the impact on the lung (and
other tissues) appears to be defined principally by the presence of SARS-CoV-2 viral RNA.

Patient lung tissue samples containing significant levels of SARS-CoV-2 showed enrichment for
genes related to a variety of immune markers specific to certain immune cells and lung injuries,
as well as enriched for interferon stimulated genes (e.g. IFI27, IFITM1, and LY6E) and
macrophage activation (S100A9, TYMP, and SERPING1). In contrast, patient lung tissue
samples containing low levels of SARS-CoV-2 RNA show enrichment for COL1A1 and other
markers of pulmonary fibrosis. Compared to other viral related diseases (influenza), COVID-19
tissue samples still show enrichment for genes involved in lung injury and repair and interferon
signaling genes, but the COVID-19 tissue samples also show enrichment of several markers of
pulmonary fibrosis. Of note, COVID-19 (high), flu, and ARDS each show differential HLA-B and
-C expression, which are known mediators of natural killer and T cell activation®*?* and which
can mediate host risk of infection®. Enrichment for HLA-DRB5, whose expression and specific
gene polymorphisms are associated with pulmonary fibrosis and severity?>?3. Comparing across
different disease types, all diseases—COVID-19 (low), influenza, and ARDS showed
enrichment for DMBT1, a gene known to be upregulated and dysregulated in pulmonary injury
and fibrosis®*?*. Virus-related diseases (COVID-19 high and flu) particularly showed significant
change of expression in lung epithelial cell-related transcripts (i.e. ACTB, C1R, and FN1), and
such changes are known markers of the lung injury gene signature?®.

The spatial analysis platform (GeoMx) enabled a novel analysis of the impact of the disease
across entire tissues. Consistent with recent reports from bulk cellular profiling, we observed an
increase in the immune cell types and fibroblasts in COVID-19, high but a decrease in alveolar
epithelial cells®’. In COVID-19-low condition, the proportions of some immune cells (i.e.
monocytes, NK cells, or regulatory T cells) were similar to normal, but the fibroblasts and vessel
cells still exhibited an increase in COVID-19. Some of these cell types form a “cellular
correlation cluster,” and these clusters of cell-cell interactions are uniquely disrupted in COVID-
19 (relative to flu and ARDS), particularly in COVID-19 high. While macrophages and
neutrophils showed an increase in entropy across all lung-related injury conditions, NK and T
cells only showed an increase in COVID-19 conditions. While few studies have interrogated the
tissue environments; multiple studies have examined the changes occurring during COVID-19
infection in the peripheral blood and have identified poor T cell responses and T cell
dysregulation®®*!. Together, these findings highlight the robust and dynamic nature of SARS-
CoV-2 engagement with tissue homeostatic processes and that the stage of COVID-19 infection
impacts the pathophysiological landscape of the lung.

When these spatial omics data were compared to the multi-organ bulk RNA-seq data from the
autopsy issues, confirmatory as well as additional signatures of COVID-19 disease were found.
First, the fibroblasts and immune cell types such as macrophages increased in most tissues,
while alveolar epithelial types 1 and 2 cells in the lung showed a decrease in COVID-19 (relative
to controls). Interestingly, other organ types such as heart or kidney also showed similar trends
in COVID-19. Increase in fibroblasts, endothelial, and immune cells may be impacted by a
variety of immune activations within each organ, particularly as s long-term response to the
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infection. This observation may also be related to the decrease in the characteristic
transcriptomic signatures of the main cell type within each organ, which may contribute to the
morbidity and mortality of COVID-19. For example, the reduction in cardiomyocyte cell fraction
and disrupted splicing isoforms within heart tissues was concomitant with a reduction in several
transcripts encoding sarcomeric and contractile proteins, regardless of viral level??®,
representing a persistent transcriptional perturbation and cardiac-specific impact of COVID-19.

These data support the view of distinct biological responses to the stages of SARS-CoV-2
infection, and this is buttressed by orthogonal data. For example, DEGs observed from NP
swabs showed high correlation to tissue specific DEGs in the early stages of infection, but very
little correlation later infection. To explain this phenotype, recent evidence has suggested that
monocytes can migrate into tissues as the SARS-CoV-2 infection progresses™, and this
response can potentially explain the different correlations. It has also been reported that
monocyte depletion/migration is associated with kidney disease, inducing lupus like
symptoms*®, which could potentially explain the correlation with kidney tissue. For lymph nodes,
there exists evidence in the literature that SARS-CoV-2 will impact the lymph nodes at an early
stage of infection potentially causing T cell lymphopenia and possibly responsible for focal
necrosis seen in the lymph nodes'’. Nonetheless, the lung, heart, and lymph nodes were the
tissues most disrupted by infection.

In addition to our observations, there are several papers indicating the connections of cytokine
storms with macrophage activation syndromes and/or other imbalance of the immune system
environment**°, which also can be variable across tissues. To explore these connections, we
examined the relative abundance in TCEMs mapped to the SARS-CoV-2 genome in our RNA-
seq results. Organ-wide TCEM mapping also revealed a wide variety of TCEM sites in heatrt,
liver, or lung and showed high similarity within the body sites or patients. Indeed, the ssGSEA
from the lung specific dataset of COVID-19 on the T cell mediated pathways revealed distinct
from that of ARDS, flu, and the normal samples (Extended Data Figure 6c). The expression
signature was patrticularly prominent for T cell proliferation, chemotaxis, and activation, and this
impact was most evident in the lymph node and the heatrt.

Overall, these data represent one of the largest autopsy series of COVID-19 and synthesizes
several orthogonal methods, including: bulk transcriptomics, digital spatial transcriptomics,
multiple imaging technologies, and novel computational analysis (TCEMs, ISAR) to build a map
of SARS-CoV-2 pathophysiology. The vast majority of COVID-19 data previously published has
been from NP swab or peripheral blood, and here we provide evidence that these data cannot
capture the key, tissue-specific impacts of the disease, especially in late infection. Moreover,
given the ability to also use these data to map the distinct viral variants as the pathogen moves
through the body, our data also provide additional support of intra-host viral diversity for SARS-
CoV-2, including variations specific to distinct tissues®, which can help guide future studies and
treatments. This molecular map of COVID-19 serves as an atlas for the community and can
inform future studies into COVID-19 progression and SARS-CoV-2 pathology.
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Methods

Patient sample collection

All autopsies are performed with consent of next of kin and permission for retention and
research use of tissue. Autopsies were performed in a negative pressure room with protective
equipment including N-95 masks; brain and bone were not obtained for safety reasons. All fresh
tissues were procured prior to fixation and directly into Trizol for downstream RNA extraction.
Tissues were collected from lung, liver, lymph nodes, kidney, and the heart as consent
permitted. For GeoMx, RNAscope, trichrome and histology tissue sections were fixed in 10%
neutral buffered formalin for 48 hours before processing and sectioning. These cases had a
post-mortem interval of less than 48 hours. For bulk RNA-seq tissues, post-mortem intervals
ranged from less than 24 hours to 72 hours (with 2 exceptions - one at 4 and one at 7 days - but
passing RNA quality metrics) with an average of 2.5 days. All deceased patient remains were
refrigerated at 4C prior to autopsy performance.

Spatial Transcriptomics Analysis

Gene Expression profiling of freshly extracted RNA from formalin fixed paraffin-embedded
(FFPE) lung samples was performed using the NanoString PanCancer 10360 panel with custom
probes for SARS-CoV-2 viral genes. After normalization, high and low COVID-19 clusters were
identified by unsupervised analysis, and samples from each cluster were selected for additional
profiling. GeoMx Digital Spatial Profiling (DSP) was performed on these samples, and control
samples from non-viral ARDS, Flu, and normal lung tissues following standard protocols using
the COVID-19 Immune Response Atlas®’. Samples were stained with immunofluorescent
antibodies for CD68, CD45, PanCK, and DNA (Syto-13). Regions profiled included vascular
zone, large airway, alveoli zone, and IF-guided segments focused specifically on macrophages.
Samples were sequenced on an lllumina NextSeq, processed and filtered for quality as
described in supplementary methods. Differential expression was assessed on the resulting
normalized data using mixed effect models, accounting for intra-patient heterogeneity to assess
differences between COVID-19 high and low populations, and among distinct tissue structures
profiled. Cell deconvolution of the GeoMx data was performed using the SpatialDecon R
package®. Gene set enrichment analysis (GSEA)*® was performed to qualify coordinate gene
expression changes quantified during differential expression analysis.

Pairwise correlations of cell types by conditions

Correlation matrix visualizes the Pearson correlation coefficient by cell types within each
disease condition. Statistically insignificant correlations (p-value bigger than 0.05) are filtered
and identified clusters of positive and negative correlation is marked. The correlations from
COVID-19 high and low are compared with normal, using R package cocor (v1.1-3)*. Briefly,
the correlation coefficients are tested using Fisher's r-to-Z transformation to quantify the
differences between the two correlations. To quantify correlations, each data point (or
correlation coefficient) corresponds to a fisher-tested correlation (z statistics and —log(P-value)
for x and y axes, respectively). The entropy calculations were done with the synRNASeqNet R
package (v1.0, entropyML function, https://github.com/cran/synRNASegNet). The deconvoluted
cell counts were used as an input to run maximum likelihood entropy calculations.

GeoMx Analysis

Cell Bender was used to remove ambient RNA and other technical artifacts from the count
matrices. Following CellBender, individual samples were processed using Cumulus, including
filtering out cells/nuclei with fewer than 400 UMI, 200 genes, or greater than 20% of UMlIs
mapped to mitochondrial genes.

Antibodies
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Immune Cell Profiling Panel (Core); Nanostring Technologies, Inc.; GMX-PROCONCT-HICP-
12, ltem 121300101, Lot# 0474026

10 Drug Target Panel; GMX-PROMODNCT-HIODT-12, Item 121300102, Lot# 0474029

Immune Activation Status Panel; Nanostring Technologies, Inc.; GMX-PROMODNCT-HIAS-12,
Item 121300103, Lot# 0474032

Immune Cell Typing Panel; Nanostring Technologies, Inc.; GMX-PROMODNCT-HICT-12, Item
121300104, Lot# 0474035

Cell Death Panel; Nanostring Technologies, Inc.; GMX-PROMOD-NCTHCD-12, Lot# 0474050
MAPK Signaling Panel; Nanostring Technologies, Inc.; GMX-PROMOD-NCTHMAPK-12, Lot#
0474047

PIBK/AKT Signaling Panel; Nanostring Technologies, Inc.; GMX-PROMOD-NCTHPI3K-12, Lot#
0474053

COVID-19 GeoMx-formatted Antibody Panel including (TMPRSS2, clone EPR3861; ACE2,
clone EPR4436; Cathepsin L/V/K/H, clone EPR8011; DDX5, clone EPR7239; and SARS-CoV-2
spike glycoprotein, polyclonal) ; Abeam; ab273594, Lot# GR3347471-1

GeoMx Solid Tumor TME Morphology Kit; Nanostring Technologies, Inc.; GMX-PRO-MORPH-
HST-12; Item 121300310

Alexa Fluor® 647 alpha-Smooth Muscle Actin Antibody, clone 1A4 ; Novus Bio; IC1420R
Nanostring morphological and staining panels are pre-validated by the manufacturer:
https://www.nanostring.com/download_file/ view/2872/8714

Morphological markers were  previously demonstrated in  human tissue in
https://doi.org/10.1101/2020.08.25.267336

gRT-PCR

Total RNA was extracted in TRIzol (Invitrogen) according to the manufacturer’s instructions. To
guantify viral replication, measured by the expression of sgRNA transcription of the viral N gene,
one-step quantitative real-time PCR was performed using SuperScript 11l Platinum SYBR Green
One-Step gRT-PCR Kit (Invitrogen) with primers specific for the TRS-L and TRS-B sites for the
N gene as well as ACTB as an internal reference. Quantitative real-time PCR reactions were
performed on an Applied Biosystems QuantStudio 6 Flex Real-Time PCR Instrument (ABI).
Delta-delta-cycle threshold (AACT) was determined relative to ACTB levels and normalized to
mock infected samples. Error bars indicate the standard deviation of the mean from three
biological replicates. The sequences of primers/probes are provided in Supplementary Table
2.

RNA-seq Analysis

Patient specimens were processed as described in Butler et al., 2020*. Briefly, nasopharyngeal
(NP) swabs were collected N using the BD Universal Viral Transport Media system (Becton,
Dickinson and Company, Franklin Lakes, NJ) from symptomatic patients. Total Nucleic Acid
(TNA) was extracted from using automated nucleic acid extraction on the QIAsymphony and the
DSP Virus/Pathogen Mini Kit (Qiagen). Autopsy tissues were collected from lung, liver, lymph
nodes, kidney, and the heart and were placed directly into Trizol, homogenized and then snap
frozen in liquid nitrogen. At least after 24 hours these tissue samples were then processed via
standard protocols to isolate RNA.

For RNA library preparation, all samples’ TNA were treated with DNAse 1(Zymo Research,
Catalog # E1010). Post-DNAse digested samples were then put into the NEBNext rRNA
depletion v2 (Human/Mouse/Rat), Ultra Il Directional RNA (10ng), and Unique Dual Index
Primer Pairs were used following the vendor protocols from New England Biolabs. Completed
libraries were quantified by Qubit and run on a Bioanalyzer for size determination. Libraries
were pooled and sent to the WCM Genomics Core or HudsonAlpha for final quantification by
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Qubit fluorometer (ThermoFisher Scientific), TapeStation 2200 (Agilent), and gRT-PCR using
the Kapa Biosystems Illlumina library quantification kit.

NYGC RNA sequencing libraries were prepared using the KAPA Hyper Library Preparation Kit +
RiboErase, HMR (Roche) in accordance with manufacturer's recommendations. Briefly, 50-
200ng of Total RNA were used for ribosomal depletion and fragmentation. Depleted RNA
underwent first and second strand cDNA synthesis followed by adenylation, and ligation of
unique dual indexed adapters. Libraries were amplified using 12 cycles of PCR and cleaned-up
by magnetic bead purification. Final libraries were quantified using fluorescent-based assays
including PicoGreen (Life Technologies) or Qubit Fluorometer (invitrogen) and Fragment
Analyzer (Advanced Analytics) and sequenced on a NovaSeq 6000 sequencer (vl chemistry)
with 2x150bp targeting 60M reads per sample.

Differential Gene Analysis

RNAseq data was processed through the nf-core/rnaseq pipeline**. This workflow involved
quality control of the reads with FastQC*, adapter trimming using Trim Galore!
(https://github.com/FelixKrueger/TrimGalore), read alignment with STAR*}, gene quantification
with Salmon*, duplicate read marking with Picard MarkDuplicates
(https://github.com/broadinstitute/picard), and transcript quantification with StringTie*. Other
quality control measures included RSeQC, Qualimap, and dupRadar. Alignment was performed
using the GRCh38 build native to nf-core and annotation was performed using Gencode Human
Release 33 (GRCH38.p13). FeatureCounts reads were normalized using variance-stabilizing
transform (vst) in DESeq2 package in R for visualization purposes in log-scale®®. Cell
deconvolution was performed using MuSIiC on single cell reference datasets for lung, liver,
kidney, and heart* ', Immune cell deconvolution was performed on lymph node samples using
quanTlseq®. Differential expression of genes was calculated by DESeq2. Differential
expression comparisons were done as either COVID+ cases versus COVID- controls for each
tissue specifically, correcting for sequencing batches with a covariate where applicable, or
pairwise comparison of viral levels from the lung as determined by nCounter data. In the
volcano plot protein coding genes were plotted using Gencode classifications using -
logl0(adjusted p-value) and log2 fold-change metrics. Genes with BH-adjusted p-value < 0.01
and absolute log2 fold-change greater than 0.58 (at least 50% change in either direction) were
taken as significantly differentially regulated®®. Genes were ranked by their Wald statistic and
their log2 fold-change values and used as input for gene set enrichment analysis (GSEA) on the
molecular signatures database (MSigDB)>**’. Any signature with adjusted p-value < 0.01 was
taken as significant. List of differentially expressed genes and significantly enriched pathways
are reported in Supplementary Table 1.

Differential isoform usage was estimated with IsoformSwitchAnalyzeR>®. Briefly, Salmon isoform
count matrices from every sample were imported using importRdata®®, using Gencode v33 exon
annotations and nucleotide sequences. Single-isoform genes were filtered, as well as any
genes below an expression cutoff of 1. Isoform switch testing was performed using
isoformSwitchTestDEXSeq with default parameters®®®!. All tissue types were tested separately,
with COVID versus Control as the experimental condition. Differentially spliced genes were
annotated as such: coding potential was assigned using CPAT®?, protein domains were
predicted with Pfam®, signal peptides were predicted with SignalP®, and intrinsically disordered
regions were predicted using IUPred2a®, all using default parameters. Final isoform switch lists
were generated using a differential isoform fraction cutoff of 0.1, a coding cutoff of 0.725, and
non-coding ORFs removed. Gains and losses of predicted splicing events were predicted with
extractSwitchingSummary and the functional significance of events was predicted with
extractConsequenceSummary. Finally, differentially spliced pathways were estimated using
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PathwaySplice®, a gene feature-aware pathway analysis tool, using no GO size limitation, the
Wallenius method of hypergeometric bias adjustment, and an exon-counting bin size of 20.
Pathways were annotated against the Reactome Pathway Database®®.

TCEM Analysis

We used the method described by Danko et al®’ to identify potential T Cell Expressed Motifs
(TCEMS) in transcriptomic data from this study. Briefly, that method includes assembling IgH
sequences using MiXCR®®, then selecting 5 amino acid k-mers from the CDR3 regions of these
sequences using three specific patterns specified by Bremel et al®®. The whole set of 5aa
sequences, with abundances, is the TCEM repertoire for a sample. We normalized the
abundances of our TCEM repertoires by the total number of TCEMs of each pattern in a sample
to yield relative abundances.

We mapped the TCEM repertoire from each sample to canonical SARS-CoV-2 protein
sequences. We took every 5 amino acid subsequence from each protein and matched these
sequences to the 5aa sequences in our TCEM repertoire. Any 5aa sequence which did not
uniquely identify a single SARS-CoV-2 protein was discarded. We mapped each remaining 5aa
sequence to a position on the SARS-CoV-2 genome by offsetting the position within the protein
to the position by the position of the protein on the genome. Some 5aa sequences occurred
multiple times in the same protein. For these sequences we arbitrarily used the highest (most 3’)
coordinate.

References

1. He, X., Lau, E.H.Y., Wu, P. et al. Temporal dynamics in viral shedding and
transmissibility of COVID-19. (2020). Nat Med 26, 672-675.

2. Guan W, et al. Clinical Characteristics of Coronavirus Disease 2019 in China. NEJM.
2020; 382:1708-1720.

3. ZhouF, Yu T, DuR, Fan G, Liu Y, Liu Z, Xiang J, Wang Y, Song B, Gu X, Guan L, Wei
Y, LiH, Wu X, Xu J, Tu S, Zhang Y, Chen H, Cao B. Clinical course and risk factors for
mortality of adult inpatients with COVID-19 in Wuhan, China: a retrospective cohort
study. Lancet. 2020 Mar 28;395(10229):1054-1062.

4. Butler D, et al. Shotgun Transcriptome and Isothermal Profiling of SARS-CoV-2 Infection
Reveals Unique Host Responses, Viral Diversification, and Drug Interactions. Nature
Communications. In Press 2021.

5. Lansbury L, Lim B, Baskaran V, Lim WS. Co-infections in people with COVID-19: a
systematic review and meta-analysis. J Infect. 2020 Aug;81(2):266-275.

6. Lei X, Dong X, Ma R, Wang W, Xiao X, Tian Z, Wang C, Wang Y, Li L, Ren L, Guo F,
Zhao Z, Zhou Z, Xiang Z, Wang J. Activation and evasion of type | interferon responses
by SARS-CoV-2. Nat Commun. 2020 Jul 30;11(1):3810.

7. Desai N, Neyaz A, Szabolcs A, Shih AR, Chen JH, Thapar V, Nieman LT, Solovyov A,
Mehta A, Lieb DJ, Kulkarni AS, Jaicks C, Xu KH, Raabe MJ, Pinto CJ, Juric D, Chebib I,
Colvin RB, Kim AY, Monroe R, Warren SE, Danaher P, Reeves JW, Gong J, Rueckert
EH, Greenbaum BD, Hacohen N, Lagana SM, Rivera MN, Sholl LM, Stone JR, Ting DT,
Deshpande V. Temporal and spatial heterogeneity of host response to SARS-CoV-2
pulmonary infection. Nat Commun. 2020 Dec 9;11(1):6319.

8. Guo Q, Zhao Y, Li J, Liu J, Yang X, Guo X, Kuang M, Xia H, Zhang Z, Cao L, Luo Y,
Bao L, Wang X, Wei X, Deng W, Wang N, Chen L, Chen J, Zhu H, Gao R, Qin C, Wang
X, You F. Induction of alarmin S100A8/A9 mediates activation of aberrant neutrophils in
the pathogenesis of COVID-19. Cell Host Microbe. 2021 Feb 10;29(2):222-235.e4.


https://doi.org/10.1101/2021.03.08.434433

bioRxiv preprint doi: https://doi.org/10.1101/2021.03.08.434433; this version posted March 9, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

9. Silvin A, Chapuis N, Dunsmore G, Goubet AG, Dubuisson A, Derosa L, Almire C, Hénon
C, Kosmider O, Droin N, Rameau P, Catelain C, Alfaro A, Dussiau C, Friedrich C,
Sourdeau E, Marin N, Szwebel TA, Cantin D, Mouthon L, Borderie D, Deloger M, Bredel
D, Mouraud S, Drubay D, Andrieu M, Lhonneur AS, Saada V, Stoclin A, Willekens C,
Pommeret F, Griscelli F, Ng LG, Zhang Z, Bost P, Amit |, Barlesi F, Marabelle A, Péne
F, Gachot B, André F, Zitvogel L, Ginhoux F, Fontenay M, Solary E. Elevated
Calprotectin and Abnormal Myeloid Cell Subsets Discriminate Severe from Mild COVID-
19. Cell. 2020 Sep 17;182(6):1401-1418.e18.

10. Chevrier S, Zurbuchen Y, Cervia C, Adamo S, Raeber ME, de Souza N, Sivapatham S,
Jacobs A, Bachli E, Rudiger A, Stussi-Helbling M, Huber LC, Schaer DJ, Nilsson J,
Boyman O, Bodenmiller B. A distinct innate immune signature marks progression from
mild to severe COVID-19. Cell Rep Med. 2020 Dec 26;2(1):100166. doi:
10.1016/j.xcrm.2020.100166. PMID: 33521697; PMCID: PMC7817872.

11. Liao M, Liu Y, Yuan J, Wen Y, Xu G, Zhao J, Cheng L, Li J, Wang X, Wang F, Liu L,
Amit I, Zhang S, Zhang Z. Single-cell landscape of bronchoalveolar immune cells in
patients with COVID-19. Nat Med. 2020 Jun;26(6):842-844.

12. Channappanavar R, Zhao J, Perlman S. T cell-mediated immune response to respiratory
coronaviruses. Immunol Res. 2014 Aug;59(1-3):118-28.

13.Wang W, Xu Y, Gao R, Lu R, Han K, Wu G, Tan W. Detection of SARS-CoV-2 in
Different Types of Clinical Specimens. JAMA. 2020 May 12;323(18):1843-1844.

14. Kim D, Lee JY, Yang JS, Kim JW, Kim VN, Chang H. The Architecture of SARS-CoV-2
Transcriptome. Cell. 2020 May 14;181(4):914-921.e10.

15. Boumaza A, Gay L, Mezouar S, Bestion E, Diallo AB, Michel M, Desnues B, Raoult D,
La Scola B, Halfon P, Vitte J, Olive D, Mege JL. Monocytes and macrophages, targets of
SARS-CoV-2: the clue for Covid-19 immunoparalysis. J Infect Dis. 2021 Jan 25:jiab044.

16. Kuriakose J, Redecke V, Guy C, Zhou J, Wu R, Ippagunta SK, Tillman H, Walker PD,
Vogel P, Hacker H. Patrolling monocytes promote the pathogenesis of early lupus-like
glomerulonephritis. J Clin Invest. 2019 Apr 29;129(6):2251-2265.

17. Merad M, Martin JC. Pathological inflammation in patients with COVID-19: a key role for
monocytes and macrophages. Nat Rev Immunol. 2020 Jun;20(6):355-362.

18. Vitting-Seerup K, Sandelin A. The Landscape of Isoform Switches in Human Cancers.
Mol Cancer Res. 2017 Sep;15(9):1206-1220.

19.Yan A, Ban Y, Gao Z, Chen X, Wang L. PathwaySplice: an R package for unbiased
pathway analysis of alternative splicing in RNA-Seq data. Bioinformatics. 2018 Sep
15;34(18):3220-3222.

20. Blais ME, Dong T, Rowland-Jones S. HLA-C as a mediator of natural killer and T-cell
activation: spectator or key player?. Immunology. 2011;133(1):1-7.

21. Johnson DR. Differential expression of human major histocompatibility class | loci: HLA-
A, -B, and -C. Hum Immunol. 2000 Apr;61(4):389-96.

22. Fang C, Huang H, Feng Y, Zhang Q, Wang N, Jing X, Guo J, Ferianc M, Xu Z. Whole-
exome sequencing identifies susceptibility genes and pathways for idiopathic pulmonary
fibrosis in the Chinese population. Sci Rep. 2021 Jan 14;11(1):1443.

23. Corvol H, Blackman SM, Boélle PY, Gallins PJ, Pace RG, Stonebraker JR, Accurso FJ,
Clement A, Collaco JM, Dang H, Dang AT, Franca A, Gong J, Guillot L, Keenan K, Li W,
Lin F, Patrone MV, Raraigh KS, Sun L, Zhou YH, O'Neal WK, Sontag MK, Levy H, Durie
PR, Rommens JM, Drumm ML, Wright FA, Strug LJ, Cutting GR, Knowles MR.
Genome-wide association meta-analysis identifies five modifier loci of lung disease
severity in cystic fibrosis. Nat Commun. 2015 Sep 29;6:8382.

24. Reyfman PA, Walter JM, Joshi N, Anekalla KR, McQuattie-Pimentel AC, Chiu S,
Fernandez R, Akbarpour M, Chen CI, Ren Z, Verma R, Abdala-Valencia H, Nam K, Chi
M, Han S, Gonzalez-Gonzalez FJ, Soberanes S, Watanabe S, Williams KJN, Flozak AS,


https://doi.org/10.1101/2021.03.08.434433

bioRxiv preprint doi: https://doi.org/10.1101/2021.03.08.434433; this version posted March 9, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Nicholson TT, Morgan VK, Winter DR, Hinchcliff M, Hrusch CL, Guzy RD, Bonham CA,
Sperling Al, Bag R, Hamanaka RB, Mutlu GM, Yeldandi AV, Marshall SA, Shilatifard A,
Amaral LAN, Perlman H, Sznajder JI, Argento AC, Gillespie CT, Dematte J, Jain M,
Singer BD, Ridge KM, Lam AP, Bharat A, Bhorade SM, Gottardi CJ, Budinger GRS,
Misharin AV. Single-Cell Transcriptomic Analysis of Human Lung Provides Insights into
the Pathobiology of Pulmonary Fibrosis. Am J Respir Crit Care Med. 2019 Jun
15;199(12):1517-1536.

25.Tian Y, Li H, Gao Y, Liu C, Qiu T, Wu H, Cao M, Zhang Y, Ding H, Chen J, Cai H.
Quantitative proteomic characterization of lung tissue in idiopathic pulmonary fibrosis.
Clin Proteomics. 2019 Feb 6;16:6.

26. Kilic A, Ameli A, Park JA, Kho AT, Tantisira K, Santolini M, Cheng F, Mitchel JA, McGill
M, O'Sullivan MJ, De Marzio M, Sharma A, Randell SH, Drazen JM, Fredberg JJ, Weiss
ST. Mechanical forces induce an asthma gene signature in healthy airway epithelial
cells. Sci Rep. 2020 Jan 22;10(1):966.

27. Rendeiro AF, Ravichandran H, Bram Y, Salvatore S, Borczuk A, Elemento O, Schwartz
RE. The spatio-temporal landscape of lung pathology in SARS-CoV-2 infection.
https://www.medrxiv.org/content/10.1101/2020.10.26.20219584v1.full

28. Takahashi T, Ellingson MK, Wong P, Israelow B, Lucas C, Klein J, Silva J, Mao T, Oh
JE, Tokuyama M, Lu P, Venkataraman A, Park A, Liu F, Meir A, Sun J, Wang EY,
Casanovas-Massana A, Wyllie AL, Vogels CBF, Earnest R, Lapidus S, Ott IM, Moore
AJ; Yale IMPACT Research Team, Shaw A, Fournier JB, Odio CD, Farhadian S, Dela
Cruz C, Grubaugh ND, Schulz WL, Ring AM, Ko Al, Omer SB, lwasaki A. Sex
differences in immune responses that underlie COVID-19 disease outcomes. Nature.
2020 Dec;588(7837):315-320.

29. Lucas C, Wong P, Klein J, Castro TBR, Silva J, Sundaram M, Ellingson MK, Mao T, Oh
JE, Israelow B, Takahashi T, Tokuyama M, Lu P, Venkataraman A, Park A, Mohanty S,
Wang H, Wyllie AL, Vogels CBF, Earnest R, Lapidus S, Ott IM, Moore AJ, Muenker MC,
Fournier JB, Campbell M, Odio CD, Casanovas-Massana A; Yale IMPACT Team,
Herbst R, Shaw AC, Medzhitov R, Schulz WL, Grubaugh ND, Dela Cruz C, Farhadian S,
Ko Al, Omer SB, Iwasaki A. Longitudinal analyses reveal immunological misfiring in
severe COVID-19. Nature. 2020 Aug;584(7821):463-469.

30. Rydyznski Moderbacher C, Ramirez SI, Dan JM, Grifoni A, Hastie KM, Weiskopf D,
Belanger S, Abbott RK, Kim C, Choi J, Kato Y, Crotty EG, Kim C, Rawlings SA, Mateus
J, Tse LPV, Frazier A, Baric R, Peters B, Greenbaum J, Ollmann Saphire E, Smith DM,
Sette A, Crotty S. Antigen-Specific Adaptive Immunity to SARS-CoV-2 in Acute COVID-
19 and Associations with Age and Disease Severity. Cell. 2020 Nov 12;183(4):996-
1012.e19.

31. Rendeiro AF, Casano J, Vorkas CK, Singh H, Morales A, DeSimone RA, Ellsworth GB,
Soave R, Kapadia SN, Saito K, Brown CD, Hsu J, Kyriakides C, Chiu S, Cappelli LV,
Cacciapuoti MT, Tam W, Galluzzi L, Simonson PD, Elemento O, Salvatore M, Inghirami
G. Profiling of immune dysfunction in COVID-19 patients allows early prediction of
disease progression. Life Sci Alliance. 2020 Dec 24;4(2):e202000955.

32.Basso C, Leone O, Rizzo S, De Gaspari M, van der Wal AC, Aubry MC, Bois MC, Lin
PT, Maleszewski JJ, Stone JR. Pathological features of COVID-19-associated
myocardial injury: a multicentre cardiovascular pathology study. Eur Heart J. 2020 Oct
14;41(39):3827-3835.

33. Siddig MM, Chan AT, Miorin L, Yadaw AS, Beaumont KG, Kehrer T, White KM, Cupic A,
Tolentino RE, Hu B, Stern AD, Tavassoly |, Hansen J, Martinez P, Dubois N, Schaniel C,
lyengar-Kapuganti R, Kukar N, Giustino G, Sud K, Nirenberg S, Kovatch P, Goldfarb J,
Croft L, McLaughlin MA, Argulian E, Lerakis S, Narula J, Garcia-Sastre A, lyengar R.



https://doi.org/10.1101/2021.03.08.434433

bioRxiv preprint doi: https://doi.org/10.1101/2021.03.08.434433; this version posted March 9, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Physiology of cardiomyocyte injury in COVID-19. medRxiv [Preprint]. 2020 Nov
13:2020.11.10.20229294.

34.Hu B, Huang S, Yin L. The cytokine storm and COVID-19. J Med Virol. 2021
Jan;93(1):250-256.

35. Jose RJ, Manuel A. COVID-19 cytokine storm: the interplay between inflammation and
coagulation. Lancet Respir Med. 2020 Jun;8(6):e46-e47.

36. Sapoval N, Mahmoud M, Jochum M, Liu Y, Elworth RAL, Wang Q, Albin D, Ogilvie H,
Lee MD, Villapol S, Hernandez K, Maljkovic Berry |, Foox J, Beheshti A, Ternus K,
Aagaard K, Posada D, Mason C, Sedlazeck FJ, Treangen TJ. Hidden genomic diversity
of SARS-CoV-2: implications for gRT-PCR diagnostics and transmission. Genome Res.
2021 Feb 18:9r.268961.120.

37. Merritt, C. R. et al. Multiplex digital spatial profiling of proteins and RNA in fixed tissue.
Nat. Biotechnol. 38, 586—599 (2020).

38. Danaher, P. SpatialDecon: Deconvolution of mixed cells from spatial and/or bulk gene
expression data. (2020).

39. Korotkevich G, Sukhov V, Budin N, Shpak B, Artyomov MN, Sergushichev A. Fast gene
set enrichment analysis. https://www.biorxiv.org/content/10.1101/060012v3

40. Diedenhofen, B. & Musch, J. (2015). cocor: A Comprehensive Solution for the Statistical
Comparison of Correlations. PLoS ONE, 10(4): e0121945.

41. Ewels P, Peltzer A, Fillinger S, Patel H, Alneberg J, Wilm A, Garcia MU, Di Tommaso P,
Nahnsen S. The nf-core framework for community-curated bioinformatics pipelines. Nat
Biotechnol. 2020 Feb 13.

42. Andrews, S. (2010). FastQC: A Quality Control Tool for High Throughput Sequence Data
[Online]. Available online at: http://www.bioinformatics.babraham.ac.uk/projects/fastqc/

43. Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P, Chaisson M,
Gingeras TR. STAR: ultrafast universal RNA-seq aligner. Bioinformatics. 2013 Jan
1;29(1):15-21

44. Patro, R., Duggal, G., Love, M. |., Irizarry, R. A., & Kingsford, C. (2017). Salmon
provides fast and bias-aware quantification of transcript expression. Nature Methods.

45. Kovaka S, Zimin AV, Pertea GM, Razaghi R, Salzberg SL, Pertea M Transcriptome
assembly from long-read RNA-seq alignments with StringTie2, Genome Biology 20, 278
(2019).

46. Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for
RNA-seq data with DESeq2. Genome Biol. 2014;15(12):550.

47. Wang X, Park J, Susztak K, Zhang NR, Li M. Bulk tissue cell type deconvolution with
multi-subject single-cell expression reference. Nat Commun. 2019 Jan 22;10(1):380.

48. Travaglini KJ, Nabhan AN, Penland L, Sinha R, Gillich A, Sit RV, Chang S, Conley SD,
Mori Y, Seita J, Berry GJ, Shrager JB, Metzger RJ, Kuo CS, Neff N, Weissman IL,
Quake SR, Krasnow MA. A molecular cell atlas of the human lung from single-cell RNA
sequencing. Nature. 2020 Nov;587(7835):619-625.

49. MacParland SA, Liu JC, Ma XZ, Innes BT, Bartczak AM, Gage BK, Manuel J, Khuu N,
Echeverri J, Linares |, Gupta R, Cheng ML, Liu LY, Camat D, Chung SW, Seliga RK,
Shao Z, Lee E, Ogawa S, Ogawa M, Wilson MD, Fish JE, Selzner M, Ghanekar A, Grant
D, Greig P, Sapisochin G, Selzner N, Winegarden N, Adeyi O, Keller G, Bader GD,
McGilvray ID. Single cell RNA sequencing of human liver reveals distinct intrahepatic
macrophage populations. Nat Commun. 2018 Oct 22;9(1):4383.

50. Stewart BJ, Ferdinand JR, Young MD, Mitchell TJ, Loudon KW, Riding AM, Richoz N,
Frazer GL, Staniforth JUL, Vieira Braga FA, Botting RA, Popescu DM, Vento-Tormo R,
Stephenson E, Cagan A, Farndon SJ, Polanski K, Efremova M, Green K, Del Castillo
Velasco-Herrera M, Guzzo C, Collord G, Mamanova L, Aho T, Armitage JN, Riddick
ACP, Mushtaq I, Farrell S, Rampling D, Nicholson J, Filboy A, Burge J, Lisgo S, Lindsay



https://doi.org/10.1101/2021.03.08.434433

bioRxiv preprint doi: https://doi.org/10.1101/2021.03.08.434433; this version posted March 9, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

S, Bajenoff M, Warren AY, Stewart GD, Sebire N, Coleman N, Haniffa M, Teichmann
SA, Behjati S, Clatworthy MR. Spatiotemporal immune zonation of the human kidney.
Science. 2019 Sep 27;365(6460):1461-1466.

51. Wang L, Yu P, Zhou B, Song J, Li Z, Zhang M, Guo G, Wang Y, Chen X, Han L, Hu S.
Single-cell reconstruction of the adult human heart during heart failure and recovery
reveals the cellular landscape underlying cardiac function. Nat Cell Biol. 2020
Jan;22(1):108-119.

52. Finotello F, Mayer C, Plattner C, Laschober G, Rieder D, Hackl H, Krogsdam A, Loncova
Z, Posch W, Wilflingseder D, Sopper S, ljsselsteijn M, Brouwer TP, Johnson D, Xu Y,
Wang Y, Sanders ME, Estrada MV, Ericsson-Gonzalez P, Charoentong P, Balko J, de
Miranda NFDCC, Trajanoski Z. Molecular and pharmacological modulators of the tumor
immune contexture revealed by deconvolution of RNA-seq data. Genome Med. 2019
May 24;11(1):34.

53. Benjamini Y and Hochberg Y. Controlling the False Discovery Rate: A Practical and
Powerful Approach to Multiple Testing. Journal of the Royal Statistical Society 1995
57(1):289-300.

54. Liberzon A, Subramanian A, Pinchback R, Thorvaldsdéttir H, Tamayo P, Mesirov JP.
Molecular signatures database (MSigDB) 3.0. Bioinformatics. 2011 Jun 15;27(12):1739-
40.

55. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, Paulovich
A, Pomeroy SL, Golub TR, Lander ES, Mesirov JP. Gene set enrichment analysis: a
knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl
Acad Sci U S A. 2005 Oct 25;102(43):15545-50.

56. Kuleshov MV, Jones MR, Rouillard AD, Fernandez NF, Duan Q, Wang Z, Koplev S,
Jenkins SL, Jagodnik KM, Lachmann A, McDermott MG, Monteiro CD, Gundersen GW,
Ma'ayan A. Enrichr: a comprehensive gene set enrichment analysis web server 2016
update. Nucleic Acids Res. 2016 Jul 8;44(W1):W90-7.

57. Sergushichev, A. A. An algorithm for fast preranked gene set enrichment analysis using
cumulative statistic calculation. bioRxiv 60012 (2016) doi:10.1101/060012.

58. Vitting-Seerup K, Sandelin A. IsoformSwitchAnalyzeR: analysis of changes in genome-
wide patterns of alternative splicing and its functional consequences. Bioinformatics.
2019 Nov 1;35(21):4469-4471. doi: 10.1093/bioinformatics/btz247. PMID: 30989184.

59. Soneson C, Love MI, Robinson MD. Differential analyses for RNA-seq: transcript-level
estimates improve gene-level inferences. F1000Res. 2015 Dec 30;4:1521

60. Anders S, Reyes A, Huber W. Detecting differential usage of exons from RNA-seq data.
Genome Res. 2012 Oct;22(10):2008-17.

61. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, Smyth GK. limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res. 2015 Apr 20;43(7):e47.

62. Wang L, Park HJ, Dasari S, Wang S, Kocher JP, Li W. CPAT: Coding-Potential
Assessment Tool using an alignment-free logistic regression model. Nucleic Acids Res.
2013 Apr 1;41(6):e74.

63. Finn RD, Tate J, Mistry J, Coggill PC, Sammut SJ, Hotz HR, Ceric G, Forslund K, Eddy
SR, Sonnhammer EL, Bateman A. The Pfam protein families database. Nucleic Acids
Res. 2008 Jan;36(Database issue):D281-8.

64. Almagro Armenteros JJ, Tsirigos KD, Sgnderby CK, Petersen TN, Winther O, Brunak S,
von Heijne G, Nielsen H. SignalP 5.0 improves signal peptide predictions using deep
neural networks. Nat Biotechnol. 2019 Apr;37(4):420-423.

65. Mészaros B, Erdos G, Dosztanyi Z. IUPred2A: context-dependent prediction of protein
disorder as a function of redox state and protein binding. Nucleic Acids Res. 2018 Jul
2;46(W1):W329-W337.


https://doi.org/10.1101/2021.03.08.434433

bioRxiv preprint doi: https://doi.org/10.1101/2021.03.08.434433; this version posted March 9, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

66. Jassal, B. et al. The reactome pathway knowledgebase. Nucleic Acids Res. 48, D498-
D503 (2020).

67. Danko DC, Singh N, Butler DJ, Mozsary C, Jiang P, Keshavarzian A, Maienschein-Cline
M, Chlipala G, Afshinnekoo E, Bezdan D, Garrett-Bakelman F, Green SJ, Turek FW,
Vitaterna MH, Venkateswaran K, Mason CE. Genetic and Immunological Evidence for
Microbial Transfer Between the International Space Station and an Astronaut.
https://www.biorxiv.org/content/10.1101/2020.11.10.376954v2

68. Bolotin DA, Poslavsky S, Davydov AN, Frenkel FE, Fanchi L, Zolotareva Ol, Hemmers
S, Putintseva EV, Obraztsova AS, Shugay M, Ataullakhanov RI, Rudensky AY,
Schumacher TN, Chudakov DM. Antigen receptor repertoire profiling from RNA-seq
data. Nat Biotechnol. 2017 Oct 11;35(10):908-911.

69. Bremel RD, Homan EJ. Extensive T-Cell Epitope Repertoire Sharing among Human
Proteome, Gastrointestinal Microbiome, and Pathogenic Bacteria: Implications for the
Definition of Self. Front Immunol. 2015 Oct 22;6:538.

Main Figures and Tables

Figure 1. Spatial transcriptomics identifies differences between COVID-19 high and
COVID-19 low relative to Normal lung.

a. Diagram showing the two-pronged approach used to identify high and low SARS-CoV-2 viral
groups from a larger cohort followed by spatially resolved transcriptomics of a subset of
samples using GeoMx. b. Volcano plot showing differences between Normal and COVID-19
high samples after accounting for compartmental differences. Top genes, in terms of p-value or
fold change (FC) are indicated in grey and COVID-19 spike-in genes are labeled in black. c.
Ternary plot of a combined analysis of COVID-19 high, COVID-19 low, and Normal where
genes are projected away from the center based on their marginal means. Genes upregulated
in a single group approach that group’s corner. Top genes in terms of p-value or FC are labeled.
Genes with color were significant with p-value < 0.05. Genes with outlines are significant after
correcting for multiple hypothesis testing.

Figure 2. Deconvoluted cell type proportion estimates and comparison.

a. Cell type proportions between normal vs. COVID-19. The median and quartiles are noted by
the box plot inside. P-value two-tailed t-tests were done to compare the means (ns: non-
significant, *;p <= 0.05, **: p <= 0.01, ***; p <= 0.001, and ****: p <= 0.0001). b. PCA analysis of
the cell proportions. Colors denote disease conditions (normal, COVID-19 high and low), while
shapes show the tissue types (alveolar, large airway, and vascular regions).

Figure 3. Cell Interaction Displacement in COVID-19.

a. Correlation matrix of pairwise cell-type correlations. Statistically insignificant correlations were
not displayed (grey area, p-value cutoff 0.05). b. average proportion changes of the cell types
relative to normal. The cell types were ordered by average increase in proportions (in the plot:
zoom-in of the cell types excluding neutrophils and plasma cells). Error bars indicate 0.5*SD.
On the left, stacked bar plot depicts the overall proportions by conditions c. Entropy estimates of
the tissue types, and d. of the cell types within the conditions

Figure 4. Tissue- and duration-specific dysregulation of gene expression from SARS-
CoV-2 infection.

a. Sample overview by tissue for RNA-seq experiments. b. Cellular deconvolution distribution
violin plots for the heart, kidney, liver, and lung. COVID-19 high (red), COVID-19 low (orange),
normal tissues (blue) are shown in square root scale, as well as c. specific gene expression
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distributions for cardiomyocyte-related genes. d. Volcano plots of the COVID-19 positive vs.
normal tissues are shown for the five tissues from autopsy: heart, kidney, liver, lung, lymph
node. Differentially expressed genes (>1.5-fold, g-values <0.05, DESeq2) are shown as purple
spots (down-regulation) and orange (up-regulation). e. Select pathways that show significant
differences in different tissues are shown, with the statistical significance shown as a color
range (legend, GSEA permutation test and adaptive multilevel splitting Monte Carlo method),
and non-significant differences shown in grey. f. The pathways that show significant differences
in all or majority of the five tissues are shown, with statistical significance from GSEA testing
across five tissues (color in legend) and x-axis for the normalized enrichment score for COVID-
19 positive vs. Control, COVID-19 high or low vs. Control, and COVID-19 high vs. COVID-19
low comparisons.

Figure 5. Tissue-specific splicing dysregulation from SARS-CoV-2 infection.

a. Enrichment of isoform switching types across tissues. ORF=Open Reading Frame;
NMD=Nonsense-Mediated Decay; IDR=Intrinsically Disordered Regions. b. Enrichment of
alternative splicing across tissues. c. UpSet plot showing counts of genes with consequential
isoform switching per tissue. d. Log odds ratio of select significantly dysregulated pathways
across tissues, colored by adjusted p-value.

Figure 6. TCEMs match sites throughout the SARS-CoV-2 genome.

a. abundance of TCEMs that mapped to the SARS-CoV-2 genome in both our case and control
samples. b. Average abundance of TCEMs across different tissue types. Coefficients of fit and
p-values for each line in both panels are listed in Supplementary Table 3, and confidence
intervals are visualized in grey area.

Table 1. Number of samples in this study broken down by tissue and analysis type.

Extended Data Figures

Extended Data Figure 1. Hierarchical clustering of viral genes in the lung.

a. ERCC and HK normalized nCounter gene expression values were centered and rescaled.
The resulting Z-scores are shown in this unsupervised clustering. COVID-19 positivity, where
applicable, is indicated above columns. b. Summary of days of disease durations of each
high/low groups.

Extended Data Figure 2. Differentially expressed genes across three conditions.
a. Ternary plot for Flu vs COVID-19 high vs COVID-19 low, b. Ternary plot for Non-viral ARDS
vs COVID-19 high vs COVID-19 low.

Extended Data Figure 3. Deconvoluted cell type proportions by conditions.

From GeoMx data, cell proportions for each ROIs were plotted to compare between COVID-19
vs. normal control. The median and quartiles are noted by the box plot inside. P-value two-tailed
t-tests were done to compare the means (ns: non-significant, *:p <= 0.05, **: p <= 0.01, **: p <=
0.001, and ****: p <= 0.0001).

Extended Data Figure 4. Examples of Trichrome stained lung tissue regions used for
guantification.

a-d. COVID-19 high cases: COVID1, COVID2, 55 and 59 showing mild increase in collagen
zones with focally increased spindled cells, best seen in (b). e-h. COVID-19 low cases: COVID
17, 21, 73 and 86 with marked areas of increased collagen containing spindled cells, best seen
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in (f,g). i-k. normal lungs: 4, 103 and 104 showing blue staining collagen without expanded
zones of cellularity (Masson trichrome, for all panels original magnification x 50). I.
Quantification of collagen-rich fibroblastic zones, *p-value<0.01.

Extended Data Figure 5. Quantitative descriptions of correlations and cell-type counts
entropy values.

a. Quantitative, pairwise comparison of the cell type correlations. To quantitatively compare
correlation patterns in Figure 3a, the correlations are compared pairwise by Fisher's test. The
transformed scores and p-values are shown. b. Entropy calculations for the cell type counts.
Entropy of cell type counts are visualized by tissue types, as in Figure 3c. Area marked in
darker grey indicates significantly insignificant results.

Extended Data Figure 6. ssGSEA scores by conditions.

The single-sample enrichment scores of a. macrophage, b. neutrophil, and c. T and NK cell
related gene sets were evaluated. The scores were averaged and compared across COVID-19
high and low, ARDS, flu, relative to normal.

Extended Data Figure 7. Viral Genome Reconstruction from Total RNA-Seq Data.

a. For each patient sample per tissue, the percentage of Total RNA-seq reads mapped uniquely
to SARS-CoV-2 and no other taxon is shown, against the percentage of the viral genome
(Wuhan reference) that was covered with >10 reads during genome assembly. b. Normalized
expression value per gene body in the SARS-CoV-2 genome for samples where at least 10% of
the viral genome was covered with >10 reads. c. Heatmap of variant alleles across the viral
genome, grouped by patient.

Extended Data Figure 8a. Representative images of lung morphology of the cases
analyzed by GeoMx spatial transcriptomics.

a-h. COVID cases (a) COVID1 (b) COVID2 (c) 55L (d) 59L (e) COVID 17 (f) COVID21 (g) 73L
(h) 86L; i-j. ARDS and influenza (i) Flul (j) Flu2; k-m. ARDS non-influenza (k) ARDS1 (I)
ARDS2 (m) ARDSS; n-p. Normal lung (n) NL4 (o) Archoil03 (p) Archoi 104. Hematoxylin and
eosin stain, Original magnification x 100 except for c and d (x 50).

Extended Data Figure 8b. Sample collection strategy for COVID autopsy samples from
complete adult cases. Two cases with representative hematoxylin and eosin images are
shown: a-e. Case 58 and f-j. Case 73. (a, f) Lung, (b,g) Kidney, (c,h) Heart, (d,i) Liver and (e,))
Mediastinal lymph node (Hematoxylin and eosin stain, (b,d,e,i,j) original magnification x 50,
(a,c,f,g,h) original magnification x 100).

Extended Data Figure 9. All dysregulated pathways across tissue types. Pathways found
to be dysregulated based on isoform switch analysis are shown for each tissue type examined.
Only pathways in which at least one tissue had log fold change > 1 and adjusted p-value < 0.05
were considered. Odds ratio is shown per pathway, and pathways are colored by adjusted p-
values (with no shading for non-significant effects).

Extended Data Figure 10. Correlation of different sample types and COVID-19 status.
Correlations between each sample type (label) gene expression matrix and other tissue/sample
types are shown as a correlation range (red, high up to 1.0 and blue, low down to -1.0). The p-
values represent the significance of the correlation with * p-value < 0.05, ** p-value < 0.01, and
*** p-value < 0.001.
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GeoMx DSP nCounter 10360
Pts (ROls, AOls)
COVID high 4 (86, 86) 8
COVID low 4 (94, 94) 23
ARDS 3 (63, 67) 2
Flu 2 (42, 46) 2
Control 3 (60, 64) 3
RNA-Seq
COVID+ COVID-

Lung 36 4
Heart 36 5
Liver 35 5
Lymph Node 22 5
Kidney 34 3

NP Swab 213 517
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