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A single-nucleus and spatial transcriptomic atlas of the COVID-19 liver reveals topological, functional,

and regenerative organ disruption in patients
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Abstract
The molecular underpinnings of organ dysfunction in acute COVID-19 and its potential long-term sequelae are
under intense investigation. To shed light on these in the context of liver function, we performed single-nucleus
RNA-seq and spatial transcriptomic profiling of livers from 17 COVID-19 decedents. We identified hepatocytes
positive for SARS-CoV-2 RNA with an expression phenotype resembling infected lung epithelial cells.
Integrated analysis and comparisons with healthy controls revealed extensive changes in the cellular
composition and expression states in COVID-19 liver, reflecting hepatocellular injury, ductular reaction,
pathologic vascular expansion, and fibrogenesis. We also observed Kupffer cell proliferation and erythrocyte
progenitors for the first time in a human liver single-cell atlas, resembling similar responses in liver injury in
mice and in sepsis, respectively. Despite the absence of a clinical acute liver injury phenotype, endothelial cell
composition was dramatically impacted in COVID-19, concomitantly with extensive alterations and
profibrogenic activation of reactive cholangiocytes and mesenchymal cells. Our atlas provides novel insights
into liver physiology and pathology in COVID-19 and forms a foundational resource for its investigation and

understanding.
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Main

COVID-19 exhibits a wide phenotypic spectrum with potential multi-organ involvement during its acute
phase %, including liver-related pathology. Abnormal liver biochemistry is reported in 15-65% of SARS-CoV-2
infected individuals >, and is often associated with poorer clinical outcomes **. To date, there are few studies
of human liver tissue from COVID-19 patients, hindering in-depth investigations of COVID-19-related liver
injury, its main causes, and potential long-term effects, especially post-acute sequelae of SARS-CoV-2 infection
(PASC), such as the patient-coined term “long COVID” (Crook et al. 2021) and post-COVID cholangiopathy,
an emerging entity that may require liver transplantation °. In our previous work ®’, we assembled a multi-tissue
COVID-19 cell atlas across lung, heart, kidney, and liver, collected at autopsy from patients who succumbed to
the disease and captured both parenchymal and non-parenchymal cell populations in epithelial tissues at high
fidelity with single nucleus RNA-seq (snRNA-seq). While we have investigated the COVID-19 pathobiology
of the acute respiratory distress syndrome (ARDS) lung in depth, including by spatial -omics in situ, the impact

in other organs, including the liver, have not yet been deeply explored.

Multiple factors may underlie the COVID-19 liver phenotype, including the impact of direct infection
given the expression of SARS-CoV-2 entry factors in major hepatic cell classes **°, systemic inflammation,
drug-induced injury, and hypoxia *!°. Some studies suggest the presence of subclinical liver damage, especially

in the liver vasculature **, with short- and potentially long-term implications.

Metabolic, vascular, and biliary alterations in COVID-19 patients could result from direct or indirect
viral damage to the liver 3, while it was recently shown through bulk RNA sequencing and proteomics that bulk
gene and protein profiles of livers identified as positive with SARS-CoV-2 present similarities to the signatures
associated with multiple other viral infections of the human liver®. This further increases the importance of
identifying its effects on infected cells and their interactions with their microenvironment. The spatial
manifestation of COVID-19 phenotypes in the liver could especially be of interest due to its distinct
architecture. The liver is organized in the hexagonal-shaped repeating anatomical units of the liver lobules,
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radiating into spatially distinct lobular zones that span from the portal triad to the central vein. The oxygen and
nutrition gradients between the portal and central vein dictate liver development and define cellular function.

12,13

While cellular expression programs are affected by zonation in both health and disease , most spatial and

zonation information to date has been derived from selected markers or by concordance with animal models 2,

Here, we created an integrated liver COVID-19 atlas of 80,808 snRNA-seq profiles from liver samples
collected at autopsy from 17 patients who succumbed to severe COVID-19, as well as whole transcriptome
spatial profiling of 62 regions of interest (ROIs) from four concordant livers. By comparison with healthy
controls (n=4), we generated a high-resolution map of the cellular landscape of the COVID-19 liver as well as
determination of the viral impact on cell subsets, their activation states, and cell-cell communication. We used
these to assess clinically relevant changes in hepatocytes and hepatic non-parenchymal cells in response to viral

infection.

A liver cell and spatial atlasin severe COVID-19

To construct a COVID-19 liver atlas, we leveraged an autopsy cohort of 17 COVID-19 patients (6
males, 11 females, ages from 30-35 to >89 years) across four medical centers from the Northeastern United
States (Table 1, Fig. 1a) ®"*. All samples were obtained postmortem using either ultrasound-guided needle
biopsy or surgical dissection by following stringent protocols established previously ® (M ethods). Most patients
had multiorgan failure at the time of death. While liver function serum markers within 24 hour of death showed
varying degrees of transaminitis, no patient had clinical or laboratory signs of liver failure or acute liver injury

(Extended Data Table 1).

We used snRNA-seq to collect 80,808 high quality profiles from 17 COVID-19 patient autopsies
(Methods) and integrated them computationally with snRNA-seq profiles from four healthy controls, prepared
using a comparable protocol *°. Following ambient RNA removal, quality control (QC), and preprocessing
(Methods), we implemented a batch correction pipeline to generate corrected unique molecular identifier
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(UMI) counts per cell **78

, Which facilitated marker detection and cell type identification (Methods). The
COVID-19 nucleus profiles were partitioned into five major compartments: hepatocytes (k = 51,605 cells;
63.8% of all nuclei); immune/blood (k=12,346; 15.3%); endothelial (k=9,278; 11.5%), mesenchymal (k=4,647,
5.8%), and biliary epithelial cells (BECs) (k=2,932; 3.6%) (Fig. 1b-d, Extended Data Fig. 1a,b), spanning 50

cell subsets in distinct clusters (Cluster Dictionary provided in the Supplementary Note).

In parallel, we generated a spatial transcriptomic atlas from 62 Regions of Interest (ROIs) from lobular
zones 1, 2, and 3, and the portal triad across four patient autopsies using the NanoString GeoMx Digital Spatial
Profiling (DSP) Whole Transcriptome Atlas (WTA) platform (Fig. 1a, Methods). We first performed
multiplexed immunofluorescence (Pan-cytokeratin (PanCK), CD45, CD68, Syto 83 (Thermo Fisher Scientific))
on the same slides to define the lobular structure by identifying the portal triad and central vein as landmarks, as
well as RNA in situ hybridization (RNA ISH) performed on a serial section against ACE2, TMPRSS2, and
SARS-CoV-2 RNA to take also into account localized viral presence (Fig. 2a, Extended Data Fig. 1c,
Methods). We then selected 62 ROIs, corresponding to lobular zones 1, 2, and 3, and the portal triad, by the
consensus opinion of an expert panel of pathologists (J.H., S.R.), hepatologists (Z.G.J., Y.P., G.S.), and
technology specialists (L.P., Y.L., Y.P-J., L.T., .S.V.). We captured the expression of over 18,300 genes on the
WTA, including 27 SARS-CoV-2-relevant probes (Extended Data Table 2). We further developed and applied
an optimized pipeline for Nanostring DSP WTA data normalization and preprocessing (Methods). The
snRNA-seq and spatial profiles were interpreted and integrated using batch-corrected markers, a streamlined
method for assigning pathway activity scores (PAS) (Methods), and by spatial registration of snRNA-seq
profiles and signatures to decipher the localized interactions of cell types in the context of liver architecture

(Fig. 2b, Methods).

Distinct zonal expression programs and their alterationsin the COVID-19 liver
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Each of the spatial transcriptomic ROI classes — three lobular zones and the portal triad — exhibited
distinct expression profiles, with differential engagement of hepatic cellular pathways across the liver lobule,
demonstrating the expected zonal division of hepatocellular function in the healthy liver ** as well as its
alteration in COVID-19. Principal Component Analyses (PCA) of the spatially defined expression profiles
captured expression segregation between the portal triad and all lobular zones as well as among the three
lobular zonal ROIs 1, 2, and 3 (Fig. 2c). Each region class was characterized by the differential expression of

distinct region-specific markers and of functional gene sets ******

(Fig. 2d). Based on a pathway activity score
(PAS) analysis (Fig. 2d, Extended Data Fig. 1d,e, Methods), Zone 1 exhibits high activity of transcriptional
programs for lipid and glutathione metabolism, urea cycle, fatty acid and steroid biosynthesis, and lipoprotein
assembly, all commonly associated with liver-specific functions. Zone 2 follows similar patterns, but with
higher activity of triglyceride catabolism and fucose biosynthesis. In contrast, Zone 3 exhibited high activity of
drug catabolism programs. These processes are concordant with our current functional understanding of the
zonated liver and have implications for chronic liver diseases. For instance: (1) hepatic steatosis typically starts
in Zone 3 % in metabolic dysfunction associated fatty liver disease (MAFLD) and alcohol-related liver disease
likely due to the lower metabolic activity; (2) drug-induced liver injury is most significant in the pericentral area
as a result of drug catabolism; (3) disease related to impaired metabolism may manifest preferentially in Zone 1,

and (4) Zone 1 predilection of pediatric NAFLD may in part be driven by genetic variants impacting lipid and

lipoprotein metabolism, such as PNPLA3 %,

In COVID-19, we found evidence of a spatially orchestrated COVID-19-specific liver phenotype,
including hepatocyte proliferation in Zone 1 as well as hypoxia and stress response pathways in Zone 3, which
has not been reported in healthy liver. The phenotype was reflected by high activity scores of specific pathways
across liver zones and the portal triad (Extended Data Fig. 1d and Extended Data Table 3 and 4).
Nonparenchymal cells showed distinct zonation of cellular physiology in the COVID-19 liver. For instance,
among endothelial expression programs, differentiation programs were strongest in portal ROIs, programs for

regulation of endothelial barrier establishment were highest in Zone 1, and endothelial cell chemotaxis in Zone
7


https://doi.org/10.1101/2022.10.27.514070
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.10.27.514070; this version posted October 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

2 (Extended Data Fig. 1d). Among immune cells, portal ROIs exhibited high activity of monocyte activation
and differentiation, as well as lymphocyte differentiation, whereas Zone 1 was characterized by Kupffer cell
(KC) and natural killer (NK) cell proliferation, and lymphocyte migration and activation (Extended Data Fig.
1d). Among mesenchymal cells, portal ROIs had the highest activity of fibrogenic hepatic stellate cell
(myofibroblast) activation, including response to platelet-derived growth factor (PDGF), fibroblast growth
factor receptor (FGFR), and collagen/extracellular matrix production and organization pathways. Finally, Zone
3 exhibited the highest inflammation signals, including inflammasome activation, signaling by interleukins,
response to cytokines, interferon-gamma binding, and inflammatory cell apoptotic processes (Extended Data
Fig. 1d), which may be associated with SARS-CoV-2 infection and are not expected to be pronounced in Zone

3 in healthy livers. Thus, Zone 3 seems to be most severely affected in COVID-19.

A spectrum of hepatocyte subsets from progenitors to functionally mature cells suggests plasticity of

regener ation acr oss hepatic zones

Hepatocytes were the most populous compartment in the COVID-19 snRNA-seq atlas (63.8%) (Fig. 3a,
Supplementary Note) thanks to the ability of single-nucleus sequencing to capture this often underrepresented
cell type in single-cell assays. Hepatocytes partitioned into seven subsets that spanned a continuum between two
dichotomous ends: (1) primary essential liver functions, such as production of blood proteins, and (2) cell
differentiation and replenishment, along with response to stress (Fig. 3a, Extended Data Fig. 2a,b). Regarding
liver function, HEP2 cells (21.7% of hepatocytes) highly expressed genes encoding circulating blood proteins,
including albumin, coagulation factors, and apolipoproteins (Fig. 3b), suggesting that only a fraction of all
hepatocytes carry out conventional essential liver functions. HEP6 and HEP7 cells had similar profiles to those
in the HEP2 subset but with high expression of acute phase proteins in HEP7 (e.g., CRP, C3, C4a, SAA1L, and
FTH1; a COVID-19 specific cluster; below) or apoptosis and cellular senescence pathways in HEP6 (Fig. 3b,
Extended Data Fig. 3a). In contrast, cells in the HEP1, HEP3, and HEP4 subsets (Fig. 3a) exhibited lower
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levels of liver metabolic or synthetic function genes, but higher levels of cellular differentiation, wound healing,
and signal transduction pathways (Extended Data Fig. 3a,b), such as the HNF4A/HNF4B, YAP/TAZ,
PPRA/B/G, and GHR signaling pathways. HEP4 cells also expressed collagen-modifying enzymes (P4HA1L,
PLODZ2; Fig. 3b) and pro-angiogenic factor VEGF-A, indicating potential regulation of hepatocyte-endothelial
cell interactions. Overall, the human liver demonstrates a balance between metabolic and proliferative

dynamics, as also reported in mouse liver regeneration models .

Trajectory analysis of epithelial cells (hepatocytes and cholangiocytes) from both healthy and COVID-
19 livers (Methods, Fig. 3c) suggests a differentiation path from HEP3 cells, a cell population with the highest
pathway activities related to cell replication and expressing WNT and NOTCH signaling pathway genes (e.g.,
TCF7L1, TCF7L2, FZD6, RBPJ, NOTCH2; ) to the highly differentiated HEP2 cells, through HEP4, 1, and 5
intermediates, with HEP6 and HEP7 cell populations directly derived from HEP2. The hepatocyte population is
known to be maintained both through mitosis of mature hepatocytes and differentiation from hepatic progenitor
cells (HPCs) %. As HPCs give rise to both BECs and hepatocytes %/, and injured hepatocytes can transition into
HPCs %, we included both epithelial (hepatocyte and BEC) compartments, finding that HEP1 cells were an
intermediate across hepatocytes and cholangiocytes (Fig. 3c). BEC differentiation trajectories are further

discussed below.

Hepatocyte composition and differentiation are altered in COVID-19

Contrasting healthy and COVID-19 cellular landscapes (Methods, Extended Data Table 5) reveals
extensive remodeling of the hepatocyte compartment in COVID-19 (Fig. 3d), as well as the emergence from
HEP2 cells of a COVID-19-specific HEP7 cluster, expressing acute phase proteins (Fig. 3b-d). Consistent with
a model of regenerative capacity loss in COVID-19 liver, the proportion of the less differentiated HEP3 cells
was reduced (FDR=3.63x10**, OR=0.352, Binomial GLMM) whereas proportions of HEP2, HEP4, HEP5, and

HEP6 cells were identified as increased (HEP2,4,5,6: FDR=8.50x10"°, 2.37x10®, 8.60x10° 2.22x10™*;
9
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OR=1.82, 1.26, 3.04, 3.52; Binomial GLMM; respectively) or only present in COVID-19 samples in the case of
HEP7 (Fig. 3c,d). Comparing the COVID-19 specific HEP7 cells to the closely related HEP6 cells, shows an
inverse CEBPA/CEBPB ratio, demonstrating a metabolic vs. acute phase regulation expression program .
Notably, HEP4 hepatocytes also exhibit low HNF4A, APOB, and high SCARB1, STAT3, and HIF1A, a
phenotype identified using bulk proteomics on severe COVID-19 patient livers, and hypothesized to be driven
by the combination of hypoxia and activation of STAT3, leading to a reduction of the differentiated hepatocyte
pathways orchestrated by down-regulation of HNF4A *. The trajectory analysis reveals not only a reduction of
lineages concordant to the differential cellular proportions observed, such as the increase of cells in the stressed
HEP4 state, but also COVID-19-specific lineages, with high proportion of cells in the terminally differentiated

HEP2 state and in the COVID-19-specific acute response HEP7 cluster (Fig. 3c, Extended Data Fig. 3c,d).

SARS-CoV-2 RNA+ cellsareenriched in hepatocyte subsets and associated with specific expression

changes

We analyzed the donor and cell type specific distribution of SARS-CoV-2 sequencing reads to
determine the presence of viral transcripts in liver cells. Specifically, we called each nucleus profile as SARS-
CoV-2 RNA+ or SARS-CoV-2 RNA- by comparing the observed viral unique molecular identifier (UMI)
counts to the ambient pool (a potential source of viral RNA contamination) and then tested for the enrichment
of SARS-CoV-2+ nuclei in each cell type (Methods). Hepatocytes were the most enriched for SARS-CoV-2
RNA+ nuclei, particularly within the least differentiated (HEP3, 4: FDR = 1x10®, 1x10; ViralEnrichment
test; respectively) and most differentiated clusters (HEP6, HEP7: FDR=0.040, 0.066; ViralEnrichment test;

respectively) (Fig. 3e).

Viral RNA levels were positively associated with the expression of multiple heat shock proteins
(HSPALA, HSPA1B, HSPAS5, HSPAB, HSPA9, HSPB1, HSPD1), which were highest in HEP3, 4, 6, 7 (Fig. 3f,

Fig 4a,b), suggesting activation of unfolded protein response to cellular stress in these subsets. In HEP4,
10
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profiles with higher viral UMIs also exhibited high NF-kB expression (Fig. 3f) suggesting an activation of an
inflammatory response, concomitant with epithelial cell SARS-CoV-2 infection®. Infected cells also
overlapped with high pathway activity score (Fig. 3f, Methods) for the gene ontology (GO) term “regulation of
type | interferon-mediated signaling pathway” (GO:0060338). Interferon signaling pathways were identified as
enriched in a bulk RNA-seq analysis of 5 samples from SARS-CoV-2 positive livers, as characterized by PCR,

when compared against 5 SARS-CoV-2 negative liver samples”.

SARS-CoV-2 RNA+ cells and viral UMIs also varied across patients. Donor L1 cells were significantly
(FDR<0.01, viral enrichment score) enriched for SARS-CoV-2 RNA+ nuclei (9-fold higher proportion of
enriched nuclei vs. average of all other donors) (Fig. 4a). Since the ability to detect viral UMIs can be affected
by the total number of UMI counts and the number of genes detected (Extended Data Fig. 4), we also tested
for enrichment in SARS-CoV-2 viral-specific probes in the extended NanoString GeoMx DSP WTA assay
(Methods). Donor L1 has a significantly higher enrichment score (FDR=0.037, t-test) for viral probe counts
compared to the other donors (Fig. 4b). The significant enrichment in donor L1 for SARS-CoV-2 RNA in both
the snRNA-seq and GeoMx DSP assays was consistent with the viral abundance estimated by gquantitative RT-
PCR using liver tissue from the same samples (Extended Data Table 6). Interestingly, the higher viral load
detected by snRNA-seq, GeoMx, RT-PCR, and RNA ISH (Extended Data Fig. 1c) was not associated with
gross abnormality of the liver tissue by conventional H&E staining. Consistent with previous reports (Delorey
et al. 2021; Wolfel et al. 2020; Walsh et al. 2020), we found a negative, but not statistically significant
correlation between the duration from symptom start to death, and the enrichment score for SARS-CoV-2

(p=0.2852, Spearman p=-0.336) (Extended Data Table 7).

Pathological expansion of the cholangiocyte compartment in COVID-19
BECs (3.6% of COVID-19 patient liver nuclei, Supplementary Note) expressed the lineage markers

CFTR, KRT7, and KRT19, and spanned a broad spectrum, partitioning to six main subsets (Fig. 4c): two subsets
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of differentiated cholangiocytes (BECL, 2), three of reactive cholangiocytes/HPCs (BEC4,5,6), and one minor
subset of cholangiocyte with mesenchymal features (BEC7). BEC3 expressed highly MT genes and hepatocyte-
specific markers CPSL, ALB, HNF4A, C3, ABCB4, which could potentially be doublets. BEC1 and 2 were
closely related fully differentiated small cholangiocytes lining small caliber bile ducts *?, expressing secretin
receptor SCTR, BCL2, and primary cilia genes (e.g., BICC1, PKHD1, DCDC2, CTNND2, PKD2, but not
CYP2E1L; Fig. 3b), while BEC1 expressed lower levels of PDGFD, ZNF19, PAK3, ONECUT1, and CD133

compared to BEC2.

BEC4, 5, and 6 subsets each had a distinctive profile, consistent with either “reactive”
cholangiocytes/hepatic progenitor cells (HPCs) or with a pro-fibrogenic “ductular reaction” in chronic liver
diseases (Roskams and Desmet 1998). BEC4 cells comprised osteopontin-positive reactive
cholangiocytes/hepatic progenitor-like cells (HPCs), expressing SPP1, SOX9 *, LYPD6, CASR, HNF1B,
ONECUT1/2, and GABRRP, as well as progenitor cell response genes (ITGB6, FN14/TNFRSF12A, LTBR). BEC5

were NCAM1* immature, reactive cholangiocyte/HPCs *

, co-expressing ITGA2, progenitor cell markers
(SOX4, CK19, TROP2, CD133), and potent pro-fibrogenic mediators (FGF13, PPARD, PDGFC, and TGFB2).
BEC6 were a neuroendocrine subset of cholangiocytes *, expressing neural markers (TMEM132D, GRM7,
HYDIN, NRXN3, LRRCAC, NTM). Trajectory analysis suggests that BEC6 cells may form a potential transition
state between hepatocytes and cholangiocytes (Fig. 3c), consistent with previous findings 2’. BEC7 comprised a
minor subset of activated cholangiocytes co-expressing both epithelial and mesenchymal genes (IGFBP7,
THBS2, CCBE1, COL1A2, ACTA2, EDNRA) and many cell-cell communication genes, especially with the
endothelial compartment (FGF, PDGF, VEGF ligands/receptors) (Extended Data Fig. 5a-c), and is connected

to BECG in the trajectory analysis (Fig. 3c).

Compared to normal liver (Fig. 3c,d), BEC4 (and BEC3s) were reduced (FDR=2.36x10®, 1.32x10™%;
OR=0.318, 0.162; Binomial GLMM; for BEC 4,3. respectively) and BECL1, 2, 5, and 6 increased in COVID-19

liver samples (BEC1,2,5,6: FDR=3.80x10™"°, 2.22x10E®, 7.74x10™%°, 2.21x10°®, respectively; OR=16.577,

12


https://doi.org/10.1101/2022.10.27.514070
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.10.27.514070; this version posted October 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

2.736, 10.413, 11.482, respectively; Binomial GLMM), showing an extensive pathological restructuring of the
cholangiocyte compartment. Spatial transcriptomics revealed that while BEC1,2 and 4 signatures mapped to
portal tracts as expected (Extended Data Fig. 6a), HPC-like BEC6 and 7 had mixed lobular and portal
distribution in COVID-19 liver, consistent with pathological “ductular reaction” expansion into the hepatic
lobule *¢. We validated this observation by CK19 staining in these livers, which revealed a presence of ductular
reaction in all samples, ranging from minimal to extensive multifocal ductular proliferation extending well into

the liver lobule (Donors L1-4, Extended Data Fig. 6b).

Kupffer cell proliferation and emer gence of an erythrocyte progenitor population in COVID-19

The immune and blood cell compartment of COVID-19 livers (15.3% of COVID-19 patient liver nuclei)
spanned monocytes/macrophages/Kupffer (KCs), T cells, B cells, natural killer (NK) cells, and mast cells in
diverse cellular states (Fig. 5a, Supplementary Note).

Both the myeloid and T cell compartments were remodeled in the COVID-19 liver compared to healthy
controls (Fig. 3d). Naive CD8+ T cells with high expression of LEF1 and TCF7 (TC1) were significantly
decreased in COVID-19 liver (FDR=1.45x10"°, OR=0.629, Binomial GLMM), while cytotoxic effector/memory
T cells (TC3), expressing IFNy, CX3CR1, TGFBR3, GNLY, and GZMH, and the apoptotic naive T cell-like
(TC4) population were both significantly increased in the COVID-19 liver (FDR=1.69x10* 2.59x107%;
OR=4.127,1.969 Binomial GLMM). In the myeloid compartment, there were no differences in classical Kupffer
cells (KCs) (MAC1) or inflammatory KCs (MAC3) (MAC1, MAC3: FDR=0.231, 0.154; OR=0.925, 0.873;
Binomial GLMM, respectively), but an increased proportion of MAC2 cells was observed in COVID-19
(FDR=1.86x10, OR=1.182, Binomial GLMM), an intermediate phagocytic macrophage phenotype with lower
expression of MARCO and CD164 but increased expression of phagocytic markers (C5AR1, CPVL, CD206).
None of the macrophage subsets expressed high levels of chemokine receptors (CCR2, CCR5, CXCR3),
indicating a deficiency of infiltrative monocyte derived macrophages, which potentially reflects a degree of

immune exhaustion and/or pulmonary tropism.
13


https://doi.org/10.1101/2022.10.27.514070
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.10.27.514070; this version posted October 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

The atlas also captured several proliferating cell populations that have not been previously identified in
human liver single-cell studies, were nearly-exclusive to COVID-19 samples, and may play important roles in
regeneration. In particular, a small subset of proliferating Kupffer cells (MAC4), were significantly increased in
COVID-19 livers (FDR=7.19x10, OR=3.395, Binomial GLMM) (Fig. 3d). Kupffer cells can replicate
following tissue injury and were recently reported as the first cell type to enter a proliferating program in mouse
liver regeneration *’, but have not been until now reported in human samples. MAC4s clearly recapitulate the
ScRNAseq signature identified in mouse liver samples following injury (Extended Data Fig. 6¢, Methods).
Moreover, erythrocyte precursors (ERY-P) were detected almost exclusively in the COVID-19 liver
(FDR=2.37x10®, OR=12.554, Binomial GLMM), expressing a combination of hemoglobin and glycophorin
genes, proliferation genes, and additional genes not present in mature red blood cells, such as CD71/TFRC,
which are rarely encountered outside the bone marrow in adults. These cells may be responsible for
extramedullary hematopoiesis in the setting of hypoxia, modulate immune response in virus infection, and

participate in hepatogenesis as shown in fetal liver %*°.

Disrupted zonation and differentiation of endothelial cellsin COVID-19

Cells in the endothelial compartment (11.5% of COVID-19 patient nuclei) spanned 12 subsets, including
liver sinusoidal endothelial cells (LSEC) and other endothelial cell (EC) populations in an 8:1 ratio (Fig. 5b,

Supplementary Note).

Endothelial cell composition was substantially impacted in COVID-19 vs. healthy liver (Fig. 3d). EC1
cells, the largest endothelial subset in COVID-19 liver samples, were significantly increased in proportion
compared to healthy liver (FDR=2.76x10"*%, OR=8.63, Binomial GLMM). These cells expressed VEGFR1,
FGFRL, and A-kinase Anchoring Protein 12 (AKAP12), but were VEGFR2 negative. FGFRL is upregulated in
cholestatic liver injury in mice, which provokes maladaptive fibrogenesis *°, while AKAP12 deficiency is linked

to VEGF-induced endothelial cell migration **, regulates cell adhesion *%, and supports the integrity of the blood
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brain barrier during ischemic injury **. In the liver, AKAP12 also modulates the activity of hepatic stellate cells
(HSC) in liver injury *. Thus, EC1 represents a LSEC-derived profibrotic niche in response to systemic illness,
either directly or indirectly from SARS-CoV-2. Conversely, EC2s, typical liver sinusoidal endothelial cells
(LSEC) with high lymphatic vessel endothelial hyaluronan receptor (LYVEL) expression, and EC8s with
features of classical vascular endothelial cells and high anti-inflammatory gene C7 expression *> were both
significantly reduced in the COVID-19 samples (EC2, EC8: FDR=7.10x10™, 5.16x10"%°; OR=0.378,0.142;
Binomial GLMM; respectively) (Fig. 3d). EC3s likely represented transitional states from EC2 to EC1 and

were also increased in COVID-19 livers (FDR=2.91x10"°, OR=10.571, Binomial GLMM).

Notably, two clusters of rare cell populations were detected almost exclusively in COVID-19 livers,
which may partly reflect the larger number of profiled nuclei. EC11 cells, a rare subset of FLT1 (VEGFR1)
negative cells (0.8% of endothelial cell nuclei; 0.09% of all profiled nuclei; FDR=7.61x10", OR=9.665,
Binomial GLMM) are lymphatic endothelial cells, which are potentially captured in our COVID dataset due to
the larger number of profiled nuclei. Another rare subset detected primarily in COVID-19 liver were EC12 cells
(FDR=1.76x10", OR=2.864, Binomial GLMM), expressing proliferation and angiogenesis-associated genes.
This subset is reminiscent of replicating endothelial cells observed in mouse lung following influenza injury *.
Using pathway activity scores, EC12 cells clearly recapitulated the cell signature observed in influenza infected

mice (Extended Data Fig. 6d, Methods).

Fibrogenic activation in the mesenchymal compartment in COVID-19 patient livers
The eight subsets of mesenchymal cells (5.8% of COVID-19 nuclei) represented all major cell lineages
found in the liver, including quiescent and activated hepatic stellate cells (HSCs), smooth muscle cells (SMCs),

myofibroblasts (MFs), and fibrocytes (Supplementary Note).

Mesenchymal cell proportions shifted substantially in COVID-19 liver, consistent with profibrotic HSC

activation (Fig. 5¢c and 3d). While the proportions of quiescent HSCs (qHSCs, MES1) — the largest
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mesenchymal subset — were unchanged between healthy and COVID-19 livers (FDR=0.121, OR=0.807,
Binomial GLMM), partially activated HSCs (aHSCs) (MES2) and extracellular matrix (ECM)-associated HSCs
(MES3) were both significantly increased in COVID-19 livers (MES2, MES3: FDR=1.44x10%, 9.21x10*
OR=2.149, 1.508; Binomial GLMM; respectively), as were smooth muscle cells (SMCs) (MES4)
(FDR=1.66x10", OR=2.181, Binomial GLMM). Conversely, both putative bone-marrow-derived fibrocytes *’
(MES5) and a minor subset of activated myofibroblasts (MES8) were decreased in proportion in COVID-19 vs.
healthy liver (MES5, MES8: FDR=3.28x10", 1.09x10% OR=0.479, 0.205; Binomial GLMM:; respectively).
MEST7 cells exhibited high expression of mitochondrial genes and low nuclear mRNA counts pointing to

apoptotic cells or a technical artifact.

As expected, both MES1 (quiescent HSCs) and MES2 (activated HSCs) demonstrated translobular
localization in the spatial analysis (Extended Data Fig. 6a), indicative of in situ activation of perisinusoidal
gHSCs in response to parenchymal injury. Importantly, HSC activation was validated by immunohistochemistry
for the classical HSC activation marker alpha-SMA, demonstrating a massive fibrogenic activation of HSCs
across all studied livers (Extended Data Fig. 6b, Methods). In contrast, MES3 (ECM-associated HSCSs),
MES4 (SMCs), MES5 (fibrocytes), and MES8 (activated myofibroblasts), were mapped to the portal tract
(Extended Data Fig. 6a). Surprisingly, we were not able to identify portal fibroblasts (PF) in the mesenchymal
compartment based on PF-specific markers reported in the literature “**°. This is consistent with evidence that
collagen-producing myofibroblasts are a progeny of pericyte-like gHSCs, as suggested in fate-tracing studies in

48,49

mice *°, and does not appear to support the appreciable contribution of PFs to the pool of fibrogenic effector

cells in the human liver in the setting of subacute liver injury.

Cellular communication networks reveal active fibrogenesis mediating altered cellular programs in

COVID-19
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Cell-cell communication analysis in COVID-19 donor snRNA-seq data (Methods) revealed a potential
multi-cellular hub of interacting mesenchymal cells, endothelial cells, and hepatocytes (Fig. 5d, Extended Data
Fig. 5a). The hepatocyte and endothelial compartments demonstrated signaling through the ERBB family of
proteins, including neuregulin (NRG) and epidermal growth factor (EGF), as well as the TGF-# family of
proteins, including the central pro-fibrogenic cytokine transforming growth factor beta (TGF-A1), and bone
morphogenetic protein 5 and 6 (BMP-5, -6) (Extended Data Fig. 5b,c). This finding is consistent with their
previously reported role in liver tissue regeneration, cellular homeostasis, and extracellular matrix remodeling,

associated with scarring **°.

We identified a robust VEGF signaling network that predominantly emanates from the hepatocyte
compartment. The high contribution by the VEGF-A ligand correlates with its reported upregulation under
hypoxic conditions and its role in maintenance of LSEC differentiation and of liver regeneration by enhancing
liver endothelial cell communication with neighboring parenchymal cells *°°. The LIGHT and CXCL signaling
networks presented a distinguishable narrow number of cell-cell interactions with strong communication
probability. Tumor necrosis factor superfamily 14 (TNFSF14) was the main driver of the former network with a
markedly strong interaction between subclusters HEP2 and HEP5. This interaction could represent an
underlying homeostatic mechanism between distinct hepatocytes responsible for regulating TGF-£1 expression
in liver fibrosis ©. Interestingly, TGFA-centric communication was observed between MES8 and HEP7 cells (a
COVID-19-specific subset), suggesting stressed hepatocytes could be driving fibrogenic HSC activation. In
addition, HEP7 also produces CXCL12, which promotes angiogenesis, inflammation, and has been shown to
cause fibrogenesis in the lung ® (Extended Data Fig. 5b, c). The cell-cell communication pathways support a
diverse source of fibrogenic activation, involving hepatocytes, cholangiocytes, endothelial and immune cells, in

contrast to an immune cell dominated framework seen in many chronic liver diseases.

Histopathology validation of an extensive pro-fibrotic cellular phenotype of COVID-19 livers
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To validate the insights from our atlas, we performed a liver histopathology survey of the four cases
(Donors L1-4, Methods), where snRNA-seq and GeoMx assays were performed. Surprisingly, a common
striking pathology feature of all four COVID-19 livers was the stellate cell activation and sinusoidal fibrosis,
ranging from moderate in L1 to massive in L4. Upon further review of the medical records, none of the four
donors had extensive history of primary liver disease or severe liver injury in the 72 hours prior to death. Three
out of four patients also demonstrated moderate to extensive ductular reaction/cholangiocyte proliferation
(Extended Data Fig. 6b and Extended Data Table 8). This is consistent with the increased proportion of
activated/transdifferentiated mesenchymal and cholangiocytic cell subsets identified in our SnRNA-seq.
Although pro-fibrogenic and HSC activation pathways were observed in the cell-cell communication analysis,
they cannot completely explain the great extent of HSC activation observed in the histopathological analysis.
Thus, extrahepatic, systemic signals may additionally contribute to the activation of HSCs and fibrosis in the
liver of severe COVID-19. Since severe COVID-19 has features of an atypical viral sepsis-like condition that
goes on for an extended period of time ®, our findings therefore share features of the low-grade inflammation,

stellate cell activation, ductular reaction, and hepatic fibrosis observed in experimental sepsis in mice ®.

Discussion

We have generated a cellular and spatial atlas of the COVID-19 liver by integrating snRNA-seq and
spatial transcriptomics on autopsy samples obtained from patients who died from COVID-19. We acquired
>80,000 high quality single nucleus profiles with >50% hepatocyte representation, providing us with a rich,

granular dataset, even for rare cell subsets.

We observed extensive pathological restructuring of the cellular and expression landscape in COVID-19
livers, suggesting hepatocellular injury, ductular reaction, neo-vascular expansion, and fibrogenesis. Based on
viral RNA reads, we identified human hepatocytes infected by SARS-CoV-2 and characterized their expression
profiles, while also capturing indirect and systemic effects of COVID-19 on hepatocyte populations. The
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highest number of SAR-CoV-2 viral RNA UMIs were found in hepatocytes, while a previously proposed

cholangiocyte-tropism *

in the liver was not seen. Viral RNA UMlI-enriched hepatocytes exhibited high
expression of acute phase and pro-inflammatory proteins, with increased heat shock protein gene expression,
likely a response to unfolded proteins, secondary to viral replication; and NF-kB expression, consistent with the
available literature for other epithelial cell types®™. Our results also recapitulated the observation of high

Interferon signaling pathway activity, as were suggested in a bulk RNA-seq analysis of 5 samples from SARS-

CoV-2 positive livers compared against 5 SARS-CoV-2 negative liver samples®.

Meanwhile, profibrogenic/reactive cholangiocytes were identified as characteristic populations
expanding in the COVID-19 liver, representing a pathological “ductular reaction” - an extensive remodeling
and scarring of biliary compartment, secondary to local as well as systemic liver injury *. This striking
observation was validated by conventional immunohistochemistry and is consistent with emerging reports of
COVID-19-induced sclerosing cholangitis (fibrotic disease of bile ducts) ®, which in most severe cases may

require liver transplantation °’.

We also found extensive changes in the composition and expression programs of non-parenchymal cells
across the liver lobule and portal triad in COVID-19. Endothelial cell population proportions are significantly
altered in COVID-19 livers, with the emergence of a large population of FGFR1 and AKAP12-positive cells
that may contribute to angiogenesis and promote fibrosis **%. In the immune compartment of the COVID-19
liver, we observed KC proliferation and erythrocyte progenitors for the first time in a human single-cell study.
We also observed activation of mesenchymal stellate cell/myofibroblast cells both in the liver lobule and portal
areas, which were validated by immunohistochemistry staining, and an expansion of smooth muscle cell
population in the COVID-19 liver samples. This pattern of fibrosis cannot be explained by underlying chronic
liver disease and is likely caused by a combination of localized and systemic, sepsis-like effects of severe

COVID-19 ®. These cellular and expression changes induced by COVID-19, despite an absence of significant
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tissue injury, point to subclinical yet profound effects of COVID-19 on the human liver, and may carry long-

term health implications for those who recover from acute infection.

Our study captured the complexity of liver biology at high resolution, providing new insights into
cellular plasticity and regeneration in the liver. Based on their RNA expression profiles, a significant proportion
of the hepatocytes do not appear to contribute directly to liver function by conventional definitions, while
reflecting other processes such as cellular differentiation, growth, and wound healing. Compared to previous
single-cell studies, we did not observe a strict zonated distribution of hepatocyte clusters; rather, several
hepatocyte subtypes intercalate in a mosaic pattern, which could be a result of augmented regeneration in
response to COVID-19. Similarly, in the BEC compartment, we characterized rarely identified cells, such as
neuroendocrine cholangiocytes, and a bidirectional trajectory axis between cholangiocytes and hepatocytes with
specific cell transition states between these cell types, not previously reported in human samples. Other
hematopoietic lineage cells were found to be in a proliferative state, including erythrocyte progenitors and
plasmablasts. The former are not commonly encountered outside the bone marrow in adults, while the latter
further support the recent observations made by Dominguez Conde, et al.”® showing the presence of this

population along with ITGAS positive plasma cells in the human liver.

Our study was limited by including a relatively small number of patients (n=17) with a severe COVID-
19 phenotype, not enabling us to directly assess moderate and less severe manifestations of the disease. As all
samples were analyzed early in the pandemic, they cannot inform impact from vaccination, and reflect only the
very early lineages of the virus. Nevertheless, this extensive dataset offered unique insights on the sub-clinical
COVID-19 liver phenotype and biology, while its very high granularity and complementary methods enable it
to become the foundation of future meta-analyses and could complement basic, clinical, and translational

research efforts.

Materialsand Methods
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Patient cohorts

An autopsy cohort of 17 COVID-19 patients (6 males, 11 females, ages from 30-35 to >89) was
collected from 4 medical centers from the Northeastern United States during the first wave of the pandemic
(Table 1). For all patients, consent was acquired by their healthcare proxy or next of kin prior to their inclusion
to the study. Exclusion criteria included high post mortem interval (>24h) and HIV infection. All samples were
obtained post mortem using either ultrasound-guided needle biopsy or surgical dissection. All sample collection
procedures were reviewed by the IRB of the relevant hospital. The related protocols were: Beth Israel
Deaconess Medical Center (IRB 2020P000406, 2020P000418), Brigham and Women’s Hospital and
Massachusetts General Hospital (2020P000804, 2020P000849, 2015P002215), New York Presbyterian
Hospital/Columbia University Medical Center (IRB-AAAT0785, IRB-AAAB2667, IRB-AAAS7370). All
patients had confirmed COVID-19 by PCR testing. Consent for autopsy and research was obtained from the
healthcare proxy or the next of kin. Massachusetts Institute of Technology (MIT) IRB protocols 1603505962
and 1612793224, and/or the not-involving-human-subjects research protocol ORSP-3635, cover all secondary
analyses performed at the Broad Institute of MIT and Harvard. No subject recruitment or ascertainment was
performed as part of the Broad protocol. Donor identities and accompanying information were encoded at the
relevant hospital site prior to shipping to or sharing with the Broad Institute for sample processing or data
analysis. We also included snRNA-seq data from snap-frozen biopsies from 4 healthy neurologically-deceased
donor livers suitable for transplantation (G.B., S.A.M), age 40-49 (F), age 40-49 (M), age 40-49 (F), age 20-29

(F) (Table1).

Sample acquisition

Beth Israel Deaconess Medical Center (BIDMC): Sample collection for BIDMC samples was performed
by an interventional radiologist via a 13G coaxial guide with a 14G core biopsy and 20 mm sample length under
ultrasound guidance. All biopsies were conducted within 3 hours of confirmed asystole on a gurney in the
hospital morgue. All personnel were wearing standard personal protective equipment prior to removing the

body from the bag. Multiple biopsies were acquired by tilting the coaxial needle a few degrees in different
21


https://doi.org/10.1101/2022.10.27.514070
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.10.27.514070; this version posted October 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

directions. Core biopsies were separated in two groups: one for formalin fixing and the other flash-frozen in

liquid nitrogen and stored at -80 °C until use.

Brigham and Women’s Hospital (BWH): Sample collection for BWH was performed in a negative
pressure isolation room with personnel wearing personal protective equipment (powered air-purifying or N95
respirators). Abdominal organs were harvested en bloc and the liver was then subsequently dissected, weighted,
and photographed. Liver samples were collected from the organ and placed in 25 mL of RPMI-1640 media with
25 mM HEPES and L-glutamine (ThermoFisher Scientific) + 10% heat inactivated FBS (ThermoFisher
Scientific) in 50 mL falcon tubes (VWR International Ltd). Tissue samples were transported to Broad in a

cooler.

Massachusetts General Hospital (MGH): Sample collection for MGH was performed in a negative
pressure isolation room from personnel wearing personal protective equipment (N95 or powered air-purifying
respirators). As in BWH, organs were removed en bloc, dissected, photographed, and weighed. Liver samples

were placed in collection tubes and subsequently in a cooler for transport to the Broad Institute.

New York Presbyterian Hospital: Sample collection was performed as in ‘. Tissue samples were
collected during rapid autopsy within hours from time of death. Tissue samples of ~1cm® were embedded in

Tissue-Tek optimal cutting temperature (OCT) compound (Sakura Finetek USA Inc) and stored at —801°C.

Tissue processing and single nuclei encapsulation

All samples from all hospitals were snap frozen for the snRNA-seq studies. All sample handling steps
were performed on ice. TST and ST buffers were prepared fresh as previously described (Drokhlyansky et al.,
2020; Slyper et al., 2020). A 2x stock of salt-Tris solution (ST buffer) containing 292 mM NaCl (ThermoFisher
Scientific), 20 mM Tris-HCI pH 7.5 (ThermoFisher Scientific), 2 mM CaCl2 (VWR International Ltd) and 42
mM MgCI2 (Sigma Aldrich) in ultrapure water was made and used to prepare 1xST and TST. TST was then
prepared with 1 mL of 2x ST buffer, 6 pL of 10% Tween-20 (Sigma Aldrich), 10 pL of 2% BSA (New England

Biolabs), and 984 uL of nuclease-free water 1xST buffer was prepared by diluting 2x ST with ultrapure water
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(ThermoFisher Scientific) in a ratio of 1:1). 1 mL of PBS-0.02% BSA was also prepared with 990 uL UltraPure
1x PBS ph 7.4 (ThermoFisher Scientific) and 10 uL 2% BSA (New England Biolabs) for sample resuspension
and dilution prior to 10x Genomics chip loading. Single frozen biopsy pieces were kept on dry ice until
immediately prior to dissociation. With clean forceps, a single frozen biopsy was placed into a gentleMACS C
tube on ice (Miltenyi Biotec) containing 2 mL of TST buffer. gentleMACS C tubes were then placed on the
gentleMACS Dissociator (Miltenyi Biotec) and tissue was homogenized by running the program “m_heart_02”
x 2 until tissue was fully dissociated. A 40 um filter (CellTreat) was placed on a 50 mL falcon tube (Corning).
Homogenized tissue was then transferred to the 40 um filter and washed with 3 mL of 1xST buffer. Flow-
through was transferred to a 15 mL falcon tube (Corning). Samples were then centrifuged at 500g for 5 minutes
at 4°C with brake set to “low”. Sample supernatant was removed and the pellet was resuspended in 100 pL —
200 pl PBS-0.02% BSA. Nuclei were counted and immediately loaded on the 10x Chromium controller (10x

Genomics) for single nucleus partitioning into droplets.

Sngle nuclear RNA sequencing

For each sample, 8,000-16,500 nuclei were loaded in one channel of a Chromium Chip (10x Genomics).
3’ v3.1 chemistry was used to process all other tissues. cCDNA and gene expression libraries were generated
according to the manufacturer’s instructions (10x Genomics). cDNA and gene expression library fragment sizes
were assessed with a DNA High Sensitivity Bioanalyzer Chip (Agilent). cDNA and gene expression libraries
were quantified using the Qubit dsDNA High Sensitivity assay kit (ThermoFisher Scientific). Gene expression

libraries were multiplexed and sequenced on an Illumina sequencer.

ShRNA-seq expression quantification and correction for ambient RNA

The raw sequencing reads were demultiplexed using Cell Ranger mkfastq (10x Genomics). We trimmed
the reads from the BIDMC liver samples for polyA tails and the template switching oligo 5’-
AAGCAGTGGTATCAACGCAGAGTACATIGIGrG -3’ with cutadapt v.2.7 . The reads were aligned to

generate the count matrix using Cell Ranger count (10x Genomics) on Terra with the cellranger_workflow in
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Cumulus . The reads were aligned to a custom-built Human GRCh38 and SARS-CoV-2
(“GRCh38_premrna_and_SARSCoV2’’) RNA reference. The GRCh38 pre-mrna reference captures reads
mapping to both exons or introns . The SARS-CoV-2 viral sequence (FASTA file) and accompanying gene
annotation and structure (GTF file) are as previously described *. The GTF file was edited to include only CDS
regions, with added regions for the 5> UTR (“SARSCoV2_5prime”), 3 UTR (“SARSCoV2_3prime”), and
anywhere within the Negative Strand (“SARSCoV2_NegStrand”) of SARS-CoV-2. Trailing A’s at the 3’ end of
the virus were excluded from the SARSCoV?2 fasta file ®. CellBender remove-background " was run to remove
ambient RNA and other technical artifacts from the count matrices. The workflow is available publicly as
cellbender/remove-background (snapshot 11) and documented on the CellBender GitHub repository as v0.2.0:

https://github.com/broadinstitute/CellBender.

Filtering of low quality cells and sample integration

We filtered out nuclei with fewer than 400 UMIs, 200 genes, or greater than 20% of UMIs mapped to
mitochondrial genes. Furthermore, we discarded samples with less than 100 nuclei. We retained all nuclei that
pass the quality metrics described above. Subsequently, snRNA-seq data from individual samples were
combined into a single expression matrix and analyzed using Seurat v.3.2.3 8. The UMI counts for each
nuclei were divided by the total counts for that nuclei, and multiplied by a scale factor of 10,000. Then, values

are log-transformed using loglp resulting in log(1+10,000*UMIs/Total UMIs) for each nucleus.

Subsequently, highly variable genes were identified using Seurat’s FindVariableFeatures function. Then,
data dimensionality was reduced to the top 15 principal components by PCA using the top 2000 highly variable
genes. The lower dimensional embedding was then corrected for technical noise using each sample as a separate
batch with Harmony "°. Neighbors were computed using the Harmony-corrected embedding. The UMAP and

Leiden clusters were computed using the resulting nearest neighbor graph.

Doublet detection
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We used a two-step procedure to identify doublets. First, we identified doublets in each sample with the
re-implementation of the Scrublet ® algorithm in Pegasus ®"2. Second, we integrated and clustered all samples
and identified clusters significantly enriched for doublets. All nuclei in the enriched clusters were flagged as

potential doublets.

In brief, we integrated the nuclei that passed the quality control, normalized each nuclei to feature counts
per 100K counts (FP100K) and log transformed the expression values (log(FP100k + 1)), selected highly
variable genes, computed the first 30 principal components (PCs), corrected the PCs for batch effects using
Harmony, and clustered the cells using the Harmony corrected embedding with the Leiden algorithm. Then, we
tested if each cluster is significantly enriched for doublets using Fisher extract test controlling at a False
Discovery Rate of 5%. Among the significantly enriched clusters, we selected those with more than 60% of

nuclei identified as potential doublets and marked all nuclei in these clusters as doublets.

Clustering

We first derived compartments, high-level clusters, encompassing major cell types. Then, we performed
iterative clustering to identify cell types. We used the first 15 PCs corrected by Harmony to compute the nearest
neighbor graph. Then we identified the compartments using the Leiden algorithm implemented in the
FindClusters function in Seurat. For each compartment, we subsetted the nuclei, selected highly variable genes,
computed the first 15 PCs, corrected the PCs for batch effects using Harmony, computed the nearest neighbor

graph with the Harmony embedding, and clustered the nuclei using the FindClusters function in Seurat.

Batch effect correction
Building on approaches that use residuals from a negative binomial generalized linear model (NB-GLM)

to normalize single cell data 8%

, we fitted a NB-GLM using an efficient implementation of a Gamma-Poisson
GLM 3% with batch as the covariates. We then used the deviance residuals from this model as the expression

adjusted for batch effects. For downstream analysis that required counts, we also generated counts corrected for
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batch by expanding and scaling the model described by *” using a scalable implementation of a Gamma-Poisson

GLM 8,

Pathway activity score calculation

A pathway score summarizes the expression of a set of functionally related genes ®. A Gene Ontology 2°
set of 989 GO Biological Process terms was used to create a curated selection of pathways capturing liver
parenchymal and non-parenchymal cellular functions and pathways (Extended Data Table 9). Building on the

methodology described in %’

, We used a rank based approach to define the pathway scores, where the pathway
score is the sum of the adjusted ranks of the genes in the pathway annotation scaled by the square root of the
number of genes in the pathway. First, the ranks based on the UMI counts are calculated per gene for each
nucleus solving ties by selecting the minimum. Then, we scale and center the ranks across each nucleus. In
order to account for the effect of rank sparsity for each gene we split the scaled and centered ranks by their sign
(positive or negative) and regress out with a linear model the effect of the number of genes detected and the log
of the total number of UMIs. Finally, we use the removeBatchEffect function from limma ® to adjust the
pathway scores for batch effects. The same approach was used to estimate a score for the curated signatures

described by Sanchez-Taltavull et al. (proliferating Kupffer cells) *, and by Niethamer et al. (influenza-injury

signature) *.

Differential expression analysis at cluster level

Differential expression analysis was carried out using limma-trend 3% to detect cluster gene markers.
First, genes expressed in at least 5% of the nuclei of at least one cluster were selected and then UMI counts
were normalized using the TMM normalization ** implemented in edgeR v.3.28.1 %2 Then, a linear model “~
Cluster + Batch” was fitted and modeled the mean-variance relationship with the limma-trend method ® and a
robust empirical Bayes procedure *. We used contrasts to compare the mean of a given cluster with all others; a
gene is considered a cluster marker if the contrast is significant at an FDR < 0.05 and the cluster coefficient is
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higher than at least 75% of all other clusters. We performed comparisons at two levels: across all compartments
(comparing all clusters identified) and within compartments (comparing clusters only from the same high-level
cluster). We used limma to fit the same model “~ Cluster + Batch” on the pathway scores but without the mean-
variance trend since the pathway scores are approximately normally distributed. The criteria to select pathway

markers were identical to the cluster markers.

Healthy reference comparison and differential gene expression

We combined the COVID-19 liver nuclei passing QC and were not marked as doublets with the control
liver sSnRNA-seq dataset into a single expression matrix. Similarly to the COVID-19 snRNA-seq analysis, we
normalized each nucleus to TP100K and log transformed the expression values (log(TP100k + 1)), selected
highly variable genes, computed the first 30 principal components (PCs), corrected the PCs for batch (we
considered each sample as a separate batch) using Harmony, and clustered the cells using the Harmony
corrected embedding with the Leiden algorithm. We identified 5 high-level compartments in the combined data
set. These high-level clusters matched the compartments identified in the COVID-19 liver data. For each high-
level cluster the first 15 PCs were corrected for batch effects using Harmony and the nearest neighbor graph
was calculated using the Harmony embedding. The nearest neighbor graphs were used to assign each nucleus

from the healthy reference to the relevant cluster.

Differential expression analysis was carried out using limma and mean-variance modeling at the
observational level (voom) ® after summing nuclei per cluster per sample *, and the linear model “~ Disease +
SVs”, where SVs are surrogate variables estimated with iterative adjusted surrogate variable analysis (IA-SVA)
% The model was fit to estimate the differences between COVID-19 and healthy livers for each cluster. All

clusters with at least 3 samples per group with >5 nuclei per sample were included in the analysis.

Determination of significant changesin cell type proportions
A binomial generalized linear mixed model (GLMM) was utilized to study the differences in cell type
abundances between COVID-19 and control livers. Lme4 version 1.1-27.1 was utilized to fit the model ~

27


https://doi.org/10.1101/2022.10.27.514070
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.10.27.514070; this version posted October 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Cluster*Condition + (1|Sample), and emmeans version 1.6.2-1 to compare the odds ratios of COVID-19 vs

Control for each cluster (Extended Data Table 5).

Detection of cells with SARS-CoV-2 content above ambient levels

We adapted methods %" previously described in ° to designate a single nucleus as SARS-CoV-2
RNA+ or SARS-CoV-2 RNA-. A permutation test was utilized to determine the probability that the nucleus
contained a higher SARS-Cov-2 UMI content than expected by ambient contamination, while taking into
account the fractional abundance of SARS-Cov-2 aligning UMIs, the abundance of SARS-Cov-2 aligning UMIs

in the ambient pool, and the estimated ambient contamination of the single nucleus.

The fractional abundance of SARS-Cov-2 aligning UMIs per nucleus was defined as the number of
UMIs assigned to all viral genomic features divided by the total number of UMIs aligning to either the SARS-
Cov-2 or GRCh38 reference. The abundance of SARS-Cov-2 UMIs in the ambient pool was defined as the sum
of all SARS-Cov-2 UMIs in the pre-CellBender output within discarded nuclei flagged as “empty” or “low
quality”. Hence, the ambient fractional abundance was determined for each sample independently. The
discarded nuclei were resampled to generate the null distribution of the SARS-CoV-2 fractional abundance,
which was utilized to extract empirical p-values for the observed fractional abundance of each nucleus. The
empirical p-values were adjusted for multiple comparisons using false discovery rate. Nuclei with at least 2
SARS-Cov-2 UMIs and an FDR < 0.05 were assigned as “SARS-CoV-2 RNA+”; “SARS-Cov-2 Ambient” if
having SARS-CoV-2 UMIs but were not significantly higher than the ambient pool; and “SARS-CoV-2 RNA-"

if no SARS-Cov-2 UMIs were detected.

Differential expression analysis between SARS-Cov-2 RNA+ and SARS-Cov-2 RNA- nuclel

In order to test the genes and pathways associated with the presence of SARS-Cov-2 RNA, we used the
following approach to account for the biases due to differences in number of nuclei, quality and sample-to-
sample variability. First, we only considered cell types with at least 10 SARS-Cov-2 RNA+ nuclei (above
ambient levels) and within a given cell type we only considered samples with at least 2 SARS-Cov-2 RNA+
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nuclei. Then we subsampled the SARS-Cov-2 RNA- nuclei to match the complexity distributions. The nuclei
were partitioned into 5 bins based on complexity, log10(Number of genes/nuclei), and the SARS-Cov-2 RNA-
nuclei were subsampled to match the distribution of the SARS-Cov-2 RNA+ nuclei . We resampled the pool of
SARS-Cov-2 RNA- nuclei to generate the null distribution for the mean expression and the pathway scores in
order to estimate an empirical p-value for the mean expression in the SAR-Cov-2 RNA+ nuclei. Mean
expression was calculated by normalizing the UMI counts using the trimmed mean of M-values (TMM)
normalization ** and adjusted for batch effects using limma’s removeBatchEffect function. Pathway scores were
estimated for the selected nuclei and then adjusted for batch effects using limma’s removeBatchEffect function.

P-values were adjusted for multiple comparisons using FDR.

Viral enrichment analysis

A viral enrichment score per cluster was calculated as previously®®. The enrichment score for a given
cluster C is defined as: Enrichmentl = log( ( Observed( Vcellsin C) + &) / ( Expected( VcellsinC ) + ¢)) =
log( (VcellsinC)+¢g)/((Vcellsin total * X_c ) + &) where Vcells are the SARS-Cov-2 RNA+ nuclei, X_c
is the proportion of the total number of nuclei in cluster C out of the total number of nuclei in its corresponding
compartment, and &€ = 0.0001. We only considered samples with at least 5 SARS-Cov-2 RNA+ nuclei. We
derived the null distribution of each enrichment score by permuting the data and assigning the same number of
SARS-Cov-2 RNA+ labels to nuclei, such that the overall proportion of SARS-Cov-2 RNA+ nuclei was fixed,
computing the cluster enrichment score and estimating the empirical p-value as the fraction of the permutations
that showed a similar or higher enrichment score compared to the observed enrichment score. Then, we adjusted

the empirical p-values for multiple comparisons using FDR.

Trajectory interference and cell-cell communication analysis
Single-cell pseudotime trajectory was constructed using Slingshot (version 2.0.0) based on the Harmony
embedding matrix. The embedding matrix was re-computed for the Hepatocyte and Biliary Epithelial cells,

excluding the BEC3 doublet cluster, while the first 20 dimensions were utilized for the subsequent analysis.
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Lineages were determined and mapped to the UMAP embedding matrix using the relevant Slingshot protocol *°.
Cell-cell communication among the distinct cell populations was defined using the CellChat R package *®. The
average gene expression per cell group was calculated by applying a threshold of 20% and using the batch

corrected counts. Significant ligand-receptor interactions and pathways were retained by applying a 0.05 P

val ue cutoff.

Digital Spatial Profiling

Liver tissue sections of 5 um were prepared from formalin-fixed paraffin-embedded blocks. Tissue
integrity was confirmed on slides stained with hematoxylin and eosin (H&E). Slides were stored in vacuum at 4
°C to preserve RNA integrity. To prepare the slides for digital spatial profiling (DSP), slides were stained
against Pan-Cytokeratin, CD68, CD45, and DNA. A Whole Transcriptome Atlas (WTA) probe library
(Nanostring) was applied on each slide according to the manufacturer instructions. Four categories of area of
interest (ROI) for transcriptome profiling were manually selected under a fluorescence-microscope: portal area,

and lobular zones 1-3.

Specifically, autopsy FFPE tissues from COVID-19 infected patients were processed following the
GeoMx DSP slide prep user manual (MAN-10087-04). Autopsy slides were baked in an oven at 65°C for an
hour and then they were processed on a Leica Bond RX automation platform with a protocol including three
major steps: 1) slide baking, 2) antigen Retrieval 20min at 100°C, 3) 1.0ug/ml Proteinase K treatment for
15min. Subsequently, the slide was incubated with the RNA probe mix (WTA and COVID-19 spike-in panel,
Extended Data Table 2). After overnight incubation, slides were washed with buffer and stained with CD68-
594 (Novus Bio, NBP2-34736AF647), CD45-647 (Novus Bio, NBP2-34527AF647), PanCK-488 (eBioscience,
53-9003-82) and Syto83 (ThermoFisher, S11364) for 1 hour, and loaded on the NanoString GeoMx DSP to
scan 20X fluorescent images. Regions of interest (ROIs) were placed by an expert panel comprising
hepatologists, pathologists, and technology specialists. Portal, periportal, Zone 1, 2, and 3 regions were

prioritized. Following ROI selection, oligos were then UV-cleaved and collected into 96-well plates. Oligos
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from each ROI were uniquely indexed using Illumina’s i5 x i7 dual-indexing system. 4 puL of a GeoMx DSP
sample was used in the PCR reaction. PCR reactions were pur