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Dysregulation of brain and choroid plexus 
cell types in severe COVID-19

    
Andrew C. Yang1,2,3,11, Fabian Kern4,11, Patricia M. Losada3, Maayan R. Agam3, 
Christina A. Maat3, Georges P. Schmartz4, Tobias Fehlmann4, Julian A. Stein5, 
Nicholas Schaum3, Davis P. Lee3, Kruti Calcuttawala3, Ryan T. Vest3, Daniela Berdnik3, 
Nannan Lu3, Oliver Hahn3, David Gate3, M. Windy McNerney6, Divya Channappa3, 
Inma Cobos3,7, Nicole Ludwig8, Walter J. Schulz-Schaeffer5, Andreas Keller3,4,11 ✉ & 
Tony Wyss-Coray2,3,9,10,11 ✉

Though SARS-CoV-2 primarily targets the respiratory system, patients and survivors 
can suffer neurological symptoms1–3. Yet, an unbiased understanding of the cellular 
and molecular processes affected in the brains of COVID-19 patients is still missing. 
Here, we profile 65,309 single-nucleus transcriptomes from 30 frontal cortex and 
choroid plexus samples across 14 control (including 1 terminal influenza) and 8 
COVID-19 patients. While a systematic analysis yields no molecular traces of 
SARS-CoV-2 in the brain, we observe broad cellular perturbations which predict that 
choroid plexus barrier cells sense and relay peripheral inflammation into the brain 
and show that peripheral T cells infiltrate the parenchyma. We discover COVID-19 
disease-associated microglia and astrocyte subpopulations that share features with 
pathological cell states reported in human neurodegenerative disease4–6. Synaptic 
signaling of upper-layer excitatory neurons—evolutionarily expanded in humans7 and 
linked to cognitive function8—are preferentially affected in COVID-19. Across cell 
types, COVID-19 perturbations overlap with those in chronic brain disorders and 
reside in genetic variants associated with cognition, schizophrenia, and depression. 
Our findings and public dataset provide a molecular framework to understand 
COVID-19 related neurological disease observed now and which may emerge later.

Patients with COVID-19 can suffer neurological and psychiatric symp-
toms ranging from loss of smell and headache to encephalitis and 
stroke1–3,9–11. These symptoms are more prevalent in hospitalized 
patients1,12,13 and may persist as ‘long COVID’ consisting of ‘brain fog’, 
difficulty concentrating, and fatigue14,15.

Cellular and molecular approaches are required to understand the 
neurological changes that may contribute to symptoms reported in 
COVID-19 patients. Neuropathology may arise from direct virus neu-
roinvasion or indirectly from peripheral infection and its attendant 
immune response16. Thus, much attention has been paid to whether 
SARS-CoV-2 can be detected in the brain, yielding inconsistent 
results9,17–21. Critically, missing so far is a comprehensive assessment 
across specific cell types in the brain affected by severe COVID-19. This 
is in part because high-quality, fresh-frozen human brain tissue from 
COVID-19 patients needed for single-cell transcriptomic studies are 
largely inaccessible and methods to isolate human brain barrier cells 
are recently emerging22,23.

Here, we characterized the transcriptomes of 65,309 nuclei iso-
lated from brains of 14 controls and 8 COVID-19 patients (Fig. 1a, 

Supplementary Table 1). We created an interactive data browser 
(https://twc-stanford.shinyapps.io/scRNA_Brain_COVID19) to provide 
researchers a comprehensive resource to further dissect the molecular 
mechanisms of SARS-CoV-2’s impacts on the brain.

Cortex and choroid plexus cell types
We generated 38,217 single-nucleus gene expression profiles from 
the medial frontal cortex (8 controls, 8 COVID-19)—and detected a 
median of 1,918 genes per nucleus, in line with recent studies (Fig. 1b, 
Extended Data Fig. 1a)5,8,24,25. Our sample sizes were similar to or greater 
than those reported in previous COVID-19 or brain snRNA-seq stud-
ies24–26. Samples in the control and COVID-19 groups were between 
55 and 91 years old and matched for tissue dissection area and tissue/ 
RNA quality (Extended Data Fig. 1b,c, Supplementary Table 1). Cause 
of death for nearly all COVID-19 and influenza patients was interstitial 
pneumonia after more than two weeks of mechanical ventilation. Sam-
ples were not confounded by technical or batch artifacts (Extended  
Data Fig. 2).
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Unsupervised clustering of nuclear transcriptomes yielded 14 cell 

types, including subtypes of excitatory neurons and interneurons in 
line with previously established marker genes (Extended Data Fig. 3) 
and proportional to prior snRNA-seq data from adult human cortex 
(Extended Data Fig. 1-3, Supplementary Table 2)5,8,24,25.

Collapsing nuclei into 6 broad cell types, we identified 786 unique 
differentially expressed genes (DEGs) that implicated all major cell 
types (Fig. 1c, Extended Data Fig. 4). DEGs strongly correlated with 
alternative pseudo-bulk methods (but with greater statistical power, 
Extended Data Fig. 5); and showed no significant overlap with genes 
affected by post-mortem delay to autopsy27 (Extended Data Fig. 6). 
Broadly, the strongest effects were seen in astrocytes and other glia, 
marked by inflammatory and dysregulated homeostatic pathways 
(Fig. 1c, Extended Data Fig. 4). The majority of DEGs were perturbed in 
only a single cell type (~80%, Fig. 1d). Several DEGs upregulated in one 
cell type were downregulated in others (Supplementary Tables 3,5). 
Overall, these data demonstrate that all major brain parenchymal cell 
types respond to COVID-19.

Recent reports have found SARS-CoV-2 infection of cultured choroid 
plexus organoids20,21 but no snRNA-seq study exists on the human cho-
roid plexus, in health or disease22. We thus developed a new method 
(Methods), yielding 27,092 nuclei across 7 major epithelial, mesenchy-
mal, immune, ependymal, and glial cell types (7 control, 6 COVID-19; 
Fig. 1e, Extended Data Fig. 3b, Supplementary Table 4). With a capture of 
both brain parenchymal and barrier cell types, we assessed the expres-
sion and disease-perturbation of genes related to SARS-CoV-2 entry, 
docking, and defense16. Similar to brain vascular cells, choroid barrier 
cells robustly expressed several genes relevant to SARS-CoV-2 brain 
entry (Fig. 1f, Extended Data Fig. 7). Intriguingly, we observed a broad 
upregulation of the antiviral defense gene IFITM3 across choroid and 
glia limitans barrier cells in COVID-19 patients, consistent with potential 
SARS-CoV-2 infection. IFITM3 serves as the first line of defense against 
viral infection28 and its upregulation is a marker of SARS-CoV-2 infec-
tion across public datasets29.

Brain barriers relay inflammation
We indeed observed a broad upregulation of inflammatory genes across 
various interferon (IFITM3, STAT3), complement (C1S, C3, etc.), and 
related pathways across choroid plexus cell types (Fig. 2a). RT–qPCR 
corroborated significant differential expression of tested inflammatory 
genes as well as other genes predicted to be upregulated by a simi-
lar magnitude in COVID-19 (e.g., NQO1, ZFP36; Fig. 2b). IHC staining 
also confirmed choroid plexus inflammation (Extended Data Fig. 8a). 
Together, these data reveal significant brain barrier inflammation in 
COVID-19 and validate the reliability of the DEGs that we identified in 
our snRNA-seq analysis.

Brain and choroid cell types express several SARS-CoV-2 entry genes 
(Fig. 1f, Extended Data Fig. 7) but claims of neuroinvasion in the liter-
ature have been inconsistent thus far9,17–20. To detect molecular evi-
dence of the SARS-CoV-2, we systematically performed 4 RNA- and 4 
antibody-based assays across our samples. RNA assays included search-
ing for virus-specific reads (Methods) in our snRNA-seq dataset as well 
as in custom-generated bulk RNA-seq datasets with and without viral 
RNA enrichment. In no case did we detect SARS-CoV-2-specific RNA in 
the brain (Fig. 2c, Extended Data Fig. 9a). We confirmed this via qPCR 
using CDC Emergency Use Authorization primers against the virus N1 
and N2 genes, again finding no enrichment in COVID-19 brains (Extended 
Data Fig. 9b). We note that some non-viral controls have cycle counts 
between 37-40, which prior work (lacking such controls) has interpreted 
as evidence of neuroinvasion. Finally, with the anti-SARS-CoV-2 SPIKE 
(3A2) antibody used for IHC as in recent publications17,18, we observed 
signal across the barrier-forming cortical vasculature, meninges, and 
choroid plexus (Extended Data Fig. 9c-d). Specific signal was retained 
across secondary detection methods (Extended Data Fig. 9e, Methods). 

However, no other antibody—including those also used in recent publi-
cations—yielded specific signal over controls. Hence, the 3A2 antibody 
may bind a specific, but non-SARS-CoV-2 antigen.

The inflamed choroid plexus has been shown to send inflamma-
tory signals into the brain, thereby activating parenchymal glia and 
impairing cognitive function30. To assess if similar pro-inflammatory 
relay mechanisms occur in COVID-19 brains, we performed cell-cell 
communication analysis31. We observed a strong increase in the 
choroid-to-cortex network across key inflammatory pathways, such 
as the CCL and CXCL family of chemokines from the choroid plexus 
epithelium to brain astrocytes, oligodendrocytes, microglia, and Layer 
2/3 and L4 excitatory neurons (Fig. 2d, Extended Data Fig. 10). Comple-
ment pathway signaling from the choroid plexus to brain microglia, 
the resident immune cells of the brain, was also predicted increased in 
COVID-19 brains. Excessive complement signaling in microglia has been 
linked to premature neuronal synapse pruning in neurodegenerative 
disease32. Together, although we could not specifically detect virus RNA 
or protein in our brain samples, these results suggest that peripheral 
SARS-CoV-2 infection inflames brain-barrier cells such as the choroid 
plexus; which then possibly relays an increasingly neuroinflammatory 
environment into the brain parenchyma.

Disease-associated microglia and astrocytes
We thus sought to evaluate the immune landscape of the COVID-19 
brain. We first subset for cortical immune cells, containing mostly 
microglia but also lesser fractions of perivascular macrophages (MRC1+, 
encoding the macrophage-specific mannose receptor CD20633) and 
T cells (CD247+, encoding the TCR CD3-zeta protein). Unsupervised 
clustering revealed the presence of a COVID-19 disease-associated 
subpopulation of immune cells (Fig. 3a), significantly enriched at 
both the per-nuclei and per-patient levels (Fig. 3b). The emergence of 
disease-associated clusters reflects significant perturbations across 
the transcriptome. Similarly, brain T cells were found in none of our 
non-viral or terminal influenza controls but detected in all but one 
COVID-19 patient (Fig. 3c). Aberrant T cell infiltration into the mouse 
brain has been reported sufficient to promote neuroinflammation and 
impair neurogenesis34.

To study microglia, we further subset for MRC1-/ CD247- cells to 
eliminate confounds from perivascular macrophages and T cells. 
Library quality was not affected upon subsetting for MRC1- microglia 
(Methods). Clustering of 1,814 MRC1- microglia revealed a COVID-19 
disease-associated microglial subpopulation (Fig. 3d) –significant at 
both the per-nuclei and per-patient levels (Fig. 3e) – marked by expres-
sion of human disease microglial activation genes4,5, such as comple-
ment C1QC, CD74, FTL, and FTH1 and downregulation of the homeostatic 
markers including P2RY12 (Fig. 3d, Supplementary Table 6). Trajectory 
analysis revealed that the COVID-19 microglia cluster emerged from 
the parent homeostatic population (Fig. 3f), reinforcing that these 
microglia emerge in response to an increasingly inflamed CNS environ-
ment. In situ staining confirmed the enriched presence of activated 
CD68+ parenchymal microglia in COVID-19 compared to control brains 
(Fig. 3g, Extended Data Fig. 11), at times forming nodules previously 
linked to viral encephalitis35 and myelin degeneration in aging mice36.

Disease-associated microglial subclusters have been identified in 
various neurodegenerative diseases4,5. Intriguingly, a fraction of COVID-
19 microglia cluster marker genes overlap (P = 2.3 x 10-15, hypergeomet-
ric test) with neurodegenerative disease microglia markers (Fig. 3h), 
including the established Alzheimer’s disease microglia markers C1QC 
and CD14. Yet, several genes implicated in neuroinflammation37, like 
RIPK1, were seen only in COVID-19 associated microglia. Our obser-
vations suggest that this COVID-19 patient-derived subpopulation 
represents a distinct microglial state that shares features with, but is 
ultimately different from, microglial cell states previously reported in 
human neurodegenerative disease.
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In addition to abnormally activated microglia, we uncovered a 
COVID-19-associated astrocyte cluster marked by established inflam-
mation and astrogliosis genes, such as IFITM3 and GFAP and upregu-
lated expression of the secreted neurotoxic factor Chitinase 3-like 1 
(CHI3L1)38 (Extended Data Fig. 12a-c). Among COVID-19 astrocytes, 
we also observed significant dysregulation of genes mediating neu-
rotransmission support and synaptic organization. In contrast, no 
new subpopulations were observed for oligodendrocyte lineage cells 
(Extended Data Fig. 12d-g). Together, we identify in COVID-19 brains 
the robust emergence of disease-associated microglia and astrocyte 
subpopulations with distinct transcriptional profiles.

Links to long-term CNS dysfunction
Given the predicted astrocytic impairments in supporting neurotrans-
mission, we next sought to identify the neuronal subtypes most affected 
in COVID-19. Though we captured neurons from all cortical layers, we 
found gene expression changes linked to synaptic deficits particu-
larly in L2/3 excitatory neurons and L2/3-residing VIP interneurons39 
(Fig. 4a-b). Specifically, downregulation of synaptic genes mediating 
neurotransmission (e.g., VAMP2, SNAP25, ATP60VC) in L2/3 excita-
tory neurons alongside a concomitant upregulation in proximal VIP 
inhibitory neurons suggest dysfunction in upper-layer cortical cir-
cuitry. Such a pattern of dysfunction has been reported in a recent 
snRNA-seq study of autism and correlated with cognitive deficits8. L2/3 
excitatory neurons are cortico-cortical projecting and already exhibit 
sparse action potential firing to generate a simple and reliable neural 
code for associative learning40. Thus, this neuronal population may be 
particularly sensitive to deficits in neurotransmission with COVID-19 
affected astrocytes and neurons.

To investigate the potential pathologies underlying reported long 
COVID neurological symptoms, we analyzed the intersection between 
COVID-19 DEGs across brain cell types with those recently described in 
chronic CNS diseases, such as Alzheimer’s disease5, multiple sclerosis26, 
Huntington’s disease41, and autism spectrum disorder8. While COVID-19 
perturbations in neurons were unique compared to those in chronic 
CNS diseases, the overlap in glial cells was particularly strong (Fig. 4c, 
Supplementary Table 7).

To further determine the enrichment of COVID-19 DEGs within 
genetic variants associated with complex traits and diseases in a cell 
type-specific fashion, we obtained Genome-wide association studies 
(GWAS) summary statistics for neurological and psychiatric disorders 
and neurobehavior traits (Supplementary Table 8)42. We found a strong 
enrichment of DEGs residing within GWAS hits of neuro disorders and 
traits, especially in cognition, schizophrenia, and depression (Fig. 4d). 
Together, these data suggest that COVID-19 may partially recapitulate 
pathological processes of various CNS diseases.

Discussion
Recent snRNA-seq studies have begun elucidating the cell type-specific 
perturbations and interactions involved in several CNS disorders5,8,25,26,41. 
Here, by combining sequencing of 65,309 nuclei in both frontal cortex 
and choroid plexus along with confirmatory IHC and RT-qPCR, we reveal 
several major neuropathological mechanisms in severe COVID-19. There 
are, however, limitations to consider. With most post-mortem COVID-19 
brain tissue inadequately preserved or immediately fixed for safety and 
regulatory reasons, there is a scarcity of high-quality tissue available for 
molecular studies. Also, though we did not detect SARS-CoV-2 in the 
choroid plexus or cortex, we cannot exclude the possibility of earlier 
neuroinvasion subsequently cleared. Indeed, the mouse choroid plexus 
has recently been reported to express several SARS-CoV-2 entry fac-
tors22, which we corroborate in humans (Supplementary Discussion).

There is precedent for acute viral infections causing long-term inflam-
mation and dysfunction predisposing neurodegenerative disease43,44, 

though not at the scale of the COVID-19 pandemic. It will be important 
to study how the molecular processes elucidated here contribute to 
COVID-19 neurological symptoms and deficits we are aware of now and 
those that may emerge in the years to come.
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Fig. 1 | See next page for caption.
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Fig. 1 | Overview of diverse brain and choroid plexus cell types captured 
from COVID-19 post-mortem tissue. a, Study design. Colored triangles 
denote brain regions studied for each patient. b, UMAP of 38,217 nuclei from 
the human medial frontal cortex of 8 control (including 1 influenza) and 8 
COVID-19 patients. Note, that as in prior reports5,25,45, the ‘Endothelial’ cluster 
also exhibits vascular mural cell markers and that perivascular cells 
(perivascular fibroblast-like cells and perivascular macrophages) are not 
efficiently captured. c, Example differentially expressed genes (DEGs) in 
COVID-19 (n=7 non-viral controls and n=8 COVID-19 patients, MAST with 
default settings): excitatory (Ex N) and inhibitory (In N) neurons, astrocytes 
(Ast), oligodendrocytes (Oli), oligodendrocyte precursor cells (OPC), and 
microglia (Mic). DEGs defined as Log (fold change) > 0.25 (absolute value) and 
adj. p-value < 0.05 (Bonferroni correction). d, UpSet plot showing a matrix 

layout of DEGs shared across and specific to each cell type. Each matrix column 
represents either DEGs specific to a cell type (single circle with no vertical lines) 
or DEGs shared between cell types, with the vertical line indicating the cell 
types sharing that given DEG. (Top) bar graph displays the number of DEGs in 
each combination of cell types. (Right) bar graph displays the total number of 
DEGs for a given cell type. e, UMAP of 27,092 nuclei from the human lateral 
choroid plexus of 14 patients (n=7 control, including influenza; n=7 COVID-19 
patients; MAST with default settings). f, Expression profiles (CPM, circle size) 
and differential expression in COVID-19 patients (Log (fold change), color) for 
genes relevant to SARS-CoV-2 brain entry16. Highlight indicates the consistent 
upregulation of the antiviral defense gene IFITM3 in choroid and glia limitans 
brain-barrier cells.
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Fig. 2 | Brain barrier inflammation in COVID-19 patients does not require 
direct replicative infection. a, Example inflammation-related DEGs in the 
COVID-19 choroid plexus (n=6 non-viral controls and n=7 COVID-19 patients; 
MAST with default settings). DEGs defined as Log (fold change) > 0.25 (absolute 
value) and adj. p-value < 0.05 (Bonferroni correction). b, Validation of 
predicted choroid plexus DEGs by RT-qPCR (n=6 non-viral control, n=7 
COVID-19; two-sided Mann-Whitney t-test; mean +/- s.e.m.). Genes chosen for 
validation are either immediately SARS-CoV-2-related (IFITM3) or genes with 
similar LogFC as IFITM3 (NQO1) to assess the robustness of snRNA-seq 
thresholds. P values from left to right, top to bottom: P=**0.0023, *0.0484, 
*0.0350, *0.0140, **0.0082, and 0.0734. c, snRNA-seq or bulk RNA-seq of 
choroid plexus and cortex (no reads). Single-nucleus RNA-seq, left: n=7 
controls and n=8 COVID-19 for choroid plexus; n=7 controls and n=8 COVID-19 

for cortex. Bulk RNA-seq (after viral RNA isolation), right: n=7 controls and n=4 
COVID-19 for choroid plexus; n=5 controls and n=4 COVID-19 for cortex.  
d, Circle plot showing the number of statistically significant intercellular 
signaling interactions for the CXCL and CCL pathway family of molecules in 
controls compared to COVID-19 patients (permutation test, CellChat31; n=8 
control, including influenza and n=8 COVID-19 for cortex; n=7 control, 
including influenza and n=7 COVID-19 for choroid plexus). Each circle (color) 
represents one cell type, while edges connecting circles represent significant 
intercellular signaling inferred between those cell types. Circles and edges are 
normalized to the number of cells for a given cell type and inferred strength of 
signaling, respectively. Cell types labeled on the right correspond to signaling 
pathways increased in COVID-19.
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Fig. 3 | A neuroinflammatory COVID-19 milieu marked by 
disease-associated microglia. a, UMAP of immune cells captured in the 
human frontal cortex, split by controls (including influenza, n=8) and COVID-19 
patients (n=8). Cells are colored by cell type subcluster. b, Quantification of 
immune cell cluster 1 as a proportion of total immune cells (n=8 controls, 
including influenza; n=8 COVID-19, two-sided Mann-Whitney t-test P=0.0098; 
mean +/- s.e.m.). c, Analogous to (b) but for T cells with P=0.0003. d,e, As in 
(a,b) but for MRC1- parenchymal microglia with P=0.0343. Unlike 
macrophages, microglia express low levels of MRC1 (CD206)33. Example genes 
upregulated in the COVID-19 associated microglial cluster are shown in light 
blue. f, Pseudo-time trajectory (Methods) indicated in graded purple (low) to 

yellow (high) and plotting the emergence of the COVID-19 associated 
microglial cluster. Numbers indicate original source population (1) and the 
newly emerged population in COVID-19 (2). g, Immunohistochemical staining 
for the microglial activation marker CD68 (brown) in the frontal medial cortex 
of COVID-19 patient cortex immediately adjacent to that used for snRNA-seq. 
Hematoxylin counterstain (blue). Scale bar = 20 microns. 
Immunohistochemical stains are representative of at least two independent 
experiments. h, Overlap (hypergeometric test) between Alzheimer’s 
disease-associated microglia marker genes4–6 and genes upregulated in the 
COVID-19 associated microglial cluster.
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Fig. 4 | Molecular dysfunction in upper-layer neurons and links to 
long-term symptoms. a, Dotplot showing downregulation of synaptic vesicle 
components especially in COVID-19 L2/3 excitatory neurons (n=7 non-viral 
controls and n=8 COVID-19 patients, MAST with default settings). b, Diagram of 
cortical neurons captured in this study with known layer localization. Neuron 
labels are color-coded by layer localization as shaded in (a). Figure layout 
adapted from Velmeshev et al8. c, Overlap between COVID-19 DEGs and those in 
chronic CNS diseases (Methods). Dotted line indicates statistical significance 
(adj. p-value < 0.05, FDR-correction, cumulative hypergeometric test). d, 

Heatmap showing the number of differentially expressed genes (DEGs) per cell 
type that overlap as GWAS risk variants across psychiatric and neurological 
diseases and traits from the GWAS catalog (NHGRI-EBI)42. Significance of 
overlap is based on FDR-corrected cumulative hypergeometric P values 
(Benjamini-Hochberg correction) < 0.05, MAST with default thresholds). ALS: 
Amyotrophic lateral sclerosis, AD: Alzheimer’s disease, MSA: Multiple system 
atrophy, MS: Multiple sclerosis, PD: Parkinson’s disease, ADHD: Attention 
deficit hyperactivity disorder, and PTSD: Post-traumatic stress disorder.
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Methods

Isolation of nuclei from frozen post-mortem medial frontal 
gyrus
Frozen medial frontal cortex tissue from post-mortem control and 
COVID-19 patients were obtained from the Stanford/ VA/ NIA Aging 
Clinical Research Center (ACRC) and the Saarland University Hospital 
Institute for Neuropathology, with approval from local ethics commit-
tees. Group characteristics are presented in Supplementary Table 1. 
The protocol for the isolation of nuclei was adapted from previous 
studies5,25,45–47, and performed in a BSL2+ Biosafety Cabinet wearing 
PPE. All procedures were carried out on ice or at 4 °C. Briefly, 50 mg of 
post-mortem brain tissue was dounce homogenized in 2 ml of Nuclei 
EZ Prep Lysis Buffer (Sigma, NUC101) spiked with 0.2 U μl−1 RNase 
inhibitor (Takara, 2313A) and EDTA-free Protease Inhibitor Cocktail 
(Roche, 11873580001) before incubating on ice for 5 min in a final 
volume of 5 ml. Homogenized tissue was filtered through a 100-μm 
cell strainer (Falcon, 352360), mixed with an equal volume of 50% 
iodixanol density gradient medium in PBS (OptiPrep, Sigma-Aldrich, 
D1556) to make a final concentration of 25% iodixanol. 30% iodixanol 
was layered underneath the 25% mixture. Similarly, 40% iodixanol 
was layered underneath the 30% iodixanol. In a swinging-bucket 
centrifuge, nuclei were centrifuged for 20 min at 3,000 r.c.f. After 
centrifugation, the nuclei were present at the interface of the 30% and 
40% iodixanol solutions. Isolated nuclei were resuspended in 1% BSA 
with 0.2 U μl−1 RNase inhibitor, filtered twice through a 40 μm strainer 
(Flowmi), and counted on an TC20 automated cell counter (Bio-Rad) 
after the addition of Trypan Blue. We did not use statistical methods to 
pre-determine sample sizes, but our sample sizes are similar to those 
reported in previous publications24,25,48.

Isolation of nuclei from frozen post-mortem choroid plexus
Frozen choroid plexus tissue was extracted from the lateral ventricles 
of post-mortem tissue obtained from the Stanford University Pathol-
ogy department and the Saarland University Hospital Institute for 
Neuropathology, with approval from local ethics committees. Group 
characteristics are presented in Supplementary Table 1. All procedures 
were carried out on ice or at 4 °C, and in a BSL2+ Biosafety Cabinet wear-
ing PPE. Dounce homogenization or enzymatic dissociation resulted in 
loss of nuclei integrity and low nuclei complexity (<50 median genes/ 
nuclei). We hypothesized that like shaking an apple tree, gentle pipet-
ting of choroid plexi tissue in lysis buffer could liberate nuclei without 
needing to physically disintegrate the fibrous choroid matrix—and 
thus avoid collateral physical damage to nuclei. Specifically, 40 mg 
of choroid plexus tissue was thawed in 250 μl of 1% BSA with 0.2 U μl−1 
RNase inhibitor until the tissue settled. 5 ml of lysis buffer (10 mM Tris, 
10 mM NaCl, 3 mM MgCl2, 0.1% Nonidet P40 substitute (Roche/ Sigma, 
11754599001), 0.2 U μl−1 RNase inhibitor, and protease inhibitor) was 
added and tissue incubated on ice for 10 minutes with gentle swirling 
every 2 minutes. 5 ml of 1% BSA was added and the tissue triturated 
10 times with a 5 ml serological pipette. After centrifugation (500g, 5 
min), pelleted nuclei were resuspended in 1% BSA with 0.2 U μl−1 RNase 
inhibitor; gently triturated 10 times with a 1 ml regular-bore pipette tip; 
and filtered twice through a 70 μm and then a 40 μm strainer (Flowmi). 
Debris was inspected on a brightfield microscope and nuclei were 
counted on an TC20 automated cell counter (Bio-Rad) after the addi-
tion of Trypan Blue.

Droplet-based snRNA-sequencing
For droplet-based snRNA-seq, libraries were prepared using the Chro-
mium Next GEM Single Cell 3ʹ v3.1 according to the manufacturer’s 
protocol (10x Genomics), targeting 10,000 nuclei per sample after 
counting with a TC20 Automated Cell Counter (Bio-Rad). 13 cycles 
were applied to brain parenchyma samples to generate cDNA, and 15 
for choroid plexus samples. All samples underwent 15-16 cycles for final 

library generation. Generated snRNA-seq libraries were sequenced 
across two S4 lanes on a NovaSeq 6000 (150 cycles, Novogene).

snRNA-seq quality control
Raw gene counts were obtained by aligning reads to the hg38 genome 
(refdata-gex-GRCh38-2020-A) using CellRanger software (v.4.0.0) 
(10x Genomics). To account for unspliced nuclear transcripts, reads 
mapping to pre-mRNA were also counted. As previously published, a 
cut-off value of 200 unique molecular identifiers (UMIs) was used to 
select nuclei of sufficient complexity for further analysis5. As initial 
reference, the entire dataset was projected onto two-dimensional space 
using Uniform Manifold Approximation and Projection (UMAP) on the 
top 20 principal components49. Three approaches were combined for 
quality control: (1) ambient cell free mRNA contamination was removed 
using SoupX50 for each individual sample; (2) outliers with a high ratio 
of mitochondrial (>5%, <200 features) relative to endogenous RNAs and 
homotypic doublets (> 5000 features) were removed in Seurat 3.2.151; 
and (3) after scTransform normalization and integration, doublets and 
multiplets were filtered out using DoubletFinder with subsequent 
manual inspection and filtering based on cell type-specific marker 
genes52. Similarly, genes detected in fewer than 4 cells were excluded 
from the analysis. The core statistical parameters of DoubletFinder 
(nExp, pK) used to build artificial doublets for true doublet classifica-
tion were determined automatically using recommended settings. 
The computed nExp and pK values for each sample are provided in 
Supplementary Table 1. After applying these filtering steps, the dataset 
contained 65,309 high-quality nuclei.

Cell annotations
Seurat’s SCTransform-based integration workflow53 was used to align 
data, using default settings. Briefly, the integration workflow searches 
for common gene modules (anchors) in cells with similar transcrip-
tomes. Individual QC-ed samples (described above) are integrated in 
a step-wise fashion, using cellular sequencing depth as a covariate to 
mitigate technical artifacts. After combining the samples into a single 
data set/ Seurat object, genes were projected into principal compo-
nent (PC) space using the principal component analysis (RunPCA). 
The first 80 (for global object), 30 (choroid plexus), or 25 (specific cell 
types) dimensions were used as inputs into Seurat’s FindNeighbors, 
FindClusters (at 0.2 resolution) and RunUMAP functions. Briefly, a 
shared-nearest-neighbor graph was constructed based on the Euclidean 
distance metric in PC space, and cells were clustered using the Louvain 
method. RunUMAP functions with default settings was used to calculate 
2-dimensional UMAP coordinates and search for distinct cell popula-
tions. Positive differential expression of each cluster against all other 
clusters (MAST) was used to identify marker genes for each cluster54. 
We annotated cell-types using previously published marker genes5,8,24,45. 
To distinguish between confounding (perivascular) macrophages and 
T cells and pure microglia in the larger cortex immune population, 
we subset the cluster and repeated the standard steps of Seurat for 
dimension reduction and unsupervised clustering. Then, to yield pure 
microglia by requiring the normalized expression of the specific cell 
type markers MRC1 and CD247 to be strictly less than 1. As choosing a 
threshold involves a sensitivity-specificity trade-off we sought to set 
strict cut-offs as to yield pure microglia at a high specificity. The MRC1+ 
cell population did not form separate clusters in an unsupervised clus-
tering of the larger immune population and were not associated with 
better or lower library quality scores, as assessed through the number 
of detected UMIs, number of detected RNAs (genes), and percentage 
of mitochondrial reads.

Differential gene expression and sub-cluster analysis
Differential gene expression of genes comparing controls and COVID-
19—or comparing cell type sub-cluster markers—was done using the 
MAST54 algorithm (v.1.12.0), which implements a two-part hurdle 
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model, and has demonstrated superior type-I error control without 
significantly sacrificing sensitivity55–58. First, we ensured that our data 
did not exhibit signs of confounding effects (Extended Data Fig. 2). 
For example, while sex imbalance of patient cohorts can influence 
certain genes in single cell analysis and is a general issue in the field, we 
balanced genders by group, mitigating variance due to sex (Extended 
Data Fig. 2a; Supplementary Tables 3 and 5). Default Seurat thresholds 
of Log (fold change) > 0.25 (absolute value), adjusted P value (Bonfer-
roni correction) < 0.05, and expression in greater than 10% of cells 
were required to consider a gene differentially expressed, as similarly 
done in prior brain5,8,25,26,45,59–62 and COVID-1963–69 manuscripts. Sex and 
Batch were set as latent variables. Our sensitivity to detect differen-
tially expressed genes (DEGs) for a given cell type was not driven by 
the number of nuclei isolated (Extended Data Fig. 4c).

Cell quality-associated markers were removed and biological path-
way and gene ontology enrichment analysis were performed using 
Enrichr70, Metascape71, or GeneTrail 372 with input species set to Homo 
sapiens and using standard parameters. Docking, processing, and 
viral defense genes relevant to SARS-CoV-2 were chosen based on 
Iadecola, et al16. To identify microglia sub-cluster markers, differential 
expression analysis of cells grouped in each sub-cluster was performed 
against the remaining cells within the given cell-type. Markers were 
defined based on the MAST algorithm using only positive values with 
Log (fold change) > 0.25 (absolute value), adjusted P value (Bonferroni 
correction) < 0.05. Enrichment/ over-representation of the overlap 
between markers defining the COVID-19 microglia 2 cluster and the 
Mathys5 Alzheimer’s disease Mic1 cluster followed the hypergeomet-
ric probability, using the set of 17,926 protein-coding genes as back-
ground. To assess alternative differential expression approaches, raw 
gene counts were aggregated for each sample and cell type cluster 
separately. For the subsequent pseudo-bulk analysis, we utilized the 
pbDS function of the muscat package73 with limma-voom74 selected 
as differential state method, and the parameters min_cells, and filter 
set to 20 and ‘gene’, respectively, where we configured sample Sex and 
Batch as latent variables in the design matrix. All other parameters 
were kept as default.

RT-qPCR validation of snRNA-seq differential gene expression
For RT-qPCR validation of our snRNA-seq DEG analysis, we focused on 
choroid plexus tissue because of its relative homogeneity compared to 
cortex: epithelium and mesenchymal cells form over 90% of all nuclei, 
and hence, DEGs in those cell types can be assessed even in bulk cho-
roid plexus mRNA samples with only a ~10% potential confound from 
other cell types. This is not the case with cortex samples consisting 
of various cell types and subtypes (e.g., neuronal subtypes). Briefly, 
choroid plexus nuclei were isolated as before, and bulk mRNA isolated 
using the RNeasy Micro Kit (Qiagen). cDNA was generated using the 
qScript cDNA SuperMix (Quantabio) and then mixed with SYBR green 
master mix before loading as technical duplicates on a LightCycler 480 
(Roche). ΔΔCT values normalized to ACTB were used to assess relative 
gene expression between samples. The following validated primer 
pairs were used (PrimerBank, human)75 to assess major inflammatory 
genes predicted upregulated in COVID-19 as well as other genes pre-
dicted upregulated at a similar logFC to confirm the validity of default 
snRNA-seq DEG MAST thresholds:

• IFITM3: 5′-CTG GGCTTCATA GCATTCGCCT-3′ (forward) and 5′-AGA  
TGTTCA GGC ACTTGGCGG T-3′ (reverse)

• STAT3: 5′-CAGCAGCTTGACACACGGTA-3′ (forward) and 5′-AAACAC 
CAAAGTGGCATGTGA-3′ (reverse)

• C7: 5′-AATGGCTGTACCAAGACTCAGA-3′ (forward) and 5′-GCTGAT 
GCACTGACCTGAAAA-3′ (reverse)

• NQO1: 5′-GAAGAGCACTGATCGTACTGGC-3′ (forward) and 5′-GGA 
TACTGAAAGTTCGCAGGG-3′ (reverse)

• ZFP36: 5′-GACTGAGCTATGTCGGACCTT-3′ (forward) and 5′-GAG 
TTCCGTCTTGTATTTGGGG-3′ (reverse)

• SDC4: 5′-GGACCTCCTAGAAGGCCGATA-3′ (forward) and 5′-AGG 
GCCGATCATGGAGTCTT-3′ (reverse)

• ACTB: 5′-CACCATTGGCAATGAGCGGTTC-3′ (forward) and 5′-AGG 
TCTTTGCGGATGTCCACGT-3′ (reverse); and (housekeeping performed 
in duplicate): 5′-GGAGAAGAGCTACGAGCTGCCTGAC-3′ (forward) and 
5′-AAGGTAGTTTCGTGGATGCCACAGG-3′ (reverse)

Monocle trajectory analysis
Monocle3 (v.0.2.1.) was used to generate the pseudo-time trajectory 
analysis in microglia76. Cells were re-clustered as above and used as 
input into Monocle to infer cluster and lineage relationships within a 
given cell type. Specifically, UMAP embeddings and cell sub-clusters 
generated from Seurat were converted to a cell_data_set object using 
SeuratWrappers (v.0.2.0) and then used as input to perform trajectory 
graph learning and pseudo‐time measurement through reversed graph 
embedding with Monocle.

Viral transcript analysis
Four RNA-based approaches were applied to systematically probe for 
the presence of SARS-CoV-2 RNA in the brain: analysis by snRNA-seq, 
bulk RNA-seq after viral isolation (QIAamp Viral RNA Mini Kit, Qiagen, 
Manufacturer’s instructions), bulk RNA-seq after whole transcriptome 
isolation, and RT-PCR using CDC Emergency Use Authorization prim-
ers against the SARS-CoV-2 N1 and N2 genes (IDT 10006770). Both 
bulk RNA-seq RNA underwent established cDNA and library genera-
tion: briefly, mRNA was transcribed into full-length cDNA by using 
the Smart-Seq v4 Ultra-Low-Input RNA kit from Clontech according 
to the manufacturer’s instructions. Samples were validated with an 
Agilent 2100 Bioanalyzer. Full-length cDNA was processed with the 
Nextera XT kit from Illumina for library preparation according to the 
manufacturer’s protocol. Library quality was verified with an Agilent 
2100 Bioanalyzer. Sequencing was carried out on a NovaSeq 6000 
(150 cycles, Novogene). For RT-PCR analysis, bulk choroid whole tran-
scriptome mRNA samples were diluted and mixed with SYBR green 
master mix before loading as technical duplicates on a LightCycler 
480 (Roche) for 40 cycles.

To search for SARS-CoV-2 reads in either the snRNA-seq or bulk 
RNA-seq datasets, raw fastq files were subjected to read alignment 
via Viral-Track77, VIRTUS78, or centrifuge79 using the human (GRCh38) 
genome reference. For Viral-Track both a collection of 12,163 consensus 
virus sequences from Virusite80 (release 2020.3) and 17,133 curated 
SARS-CoV-2 genomes from NCBI (downloaded on 29-09-2020) were 
used. For centrifuge, a preprocessed virus index compiled by genexa 
containing among other viruses 138 SARS-CoV-2 genomes was used. 
We also adopted a complementary approach81 focusing on SARS-CoV-2 
reads, whereby barcoded but unmapped BAM reads were aligned 
using STAR to the SARS-CoV-2 reference genome, with a less stringent 
mapping parameter (outFilterMatchNmin 25-30) than the original 
Viral-Track pipeline.

Cell-cell communication
Cell-cell interactions based on the expression of known ligand-receptor 
pairs in different cell types were inferred using CellChat31 (v.0.02). To 
identify potential cell-cell communication networks perturbed or 
induced in COVID-19 patient brains, we followed the official workflow 
and loaded the normalized counts into CellChat and applied the pre-
processing functions identifyOverExpressedGenes, identifyOverEx-
pressedInteractions, and projectData with standard parameters set. 
As database we selected the Secreted Signaling pathways and used the 
pre-compiled human Protein-Protein-Interactions as a priori network 
information. For the main analyses the core functions computeCom-
munProb, computeCommunProbPathway, and aggregateNet were 
applied using standard parameters and fixed randomization seeds. 
Finally, to determine the senders and receivers in the network the 
function netAnalysis_signalingRole was applied on the netP data slot.
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Overlap with GWAS hits
From the GWAS catalog42, we obtained GWAS risk genes for neurologi-
cal disorders [Alzheimer’s disease (AD), amyotrophic lateral sclerosis 
(ALS), brain aging, multiple system atrophy (MSA), multiple sclerosis 
(MS), Parkinson’s disease (PD), and narcolepsy], psychiatric disorders 
[Attention deficit hyperactivity disorder (ADHD), autism, bipolar disor-
der, depression, psychosis, post-traumatic stress disorder (PTSD), and 
schizophrenia], and neurobehavior traits [Anxiety, suicidality, insom-
nia, neuroticism, risk behavior, intelligence, and cognitive function]. We 
removed gene duplicates and GWAS loci either not reported or in inter-
genic regions and used a P < 9 × 10−6 to identify significant associations25. 
Then, since GWAS signals can point to multiple candidate genes within 
the same locus, we focused on the ‘Reported Gene(s)’ (genes reported 
as associated by the authors of each GWAS study). Disorders and traits 
exhibiting a significant number of genes also perturbed in COVID-19 
patients are highlighted. Following gene symbol extraction, we curated 
the gene set by (1) removing unknown or outdated gene names using 
the HGNChelper package (v.0.8.6), (2) converting remaining Ensembl 
gene IDs to actual gene names using the packages ensembldb (v.2.10.0) 
and EnsDb.Hsapiens.v86 (v.2.99.0), and (3) removing any remaining 
duplicates. We then calculated the overlap between each set of GWAS 
genes with the cell type specific DEGs. Finally, a statistical enrichment 
of each overlap against background was calculated using a hypergeo-
metric test with the total background size set equal to the number of 
unique RNAs mapped in our data set (29,431). Overlaps between GWAS 
DEGs and disease GWAS genes expressed were calculated separately 
for each cell type.

Comparison of DEGs in chronic CNS disease
We compiled cell type-specific differentially expressed genes (DEGs) 
reported in published datasets for Alzheimer’s Disease (AD)5, Autism 
spectrum disorder (ASD)8, Huntington’s disease (HD)41, and Multiple 
sclerosis (MS)26. Lists of gene symbols were curated using the afore-
mentioned approach. COVID-19 DEGs that overlap with those found 
across the selected CNS diseases were called shared, whereas those 
not previously reported were called unique to COVID-19. Statistical 
significance calculations of over-representation in DEG overlaps are 
based on cumulative hypergeometric P values analogous to the pro-
cedures described above, with the total background size set equal to 
the number of unique RNAs mapped in our data set (29,431). We note 
that using the smaller set of 17,926 protein-coding genes as background 
does not change the qualitative statistical significance of the overlaps. 
Similar to the analysis of GWAS hits, we determined the overlap and 
tested its significance for each cell type separately.

PVCA and PCA analysis
Briefly, to conduct the Principal Variance Component Analysis (PVCA), 
we aggregated the SoupX corrected raw counts for each gene and each 
biological sample using the aggregateData function of the muscat 
package (v.1.2.1)73. The resulting matrix was normalized by dividing 
each feature of a sample by the total counts from that sample, mul-
tiplied by 100,000 and scaling the result using the function log(x+1). 
As variables we considered the sample annotation fields "Sample-ID", 
"Patient-ID", "Sex", "Brain-region", "Disease", "ageBin", "nNucleiBin", 
and "Batch". Since PVCA is designed to support factors, we assigned 
the values for numeric variables into ordered bins, more specifically, 
into six half-open (left-closed) intervals of size 1,000 starting at 1,000 
for the number of nuclei and five similarly defined intervals of size 10 
starting at 51 for the age. We set the cut-off for the minimal variance 
out of the total variance being explained to be 95%. For each single 
annotation variable, or first higher-order combinations of such, at 
cut-off of 0.005 was applied to consider them explanatory. All variables 
(or combinations of such) not passing the threshold were summarized 
as Other in the analysis. The residual is then defined as the remaining 

proportion of variance not being associated with any of the variables 
that are explanatory nor informative to a minor proportion. To conduct 
PCA we aggregated the log-normalized cell counts from Seurat for each 
gene and sample using the aggregateData function from muscat and 
centered the gene expression vectors before computing eigenvectors.

Computational analysis, statistics and schematics
Analysis of the data was performed with the statistical programming 
language R (v.3.6.3) using the following general-purpose package for 
loading, saving, and manipulating data, as well as generating plots, 
and fitting statistical models: dplyr (v.1.0.0), ggplot2 (v.3.2.2.), patch-
work (v.1.0.1), openxlsx (v.4.1.5), bioconductor-scater (v.1.14.6)82, 
bioconductor-dropletutils (v1.6.1)83,84, bioconductor-complexheatmap 
(v.2.2.0)85, tidyverse (v.1.3.0)86, and lsa (v.0.73.2). All other tasks were 
performed on an x86_64-based Ubuntu (4.15.0-55-generic kernel) 
server cluster. We did not use statistical methods to pre-determine 
sample sizes, but they are similar to those reported in previous 
publications24,25,48. Data in graphs are always presented as mean ± 
s.e.m. Statistical tests used for group or cluster comparisons in bulk 
or single-nucleus RNA-seq experiment analysis are specified in the 
respective sections in Methods. Schematic diagrams were created 
with BioRender.com.

Immunohistochemistry
Paraffin-embedded human brain tissue (medial frontal cortex, menin-
ges, and choroid plexus) adjacent to tissue processed for snRNA-seq 
was subjected to immunohistochemistry (IHC).

After deparaffinization and rehydration of 1-3 μm sections, peroxi-
dases were blocked by incubation in 1% H2O2 for 15 minutes at room 
temperature. Heat antigen retrieval was performed by steaming at 
98 °C in target retrieval solution pH 6.1 (Dako, Carpinteira, CA, USA 
#S1699) for 30 minutes. Sections were allowed to cool down at room 
temperature. Following antigen retrieval, sections were incubated for 
45 minutes at room temperature with the anti-SARS spike glycoprotein 
antibody 3A2 (rabbit, Abcam ab272420, 1:100), which has been used in 
previous publications17,18, anti-SARS-CoV2 spike antibody (mouse, Gene-
Tex GTX632604, 1A9 clone, 1:100) used in Song et al19, anti-SARS-CoV2 
spike antibody (rabbit, Sino Biological 40150-T62-CoV2, 1:100), 
anti-SARS-CoV2 Nucleoprotein antibody (rabbit, Sino Biological 
40143-T62, 1:100) used in Rockx et al87, and anti-human CD68 (mouse, 
Dako M0876, PG-M1 clone, 1:100) for determining microglial reactivity. 
Both antibodies were diluted in Dako REAL antibody diluent #S2022. 
After three washes with wash buffer (Dako #S3006), the Dako REAL 
EnVision HRP kit (#K5007) or Alkaline Phosphatase/RED kit (#K500511) 
was used for the visualization of the antibody reaction according to the 
manufacturer’s instructions. Sections were counterstained with May-
er’s hemalum (Sigma-Aldrich #1.09249). After dehydration, coverslips 
were mounted with Entellan (Merck #1.07961). Images were acquired 
with an Olympus BX 40 microscope, equipped with an Olympus SC30 
digital microscope camera using the Olympus cellSens software. To 
assess disease-associated innate immune activation in COVID-19 brains, 
slides were screened at low magnification and areas with the most pro-
nounced changes were used for quantification. Spatial context was used 
to determine the myeloid cell type—e.g., the meninges are evident in a 
brain slice, enabling confident identification of resident CD68+ cells 
as meningeal, and likewise for the brain vasculature. A semiquantita-
tive categorization for activation, as typical in pathology, is used: mild 
= detectable microgliosis, atypical for healthy tissue; moderate = a 
pathological process typical of pathological changes; severe = a marked 
pathological process. Several clusters of microglia/ macrophages were 
characterized as excessive beyond the severe category.

Reporting summary
Further information on research design is available in the Nature 
Research Reporting Summary linked to this paper.
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Data availability
Raw sequencing data is deposited under NCBI GEO: GSE159812. Normal-
ized counts data also available for download at: https://twc-stanford.
shinyapps.io/scRNA_Brain_COVID19. Source data are provided with 
this paper.

Code availability
All analyses have been carried out using freely available software pack-
ages. Custom code used to analyze the RNA-seq data and datasets gen-
erated and/or processed in the current study are available from the 
corresponding authors upon request.
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Extended Data Fig. 1 | Characterization of human cortical and choroid plexi 
nuclei sequenced. a, Total number of nuclei and median number of genes of 
each human sample sequenced in medial frontal cortex and choroid plexus.  
b, c, Quantification of the median number of genes detected per nuclei (b) and 
patient ages (c) in controls (non-viral and influenza) and COVID-19 samples in 

medial frontal cortex (n=8 controls and n=8 COVID-19, two-sided Mann-Whitey 
t-test; mean +/- s.e.m.) and choroid plexus (n=7 controls and n=7 COVID-19, 
two-sided Mann-Whitey t-test; mean +/- s.e.m.). d, e, Bar graph presenting 
frequency of nuclei for controls and COVID-19 medial frontal cortex (d) and 
choroid plexus (e) sample groups.

Article

ACCELE
RATED  

ARTIC
LE  

PREVIE
W  

ACCELE
RATED  

ARTIC
LE  

PREVIE
W  



Extended Data Fig. 2 | Gene expression variance analysis. a, Principal 
variance component analysis, displaying the gene expression variance 
explained by residuals (biological and technical noise) or experimental factors 
such as brain region, age, sex, and respective combinations. n=30 samples.  

b, Principal component analysis (PCA) visualization of all samples, based on 
unscaled counts. c, UMAP projections of nuclei isolated from the medial 
frontal cortex (top) or choroid plexus (bottom), and split by disease group, 
showing no systematic batch effects.ACCELE
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Extended Data Fig. 3 | Human brain cell type markers. a, Top cell 
type-specific genes across the types of cells captured in the human cortex. The 
color bar indicates gene expression from low (blue) to high (yellow). b, Example 

of top cell type-specific genes across the types of cells captured in the human 
choroid plexus. Violin plots are centered around the median, with their shape 
representing cell distribution.
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Extended Data Fig. 4 | Cell type-specific changes in gene expression and 
intercellular signaling in the COVID-19 brain. a, Heatmap displaying the 
number of significant biological pathways among the set of differentially 
expressed genes in each cell type (FDR < 0.05, Benjamini-Hochberg 
adjustment, hypergeometric test). Number of significant pathways is indicated 

in graded black/blue (low) to yellow (high). b, Example upregulation of 
inflammatory and dysregulation of homeostatic genes in COVID-19 astrocytes. 
c, Comparison of the number of nuclei isolated per cell type and the number of 
predicted differentially expressed genes (DEGs). Two-sided p-value indicates 
the significance of the correlation (Pearson, ns).ACCELE
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Extended Data Fig. 5 | Overlap between alternative snRNA-seq differential 
expression analysis methods. a-b, Scatter plots demonstrating the strong 
correlation between the calculated effect sizes of two differential gene 
expression analysis methods, MAST54 (used here) and pseudo-bulk73,74, across 

cell types in the human medial frontal cortex (a) and choroid plexus (b). Orange 
line denotes the trendline fitted with a generalized linear model (GLM), 
surrounded by a 95% confidence interval in purple. Spearman correlation is 
shown along with the significance by two-sided p-values.
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Extended Data Fig. 6 | Brain COVID-19 DEGs show no significant overlap 
with brain PMI-sensitive genes. a, Comparison of PMI-sensitive genes (left 
column, from Dachet, et al. 2021. Scientific Reports27) and COVID-19 
differentially expressed genes (DEGs, all other columns). No statistically 
significant overlap is observed (Fisher’s exact test). b, Dachet, et al.27 
categorized PMI-sensitive genes in two categories: glial genes upregulated, 

and neural genes downregulated. Minimal overlap is seen with COVID-19 
changes of the same category (e.g., glial genes upregulated in COVID-19 versus 
glial genes up with extended PMI). c, Heatmap showing that PMI-sensitive 
genes are not the differentially expressed genes in COVID-19 and thus not 
driving DEG-based findings of our study.
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Extended Data Fig. 7 | Expression of SARS-CoV-2 virus entry genes across 
cell types. a, b, Expression of SARS-CoV-2 entry receptors, established and 
putative, across cell types in the human medial frontal cortex (a) and choroid 

plexus (b). Violin plots are centered around the median, with their shape 
representing cell distribution.
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Extended Data Fig. 8 | Choroid plexus inflammation in COVID-19. Immunohistochemical staining for the macrophage activation marker CD68 (brown) in the 
choroid plexus of COVID-19 patient and controls. Hematoxylin counterstain (blue). Scale bar = 20 microns.
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Extended Data Fig. 9 | No conclusive detection of SARS-CoV-2 
neuroinvasion. a, Summary of RNA-based assays to detect SARS-CoV-2 in the 
human cortex and choroid plexus. Note that aside from the 3A2 antibody 
(below), no other anti-SARS-CoV-2 antibody detected viral protein antigen in 
the brain or choroid plexus. b, qPCR detection of the SARS-CoV-2 genes N1 and 
N2 via CDC Emergency Use Authorization primers on choroid plexus samples 
(n=6 non-viral control, n=7 COVID-19; two-sided Mann-Whitney t-test; mean +/- 
s.e.m.). c, Aberrant anti-SARS-CoV-2 SPIKE (3A2) antibody reactivity (brown) in 

the frontal medial cortex of two COVID-19 patients in tissue immediately 
adjacent to that used for snRNA-seq. Haematoxylin counterstain (purple). 
Scale bar = 20 microns. d, As in (c) but for the choroid plexus and meninges in 
two COVID-19 patients. Scale bar = 20 microns. e, As in (c) but using a different 
secondary antibody detection method (biotin-Alkaline Phosphatase, red), 
recapitulating the specific vascular-localized signal. Scale bar = 20 microns. 
Immunohistochemical stains are representative of at least two independent 
experiments.
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Extended Data Fig. 10 | Cell communication analysis results for integrated 
choroid-plexus and brain parenchyma cell types. Circle plot showing the 
number of statistically significant intercellular signaling interactions for total 
signaling (over 30 ligand-receptor pathways) and the Complement family of 
molecules in controls (non-viral and influenza) compared to COVID-19 patients 
(permutation test, CellChat33; n=8 control, including influenza and n=8 
COVID-19 for cortex; n=7 control, including influenza and n=7 COVID-19 for 

choroid plexus). Each circle (color) represents one cell type, while edges 
connecting circles represent significant intercellular signaling inferred 
between those cell types. Circles and edges were normalized and scaled to 
display relative sizes, with the former proportional to the number of cells from 
a given cell type and the latter according to the inferred strength of signaling. 
Cell type labels correspond to signaling pathway increased in COVID-19.
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Extended Data Fig. 11 | Activation of parenchymal microglia and 
perivascular macrophages in COVID-19. Immunohistochemical staining of 
microglia and macrophages by an antibody against the proinflammatory 
marker CD6888 (immunoreaction in brown). Counterstained with 
haematoxylin for cell nuclei in blue. a, The frontal medial gyrus of COVID-19 
patients immediately adjacent to that used for snRNA-seq. A cluster of 
activated microglia up to single macrophages is immunostained in the 
parenchyma of the gyrus (subcortical white matter). Scale bar = 20 microns.  
b, A vessel of the medial frontal gyrus is surrounded by activated perivascular 
macrophages. Scale bar = 20 microns. c, The cortical surface is shown. The 
upper third of the figure contains the leptomeninges that cover the cortex. A 

dense infiltration by brown stained macrophages into the leptomeninges is 
visible. Scale bar = 20 microns. d, Summary of innate immune reactivity across 
8 COVID-19 patients, typically not observed in healthy brains at these levels, 
color coded and labeled by severity. A semiquantitative categorization for 
changes, as usual in the field of Pathology, is used: mild = detectable 
microgliosis, atypical for healthy tissue; moderate = a pathological process 
typical of pathological changes; severe = a marked pathological process. 
Several clusters of microglia/ macrophages were characterized as excessive 
beyond the severe category. Immunohistochemical stains are representative 
of at least two independent experiments.
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Extended Data Fig. 12 | See next page for caption.
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Extended Data Fig. 12 | Evaluation of COVID-19 enriched subpopulations in 
other parenchymal glia. a, UMAP of astrocytes captured in the human frontal 
cortex, split by controls (including influenza, n=8) and COVID-19 patients 
(n=8). Cells are colored by cell type subcluster. Genes indicate of / upregulated 
in the COVID-19 enriched astrocyte cluster are labelled in green. b, 
Quantification of astrocyte cluster 1 as a proportion of total astrocytes (n=8 
controls, including influenza; n=8 COVID-19, two-sided Mann-Whitney t-test 
P=0.0041; mean +/- s.e.m.). Example genes upregulated in the COVID-19 
associated astrocyte cluster are shown. c, Enriched biological pathways 

(Metascape53) amongst upregulated gene markers of COVID-19 astrocytes. 
Enrichment is based on FDR-corrected cumulative hypergeometric P values 
(Bonferroni correction FDR < 0.05, MAST with default thresholds). d, UMAP 
projection of oligodendrocyte progenitor cells (OPCs) and trending but not 
significant emergence of a COVID-19 enriched subcluster. e, Quantification of 
the frequency of the COVID-19 enriched OPC subcluster as a proportion of all 
OPCs (n=8 controls, including 1 influenza and n=8 COVID-19, two-sided Mann-
Whitney t-test, P=0.083; mean +/- s.e.m., not significant). f,g, As in (d,e) but for 
mature oligodendrocytes with P=0.9591.
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