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Materials and Methods

Methods

Biospecimens

Donor and sample characteristics

All samples were selected from donors that were enrolled as part of the GTEx project. As
previously described (7), all GTEx tissue samples were derived from deceased donors, with study
authorization obtained via next-of-kin consent for the collection and banking of de-identified tissue

samples for scientific research.

While the vast majority of tissues collected from GTEx donors were preserved in PAXgene
fixative (/80), which is not compatible for scRNA-seq, a subset of duplicate samples were
collected from 8 tissue sites (Breast — Mammary tissue, Esophagus — Mucosa, Esophagus —
Muscularis, Heart — Left Ventricle, Lung, Muscle — Skeletal, Prostate, and Skin — Sun Exposed
(Lower leg)) and flash frozen. We selected 3-4 samples from each of the 8 tissues that satisfied the
following criteria: (1) both genders and all available ancestral/ethnic groups are represented; (2)
approximately span the age range collected for GTEx (21-70 years old); (3) RNA quality from the
matched PAXgene-preserved tissue fulfilled GTEx requirements for bulk RNA-Seq (RIN > 5.5);
and (4) RNA-seq (from bulk matched tissue) and a donor genotype (from Whole Genome

Sequencing) were available.

All GTEx samples underwent pathology review as part of that study protocol (/80), to validate
tissue origin, content, and integrity. Tissues were also reviewed for evidence of any disease
(cancer, infectious disease, inflammatory disease) to confirm that collected biospecimens were

“normal” or non-diseased and were acceptable for inclusion in the GTEx inventory and study. For
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the samples selected for this study, we performed a second pathology review to provide greater
detail about the broad cellular makeup of each tissue sample (table S1). The accompanying H&E
images for each sample are available on the GTEx portal Histology Viewer

(http://gtexportal.org/home/histologyPage).

Sample processing

Approximately 400mg of frozen tissue was obtained from each sample to allow the application of
multiple nucleus extraction methods. 20-50 mg of tissue was cut per preparation. For donor
pooling, ~10-15 mg of tissue from each donor were combined. Tissue remained frozen during

cutting and weighing.

Each tissue sample was prepared as previously described for the EZ, CST, NST and TST protocols
(26). Briefly, each tissue piece was subjected to nucleus isolation and snRNA-Seq, using each of
the four conditions, with either commercial EZ buffer and mechanical breakdown using douncing
(19) (EZ), or with nucleus isolation in salt-Tris buffer with detergent, either NP-40, CHAPS, or
Tween-20 (NST, CST and TST receptively), with chopping to assist mechanical breakdown of the

tissue (26).

For the CST, NST, TST isolations: On ice, each piece of frozen tissue was placed into one well of
a 6-well plate with salt-Tris buffer containing 146 mM NaCl (Cat#S6546-1L, Sigma-Aldrich), 1
mM CaCl; (Cat#97062-820, VWR), 21 mM MgCl, (Cat#¥M1028-10X1ML, Sigma-Aldrich), 10
mM Tris pH 8.0 (CAT#AMO9855G, Thermo Fisher Scientific), supplemented with detergent:
CHAPS (Cat#220201-1GM, EMD Millipore) at 0.49% (w/v), Tween20 (Cat#100216-360, VWR)

at 0.03% (w/v), or Nonidet™ P40 Substitute (Cat#AAJ19628AP, Fisher Scientific) at 0.02%



(w/v). Tissue was then chopped with Tungsten Carbide Straight 11.5 cm Fine Scissors (14558-11,
Fine Science Tools, Foster City, CA) for 10 min on ice. Samples were then filtered through a
40 um Falcon cell strainer (Thermo Fisher Scientific, cat. no. 08-771-1) into a 50ml conical tube.
The well and filter were washed with an additional 1 ml of detergent-buffer solution, followed by
a wash with 3ml of buffer without detergent. The ~ 5 ml sample volume was then transferred to a
15 ml conical tube and centrifuged for 5 minutes, 500g at 4°C in a swinging bucket centrifuge with
soft break. Following centrifugation, the sample was placed on ice, supernatant was removed
carefully, and the pellet was resuspended in salt-Tris buffer without detergent. The nucleus
solution was then filtered through a 35 um Falcon cell strainer (Corning, cat. no. 352235). Nuclei
were counted, and 7,000 nuclei of the single-nucleus suspension were loaded onto the Chromium
Chips for the Chromium Single Cell 3’ Library (V2, PN-120233) according to the manufacturer’s
recommendations (10x Genomics). Mouse tissues were prepared using the CST nucleus isolation

protocol.

For the EZ protocol: Tissue samples were cut into pieces <0.5 cm and homogenized using a glass

Dounce tissue grinder (Sigma, cat. no. D8938). The tissue was homogenized 20 times with pestle
A and 20 times with pestle B in 2 ml of ice-cold nuclei EZ lysis buffer (NUC101-1KT, Sigma-
Aldrich). Then, a volume of 3 ml of cold EZ lysis buffer was added, and sample was incubated on
ice for 5 min. Sample was then centrifuged at 500g for 5 min at 4 °C, washed with 5 ml ice-cold
EZ lysis buffer and incubated on ice for 5 min. After additional centrifugation as in the previous
step, supernatant was removed and the nucleus pellet was washed with 5 ml nuclei suspension
buffer (NSB; consisting of 1X PBS, 0.01% BSA and 0.1% RNase inhibitor (Clontech, cat. no.

2313A)). Isolated nuclei were resuspended in 2 ml NSB, filtered through a 35 um cell strainer



(Corning-Falcon, cat. no. 352235) and counted. A final concentration of 1,000 nuclei per ul was

used for loading on a 10x V2 channel.

snRNA-seq library preparation and sequencing

Nuclei were partitioned into Gel Beads in Emulsion (GEMs) using the GemCode instrument. Lysis
and barcoded reverse transcription of RNA occurred in GEMs, followed by amplification, shearing
and adaptor and sample index attachment according to the manufacturer's protocol (10x

Genomics). Libraries were sequenced on an [llumina HiSeq X or NextSeq.

snRNA-seq data pre-processing

Raw sequence files were demultiplexed into the fastq format using the cellranger mkfastq
command (Cell Ranger v2.1.0, 10X Genomics). A custom pre-mRNA reference genome was
generated including both introns and exons using the commands recommended by 10X’s Cell

Ranger pipeline (https://support.10xgenomics.com/single-cell-gene-

expression/software/pipelines/latest/advanced/references). The “cellranger count” command was

used to generate gene expression matrices.

To remove ambient RNA (76, 30, 168, 181), we used CellBender (30) v2’s probabilistic model to
generate corrected gene expression matrices after ambient removal. CellBender was run on a Terra

cloud computing environment (https://app.terra.bio) on all raw gene expression matrices using the

remove-background-v2-alpha workflow with FPR=0.01 option. The total number of nuclei

identified by CellBender was 439,772.



Following ambient RNA correction, we removed “low-quality” nucleus profiles defined as those
with either <200 detected genes, >5,000 detected genes, or <400 UMIs, retaining 265,831 nuclei
passing QC. Protocol- and individual-specific clusters and the clusters with high predicted doublet
proportions and mixed marker sets were removed manually retaining 209,126 nuclei for all

subsequent analyses.

Estimation of exon:intron ratios
We computed exon:intron ratios from read counts in exonic, intronic, and intergenic regions

obtained with Scrinvex (https://github.com/getzlab/scrinvex) applied to the processed BAM-file.

First, a collapsed annotation file was created using the “genes.gtf” created in the Cell Ranger v2

reference using the GTEx collapse annotation script (https://github.com/broadinstitute/gtex-

pipeline/tree/master/gene_model). Then, Scrinvex was run as “scrinvex ${collapsed gtf}

${cellranger bam} -b ${barcodes} -o {out file} -s {summary file}” where cellranger bam and

barcodes are output from cellranger count.

Data harmonization using disentangled conditional VAEs

We used a conditional B-TCVAE (total correlation variational autoencoder) (/82) to obtain
disentangled representation of cells, while simultaneously factoring out unwanted sources of
biological and technical variation (age, sex, self-reported ethnicity, nucleus isolation protocol, and
ischemic time) from the latent representation of cells via conditioning. Python source code of [3-

TCVAE implemented by Yann Dubois (https:/github.com/YannDubs/disentangling-vae) was

adapted for tabular single-cell data by adding fully connected encoder and decoder layers.

Furthermore, we added the conditioning support for continuous and categorical variables.



Conditional B-TCVAE with 64 latent dimensions was applied to log(TP10K+1)-transformed
counts after subsetting the genes to 10,000 highly variable protein coding genes. Age, sex, nucleus
isolation protocol, ischemic time and self-reported race/ethnicity were used for conditioning. We
fitted the model on the entire dataset with beta values 1 (where B-TCVAE reduces to a standard
cVAE), 2, 3, 5 and 10. Higher beta values lead to over-smoothened reconstructions and higher loss
of variation in the data (fig. S3). To minimize the loss of structure in the UMAP embeddings of
nuclei and to keep the distinctness of tissue-specific neighborhoods, we used beta=2.0 as a final
hyperparameter. We used a softplus output activation to produce non-negative outputs. Mean
squared error (MSE) was used as a loss function. UMAP embeddings and k-nearest neighbors (k-
NN) graph-based clusters were inferred using a 15-nearest neighbor graph built with the mean
VAE latent space embeddings of the nuclei profiles using sc.pp.neighbors(), sc.tlL.umap() and

sc.tl.leiden() functions of Scanpy (/83).

Benchmarking integration methods
The cVAE integration was compared with Harmony (/84), MNN (/85) and BBKNN (/86) by
several  metrics. MNN  (/85) (Python implementation by  Chris Kang,

https://github.com/chriscainx/mnnpy/, version 0.1.9.5) and BBKNN (186)

(https://github.com/Teichlab/bbknn, version 1.5.1) were run on 2,000 highly variable genes. The

PyTorch implementation of Harmony (/84) (https:/github.com/lilab-bcb/harmony-pytorch,
version 0.1.3) was run on 50 PCs that were fitted using 2,000 highly variable genes. cVAEs with
8, 64 and 256 latent variables were trained on 5,000 highly variable genes. Each method was run
on the entire dataset five times with random seeds and used “channel” as a batch variable. For
MNN, Harmony and cVAE, a k-nearest neighbor (k-NN) graph was built with £&=30 neighbors.

The graph-representation output of BBKNN was used. Graph-based clustering (Leiden) was



performed with resolution of 1.0 on the uncorrected data and data corrected with four methods.
The sc.pp.highly variable genes, sc.pp.pca, sc.pp.neighbors, sc.tl.leiden functions from Scanpy
were used for the identification of highly variable genes, PCA, A-NN graph construction, and
graph-based clustering, respectively. scib Python package (/87) was used for quantification of the
integration performance via adjusted Rand index (ARI), normalized mutual information (NMI)
and kBET metrics and for performing MNN and BBKNN methods. kBET was run on the gene
expression space for MNN, Harmony-corrected PC space for Harmony, k-NN representation for

BBKNN and the latent space for cVAE.

Our cVAE performed (specifically the variant with 64D latent space) on par with Harmony (/84),
MNN and BBKNN in conservation of cell type-specific variation based on kBET (/88), NMI and
ARI metrics (fig. S4A). In the runtime comparison, cVAE performed better than all methods (fig.
S4B) and performed better than Harmony based on NMI and ARI but not as good as MNN and
BBKNN. The cVAE performed comparably to Harmony (and both better than MNN and BBKNN)
in removal of protocol-, channel- and individual-specific effects based on kBET, NMI and ARI

metrics (fig. S4D). 64D cVAE obtained higher scores than 8D and 256D cVAE:s (fig. S4A-D).

Mouse skeletal muscle snRNA-seq data pre-processing, integration, and annotation

After generating the count matrices from the raw files with Cell Ranger (v2.1.0, 10X Genomics),
we removed the “low-quality” nucleus profiles defined as those with either <200 detected genes,
>5,000 detected genes, or <400 UMIs, retaining 31,904 nuclei passing QC. Processed heart and
esophagus mouse snRNA-seq datasets from Drokhlyansky et al. (26) were downloaded from

https://singlecell.broadinstitute.org/single cell/study/SCP1038/the-human-and-mouse-enteric-

nervous-system-at-single-cell-resolution. Three muscle datasets were then concatenated.




Similar to the human nuclei profiles, we used a conditional B-TCVAE (/82) to correct for mouse-
or batch-specific effects. Conditional VAE with 64 latent dimensions was applied to
log(TP10K+1)-transformed counts after subsetting the genes to the 10,000 highly variable protein
coding genes. We used beta=2.0 as a hyperparameter with a softplus output activation for non-
negative outputs. UMAP embeddings and graph-based clusters were inferred using a 15-nearest
neighbor graph built with the mean VAE latent space embeddings of the nuclei profiles using
sc.pp.neighbors(), sc.tl.umap() and sc.tl.leiden() functions of Scanpy. After differential expression
via the sc.tl.rank gene groups() function, we manually annotated the clusters by comparing highly

expressed genes with the literature-based marker lists.

For muscle disease gene set enrichment, we mapped mouse genes to human genes using the
ortholog gene list from NCBI HomoloGene

(https:/ftp.ncbi.nih.gov/pub/HomoloGene/current/homologene.data).  Fisher’s  exact  test

(implemented in fisher Python package) was used for the enrichment test.

Curation of reference genes from prior studies

To curate a literature-based set of reference genes (table S3), we first screened primary literature
for cell-types found in histology samples for each targeted region. We then curated, at minimum,
3 marker genes that were identified by a primary experimental method (i.e., FISH) in the human
target tissue of interest that overlap with significant, differentially expressed genes (one vs. rest,
Welch’s t-test). For cell-types that are present in multiple tissues, such as certain immune cell-

types or vascular endothelial cells, we included “pan” annotation markers that may have been



found in any one tissue to confirm a nucleus’s putative cell-type. Finally, we resort to murine

experimental confirmation, if needed (denoted in table S3 with murine analog gene-name).

Data-driven identification of marker genes using differential expression

Raw counts were converted to log(TP10K+1) values prior to differential expression analysis using
the “sc.pp.normalize total” and “sc.pp.loglp” functions of Scanpy. After accounting for the
protocol- and sex-specific effects using ComBat (/89) via “sc.pp.combat” function of Scanpy, we
used Welch’s t-test for differential expression by running “sc.tl.rank genes groups” function of
Scanpy separately in each tissue where each broad and granular cell type was compared against

the rest.

Cell type diversity analysis

Shannon entropy was calculated for each sample or channel across all N broad cell classes,
according to the formula -} i(pixloga(pi)), where p; is the proportion of cells in cell class i. The
TST, CST and NST protocols generally had comparable cell-type diversity scores in each tissue,
with higher variability in skin, breast, and prostate (variance = 0.243 (skin), 0.585 (breast), 0.38
(prostate), < 0.1 (all other tissues)). Entropy was plotted per sample using the ggplot2 and cowplot
R packages, and with the “quasirandom” function from the ggbeeswarm package to avoid overlap
of plotted points. We used a linear mixed-effects model (“Imer” function from the Ime4 R package)

to check for association of entropy with the nuclei preparation protocol.
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Comparison to published heart snRNA-seq

Our snRNA-seq data for heart left ventricle tissues was compared to two published snRNA-seq
dataset for the heart left ventricle (33, 34). For Tucker et al. (33), we retrieved a final, annotated
Scanpy AnnData object (health human 4chamber map unnormalized V3.h5ad) and raw counts
(gene_sorted-matrix.mtx) from the Broad Institute’s Single Cell Portal at

https://singlecell.broadinstitute.org/single cell/study/SCP498. CellBender-corrected counts for

the GTEx and Tucker et al. datasets were converted to log(TP10K+1) values using the
“sc.pp.normalize_total” and “sc.pp.loglp” functions of Scanpy. For Litviilukova et al. (34), we
subset the normalized, profiled nuclei from their “global” Scanpy AnnData object for the “LV”

region available at https://www.heartcellatlas.org. Highly variable genes were selected using the

parameters in “sc.pp.highly variable genes” “min_mean=0.0125", “max mean=3", and
“min_disp=0.5.” Data were scaled using “sc.pp.scale” and highly variable genes were used for
PCA via “sc.tl.pca”. Data were integrated between the three cohorts using Harmony (/84). We
identified a population of ventricular myonuclei in Litviiukova et al. that clustered with our dataset
and Tucker ef al.’s ventricular, cytoplasmic myonuclei. We compared sample proportions as

described below in Proportion Analysis.

Identification of contaminant transcripts from ambient RNA

We identified contaminant transcripts (from ambient RNA) by comparing the log(TP10K+1)-
transformed expression values before and after the removal of ambient RNA using CellBender
(30). In the comparison, we calculated the L2-norm of the differences between the expression
values before and after ambient RNA removal for each gene separately. We used the linalg.norm

function from the NumPy Python package. Norms averaged over the genes were compared
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between the protocols via two-sided t-test using the scipy.stats.ttest ind function from SciPy

Python package.

By this analysis, we detected markers of epithelial cell types in breast (e.g., KRT15, KRT7),
esophagus mucosa (e.g., S10049, S10048, KRT13), lung (e.g., SFTPC, SFTPB, SFTPAI), prostate
(e.g., MSMB, KLK3, KLK?), and skin (e.g., KRT10, DST, COL7A41) as major contributors to
spurious estimates of gene expression and misidentification of cell types in those tissues. In muscle
tissues, genes that were highly expressed in myonuclei were among the top contaminants (e.g.,
MYL9, TAGLN, DES in esophagus muscularis; MYL2, TPM1, TNNCI in heart, and ACTA 1, TPM?2,

TNNTI, TTN in skeletal muscle).

Comparison of snRNA-seq and scRNA-seq data

Lung

The Travaglini et al. scRNA-seq dataset (Human Lung Cell Atlas (40)) was downloaded from

https://www.synapse.org/#!Synapse:syn2 1041850/wiki/600865 as a Seurat object as described in
https://github.com/krasnowlab/HLCA. Blood samples were removed, retaining 72,976 cells from
3 patients. Original annotations given in the “free_annotation” column were mapped to broad cell
types used in our study according to the mapping in table S4. 60,095 scRNA-seq profiles were
compared with 11,983 nuclei profiles from the TST protocol matching 15 shared broad cell
categories: immune (alveolar macrophage), immune (macrophage), epithelial cell (ciliated),
immune (NK cell), epithelial cell (alveolar type II), epithelial cell (alveolar type I), epithelial cell
(basal), fibroblast, pericyte/SMC, immune (T cell), epithelial cell (club), immune (mast cell),

immune (B cell), endothelial (vascular) and endothelial (lymphatic). Serous, goblet, mesothelial,
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mucous, plasmacytoid dendritic and neuroendocrine cells, platelet/megakaryocytes and

lipofibroblasts were found in scRNA-seq but not snRNA-seq.

Skin

Collection and experimental processing. Samples for scRNA-seq were obtained from the
abdomen, from discarded excess tissue removed during abdominoplasty (n=2, IRB
2017P001913/PHS). (Samples for snRNA-seq in this study were from the left or right leg, 2cm

below the patella on the medial side as described above).

For processing fresh skin, hair and fat were removed and tissue was cut into small pieces, followed
by two washes with 30 mL cold PBS in a 50 mL tube. Skin was then dissociated for single cell
suspension using either the Miltenyi Biotec Whole Skin Dissociation Kit, human (cat no. 130-101-
540) according to manufacturer's guidelines, or with dissociation medium containing 5 mL (2%)
FBS in RPMI, 100 pg / mL Liberase TM (Sigma Aldrich, cat. no. 5401127001), 100 png / mL
Dispase (Sigma Aldrich, cat. no. 4942078001), 100 pg / mL DNase I (Sigma Aldrich, cat. no.
11284932001). For this protocol, samples were incubated in a rotating 50 mL tube, at 37°C for 3
hours, with pipetting every hour. After incubation, large undigested pieces were removed, and
suspension was placed in a new tube, spun down for 3 minutes at 400g, followed by a wash with
cold PBS. RBC lysis was performed using 500 pL. ACK (Thermo Fisher Scientific, cat. no.
A1049201) on ice for 1 minute, followed by a wash with 8 mL cold PBS. Samples were then
pelleted and treated with 200 uL TrypLE (Life Technologies, cat. no. 12604013) for two minutes
while pipetting and washed with 1 mL 10% FBS in RPMI to quench, followed by a wash with 1
mL of cold PBS. Pellet was then resuspended in 1 mL of 0.4% BSA (Ambion, cat. no. AM2616)

in PBS, and filtered through a 70 pm strainer (Falcon, cat. no. 352350). Cells were counted by
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mixing 5 pl of Trypan blue (Thermo Fisher Scientific, cat. no. T10282) with 5 pul of the sample
and loaded on INCYTO C-Chip Disposable Hemocytometer, Neubauer Improved (VWR, cat. no.
82030-468). Cells were loaded onto a 10x Genomics Single-Cell Chromium Controller, using V2

3’ GEX kit.

Computational analysis. Sequencing files were demultiplexed and quantified using Cellranger
2.0.1. and the human reference genome package version GRCh38-1.2.0
(https://support.10xgenomics.com/single-cell-gene-expression/software/release-

notes/build#grch38 1.2.0), using commands “cellranger mkfastq” and “cellranger count”,
respectively. We then ran CellBender as described above to remove ambient RNA and retained
high quality cells (at least 200 genes detected and at most 20% of reads mapping to mitochondrial
genes per cell) for a total of 27,199 cells. We performed standard processing using the Seurat R
package (v3) including total sum normalization and log transformation with a multiplicative factor
of 10° (“NormalizeData”) resulting in log(TP10K+1) units, determination of variable genes
(“FindVariableFeatures” using the vst method), scaling (“ScaleData’), dimensionality reduction
by principal component analysis (“RunPCA”, k=50) and graph-based clustering (“FindNeighbors”
for /=50 and “FindClusters” at a resolution of 1). Using differential gene expression
(“FindAllMarkers”) and annotation by curated marker genes, we annotated 15 cell classes. Of
these, 11 were shared with this study’s skin snRNA-seq broad cell types: endothelial cell
(Ilymphatic), endothelial cell (vascular), epithelial cell (basal keratinocyte), epithelial cell
(suprabasal keratinocyte), melanocyte, immune (Langerhans), sweat gland cell, fibroblast,
pericyte/SMC, immune (T cell) and immune (DC/macrophage). Adipocytes, cornified
keratinocytes and sebaceous gland cells were unique to the snRNA-seq data, and preadipocytes

were found only in the scRNA-seq data.
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Prostate

Published scRNA-seq data (Henry et al. (38)) from three anatomical zones from coronal sections
of the whole prostate separated post-cystoprostatectomy was downloaded from GEO GSE117403
(D17, D27, Pd). (SnRNA-seq in our study was derived from any representative, non-nodular
region, avoiding seminal vesicles). All samples were combined and processed as described above
for skin scRNA-seq, resulting in a total of 82,822 cells annotated to 11 shared cell classes:
epithelial cell (basal), epithelial cell (luminal), epithelial cell (club), epithelial cell (Hillock),
endothelial cell (lymphatic), endothelial cell (vascular), pericyte/SMC, neuroendocrine, immune
(DC/macrophage), fibroblast, myocyte (smooth muscle). Additional epithelial subsets identified
only in the scRNA-seq data were FOXII*, SEMGI*, stressed and cycling cells, and only the
snRNA-seq data had lymphocytes, mast and Schwann cells. The discrepancy in the immune cells
may be because the scRNA-seq data was enriched for epithelial and mesenchymal cells. TST,
CST+TST, and TST protocols are used in single-nucleus single-cell correlations in lung, skin, and

prostate, respectively.

Mapping scRNA-seq and snRNA-seq profiles with a random forest classifier

To compare profiles between scRNA-seq and snRNA-seq datasets, a multi-class random forest
classifier was trained on nuclei (cells) profiles as the training set with the function “randomForest”
from the randomForest R package, and used to predict the classes of cells (nuclei) profiles with
the “predict” function, with the shared broad cell classes (15 in lung, 11 in skin, and 11 in prostate)
as class labels (cells/nuclei unique to only scRNA-Seq/snRNA-Seq were removed prior to
analysis). The smaller of up to 70% of the cell class size or 1,000 cells were randomly sampled

per class to form a training set, and genes were selected as the intersection of the top 3,000 highly
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variable genes from both nuclei and cell profiles. Highly variable genes were derived using the
FindVariableFeatures function with “vst” as the selection method. Broad cell types were
accurately predicted in scRNA-seq by a classifier trained on snRNA-seq with a median accuracy
of 89%, 89%, 89.3% across skin, lung, and prostate, respectively (Fig. 2C-E, fig. S11F-H). There
was a similarly high accuracy for predicting snRNA-seq broad cell types by a classifier trained on
scRNA-Seq (median 88% in skin, 90% in lung), suggesting that cell intrinsic programs are well-
preserved between fresh and frozen samples and techniques. Similarly, to assess the differences in
using broad vs granular labels, RF classifiers were also trained on the snRNA-seq datasets using
granular labels as described above and predicted on the scRNA-seq datasets. TST, CST+TST, and

TST protocols are used in these classifications in lung, skin, and prostate, respectively.

Integration of skin, prostate and lung scRNA-seq dataset with our atlas

scRNA-seq and snRNA-seq profiles were concatenated using Scanpy (/83). log(TP10K+1)-
transformed counts were used to estimate 1,000 highly variable genes using the
sc.pp.highly variable genes() function of Scanpy. The batch key='orig.ident' (for prostate and
lung) or the flavor='seurat v3' (for skin) option was used in the sc.pp.highly variable genes()
function. PCA was fitted using the HVGs and samples were integrated using the PyTorch

implementation of Harmony (https://github.com/lilab-bcb/harmony-pytorch) in the PC space

using samples as a batch variable. A k-nearest neighbors (k&-NN, k=15) graph was constructed using
the Harmony-corrected PCs. scRNA-seq-only embeddings were generated with the same

procedure as the embeddings of integrated samples.
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Correlation analysis between scRNA-seq and snRNA-seq profiles

Pseudobulk expression profiles were correlated between cells and nuclei. For each broad cell type
category separately, pseudobulk profiles were computed as follows: The gene (rows) by cell
(column) matrix of raw counts for each sample was first scaled per-column by the total counts in
each cell (nucleus) and then multiplied by 10° to derive counts per million (CPM) for each cell
(nucleus) profile. CPMs for each gene were then averaged across cells (row-wise) for each broad
cell type. The resulting expression vector per sample is the pseudobulk profile. Spearman
correlation was computed for the logz-transformed pseudobulk gene expression profiles of the cell
and nucleus data of interest separately for protein-coding and long non-coding RNA genes selected
as follows. The total set of human genes was downloaded from the Ensembl database (GRCh38
v103, 04/09/2021), using the BiomaRt R package. Mappability scores for GRCh38, computed
using the ENCODE pipeline (/90), were obtained from GTEx and averaged across gene bodies.
The complete set was then partitioned into genes with both pre-mRNA and mRNA mappability >
90%, and then partitioned into protein coding and long non-coding RNA genes based on their

Ensembl biotype classification.

To identify genes that deviate from the overall expected similarity, a linear model was fit to
compute residuals using the command “resid(Im(cells-nuclei ~ 0))”, where the “cells" and “nuclei”
are logy-transformed pseudobulk gene expression profiles of the sScRNA-seq and snRNA-seq data,
respectively for either protein-coding or long non-coding RNA genes. Divergent genes were
defined as those with residuals greater than the 97.5th or lesser than the 2.5th percentile,

respectively.
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Poly-A content was computed using the BSgenome. Hsapiens. UCSC.hg38 R package by searching
for stretches of at least 20 consecutive adenine “A” bases to qualify as one “polyA” unit. The total
polyA width for a gene was defined as the total number of As in such units. The gene length was

also computed using the same package.

Comparison of tissue dissociation induced-stress signature scores

Single-cell dissociation protocols have been reported to cause dissociation-induced gene
expression (41, 42). We scored a published dissociation signature (4/) in snRNA-seq and scRNA-
seq profiles using the “AddModuleScore” function in Seurat for each shared cell classes across
snRNA-seq and scRNA-seq datasets. The score was computed on the normalized gene expression

units of log(TP10K+1).

Proportion analysis

Dirichlet regression was used for proportion analysis via DirichletReg R package version 0.7.0.
For analysis of broad cell type proportions, “proportions ~ protocol + tissue + Age + Sex” formula
was used with common parameterization, where lung and CST were used as references for protocol

and tissue categorical variables.

We applied this to compare proportions of (1) broad cell types, (2) myeloid states, (3) comparison
between scRNA-seq and snRNA-seq, and (4) comparison of heart snRNA-seq studies. For
myeloid proportions, the formula “proportions ~ tissue + protocol | protocol” was used with
alternative parameterization to correct both mean and precision estimates for the protocol effects.
We fitted eight models, each with a different tissue used as a reference. For comparing proportions

between protocols, the formula “counts ~ protocol | protocol” was used with the alternative
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parameterization. For comparison of scRNA-seq vs. snRNA-seq, scRNA-seq was used as the
reference. For comparison between snRNA-seq datasets in heart, this study’s data was used as the
reference. Samples with fewer than 30 nuclei profiles were excluded from the proportion models.
In the comparison of proportions among heart snRNA-seq studies, data from this study’s EZ
protocol, Litviitukova et al. (34) and Tucker et al. (33) showed a higher proportion of muscle cells
in comparison to the CST, NST and TST protocols (Dirichlet regression, LRT with CST as
baseline: Benjamini-Hochberg FDR=2.5x10"* (EZ), 0.002 (Tucker et al.) , 6.3x10"* (Litvifiukova
et al.)), and lower proportions of endothelial cells (adj. P=0.002 (Tucker et al.), 4x10°1,
(Litvitukova et al.)). The immune and adipose compartments were comparable in proportions
(Benjamini-Hochberg FDR>0.1) across protocols and studies, however, Litvifiukova et al. (34)
had lower proportions of fibroblasts (Benjamini-Hochberg FDR= 0.1). Taken together, all four

protocols retain expected cell groups shared with published protocols.

Normalization of proportions

To account for the variation in total number of nuclei profiled in each tissue (e.g., 5,327 in skin
and 36,574 in heart) in Figs. S2D and S25F, where the proportions of nuclei from each tissue for
each cell type are visualized, we normalized each proportion by the total number of nuclei profiled
in that tissue. To visualize the proportion of nuclei from tissue q for the cell type p, instead of Np o/
> iNpi where Ny represents number of nuclei for cell type x in tissue y, we used (Npqo/ YiNig) /
(3 (Npj/ X.iNi;)) formula. Therefore, these visualizations approximately show what the proportions

would be, if the same number of nuclei were recovered in each tissue.

19



Co-embedding of bulk and snRNA-seq pseudobulk profiles
GTEx v8 bulk RNA-seq expression data were downloaded from the GTEx portal

https://gtexportal.org, converted into an AnnData object and concatenated with the pseudobulk

profiles of the nuclei profiled in this study. Channels with fewer than 30 nuclei were not used. The
number of highly variable genes (calculated only on the pseudobulk data), the number of PCs, the
number of neighbors, £, used in the A&-NN graph and the similarity metric used in the k~-NN graph
were determined by the Tree of Parzen Estimators (TPE) random hyperparameter search method
implemented in hyperopt Python package (v0.2.5) (/917). The accuracy metric that was optimized
in the search was defined as the fraction of bulk neighbors of pseudobulk data points that are from
the same tissue site. Final parameters used were 3,522 HVGs, 70 PCs, 42 nearest neighbors and
L1 as the k-NN distance metric. Bulk and pseudobulk samples were integrated using the PyTorch

implementation of harmony (v0.1.5, https://github.com/lilab-bcb/harmony-pytorch) (/84) in each

iteration.

Sample embeddings based on cell type compositions
Broad cell type proportions in each profiled sample were used to construct an k-mutual nearest
neighbors graph of channels in Scanpy. We used =7 and Fruchterman-Reingold layout where

connected components of the graph were considered clusters.

Preprocessing and visualization of myeloid nuclei profiles

We used log(TP10K+1)-transformed counts to estimate 2,000 highly variable genes. PCA was
fitted using the HVGs and a k-nearest neighbors (k-NN, £=15) graph was constructed using 50
PCs. We integrated all myeloid nuclei profiles from eight tissues using the PyTorch

implementation of Harmony (/84) (https://github.com/lilab-bcb/harmony-pytorch) to correct for
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individual- and protocol-specific variation in the PC space. A PAGA (/92) graph was inferred
based on the myeloid annotations and UMAP visualization was performed with PAGA
initialization. Proportion bar plots and dotplots were generated using the Python implementation

of the ggplot framework, plotnine version 0.7.

Diffusion map representation of monocyte and macrophage populations

Myeloid nuclei profiles were subset to M® HLAIIMEY, MO LYVE[Meh Mo/M® FCGR3AMeh,
Mo/M® FCGR3A"“v, CDI4" monocyte and CDI6" monocyte states. Next, log(TP10K+1)-
transformed counts were used to estimate 1,000 highly variable genes. PCA was fitted using the
HVGs and a k-nearest neighbors (k-NN, k=15) graph was built using 50 PCs. We integrated all the
nuclei profiles from eight tissues using the PyTorch implementation of Harmony (/84)

(https://github.com/lilab-bcb/harmony-pytorch) to correct for individual- and protocol-specific

variation in the PC space, using protocols and individuals as batch variables. Finally,

sc.tl.diffmap() function from Scanpy (/83) was used for the diffusion map inference.

Classification of lipid-associated macrophages

We used a published annotated adipose scRNA-seq study (57) to train a logistic classifier that can
classify profiles into three groups: LAMs, non-LAM macrophages and other cell types. We
performed 5-fold stratified cross-validation that maximizes weighted F1-score, using the
LogisticRegressionCV function from the scikit-learn Python package to optimize the L2-
regularization parameter. To take highly imbalanced class frequencies, we employed a weighting
scheme, where rarer classes (e.g., LAMs) contributed more to the overall loss function.
log(TP10K+1)-transformed expression values of 17,612 protein coding genes were used in the
training.
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Preprocessing of the external datasets used in LAM classification

Datasets with IDs GSE115469, GSE117403, GSE127246, GSE128518, GSE153643, GSE131685,
GSE131778, GSE131886, GSE140393, GSE143380, GSE143704, GSE144085, GSE150672,
GSE153760, GSE156776, GSE159677 were downloaded from Gene Expression Omnibus (GEO).
Placenta and decidua datasets were downloaded from EBI Single Cell Expression Atlas

(https://www.ebi.ac.uk/gxa/sc/home) using the E-MTAB-6701 accession via the

“sc.datasets.ebi_expression_atlas” function of the Scanpy Python package. Human dataset of the
enteric nervous system was downloaded from the Single Cell Portal (URL:

https://singlecell.broadinstitute.org/single cell/study/SCP1038). log(TP10K+1)-transformed

counts were used for classification.

Gene set enrichment of LAM-like cell markers

LAM-like profiles were compared to other myeloid profiles by ranking genes by their mean z-
scored log(TP10K+1) expression values. Top 80 genes were then evaluated for GO term
enrichment using the “sc.queries.enrich” function of Scanpy (/83) after excluding genes from the
ferritin (FTL, FTHI) and metallothionein (e.g., MT1A4, MT2A) families. GO terms with more than

1,000 genes were not shown to highlight more specific terms.

Consensus LAM markers

LAMs were compared to other macrophages within each of the external datasets using
sc.tl.rank genes_groups() function of Scanpy. Genes with log; fold-change > 0.5 and FDR < 0.1
were retained as significant markers within each dataset. Next, genes were ranked by the number

of datasets where a gene was among the top 100 significant markers and the top 30 genes were
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retained as consensus markers. GWAS where the genome-wide significant variants are mapped to
the consensus LAM markers with Open Targets Genetics Locus-to-Gene score greater than 0.5
were shown in fig. S17H. Open Targets Locus-to-Gene scores of all GWAS variants were
downloaded as described in the Variant-to-gene mapping using the Open Targets Genetics API

section.

TF activity analysis of LAMs

The Python implementation of Dorothea (193, 194) (https://github.com/saezlab/dorothea-py,

version 1.0.5) was used to calculate the activity scores of 292 transcription factors, in the A, B and
C confidence categories of Dorothea, for each cell. dorothea.run() function was run with “adata,
regulons, center=True, num perm=0, norm=True, scale=True, use raw=False, min_size=5)
arguments. After extracting TF scores using the dorothea.extract() function, LAMs and M¢ groups
were compared using Welch’s t-test implemented in the sc.tl.rank genes groups() function of
Scanpy. P-values (fig. S17G) were calculated by combining the p-values shown for individual
studies using Fisher’s method implemented in the scipy.stats.combine pvalues() function of SciPy

Python package.

Differential expression of M® LYVEI" vs. M® HLAII" states

To compare M® LYVEI" vs M® HLAIIM states in heart and lung, a Wald test with a negative
binomial regression model was used with the formula “~ 1 + cell_state + participant id + protocol
+ log number of genes” on raw counts. In esophagus mucosa, participant id and protocol
covariates were not used since most M® HLAII" nuclei were detected in the GTEX-15SB6 CST

sample. Benjamini-Hochberg FDR<0.05, log>(fold-change)>1.0, fraction of nuclei expressing a
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gene (alpha)>5% cutoffs were used for significance. Top 100 markers given in Table S4 and S5

from Chakarov et al. (47) were used for the comparison of mouse and human macrophage markers.

Tissue-shared and tissue-enriched signatures of fibroblasts

Log(TP10K+1)-transformed counts of fibroblast nuclei profiles across eight tissues were used to
estimate 2,000 highly variable genes. PCA was fitted using the HVGs and a k-nearest neighbors
(k-NN, £=15) graph was built using 50 PCs. We integrated all the nuclei profiles from eight tissues

using the PyTorch implementation of Harmony (/84) (https://github.com/lilab-bcb/harmony-

pytorch) to correct for individual-specific variation in the PC space using individuals as batch
variables. UMAP representations were generated using the sc.tl.umap() function from Scanpy
(183). Pseudobulk approach was used for the differential expression between the tissues where
each channel with more than 30 nuclei profiles was collapsed into a single observation by taking
the mean expression across all nuclei within each channel. Welch’s t-test was used for comparing
tissues to each other in a one-vs-rest manner via the sc.tl.rank genes groups() function in Scanpy
(183). A common fibroblast signature was obtained by identifying significantly differentially
expressed genes (logoFC > 1, FDR < 0.1) in fibroblasts within each tissue (as described in the
Data-driven identification of marker genes using differential expression section). After selecting
genes that are identified in at least seven tissues, 15 genes with highest mean z-score-normalized

expression across tissues were picked.

The lung-enriched marker genes shown in Fig. 4B were used as a seed to find a larger set (module)
of co-varying genes to highlight potential tissue-specific functions of lung fibroblasts. Using the
same approach described in the section Module-based GWAS enrichment, gene modules were

constructed by hierarchically clustering genes expressed by fibroblasts across eight tissues with
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different hierarchy levels used as cutoffs to obtain modules of varying scopes. Instead of testing
for the enrichment in GWAS genes as in Fig. 7, the inferred gene modules were tested for
enrichment in lung-enriched fibroblast marker genes (i.e., NPNT, LIMCHI, ITGAS, FRASI,
HMCNI, PIEZO2, ADAMTS12, GPC3, FGFR4). The most significantly enriched (FDR= 8.98x10"
1 logoFC: 8.45) gene module with fewer than 100 genes (n=68) was used in the gene set analysis
(see table S8 for the full list of genes). sc.queries.enrich() function in Scanpy was used for the

gene set enrichment analysis only with the GO:BP, GO:CC and KEGG gene set sources.

GWAS where NPNT is associated with a genome-wide significant variant with Open Targets
Locus-to-Gene score higher than 0.5 were shown in Fig. 4H. Open Targets Locus-to-Gene scores
of all GWAS variants were downloaded as described in the section Variant-to-gene mapping using

the Open Targets Genetics API.

Topic modeling of OMIM diseases
Metadata for 5,812 monogenic diseases including OMIM numbers and text descriptions were

downloaded from OMIM (/176) through the API (https://www.omim.org/api). Symbols of the

disease-associated genes were downloaded from

https://www.omim.org/static/omim/data/mim2gene.txt. Only the phenotype entries with a prefix

of number sign (#) were retained and the rest were discarded. Text descriptions were preprocessed

L B I |
2 99 *»

and tokenized, where words were converted to lowercase and split by whitespace after '?', .
s (L ") characters were removed, yielding 42,654 tokens. Stochastic block modeling-based

hierarchical topic modeling (795), (https://github.com/martingerlach/hSBM_Topicmodel) was run

on the preprocessed text descriptions of the diseases with n_min=2 and and B _min=200

parameters in make graph() and fit() functions, respectively. Topic models with four hierarchical
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levels were obtained after the inference with differing number topics in each layer (n=10, n=53,
n=229, n=941 in four layers), where the output consisted of two matrices: (1) a disease (which
typically has a single gene association but in some cases more than one) by topic (P(topic | disease))
and (2) a topic by word (P(word | topic)) matrix in each layer. The former was used in gene set

enrichment analysis (below) and the latter is used for the interpretation of topics.

For gene set enrichment analysis (Fig. 5A), the third layer with 229 topics was used to obtain
granular topics. Level four of the hierarchy consisted of several singleton topics (with a single
disease or word with probability of 1.0) and therefore not preferred. First, diseases with high
loadings within each topic were identified based on a cutoff of the 99" percentile of the distribution
of probabilities (P(topic | disease)) across diseases within each topic. If a disease with a probability
higher or equal to the cutoff was associated with multiple genes, all genes associated with it were
included in the gene sets. The size distribution of gene sets (n=229) had minimum, median and
maximum of 58, 64 and 164 genes, respectively. Second, Fisher’s exact test (fisher Python
package, version 0.1.9) was used to test whether genes associated with diseases with high loadings
in each topic were enriched in broad cell type markers (as described in the Data-driven
identification of marker genes using differential expression section). Integer identifiers of topics
(topic numbers) with a comma-separated list of five words with highest probabilities in each topic
were used as topic labels in the figures (e.g., 155:ciliary,arms,cilia,outer,bladder). Diseases and
genes shown in fig. S22 were selected based on z-score normalized log(TP10K+1) expression

values, where the cell types with a mean normalized z-score greater than 1.0 are shown.

26



Receptor-ligand analysis

CellPhoneDB version v2.1.4 (1/44) was used for receptor-ligand analysis of granular cell types
within each tissue. “cellphonedb method statistical analysis” command was used for the analysis
of each tissues with the arguments “meta.tsv counts.tsv --counts-data hgnc _symbol --project-name
tissue --threads 30 --subsampling --subsampling-num-cells 50000 --subsampling-log false”.
Receptor-ligand plots (Fig. 5) were created with the ggraph R package using the “sugiyama” graph

layout. Granular cell type names were converted to broad cell type labels in Fig. 5 for clarity.

For the cell-cell interactions of dichotomous macrophage populations and other cell types in fig.
S16F-G, receptor-ligand pairs included in CellPhoneDB v2.1.4 (144) were used as a source of
potential interactions. First, scaled mean expression (z-score, log(TP10K+1)) of receptor and
ligands within all myeloids were calculated for each granular myeloid subset. Second, scaled mean
expression (z-score, log(TP10K+1)) of receptor and ligands within the entire dataset was
calculated for each broad cell type. After ranking the receptor-ligand pairs based on the mean of
LYVEI" (fig. S16F) or HLAII" (fig. 16G) and broad cell types, six and five pairs were highlighted

in fig. S16 for LYVEI" and HLAII" populations, respectively.

For the cell-cell interactions of fibroblasts and neurons in fig. SI18E, the same receptor-ligand pairs
were used. Scaled mean expression (z-score, log(TP10K+1)) of all granular fibroblast subsets
across 8 tissues and scaled mean expression (z-score, log(TP10K+1)) of all broad cell types across
8 tissues were calculated. Finally, pairs were ranked by the mean expression of esophagus mucosa

fibroblasts and esophagus muscularis neurons. Three pairs were highlighted in the figure.
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Gene set enrichment of monogenic muscle disease genes
Monogenic muscle disease names, groups, subgroups and associated genes were downloaded from

https://musclegenetable.fr (/78). The resource included 928 diseases with associations to 605

unique genes. Disease genes shown in fig. S24 are 64 genes associated with monogenic diseases

in “Muscular dystrophies” and “Congenital muscular dystrophies” disease groups.

Next, the enrichment of data-driven broad and granular cell type markers (log> fold-change > 1.0,
FDR < 5%, see Data-driven identification of marker genes using differential expression section)
in muscle disease groups and subgroups was tested using Fisher’s exact test implemented by the

“fisher” Python package.

Differential expression analysis of myonuclei subsets and myocyte subtypes

Gene expression profiles of regular and cytoplasmic myonuclei were compared using Welch’s t-
test via the sc.tl.rank genes groups() function of Scanpy. Similarly, myonuclei profiles of fast and
slow myocytes were compared within regular and cytoplasmic subsets using Welch’s t-test and
the sc.tl.rank genes groups() function of Scanpy. In the slow vs. fast myocyte differential
expression volcano plots (fig. S9), genes within [-10, 10] logz(fold-change) are shown, since the
genes beyond this range were expressed only in a small fraction of cells (low alpha). Hereditary
cardiomyopathy disease group was not used in the slow vs. fast myocyte differential expression
analysis. Significantly differentially expressed genes (|log2(fold-change)>0.5 and FDR<5%) were
tested for enrichment in muscle disease groups using Fisher’s exact test implemented in fisher

Python package.
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Differential expression analysis of bulk RNA-seq profiles of muscle samples

RPKM-normalized bulk RNA-seq gene expression matrix of muscle disease patient samples was
received from the authors (/22). Patient metadata, including the clinical diagnoses, were obtained
from Table S1 in Cummings et al. (/22). RPKM-normalized GTEx v6 expression profiles, which
were also used in the Cummings et al. as control samples, were downloaded from the GTEx Portal
(GTEx_Analysis v6 RNA-seq RNA-SeQCvl1.1.8 gene rpkm.gct.gz). Healthy controls given in
Table S4 in Cummings et al. were subsampled to 20. After concatenating the datasets, RPKM
values were converted to log(TPM+1) using sc.pp.normalize total(adata, target sum=1e6) and
sc.pp.loglp(adata) functions of Scanpy and z-score normalized for visualization and differential
expression. Welch’s t-test implemented by sc.tl.rank genes groups() function of Scanpy was used
for the differential expression where the sample profiles from the patients in each clinical diagnosis

group were compared with the healthy GTEx v6 muscle samples.

Linking snRNA-seq to genetic variation using GWAS/eQTL enrichment analysis

To test whether the expression of genes in GWAS loci associated with a given complex disease or
trait is enriched in specific cell types more than expected by chance, ECLIPSER (/52) was applied
to compare the cell type specific expression of genes mapped to known GWAS loci for a complex
trait of interest to a background distribution of GWAS loci. GWAS variant associations were
obtained from Open Targets Genetics (153, 154) from the NHGRI-EBI GWAS catalog and UK
Biobank GWAS. Only GWAS with at least part of their samples from European ancestry and
genome-wide significant associations (P<5x10®) were considered. 23 traits were selected (table
S14) based on pathophysiology related to one of the 8 tissues in this study. Different GWAS that
mapped to the same trait were considered together for the given trait (table S14). For each tissue,

a background of GWAS loci (null set) was defined as the GWAS variants for all traits excluding
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the set of traits selected for the particular tissue (on average 71,411 variants). The enrichment

analysis consisted of three consecutive steps, as follows:

Gene mapping. Genes were mapped to trait-associated loci for the selected and background (null)
traits, using the 95% credible set of fine-mapped cis-eQTLs and cis-sQTLs from each of the 49
GTEXx tissues (v8) computed using DAP-G (7, 151, 196) and the European subset of GTEx samples
(7, 151, 196) . Specifically, all variants in LD (r>>=0.8) with each of the GWAS variants were
identified using the GTEx whole genome sequencing variant calls as the reference panel (7) and
PLINK 2.0 (Plink --bfile 1KG chr files --r2 --l1d-snp-list variant_list file --ld-window-kb 5000 -
-1d-window-r2 0.8 --1d-window 99999). If a GWAS variant was not present in the GTEx samples,
LD proxies for the variant were searched in the 1000 Genomes Project panel (197) at r>>0.8, and
these proxies were subsequently checked for LD variants in the GTEx panel. GWAS associations
whose variant or LD proxy variants were significant eVariants or sVariants (FDR<0.05) in any of
the 49 GTEXx tissues were assigned the corresponding eGene/s and sGene/s to their locus. We
further included genes mapped to GWAS variants based on the ‘bestLocus2Genes’ mapping from
Open Targets Genetics, which included additional omic data (e.g., Hi-C) and predicted deleterious
protein coding variants in LD with the GWAS variant (/53, 154). To avoid inflation of enrichment
due to LD between GWAS variants, GWAS variants that shared LD proxy variants, or eGenes or
sGenes were collapsed into a single locus. This was done separately for the GWAS variants for
each selected trait and for all null traits per tissue. On average, 40% of the null variant sets and
80% of the 23 selected traits had at least one mapped gene, and of the mapped loci, on average 2

genes mapped per locus, ranging from 1-37 for the selected traits and 1-170 for the null traits.
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Locus scoring. For each combination of trait of interest, tissue, and cell type, each GWAS locus
was first scored based on the fraction of log, fold-change > 0.5 and FDR < 0.1 of all genes mapped

to the locus.

Cell type specificity significance estimate. The significance of the cell type specificity scores of
a GWAS locus set for each cell type was assessed against the distribution of values of the
background GWAS loci using a Bayesian Fisher’s exact test. Specifically, the counts of GWAS
loci with their scores greater than the 95 percentile of scores from the background loci for a given
cell type were modeled as Binomial distributions, with the parameters (64, n;) and (6, n,) for the
GWAS locus set and background loci, respectively, where n;and n, are the total number of loci
in the GWAS locus set and background, respectively. Uninformative uniform priors were specified
for 6; and 6,, leading to the conjugate Beta distributed posteriors. Next, fold enrichment was
defined as the ratio of 6, and 6,, and the 95% credible interval was constructed from 10° Monte
Carlo draws from the posteriors. Of 23 selected traits, 21 had 5 or more GWAS loci with at least
one mapped gene, which were analyzed for cell type specificity enrichment (table S14). Multiple
hypothesis correction was applied tissue-wide (correcting for all cell types tested per tissue and
trait) and experiment-wide (correcting for all traits by cell types and tissues tested) using the
Benjamini-Hochberg FDR. In the significantly enriched cell types, cell type specific genes mapped
to GWAS loci with cell type specificity scores above the 95th percentile of the background loci

scores are suggested to be causal genes for the given trait in the enriched cell type.

Enrichment of heart-specific and tissue shared, myonuclei-specific genes that drove the
enrichment signal of atrial fibrillation GWAS loci in heart myonuclei, was tested using

GeneEnrich (/50) based on the hypergeometric distribution, and Gene Ontology terms (tables
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S15-16). Genes that were myonuclei-specific in heart and at least one of the other tissue/cell
combinations (skeletal muscle/myonuclei (sk. muscle), esophagus muscularis/myonuclei (smooth
muscle), or prostate/myonuclei (smooth muscle)) were considered tissue shared genes in the

analysis.

Cell type specificity enrichment for Atrial fibrillation GWAS loci in GTEx heart tissue was tested
for replication in two separate heart left ventricle snRNA-seq studies (33, 34). Data was processed
as described above and differential gene expression was computed similarly to that performed for
GTEXx tissues, correcting for donor in Tucker ef al. (33), and sequencing center, age and sex in
Litviiukova et al. (34), using Combat (/89). Only genes expressed in at least 5% of cells in each

given cell type were considered in these studies for cell type specificity scoring.

Variant-to-gene mapping using the Open Targets Genetics API

Publicly available JSON files (v20022712) and the GraphQL API (v20.02.07) of the Open Targets
Genetics (OTG) portal were used to obtain genes mapped to the independent GWAS loci in Figs.
6 and 7. For study level information (e.g., study IDs, number of individuals, number of significant
loci), JSON files were downloaded from

https://ftp.ebi.ac.uk//pub/databases/opentargets/genetics/20022712/lut/study-index. For variant-

to-gene mapping and variant-level details, such as Locus-to-Gene scores, the manhattan() and

studylnfo()  functions  were  used  through the  GraphQL APl  endpoint

https://api.genetics.opentargets.org/graphgl using the sgqlc Python package. The manhattan()
function provides the list of all significant and independent lead SNPs as well as the genes
associated with them using the Locus-to-Gene scoring model for the studies stored in the OTG

portal. Closest protein coding genes were used in cases where Locus-to-Gene score was not
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available. GWAS with fewer than two significant loci or fewer than 3,000 individuals were
excluded. UK BioBank (UKBB) traits containing “None of the above” were also removed. For the
remaining studies, only the largest GWAS (based on the nlnitial field of the study) was considered

for a given phenotype, resulting in 4,062 studies.

Module-based GWAS enrichment

To infer gene modules enriched with GWAS risk genes and the cell types expressing these
modules, genes were first hierarchical clustered with the complete linkage method and a
correlation distance, i.e. dist(g;,92) =1—1(g1,9,) where r is the Pearson correlation
coefficient between genes g, and g, , calculated with the scipy.cluster.hierarchy.linkage function
from the scipy Python package. Models were fit separately in each tissue using all protein coding
genes. To speed up the inference, clustering was performed in PC space, where gene loadings for
100 PCs were taken into account in the distance calculations. Gene modules were obtained at
different resolutions by cutting the linkage tree at 100 different levels starting from only two
clusters (i.e., modules) to a highly granular level, where the number of clusters is equal to half of
the number of genes. In a post-processing step, modules that were exactly the same or had fewer
than three genes were removed. Next we scored all cells using each module as a signature to
quantify average expression of the modules using the scanpy.tl.score genes() function. Finally,
gene module enrichment with the GWAS risk genes was estimated by testing all modules against
all GWAS phenotypes using Fisher’s exact test implemented in “fisher” Python package. Final
cell type enrichment score was defined as the product of the gene set overlap metric (f-score) and
the signature score (module expression). To prioritize the associations with high expression and
high gene set overlap we used additional cutoffs such as at least four genes in the intersection of

the GWAS risk genes and the module genes and enrichment score higher than 0.15.
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Preprocessing and demultiplexing of pooled samples
For genotype-based demultiplexing and doublet detection, souporcell (/68) was used as available
in a Docker image from Cumulus (/98) (Cumulus version 2020.03, souporcell version eeddcde).

Vartrix v1.1.20 (https://github.com/10XGenomics/vartrix) was used instead of the older version

included in the Docker image. Souporcell was applied to four samples with the following
command line arguments “-t 32 -o outputdir --min alt 10 --min_ref 10 --restarts 100 --
common_variants common_variants grch38.vef -k 3”. Using the unpooled lung and prostate
samples from the same individuals, an expression-based multinomial logistic classifier was trained
to predict the individuals. The “LogisticRegression(max_iter=500, penalty="12', solver="liblinear’,
C=0.001, class_weight="balanced')” function from the scikit-learn Python package (v0.24.1) was
used for the training. 0.6 probability cutoff was used to assign each nucleus to individuals. scrublet
Python package for doublet detection was used to compare to the souporcell doublet detection

method.
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Supplementary Text

Note S1: Best practices in data integration methods

Our observations in the cross-tissue setting suggest that VAEs strike a balance between the need to successfully correct
for batch effects, while preserving biological variation. Many other methods tend to overcorrect (e.g., smoothen) the
biological signal. For example, Harmony removes complex batch effects (e.g., across many samples), but sometimes
at the loss of biological information (/87). Conversely, MNN and BBKNN are better at conserving biological signals,
but less efficient at removing complex effects, such as the individual-specific effects present in our dataset. We
recommend using both VAE-based integration methods and Harmony for complex integration tasks, followed by a
thorough investigation of overcorrection for the final choice of the integration method. For a comprehensive

comparison of methods and best practices, we also refer the reader to Lucken et al. (/87).

Note S2: Cytoplasmic myonuclei

Cytoplasmic myonuclei were first described in Tucker et al. (33) and have high myoglobin (MB) expression and a
high ratio of exon- vs. intron-mapping reads (28, 33). While “cytoplasmic myonuclei” were initially speculated to be
possible contaminants (33), we detected their profiles in three independent studies using six different snRNA-seq
protocols (33, 34), including after ambient RNA removal in our study (fig. S1). To further determine their
distinguishing characteristics, we compared their expression profile to those of classical myonuclei, identifying
significantly differentially expressed genes in each subset (33), with those from the cytoplasmic myonuclei showing
high overlap with the markers from Tucker et al. (fig. S8). We further observed classical and cytoplasmic myonuclei
in skeletal muscle and in mouse skeletal muscle. Overall, this supports the “cytoplasmic myonuclei” as a distinct

subset that merits further dedicated investigation in future dedicated studies.

Note S3: Comparison of extraction solutions

In our comparisons, TST yielded the highest cell type diversity on average across tissues (Fig. 2A) and significantly
higher proportions of T cells, fibroblasts, and vascular endothelial cells (FDR<10%, fig. S11A). EZ yielded
significantly lower proportions for most cell types (fig. S11A). NST yielded significantly higher proportions of sweat
gland cells and cardiac myonuclei (FDR<10%, fig. S11A). Overall, the EZ protocol performed least well for all metrics
and across all tissues, while the other protocols performed comparably overall, but differently depending on the

specific metric. Since protocols vary by their performance based on the desired goal (most diverse, high capture of
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particular desired cell types), users should choose protocols by their detailed features based on their scientific goal,
tissue type and complexity, and further protocol optimization may still be required. For additional comparisons and

help with such choices, including in disease tissue, we also refer the interested reader to Slyper et al. (29).

36



Ac - Breast E. mucosa E. muscularis Heart Lung Prostate Sk. muscle Skin B: -
g8 Protocol 8 & Protocol
R ecsT 0 ecsT
ZE s ZE s
g5 EZ g5 EZ
P NST P NST
o2 eTsT SR o TsT
$® 10 S ® 0
53 . . e ol )
£3 . .. offs o ey e 3
‘g O 5| e S U e o L] = . 'g ® 5 —
] * . ° . @ o
22 s 29
=S =25
C Breast Esophagus mucosa Esophagus muscularis Heart Cell type with highest expression
05 dipocyte
020 05 034 04 M Endothelial (lymphatic)
015 04 M Endothelial (vascular)
T 03 0.2 0.3 Epithelial (Hillock)
@ 2 o010 y 02 M Epithelial (alveolar type Il)
Qo 8 005 0.2 0.1 Epithelial (basal keratinocyte)
3 2 o 0.1 n 01 M Epithelial (basal)
D g 000 Lo e o vt e e e e Lo R o e e e e e g el X Epithelial (club)
QO 7 LAZNIPHIRQYBEEONRLOD  QRVOMIZrOOFTWIOIFROT 0 ZMRrAoCSNIASSkemIaon SOUOLOEANOFISNWLTHS M Epithelial (cornified keratinocyte)
9o  CoobrLIRORSTEERINERD  SECEORCCCRESNSERRCRY  SUREOSESTSRNDSRORAT  CRUSSERIOURTESIESEER REmadione oo
ec EoR g INQEsY g%ﬂxE SoEgOFolar<srsrOsTEE T OS3ERTRY QUIO=Rk2 &FQORSRESERRRT<g Epithelial (mature keratinocyte)
ol < 5 © a @ BaB & S S < Epithelial (squamous)
=0 . Epithelial (suprabasal keratinocyte
o Lung Prostate Skeletal muscle .16 SKin E';m,,s,m (Suprabasal) vie)
Sy o3 1254 - M Fibroblast
c g 03 1.004 012 =}mmune :NIKCI hage)
g ] immune (alveolar macrophage)
§3 02 02 075 008 Immune (mast)
s 050 Myonuclei (cardiac, cytoplasmic)
S o1 01 025 004 B Myonuclei (sk. muscle)
[ | Myonuclei (sk. muscle, cytoplasmic)
00 adaone gy r tozaeny | QuooEINanetr rgdor e OO0 TqITIE A Ta AT dal % g I TAge ITIA I Al e T Myonudel (smooth muscle)
EEFYRSORRONANICRRAND  BLCOLTACHSUIEICONGAZ  AORCRSORRURSRSONRNRE  CRESRCEROALAISACEIAD N Mroopihelsl bwe)
EEQIAELBIILIILAR R S5255R559%SSSERQRR QSOSETSERORSORESERES COLINQIARZSTSIIBOCOLE M Pericyte/sM
"""‘égg RN = =73 2750 Raw REET R 35 8% < ey 8 ‘,\*,5033‘%0‘ 2 m Sebaceous gland
. &
= Contaminant genes W Sweat gland
D Breast (uncorrected) E Esophagus mucosa (corrected)
Adipocyte{ o @ o ‘@-00°0000: o Endothelial (lymphatic){ © 1 -
Endothelial (iymphatic){ » o = + o - T eio+o 0. - naotnetal fuacoular) | o ] :
Endothelial (vasculan{ » o o - o - Osvoeorones Epithelial (basal){ O i S
Epithoial (e} |@ @ 2 ¢ 9@ o @ - c oo e Bos Epithelial (squamous) { @ 1 eco
roblasty o e o © ¢ eoxopo0 . Epithelial (suprabasal){ O 4 .0
mmune (DCimacrophage)] - © « - o seeoao Oes - Fibroblast © o 1
Myocpiiolal baccl) [0 @ : @ 0 0@ - - @ e e Qe - immune @l < - ]
Ye/SMC{: 02 - -« ©0o-0c00@c - : - - e (DC){ 0 0 o - . . 4
Immune (DC/macmphage)— 00 - . N
Breast (corrected) Immune (NK cel){ 0 © = = -4
Adipocyte] o @ - e o - Immune (T cel){ 0 0 = - 1 Fraction of cells
Endothelial (lymphatic){ = . cee e . Fraction of cells Immune (mastcell){ © © o - = . N . ] in group (%)
ndothelial (vascular) - [ R Mucous cel { 0@ 00 @ 00000 0c@e0000 00| o B fe0®
Epithelial (luminal) @ o - e s @ -8 - co.. eee Myofibroblast{ 0 © 0 & e+ s o oo BRI . o 20406080
i - . R Neuroendocrine{ O 0 © o -+ - - |4 .
Immune (DC/macrophage){ . ceree e e Mean expression Pericyte/SMCH © © a - . . - 4 o 0"
Myoepithelial (basal){ - ¢« . ® o--. 0@ in group Schwanncell{ 00 -0 o o oo ° 4 ° e
Pericyte/SMC{ = o o eeco0- - e . o g s e gy e s e
22NN IZfOQN W IOI¥Z0IT 2V0OOIZrCQF WO T =0T .
B Z NP ErROUREERNRT oD 00 05 10 SIPCENEAGNRSNSASSE S S3PePNEL8NESNEREzESRS
SRR R SSEEAESTETESESE88"E SSEFSE3TaE 3688 ke
CETSEURRNIQRFAE 68288 H5XBCTONTECIESEOS kv  FRpxGOOWEETIESECS k¥
SOREETIRRE3 08 akE & & TH56 B @ G T6hG &
5 &
F muscularis (uncorrected) G H
Adipocyte{ o Endothelial (| oo o
Endothelial u mphaﬂcr Endothelial (iymphatic) { o othelal vasculan| o o °
Endothelial E(/ascular) Er\dmhellalgascmar o Epithelial (alveolar type ) 0 @ -
1] o Ep\lhehal(a\veo\arl{’pe\\ -
e (B cel)] o - Epithelial (basal){ O @ o N
o (8 cel) Immune HDC/macrophage o Epthelal (cifatod)| 0 © o .
Immune (DC/macrophage) (NK cell) | o Epithelial (club)] © @ o -
ine (NK cell) immune (T cell)| o I °
cee {mmune (mast cel) O immune (B cel)] 00 o o - @
. Myonuciel (cardiac Immune (DC/macrophage)] © © = = = ® °
° Myonucie (cardiac, cytopias mune (NK cell)] © o o o - @ o
jeuronal . /SMC | o immune (T cel){ 0 o o + + @ =
Pericyte/SMC ° S eai] Immune (aiveolar macrophage)| 0 © - - ©® © °
Schwann cell PO e (mastcell)] s 0 v » = a o N o
oo/ SMC| 6.0 6 0 0 6 6 + + o 0o o
Esophagus muscularis (corrected) Adipocyte | -
® Endotholal l\(ympna‘ucg, Epanotn oot
Endothelial (I mphaucy .- ndothelial (vascular) ndathielal (ymphatia °
Endothelial E(/ascular) - Fibroblast Endothelial (vascular o
° Immune (8 cell Epithelial (alveolar type | ?
. ° Immune (DC/macmphage) Epithelial (a\veo\ar %pe I -
I Dg‘ A ool To "me’.‘,i% ) Es\mehal (cm:;,»a}jl B
mmune (DCmaciophage
g ° mmne (mast cel Epithelal club
immine (T cell) . Myonuclei (cardiac){ © @0 + 0 © c0e® Foreo °
mmune (mast cell) Myonuclei (cardiac, mmune (B col
Myonucle\ (smooth muscie) Pericyte/SMC mmune (OC /macrop age) °
leuronal. Schwann cell B . Pee e e (Ng ‘:)
Pericyte/SMC. = = parann cel
o iy JEBE2RRESS g IERoBRERE Immune 1alveolar ma‘c':‘t;psvzgeﬁ) °
& °
== 5"‘3“55*§g§$§$’<§ Pericyte/SM o
° g
3
&
| J Skeletal muscle (uncorrected) K
Endothelial (ymphatc) [~~~ . {0000 0c0o 0000 0 00 - Adipocys 3
othetl (vaccutar) | o © . Endothelial (| mphauc {000c0c0scoocn o Endothelial (iymphati .o
Ep\!hehal (Hilock)| « - . Endothelial Yvascmar 0006000 as000 0o Endainlial (vaccuar .
Epithelial (basal)| o o o . 1]Go0soacatioason . Epithelial (basal .
Epithelial (club) ] o « Immune (DC/macrophage) G00eosasearasionon Epitoial u:ommed PR
Epithoial (umina) | @@ @ ne (NK cel) {Q @ 0 o - o - il (mature e
roblast] = = + mmune (oo} O+ w0 o Epl(hella\ (suprabasal i . e
(Bcem DIt . e (mastcel){o oo - +o .o . Fibroblast . .
Immune (DC/macro'\?hage) ccea- . . Mycnuc\el it eclect) 066005000660 .o Immune (DC/ -
0. o . . uclei (sk. muscle) {Q 00000 000000 o oo - immune (L .
s (Teel)] o oao- Myonuciel (s muscl, ytopl Immune (T cel) .
mune (mastcel)] o~ « o+ o Pericye/SMC{000 e Qo 0220000+ a0 - Immune (mast cell) .
Myunucle\ (smooth muscle)] o o @ 0 o .o Sateli cell| 00 0 0 0 0 0 - s v o s ain Welanoc PN
Neuroendocrine o © o o o . Schwann cell{©000000 0o -00000¢ 0 Pericyte/SMC] - ce-
Pericyte/SMC] o 0 + o @ . Sebaceous gland Lo
Schwanncell{ o @ o o o . Skeletal muscle (corrected) Sweat gland
Adipocyte g
Endothelial (iymphatic)
Endothelial (lymphatic)] Endothelial(vascular
Endothelial (vascular) Endothelial (habeohe .
Epthel Hlock) . ImmunetDO/macrophageg otrell (ymphalio |
pithelial (basal) Epithelal(vasal keratinc
Epithelial (club). . e Tean col E mnelual (comified
Epithelial (luminal) . Mo (NﬁJ(Tas‘l cel o omifed
Fibroblast. . yanucev localiz
It o - N eriel o wasese Epithaial {upvacesa atinooy
Immune (DC/macrophage) . Myonuclel (sk. muscle, cytopl. Immune (DC/
Immune (NK cell) Pericyte/SM( mmun @ (Langerh
|mmune (T cell). Satellite cell ur 9 i
(mast cell) . . Schwann cell ‘ o (1'cel
Myonucle\ mooth musce)| -+ e ce@-0-0- o 1m|as cel
Neuroendocrine] o PP
Pericyte/SMC . o c:0 @ 0 Sebagons giand
Schwann cell] A PN S Us gl
‘Sweat gland.
QUOQLSARNTYIFEIILLILS Fraction of cells  Mean expression
SERCEEA08a YA EASRL3E2 o
3 B EEEERI N RN in group (%) in group
SIIRQINQYIIEAIIRUREE YY
S 2040 60 80 00 05 1.0

37

Legend for F-K




Fig. S1. Ambient RNA correction improves cell type specificity of gene markers. (A, B)
Ambient contamination level. Average contamination level (y-axis, L2-norm of the difference
between uncorrected and corrected log(TP10K+1)-transformed expression levels averaged across
genes) for each protocol and tissue (A) or for all samples from one protocol (B). Horizontal bar in
violin plots: median. (C-K) Potential top sources of the ambient RNA. (C) Mean difference
between corrected and uncorrected expression values (y-axis) for the top genes (x-axis) in each
tissue, colored by their cell type of highest expression in the tissue (color legends). (D-K) Mean
expression (circle color) and fraction of expressing cells (circle size) for each of the contaminant
genes from (C) (columns) in each cell type (rows) in each tissue before and after the correction for

ambient RNA (as labeled on top).

38



Self-reported ethnicity

® Asian B ’
© Black or African '_“ (@ Broad cell type
American

UMAP 1

Sample ischemic time
(min,

&,

4 v
o o
o o
< <
= =
5 5
UMAP 1 UMAP 1
BMI
(kg/m?)
32
28
24
20
v
. v
o
[ <4
<
=
5
L UMAP 1
C Sex
© Breast . * Female
® Heart H * Male
* Prostate
. ® Skeletal .
- | muscle
[ia o Skin .
© Esophagus | ** .
mucosa . ..
* Esophagus t e .
muscularis i <
- «CST * GTEX-1CAMS
oS : EZ TEX-111GU
e NST ' -
o N8t © GTEX-1ICG6
]
o .
w . .

* GTEX-15CHR

2
£

1
34

3 i 1

1 £

ous
15. Suprabasal keratinocyte
16, Suprabasal

M 17. Fibroblast
8. ICCs

42

Immune

19,8 cell

20, Dendritic cel (DC)
7

21. DC/macrophage
22 Langerhans

2 25, NK ool
S ——— E—
= R — ] 24.7 cell
[ — e e 25 Alveolar macrophage
. Mast
20—
21 ] s
S S A 15 S .
Ex 7 2 e — @ #of nuclei
= i
5 —— p—
] I — ] AR
] —— —
[ I —
=, A ® Protoca
—— ~— mcsT NST
—— T — £z mTst
I — i
——
@ Tissue
mBreast M Esophagus mucosa

W Heart

Lung
 Prostate

 Esophagus muscularis
= Skeletal muscle
W Skin

iz

o
N|
&

Composition (%)

D

b

Il Adipocyte

Endothelial cell (lymphatic)
Endothelial cell (vascular)
M Epithelial cell (basal)
Epithelial cell (club)
Epithelial cell (luminal)

I Fibroblast
[ ]

Immune (B cell)
I mmune (DC/macrophage)
I immune (NK cell)
I mmune (T cell)
Immune (mast cell)

I Myocyte (smooth muscle)
Bl Schwann cell
Neuroendocrine

Il Pericyte/SMC
B Epithelial cell (Hillock)
Epithelial cell (alveolar type I)

I Epithelial cell (ciliated)

I Epithelial cell (alveolar type Il)

GTEX-15EOM
GTEX-15RIE
GTEX-155B6
GTEX-16BQI
GTEX-144GM
© GTE ME

FR1

°C0-8@- 000" -

00000000 @° © @ 0°0° 0@G0 o o 0 00 0 oQo o
20000 Q8@ > Q@ 00 000O0@000000000Q0
RO OIRIOIERT OIRERY TR,
ceQe0-Q00@c - @@- o
00Q0 0000 0O@O 0 0o @0 o000
e eQo0c0c O @D *
0°020°@- 0@@°@° 2o

s0Qo0

+ 000
20+ OO

2 00-@- ¢
Q-0 -

© o L-Breast

© o [-Esophagus mucosa
t- Esophagus muscularis
Heart

© o |Prostate

00

Skeletal muscle

Skin

¥
E
3
=
H
£
2
&

3Ee
FUE
§E
s 8
3=
=
3
b £
3
&

]

Fibrobla

ICCs.

Immune (8 cel
Immune (DC)
h

Immune (T o

Immune (alveolar

Immune (NK cell

Immune (DC
Immune (L

Immune (mast cell

Ve

Mel

Neuronal
Pericyte/SMC

Satellite cell

(sk. muscle)
Myofibroblast ]

Neuroendocrin

3
8
§
H
5
@

3
8
2
5
)
2
3
8
g
E]

Myonuclei (cardiac

Myonucel (cardiac,
Myonucl

Myonuclei (NMJ-localized)
Myonuclei (sk. muscle,

Myonuclei (smooth muscle)

Effect size

by

Significant
OTwe O Faise
~log,(FDR)

(XXX ]
123 4

3
3
2
5
&
w
H
&

Immune (alveolar macrophage)
B Epithelial cell (basal keratinocyte)
B Epithelial cell (cornified keratinocyte)
[ |
I
[ |

Epithelial cell (mature keratino
Epithelial cell (suprabasal keratinocyte)
Melanocyte

Sebaceous gland cell

W Sweat gland cell

Immune (Langerhans)

I Epithelial cell (squamous)

Epithelial cell (suprabasal)

(S . immune (DC)

| ] Mucous cell

Myofibroblast

Bl Myonuclei (cardiac)

Myonuclei (cardiac, cytoplasmic)
Myonuclei (NMJ-localized)

Bl Myonuclei (sk. muscle)

Myonuclei (sk. muscle, cytoplasmic)
Satellite cell

Bl Myoepithelial (basal)

M ICCs

. Neuronal
50 100

ﬂ
I
I
I
e ———
|
———
1
—————————
——————r—————
[ —
e —————

o
N
R
@
&
.
3
3
8

W 1. Adipocyte W 27. Melanocyte
® Hispanic ” k’ Endothelial ¥ 28. Mucous cell
or Latino ‘% 2. Lymphatic Myonuclei
® White L 3. Vasoular B 29, NMJ-localized
A A ‘ Epithelial ™ 30. Cardiac
N 4. Hillock M 31. Cardiac, cytoplasmic
b4 3 5. Alveolar type | 32, Skeletal muscle
. ' % 7 6. Awveolar type Il 33 Sk. muscle, oytoplasmic
S - SO 7. Basal keratinocyte 34. Smooth muscle
{ ) R N S S A 8. Basal i
v x b v S — [ R 5 Clisted 135 Myoepirelal ()
o  10. Clu . Myofioroblast
& -q [ 11, Gorniied keratinocyte 7. Neuroendocrine
% . R S 38. Neuronal
< | = s a7 | M 12. Luminal M 39, Pericyte/SMC
3 ) " — 3 13. Mature keratinocyte - Coticel
T A 21 14, Squam

M 41. Schwann cell
Sebaceous gland
W 43. Sweat gland

Composition (%) Proportions (%) (@) Tissue ® # of nuclei
 Breast —
W Heart NI
Lung o
™ Prostate
sophagus mucosa @® Protocol
Esophagus musculars m ogT NST
£z mST




Fig. S2. Characterization of the cross-tissue snRNA-seq atlas. (A) Sample characteristics in
integrated atlas. UMAP visualization of snRNA-seq profiles (as in Fig. 1B), colored by donor sex,
self-reported ethnicity, age, BMI, and sample ischemic time. (B) Distinct cell type composition of
each tissue. Overall proportion of cells (%) of each type (color legend) in each experiment (rows,
1), along with number of nuclei profiled (2), lab protocol (3), tissue (4) and specimen (label on
right). Numbers on bars: broad cell type numbers (color legend). (C) EZ isolation protocol is more
distinct. Force-directed graph layout embedding of samples (dots), where sample similarity is
calculated based on cell type composition (28). Samples are colored by tissue, sex of the donor,
nuclei prep and participant ID. (D,E) Tissue specific and shared cell types. (D) Overall proportion
of cells from each cell subset (bars, (1)) that are derived from each tissue (colors; normalized for
the total number of nuclei profiled in each tissue (28)), along with total number of nuclei from
that cell type (2), and the proportion of nuclei from each protocol (3). Black vertical lines: relative
proportion of nuclei from each individual. (E) Significance (—logio(Benjamini-Hochberg FDR),
circle size) and effect size (circle color) of the differential abundances of each cell type (columns)
in each tissue (rows) compared to lung as a reference. Samples with fewer than 30 nuclei are not

shown.

40



—— Broad cell type — Tissues —— Participant ID —— Protocol

- t"\%‘

Broad cell type Tissues Participant ID
Endothelial Immune . © Esophagus muscularis © GTEX-1CAMR ~ ® GTEX-13N11
o Lymphatic o B el o call ©0) o Adipocyte © Esophagus mucosa © GTEX-1CAMS ~ © GTEX-15CHR
itheli © DC/macrophage ICCs © Skeletal muscle ® GTEX-1HSMQ @ GTEX-15EOM
Epithelial © Langerhans @ Molanocyte ® Heart ® GTEX-11GU  © GTEX-15RIE
etilook Mg * Voo o Lung © GTEX-1ICG6  © GTEX-15SB6
o Ao bl o Teell : Myoepllhellal (basal) o Prostate © GTEX-IMCC2  © GTEX-168Ql
> © Alveolar ® Breast © GTEX-IROPN ~ © GTEX-144GM
® Basal Mast . Neuroendocrine ® Skin © GTEX-12BJ1 GTEX-145ME
>  Neuronal
© Ciliated Myonuclei © Pericyte/SMC
o Club_ : © NMJ-rich Satelite
¢ Cornified keratinocyte o Gargiac ® Schwann cell
© Luminal ® Cardiac, cytoplasmic @ Sebaceous gland
. “34:5‘;:?‘55;3""0“‘9 © Skeletal muscle ® Sweat gland
Suprabasal keralinocyle g musdle, cyloplasmic
® Suprabasal

41




Fig. S3. Hyperparameter sweep for the P parameter of the conditional variational
autoencoder. (A-E) Higher beta values over-smoothened data representations. UMAP
representation of single-nucleus profiles (dots) colored (from left to right) by broad cell type,
tissue, individual, or protocol using the mean latent space coordinates from conditional B-TCVAEs
trained with beta hyperparameter values of (A) 1.0 (B) 2.0, (C) 3.0, (D) 5.0, and (E), 10.0 (28).

The B-TCVAE with B = 2.0 was selected to minimize loss of granularity.
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Fig. S4. Benchmarking of TCVAE to other single cell profiling integration methods. (A)

Conservation of broad cell type variation. kKBET (left), normalized mutual information (NMI,
middle) and adjusted Rand index (ARI, right) metrics of cell type variation (y-axis) for uncorrected
data and data integrated by each tested method (dot color, x-axis, (28)). (B) Runtime comparison.
Runtime (y-axis, hour:minute:second) of each integration method (dot color, x-axis). (C)

Conservation of tissue-specific variation. NMI (left) and ARI (right) metrics (y-axis) of tissue
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specific variation in uncorrected data and data integrated by the tested methods (x-axis, dot color).
(D) Correction for unwanted effects. NMI (top) and ARI (bottom) metrics (y-axis) assessing
remaining variation due to unwanted channel (batch, left), individual (middle) and protocol (right)
effects after integration with each tested method (dot color, x-axis). In all panels, each dot is a

different random integration run with different seeds performed on the full dataset.
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Fig. S6. Granular cell subsets in each tissue. UMAP visualization (left) of single nucleus
profiles (dots) colored by granular cell type annotation and scaled mean expression (z-score,
circle color) and fraction of expressing cells (circle size) of marker genes (columns, labels at
bottom) associated with those subsets (rows, with nuclei number on right) for breast (A),
esophagus mucosa (B), esophagus muscularis (C), heart (D), lung (E), prostate (F), skeletal
muscle (G), and skin (H). Cell type numbering within each tissue (e.g., Fibroblast I) do not

necessarily match across tissues.
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Fig. S7. Distribution of broad cell type proportions within each tissue. Distribution of
proportions (y-axis) of each broad cell type (columns) within each tissue (x-axis). Box plots show

median, quartiles, and whiskers at 1.5 IQR (interquartile range).
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highlighting key genes (A,B) or markers of the two subsets from Tucker et al. (33) (C,D, dot color).
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Fig. S9. Classical and cytoplasmic skeletal muscle myonuclei from slow and fast myocytes
express distinct signature and monogenic muscle disease genes. Differential expression
(Logx(fold-change), x-axis) and associated significance (—logio(P-value), y-axis) between slow and
fast myocyte subtypes within cytoplasmic (A, C, E) and classical myonuclei (B, D, F), with genes
highlighted (dot color) based on differential expression (A,B), known markers of fast vs. slow

subsets (C,D) (36), and monogenic disease status (E,F) (28).
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Fig. S10. Relative benchmarking of four snRNA-seq protocols on different QC measures.

(A, B) Number of recovered nuclei. Distribution (A) and number (B) of high-quality nuclei profiles
(y-axis) recovered from each protocol in aggregate (A, x-axis) and for each sample in each tissue
(B, x-axis). (C—E) Number of recovered genes. Distribution (C, E) and mean number (D) of genes
(y-axis) recovered from each protocol in aggregate (C, x-axis), for each sample in each tissue (D,
x-axis), and for each protocol in each tissue (E, x-axis). (F—H) Fraction of mitochondrial
transcripts. Distribution (F, H) and mean (G) of the fraction of mitochondrial transcripts (y-axis,
Unique Molecular Identifiers (UMIs)) recovered from each protocol in aggregate (F, x-axis), for
each sample in each tissue (G, x-axis), and for each protocol in each tissue (H, x-axis). (I-K)
Fraction of ribosomal transcripts. Distribution (I, K) and mean (J) of the fraction of ribosomal
transcripts (y-axis, UMIs) recovered from each protocol in aggregate (F, x-axis), for each sample
in each tissue (G, x-axis), and for each protocol in each tissue (H, x-axis). (L) Number of
transcripts. Mean number of UMISs (y-axis) in each sample in each tissue. Box plots show median,
quartiles, and whiskers at 1.5 IQR (interquartile range). The horizontal bar in violin plots
represents the median. Error bars in (D,G,J,L) show one standard deviation above and below the

mean.
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Fig. S11. Benchmarking of snRNA-seq protocols by cell composition and comparison to
scRNA-seq. (A-E) Impact of snRNA-seq protocol on recovered cell composition. (A)
Significance (Benjamini-Hochberg FDR < 0.1; circle outline color) of the enrichment of each cell
type (rows) in each protocol (columns) relative to the CST protocol across all tissues and samples
after correction for tissue specific effects (28). (B,C) UMAP representation of snRNA-seq profiles
(after batch correction by individual with Harmony (/84), (28) colored by study (B) and cell type
(C). (D) Proportion of cells or nuclei (y-axis) across broad cell groups (color legend) in each
sample (x-axis), stratified by tissue and protocol. (E) Proportion of cells or nuclei (y-axis) across
broad cell groups (color legend) in each tissue (x-axis), stratified by tissue and protocol. Asterisks
indicate significantly higher (muscle EZ, Tucker et al. (33) and Litviniukova et al. (34)) or lower
(endothelial, Tucker et al. (33) and Litviiukova et al. (34)) proportions compared to the CST
protocol (Dirichlet regression, Benjamini—-Hochberg FDR < 0.01, (28)). (F—H) Agreement in cell-
intrinsic expression profiles between scRNA-seq and snRNA-seq. Proportion of nuclei (circle size
and color) of each subset (rows) that are predicted to be in each cell class (columns) by a random

forest classifier trained on cells, for skin (F), lung (G) or prostate (H).

56



A Tissue site

"Blood 1

B Tissue site detail

Muscle, blood
Muscle skeletal
Minor 2 Esophagus,
Sallnvadry - Heart Esophagus 1 salivary g Heart, atrial mucosa
ger & gl$nd appendage .
g - Fandnat Blagger @ Stomach Lung _Heart et Magina &R Stomach »
e ""‘Ploslale Spleen ventricle Prostate g, pleen Small intestine,
2 : Py 7 smal Skin, not sun exposed  Fajlopian tube — Bladder w27 terminal ileum
Colon—ﬁr intestine (suprapublic) Colon, sigmoid— 2 cophagus o
Kﬁiney Esophagus 2 ¢ % Esophagls* i “ Colon,
i . uscularis ction
Uterus  Blood . . w Kidne) Ut Jund
4 erus
Skin1  pancreas ervix essel }%" ‘Slgwérsl\g;)exposed Pancreas cﬁ,\,,x
uteri g Thyroid & Thyroid
b . Nerve e e o
Breast 1 W Breast, mammary *F
;@ Adipose tissue *2¥Brain,
& B}ain’ ,F issue g cerebellum
Testis ; ¥ovary past2 ! Skin 2 Tests Shni Yovary e ed
*!, Brain %
. Ga¥
P @lng2 o
Pituitary Pituitary
2 = Blood 2 Py wnae— Cells: EBV-
Liver I 4 Liver iy transformed
Adrenal Adrenal lymphocytes
gland gland
Bulk—pseudobulk co-embedding
~ Sample type (tissue site)
Bulk
® Pseudobulk (breast)
2 © Pseudobulk (E. mucosa)
%o © Pseudobulk (E. muscularis)
* ® Pseudobulk (heart)
,c" As Pseudobulk (lung)
'*. © Pseudobulk (prostate)
& . ® Pseudobulk (sk. muscle)
. @ ® Pseudobulk (skin)
.
Se
Breast Esophagus mucosa —— Esophagus muscularis —— Heart
CST EZ NST TST CST NST TST CST TST CST NST TST
Adi tissue
AJ’rg:aelgland
Bladder
IO
Blood vessel -
Brain
Breast | pm——| —— -
Cenn)a;t'gﬂ
n
@ Falopaniibe WININRR | RSN SN S SN —————
g Heart (N (S S -
S Kidney
g
§ Muscle
Nerve
x Ovary
> Pancreas —— -
@ Pituitary
 Prostate
Salivary gland
Small Skin Fraction of bulk
mal mé%?ggﬁ nearest neighbors
Stomach B
Testis 0.75
Thyroid 0.50
Uterus 0.25
Vagina
CNZ @ N QNZ QNZ WRE Wes WeE W8E = = =g = - w - w - w cw
3 8 8 3] g g g g 8 8 8 8 T8 T8 T8 T8
S8F £8 583 585 548 5828 288 588 338 338 338 338 328 288 268 288
IR % X wm% Tk XX R EE T XK XX LT X T X TR TR RN XL Xk %ok
XX X N FrE XEd NOU SUOU POL FOL FXL XL XL XXxn NEp SUp SOp IO
Ebo b b bbb bbb 500 EBb ;3%23 Goo LEb HEo Eg’é 586 506 bob boo 5006
Lung Prostate keletal muscle Skin
CST EZ NST TST CST EZ NST TST CST EZ NST TST CST EZ NST TST
Adi tissue
Adrenal gland
Bladder
lood
Blood vessel
Brain
Breast
Cervix uteri
agus
3 Fallos;ggn Tobe
= Hear
o Kidney
g H}/:gr I | | | E——
§ M’\l‘JSde (NN SN SN
erve
x ary
3 Paror“e‘_‘as
@ Saliva%ogsl.'aa%
Smallints Sﬁkin (| N (SN NN Fraction of bulk
mal ms%sI egﬁ nearest neighbors
Stomach 1.00
Testis 0.75
Thyroid 0.50
Uterus 025
Vagina
SE2 T ¢ DEQ DEQ 5593 £93 £93 5593 YEQ 4yg gpg wge =g = =9 o
282 22 282 592 839° 99° poc- ¥pgc 36y 3% 353 3E3 §3 0§ §g 2
X Tk T X T X T LT 5Tk oYk LN XN T A XT XELT XEZT % X D . ok
> > > > > x W< W< w o< x x x > ox >
BEE B Z Bpj EEp PPpR IR EpL Bfgb Efpi pfpEBpEfp g £ pg B
R 1) R o “on CR) © 5 ©g” ©¥e T 06 %6 0 0 o [CIRT) o

[}
-



Fig. S12. snRNA-Seq pseudobulk matches bulk RNA-seq of matched samples. (A—C) Co-
embedding of bulk and pseudobulk RNA-seq profiles. UM AP representation of bulk RNA-seq and
pseudobulk snRNA-seq samples (dots), with each sample colored by tissue site (A) detailed tissue
site (B) or highlighting only the pseudobulk samples from each site (C) (28). (D) Co-embedding
successfully places bulk and pseudobulk samples from the same tissue in proximity, as shown by
the fraction of bulk nearest neighbors (color bar) of each pseudobulk sample (columns) that are

derived from each tissue site (rows).
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Fig. S13. Integration and annotation of single-cell and single-nucleus RNA-seq prostate, skin
and lung datasets. (A—H) Integration of scRNA-seq and snRNA-seq in the prostate (28). (A—C)
UMAP representation of integrated scRNA-seq (Henry et al. (38))) and snRNA-Seq (current study,
TST) colored by predicted granular cell types collapsed into broad categories (A), protocol (B) or
sample (C). (D) Comparison of cell composition between scRNA-seq and snRNA-seq. Proportion
of predicted granular cell types (bar color) based on a classifier trained on snRNA-seq data.
Numbers on bars: proportion of cell type within sample. (E,F) Cell type annotation in sScRNA-seq.
UMAP representation only of scRNA-seq profiles (Henry et al. (38)) colored by predicted granular

cell types (E) or samples (F). (G,H) Agreement in cell-intrinsic expression profiles between single-
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cell and single-nucleus datasets. (G) Proportion of cells (circle size and color) of each subset (rows)
that are predicted to be in each nucleus class (columns) by a random forest classifier trained on
nuclei for prostate. (H) Scaled mean scRNA-seq expression (z-score, circle color) and fraction of
expressing cells (circle size) of granular cell type marker genes (as in Fig. S6, columns, labels at
bottom) associated with those subsets (rows, with nuclei number on right).

(I-P) Integration of scRNA-seq and snRNA-seq in the skin (28). (I-K) UMAP representation of
integrated scRNA-seq (current study) and snRNA-seq (current study, CST and TST) colored by
predicted granular cell types collapsed into broad categories (I), protocol (J) or sample (K). (L)
Comparison of cell composition between scRNA-seq and snRNA-seq. Proportion of predicted
granular cell types (bar color) based on a classifier trained on snRNA-seq data. Numbers on bars:
proportion of cell type within sample. (M,N) Cell type annotation in scRNA-Seq. UMAP
representation only of sScRNA-seq profiles (current study) colored by predicted granular cell types
(M) or samples (M). (O-P) Agreement in cell-intrinsic expression profiles between single-cell and
single-nucleus datasets. (O) Proportion of cells (circle size and color) of each subset (rows) that
are predicted to be in each nucleus class (columns) by a random forest classifier trained on nuclei
for prostate. (P) Scaled mean scRNA-seq expression (z-score, circle color) and fraction of
expressing cells (circle size) of granular cell type marker genes (as in Fig. S6, columns, labels at
bottom) associated with those subsets (rows, with nuclei number on right).

(Q—X) Integration of scRNA-seq and snRNA-seq in the lung (28). (Q—S) UMAP representation
of integrated scRNA-seq (Travaglini et al.(40)) and snRNA-seq (current study, TST) colored by
predicted granular cell types collapsed into broad categories (Q), protocol (R) or sample (S). (T)
Comparison of cell composition between scRNA-seq and snRNA-seq. Proportion of predicted
granular cell types (bar color) based on a classifier trained on snRNA-seq data. Numbers on bars:

proportion of cell type within sample. (U,V) Cell type annotation in scRNA-Seq. UMAP
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representation only of scRNA-seq profiles (Travaglini et al. (40)) colored by predicted granular
cell types (U) or samples (V). (W,X) Agreement in cell-intrinsic expression profiles between
single-cell and single-nucleus datasets. (W) Proportion of cells (circle size and color) of each
subset (rows) that are predicted to be in each nucleus class (columns) by a random forest classifier
trained on nuclei for prostate. (X) Scaled mean scRNA-seq expression (z-score, circle color) and
fraction of expressing cells (circle size) of granular cell type marker genes (as in Fig. S6, columns,

labels at bottom) associated with those subsets (rows, with nuclei number on right).
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Fig. S14. Differences in gene expression between snRNA-seq and scRNA-seq

(A, B) Expression of tissue dissociation signatures are accentuated in sSCRNA-seq but not snRNA-
seq. Distribution of the score (y-axis, average background corrected, log(TP10K+1)) of a
dissociation signature (4/) in sScCRNA-seq (pink) and snRNA-seq (blue) profiles in each major lung
cell type category (x-axis). (*** Benjamini-Hochberg FDR < 107!, Wilcoxon rank-sum test). Box
plots show median, quartiles, and whiskers at 1.5 IQR (interquartile range). (C—G) Limited
divergence of gene expression between scRNA-seq and snRNA-Seq. Averaged pseudobulk
expression values (28) of genes (dots) in nuclei (x-axis) and cells (y-axis), shown for protein-
coding genes in (C) prostate epithelial (basal) cells (D) lung alveolar type II cells, and long non-
coding (LINC) RNA genes in (E) skin basal keratinocytes, (F) prostate epithelial cells (basal), and
(G) lung alveolar type II cells. Divergent genes (dot outline color) deviating from straight line
regression fit by size of residuals (28). Color scale: total length of polyA stretches with at least 20
adenine bases. (H, I) Relation between gene expression differences in nuclei vs. cells, gene length
and polyA stretches. (H) The number of polyA stretches (y-axis) and length (x-axis) of each gene.
(I) Divergence (y-axis, residual of straight-line regression fit) between pseudobulk gene expression
of single cell and single nucleus RNA-seq and gene length (x-axis) for each protein coding gene

expressed in skin basal keratinocytes in both datasets.
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Fig. S15. Cross-tissue analysis of myeloid cell subsets. (A, B) Myeloid cell subsets across
tissues. UMAP visualization of myeloid snRNA-seq profiles, highlighting cells from each tissue
(A) or colored by protocol, donor, or sex (B). (C) Alveolar and lipid-associated macrophage
signatures. Distribution of signature scores (y-axis) of alveolar macrophages (top) and lipid-
associated macrophage (LAM) (bottom) for each myeloid cell subset (x-axis, (28)). Signature
genes are listed on the right. (D) Functional enrichment of LAM markers. Significance (-
logio(FDR) circle size) of enrichment (F-score, circle color) of top 30 GO terms (rows) in LAM
markers gene set (columns), showing LAM marker membership in each GO gene set. (E-I)
Myeloid cell composition is similar in the same tissue and different between tissues. (E)
Distribution of pairwise Spearman correlation coefficients (y-axis) of myeloid cell subset
proportion profiles for samples within each tissue and between different tissues (x-axis). Box plots
show median, quartiles, and whiskers at 1.5 IQR (interquartile range). (F) Proportion (%, y-axis)
of different myeloid subsets in each sample (x-axis). (G) Distribution of proportions (y-axis) for
each broad cell type (columns) within each tissue (x-axis). Box plots show median, quartiles, and
whiskers at 1.5 IQR (interquartile range). (H) Spearman correlation coefficient (color bar) of
myeloid cell subset proportion profiles of each pair of samples (columns, rows). Rows and
columns were hierarchically clustered using the Euclidean distance and complete linkage. (I)
Differences in myeloid cell distributions across tissues. Significance (circle size, —logio(FDR)) and
effect size (circle color) of the difference in proportion in each myeloid cell subset (rows) between

each tissue (columns) relative to one reference tissue (label on top).
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Fig S16. Differential expression, functional enrichment, and receptor-ligand interactions of
dichotomous macrophage states. (A) Diffusion map of monocytes, macrophages, and
transitional monocyte/macrophage subset (colors) profiles (dots) in heart. Large circles: Centroids
of each state (sizes proportional to the population size). (B) Macrophage cell proportions across
tissues. Proportion (%, y-axis) of different macrophage subsets in each individual tissue (x-axis).
(C-E) M LYVEI" and My HLAIM distinctive signatures. (C) Differential expression (x-axis,
log>(Fold change), x <0: enriched in My HLAIIM; x > 0: enriched in My LYVEI™) and its
significance (—logio(FDR (Benjamini-Hochberg)), Wald test) between M$ LYVEI" and M
HLAIIM profiles in the three tissues where both populations are observed. (D) Significance of
enrichment (x-axis, —logio(Benjamini-Hochberg FDR), Fisher’s exact test) of GO gene sets (y-
axis) in genes differentially expressed between My LYVE " and M HLAII" populations in the
three tissues in B. (E) Differential expression plots as in (C) with marker genes of mouse
LyveI"MHCII® and Lyvel"MHCII" cells (47) highlighted. (F-G) Putative receptor-ligand
interactions between dichotomous M¢ states and cells of broad cell types. Scaled mean expression
(z-score, circle color) and fraction of expressing cells (circle size) of receptor or ligand genes
highly expressed by My LYVE " (F, left), broad cell types that are potentially interacting with M¢
LYVEI" (F, right), M$ HLAII" (G, left) and broad cell types that are potentially interacting with
M@ HLAIIM (G, right), (columns, labels at bottom). Lines between the genes show potential cell-

cell interactions.
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Fig. S17. Tissue distribution and GWAS associations of LAM-like cells. (A—D) LAM-like cells
across tissues. UMAP visualization of nuclei profiles from breast (A), heart (B), lung (C) and
prostate (D) (where LAM-like profiles are detected), colored by classification probabilities of
LAMs (left) or by broad cell type annotations (right). (E) Consensus LAM signature. The number
of published studies (y-axis) and tissue type (color) in which each LAM marker gene (x-axis, (28))
is detected as a marker. (F) Variable genes across LAMs. Scaled mean expression (z-score, circle
color) and fraction of expressing cells (circle size) of the genes (columns) variable across the
scRNA-seq datasets (rows). (G) LAM-associated TFs. Distribution of activity scores (x-axis) of
TFs (y-axis) that are significantly high in LAMs or non-LAM macrophages. *** = P < 1072° (p-
values in Fig. 3J are combined across studies using Fisher’s method). (H) LAM marker genes
related to GWAS genes. LAM marker genes (rows) and GWAS (columns) where the genome-
wide significant variants (dot size, -logio(P value) of the best variant) are associated with the

marker genes with high score (> 0.5, Open Targets Genetics Locus-to-gene mapping, dot color).
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Fig. S18. Tissue-specific fibroblast signatures. (A) Fibroblast subsets across tissues. UMAP
representation of fibroblasts profiles colored by granular fibroblast types in each tissue. (B) Tissue-
enriched markers of fibroblasts across eight tissues. Min-max scaled mean expression
(log(TP10K+1), circle color) and fraction of expressing cells (circle size) of marker genes
(columns) associated with granular fibroblast annotations in each tissue subset (rows, and labels
on top). (C-D) Distinct features of lung fibroblasts. (C) UMAP representation of lung fibroblast
profiles colored by scaled (z-score) expression of individual genes or signatures of adventitial and
alveolar fibroblasts (Travaglini et al. (40), Buechler et al. (/08)), or granular lung fibroblast
annotations. (D) Min-max scaled mean expression (log(TP10K+1), circle color) and fraction of
expressing cells (circle size) of genes from ECM, cation transport, contractile actin filament
pathways and myofibroblast markers (pathway labels at top) in granular fibroblast types (rows) in
lung scRNA-seq (40). (E) Putative receptor-ligand interactions between fibroblasts in esophagus
mucosa and neurons in esophagus muscularis. Mean expression (min-max scaled, circle color) and
fraction of expressing cells (circle size) of receptor or ligand genes highly expressed by esophagus
mucosa fibroblasts (E, left), and cognate receptor or ligand genes highly expressed by neurons in

esophagus muscularis (E, right). Lines between the genes show potential cell-cell interactions.
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Fig. S19. Relation of monogenic diseases to disease topics. Scaled loadings (z-score, x-axis) of
top 15 diseases (rows) with the genes associated for each of the topics. Genes of the diseases with

multiple gene associations are given as a comma-separated list.

74



Word loadings of OMIM topics

o 3 4 5 6 7
rorgg g secipg o i o gt
melanoma a than xpress! lumbar uﬂ\u\ng\c cases
| F ey o ] = ool
o — s L
s s L St oo & s
o sl kil o= foms P 1 E suaed
o S i S s T et
Ko S ol ot 200 i T
ony B2 onith | = i o o
i & ] o ks
- p i ot o o
) pe ] et d ] oS ek
1 " 12 3 14 1 17 18
J— ” - . ot sen —
o 3 & = ‘ ] o
. ¢ o K - i oo
s § el i et et
e = o] i e oy
i . i | gl (s e ol -
2 W ] o o g s
‘examination nat ‘dorsal forehead pate rning. midin
e & = S consongineSs il e nator
worong & o SR st s oo
reongel i ey g - e el
g o o) i ) E
2( 21 22 23 24 5 6 27 28 29
- sy M P e . o
3 =] o] ] e} gl ropgst
i b i e o S s
o= reponoontiss s 5 ey % 3
S o P e o i ol
e e ° - - s el
= ek i o weist o
s o kit ool s e e
e et s romerg i i Tkl
e it ol e i e
i i i o P TR
3¢ 1 32 33 34 35 6 37 38 39
. chnges . cotegen o n . _—
= i e 9 & o g oo
b - e s comatls K vl o
e e £ ] e o sranefit
- s i ] e st ]
b & 2 5 ot et T @
i o oo 2 o i T e
sl s ve s o e ot e e
i ] - e i 0 S e e
] o e | p e o ind
E s e it rocoll ] ]
s ;| e e Jo—" ] s icle] s o
e 5 ] s : R
opgtoaioty % L) cublosk procoragen hopaiha nypSRoe rstoady ppencicnar
4 B « . p e o 4
o] il ey e f— ot f—
o ] nomornilt & i o Wy G
e i o - s o B gl bl
F it el =] s s o2 R
skl g e R ol ooy 2
s . i o e o ot el
S EE] S = T G oo g i
s ol ] i el e e
wondB23 i vk o et S oo sl ot
= et - e : & o g WS4
i $ e | & B pESCCa sl ——— e e 1 =—
50 1 s 5 s s 5 57 s 5
sl sr van . e s J— -
ol 2 ey " e e s s Bk
o oo & i G o sy R 5
oo e s e e i st
R oot oo e sy R il amogsed
i e . Eoat o4 y - |
s ik e e f— el s S o ]
P & i Pl 4 ] i ot il e
e - sy e o i il o |
e i 2 2 e s e s oy
i gy oy o P} oy e g e |
i ] et el Bl i ) & o -
E] 2 3
0 61 62 63 64 6! 66 67 68 69
o . a " JE— J—
2 oz e it 2 s
ey o e i .- i reconbiy o
o 5 S o - e i
e & G i £ ] b
. 25 A L Eo o = Wi
el sonory J— el . R i
T i i e c= ] ; o T
T e o’} S st
iy satisicaly promronssy myocidiE P meroceton: ecombinarty genafes
i s s e o e oS
i E e e ron SRREER iy e e
0 7 72 73 74 75 76 7 '8 79
. e el oveopaien eonzess
e o o] -+ ks
o i ) & % £
i i i o oo} T
gendst et oI o
ot i o e o et
o eaokiarle o pwrioss i o SR
P ] s W L e ot
o R i S - st i
G e iR E e | Ghe:
E s B o = e
5 o pote ] avtn ] & bt
. b..‘.“ ' k. % S
Hs e P * p & ool
30 1 82 33 84 85 86 8 88 89
f— oo [—"
o e gl S - ol
o S ot S P s
aolfEl} i ono R - oy
[ e gt e bty e g it
o e : i) o = - S L8
. | oseingiies i e f ] seefiphe
e o .| R B : i
i el e e o e
i - o i ol ot aoomdiil]
crag i | o= o eereenih s e
i e e ] ] i
8 s
o o1 o o o o o 7 o 3
rpa s J— s e ruman catn
— ot a3 e R i e b b
o s i - g A W e s
ot ] condiSt o i ot o S
e i S e e B s et S
e Ehcicd i . e e A ] ]
A 5 il il s L] st e %
G i e parmats o0 e . o
it s = iy e g i [ ot
o ] - o g f = T -
i E ronis e e oty e e 2
J— ] : s o ek o i m
.w fot o t o
b3 2 b3 3
100 o1 10 10 108 105 106 107 10 100
connta - - oo complrentn - et e
ocency o e sk -
i et ik ot -
o i . ol o srogeears
v vden ‘aniridia acthvity ‘endplate im ‘spondylitis
. et ol et
s G — sosertils e e
o e e 5
ongls o ol Jher conciice - e
pikdca refractive subsirate, 17p11 sdiated ctin2 crises.
e % ji e weetlt o
110 P 112 13 115 e 7 118
i — g2 — encosnaigtty
aysiea hoaring OB ot Pypertension it L
e eSS sl e sy —
T e o i
et E . o]
o oliefons 4
g J— 5 i e
| sk G N E
o9l & E E
- o ] o ]
e o . perensn, -
e srosesots i
120 121 123 24 125 126 12 12 129
o sosss JE—— — —— o
dental profound mpg\nﬁ\vﬂl P Biniam alveosylaCs de tumor
oo rosfiiarlc e | e B
rmanent auditory ocaz2 nove. n
it e phon — s
s eg ke e i
enegints £ i ety s i
o o s i s
i o scvonafflE g
sz oo i st et e
i 4 ] ol eatstion morgoiitt

75




130 131 132 33 134 135 136 13 38 139
. s . . o J—
gl e o= % ey
£ s e ot [
& ‘“ imminoigl SHieipants ot cockane jobintiia
gt " % i -] ’g"rz:amm
] s ] ] % i
i o PR o o ot p—
- F el o Sk e
e e S G - . i
5 R T P o] :
3 e s o e
oy s ol S 5
3 oo B8 g G s e
i B IRy tszs s T sesn B P seeus
140 141 14 143 144 14 146 147 148 14
s w FE—— S~ o
8 r K e EE] conoten uonay
expansiont oloe smnetsts PRt ] odic forose
e el o oo e I o onte
e 3 5 e T
B et — i y: e
S g el anrons ool o "
e SHE2 : i o0 ot s .
S 3 i 2 ;
e o mt ‘ iy
G 5 oo e
] o8 s oo ol e o
oA e ot et
snas 1wt sE3azus fsans LEER sase ] ) s saz:
150 151 152 3 154 15t 156 157 58 159
ey ey o aaizs -] . ]
e N "‘m‘, 4 e = e dlllsh*‘lm méabatem 4
] g S - %
=y : .,W‘.:g it
£ o il i

e i B P— 1
E K] woionursld 4 o] i ool

e o o i ] s

160 161 162 163 164 65 168 o7 o0 169
sy R ot promyaiat empords % - 2 compiex
- st f - P 8 iz onctlh ot
dysteophy, galacioss 2 = overiagd I - assemby
ey sonndle . e i » P
e adn ok il Josiont
o e : omT = i A
R R % i = A o s
E 2 ool . o} 2 e
ryiopodie p21 il o e bt surfaciant subacute
SR oSl = . & Lo e
70 m 72 s e s o i s s

e - f— o . st -

Fearact aeuens op Mhulmaa\eg\- ‘sequencing Tactate ment alzheimer ‘absorption “\mup\-mm

= o e e o o I i

s aon s e o i

& b wane R ;- - Tk
i o e F] E i o e
e e 5
o= g i 52 e e
e R i o ergly e | g it

P o e ) i e &

ke | A i e e - oy = s

e - R Rk e | o i g

18 181 182 183 84 18t 18¢ 187 18 89

o] = “ggpme e e s mEs e 2

e = e T i) wlh B

- X oS B

o e contd sl st e w5 o
e e s S e £ mﬂ.

. L £ iR ) i
SRR o oz e i s
R ol i L : e gl
Sl aogien P Fm‘ cpime p:!‘cm:‘mc it n.pp-ﬂ?m.u

i Ry SR G e Lo 2 ]

190 191 192 193 194 195 96 198 19
p— s J— - J—
& e i o3 enott s
g maerE S S el s o i e
& S i P el o
R = | Poi it ammsa
E | s g 5 s
= | 2 v er— SE8 g TR
w2 el o o) e

o 25 - B iy dmn S &

o maneiy o id o o] i
“'%ﬁ atrim 2y e s Ehireie somateg reey
& wellER " e % 4 amsonall

00 01 202 20: 204 205 206 208 209
f— - o g gy "
[ Lo withE i % e
S 2 i
- 3 ISR ool il
9 E R i nct
: o - 1 o IR
& & & - 5 sl
mandElE s ety ool i
R B el 3
4 % - gl
oo e el o
¢ b ot - i el
e i o # o2
s
2 1 2 1 4 s 216 7 218 P
e ey ety et ey E i
] o a4 . crile
S ; TaERE 2
i okl o i e o
a2 il ] - owods R
- g o : B
2 -
e — S W ekl plwes K
Hgs o el @ . - cineps?
i o wondSE £ e
= o h % el g ot
iy P K e 5
20 2 = = 226 225 226 27 28

ot - assous J—— o omogic f— . po—

oytochiime N olicbsa expanded aystroghia i i metimlgns
il s i fie R i & o

ot e £ & amEe:
—— 5 R e e & andiE - 4
G sagis - i ooy i E e
" it et o P o R | o
wiil i i ———y < it o] e

i - i - e &
el - e oy ] i o ikl ]

2 s

Probability
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words (rows) for each of the monogenic disease topics.
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Enrichment of cell type markers in OMIM topics
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Fig. S21. Enrichment of cell type markers in OMIM topics. Enrichment of broad cell type
markers with monogenic disease gene sets inferred by topic modeling (28). Effect size (log odds
ratio, dot color) and significance (—logio(Benjamini-Hochberg FDR), dot size) of enrichment of
genes from each monogenic disease topic (rows) for cell type markers of broad cell subsets
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hierarchical clustering are labeled with cell types associated with topics (rows, labels on right).
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Fig. S22. Expression of
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Topic 222: diabetes and lipodystrophy
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% Topic 155: ciliary dyskinesia
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Fig. S23. Expression of genes with high loadings in three selected topics
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Fig. S24. Expression of genes that are causal for muscular dystrophies in three muscle types.
Scaled mean expression (dot color, min-max scale) and fraction of expressing cells (dot size) for
muscular dystrophy genes (rows, gene labels on left, disease names on right) in each broad cell
type in esophagus muscularis, heart and skeletal muscle (columns, labels at bottom). Major gene
and cell type groups identified by hierarchical clustering (Pearson correlation metric with Ward

and average linkages for cell types and genes, respectively) are split with black bars.
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Fig. S25. Analysis of monogenic muscle disease genes in mouse muscle tissues. (A—D) Mouse
muscle tissue atlas. UMAP visualization of snRNA-seq profiles from skeletal muscle, heart, and
esophagus in mouse, colored by cell type (A), tissue (B), mouse (C) or sample IDs (D). (E, F)

Mouse muscle atlas cell type composition. Proportion of nuclei (x-axis) of each type (color) in
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each tissue (sample) (E), and of each tissue in each cell type (F, after normalizing for the total
number of nuclei profiled in each tissue, (28)) along with the number of profiled nuclei (right).
Circled numbers refer to cell types in the color legend. Black vertical lines in bars in F: relative
proportion from each mouse. (G) Cell type markers. Scaled mean expression (dot color, z-score)
and fraction of expressing cells (dot size) for marker genes (columns) in each cell subset (rows).
(H, I) Enrichment of broad cell type markers with monogenic muscle disease genes. Effect size
(log odds ratio, dot color) and significance (—logio(Benjamini—-Hochberg FDR), dot size) of
enrichment of mouse orthologs (28) of genes from each monogenic muscle disease group (rows)
for (H) cell type markers of broad cell subsets (columns) in each mouse tissue (I) or from human
muscle tissues (as in Fig. SB) as well as skin and breast. Red border: Benjamini-Hochberg FDR

<0.1.
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min-max scaled (log(TP10K+1)) in snRNA-seq. Dot size and color represent mean snRNA-seq

expression and the fraction of expressing nuclei in each group in (B).
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Fig. S27. Cell type enrichment of GWAS loci from 21 complex traits in 8 tissues using broad

cell type annotations. Significance (circle size, —logio(p-value)) and effect size (circle color, fold-

enrichment) of enrichment of GWAS locus sets of complex traits (rows) in each broad cell type

category (columns) in the eight tissues in the cross-tissue atlas (panels). Grey, orange, red borders:

nominal, tissue-wide (Benjamini—Hochberg (BH) FDR < 0.05 correcting for all cell types tested

per tissue and per trait) and experiment-wide (BH FDR < 0.05 correcting for all cell types tested

across 8 tissues and 21 traits) significance results, respectively.
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Fig. S28. Cell type enrichment of GWAS loci from 21 complex traits in 8 tissues using
granular cell type annotations. Significance (circle size, —logio(p-value)) and effect size (circle
color, fold-enrichment) of enrichment of GWAS locus set (rows) in each granular cell type
category (columns) in the eight tissues in the cross-tissue atlas (panels). Grey, orange, red borders:
nominal, tissue-wide (Benjamini-Hochberg (BH) FDR < 0.05 correcting for all cell types tested
per tissue and trait) and experiment-wide (BH FDR < 0.05 correcting for all cell types tested across

8 tissues and 21 traits) significance results.
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Fig. S30. Cell type specificity enrichment of 21 complex traits across granular cell types from
8 tissues. Fold-enrichment (color bar) of each GWAS locus set (rows) for specificity in each
granular cell type category (columns). Red stars: nominal significance (P < 0.05). Only traits with
at least one enrichment at tissue-wide significance (BH FDR < 0.05 correcting for number of cell
types tested per tissue per trait) are shown. Rows and columns are hierarchically clustered using
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Atrial fibrillation — heart (Litviflukova et al., 2020)

Myonuclei (cardiac)

Immune (T cell) |

P —
Myonuclei (cardiac, cytoplasmic) 4 *-
Immune (DC/macrophage) 4 —_———
Pericyte/SMC -
Fibroblast 4 _—
Endothelial (vascular) 4 —_—
Immune (mast cell) —_—
Schwann cell D ————
Immune (B cell) { L
Adipocyte{ —————
Immune (NK cell) { ———
1 2 3 a

Fold-enrichment

Atrial fibrillation — heart (Tucker et al., 2020)
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Fig. S31. Cell type specific enrichment of ¢/sQTL genes mapped to Atrial Fibrillation GWAS
loci in two non-GTEx snRNA-seq heart studies. Fold-enrichment (x-axis) of cell type specific
expression (y-axis) of genes mapped to atrial fibrillation GWAS loci in Litviiukova et al. (34) (A)
and Tucker et al. (33) (B) heart snRNA-seq. Cell clusters were defined using the cell type markers
defined in this study. Error bars: 95% credible intervals. Red: tissue-wide significant (Benjamini
Hochberg (BH) FDR < 0.05); Orange: nominal significant (P <0.05); Blue: non-significant
(P >0.05). Cell type-specific gene expression was defined as log>(fold-change) > 0.5, false

discovery rate (FDR) < 0.1, and expression in at least 5% of cells in each given cell type.
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Fig. S34. Successful processing of multiplexed samples by snRNA-seq. Analysis of snRNA-
seq profiles from frozen tissue samples from 3 individuals processed in multiplex for lung (A-L)
and prostate (M—X) by either the CST (A-F, M-R) or the TST (G-L, S—X) protocols. UMAP
visualizations of nuclei profiles colored by the demultiplexing assignments of each nucleus by
souporcell to individuals (A, G, M, S), doublets (B, H, N, T), logio-transformed total number of
UMIs (C, L, O, U), demultiplexing prediction probabilities (unassigned dots are shown grey) of an
expression-based linear classifier (D, J, P, V), and doublets predicted by Scrublet (E, K, Q, W).
Heat maps (F, L, R, X) show the concordance (% precision, color bar) between souporcell (rows)

and the linear classifier (columns) calls. Accuracy values are labeled on top.
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Fig. S35. Schematic summarizing the key findings of this study. (A) Broad cell types in the
cross-tissue atlas. Illustration of 40 (of 43) broad cell types in the cross-tissue atlas labeled by
cellular compartments (horizontal color line) and tissues in which the cell type is detected (colored
boxes). Cytoplasmic and NMJ-localized myonuclei subsets are not shown. (B) Dichotomy
between LYVE1 and HLAII-expressing macrophages and the differentiation trajectory of these
populations. (C) Compositional differences of macrophages across tissues. (D) Shared and tissue-
specific features of fibroblasts. (E) Mechanosensing function of alveolar fibroblasts. (F) Intra- and
cross-tissue cell type association with monogenic disorders. (G) Potential roles of myonuclei
subsets and non-myocytes in monogenic muscle diseases. (H) Associations of complex

phenotypes with gene programs and QTL genes mapped to GWAS loci.

Table S1. (separate file)

Study overview, sample and individual metadata, nuclei counts and extraction solution
descriptions
Table S2. (separate file)

Differential expression of broad and granular cell types for each tissue

Table S3. (separate file)

Literature-curated cell type markers and references
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Table S4. (separate file)

Cell type harmonization and gene correlations between this study and other snRNA-seq and

scRNA-seq studies

Table SS. (separate file)

Differential expression of granular myeloid states

Table S6. (separate file)

Studies used for the investigation of LAM presence and diversity

Table S7. (separate file)

GWAS associated to HLAII-high, LYVE1-high and LAM-like macrophage markers

Table S8. (separate file)

Differential expression of fibroblasts, T cells and adipocytes across tissues

Table S9. (separate file)

Gene set enrichment results, gene and word loadings of OMIM topic model

Table S10. (separate file)

Monogenic muscle diseases and associated genes obtained from the 2021 version of Benarroch

et al.

Table S11. (separate file)

Cell type marker monogenic muscle disease gene set enrichment analysis results
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Table S12. (separate file)

Monogenic muscle disease genes differentially expressed in broad and granular cell types with

disease information

Table S13 (separate file)

Putative cell-cell interactions across broad cell types in each tissue

Table S14. (separate file)

List of GWAS and number of loci tested for cell type enrichment analysis.

Table S15. (separate file)

GWAS cell type specificity enrichment analysis (broad annotations)

Table S16. (separate file)

GWAS cell type specificity enrichment analysis (granular annotations)

Table S17. (separate file)

Application of ECLIPSER to heart-related traits and two separate heart snRNA-seq studies

Table S18. (separate file)

Gene set enrichment analysis of tissue-shared, myonuclei-specific genes driving enrichment

signal of atrial fibrillation GWAS loci in heart myonuclei

Table S19. (separate file)

Gene set enrichment analysis of heart- and myonuclei-specific genes driving enrichment signal

of atrial fibrillation GWAS loci in heart myonuclei
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Table S20. (separate file)

Module-based GWAS enrichment analysis
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