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Supplementary methods

Study population

We collected liver tissue from 10 morbidly obese patients undergoing bariatric surgery at
Copenhagen University Hospital Hvidovre, Denmark. The tissue was sampled as a wedged biopsy
from margo inferior of the liver. Sampling was performed immediately after trocar placement and
before the actual bariatric procedure. All patients were screened for other aetiologies of liver
disease and had no former or ongoing alcohol overuse. Patients fulfilled the requirements set by the
Danish Health Authorities for bariatric surgery in Denmark, which among other criteria includes a

mandatory pre-surgery weight loss (8% of total body weight) (Dixon et al., 2004).

Liver histology and assessment of NASH

A part of the liver biopsy underwent fixation in paraformaldehyde for later paraffin embedment and
histological analysis. Histolpathological scoring was performed by use of the steatosis-
inflammation-fibrosis score (SAF score).

All 10 patients had inflammation, ballooning and fibrosis. However, four-out-of-ten patients had a
steatosis score of zero while simultaneously having both inflammation, ballooning and fibrosis
(Supp. Table 1). This may have been an effect of the required weight loss (Vilar-Gomez et al.,
2015).

Bedossa et al. have previously reported that all patients with a SAF activity score of two or more all
had NASH and that the SAF score, although purely morphological, is clinically relevant (Bedossa
et al., 2012). Consequently, for this study, we isolated liver cells from 10 patients with a SAF
activity score of 2 to study NASH on a single-cell level.”

Ethics

The study protocol was approved by the Regional Ethics Commitee in the Capital Region of
Denmark (H-17014324) and conducted according to the Declaration of Helsinki. Oral and written

informed consent were obtained from all study participants prior to participation.



Isolation of cells from fresh liver biopsy

Approximately 100mg of fresh liver tissue placed in Hypothermosol (Sigma-Aldrich, USA)
transport buffer in ice immediately after sampling. was brought directly to the Novo Nordisk
Foundation Center for Basic Metabolic Research for analysis. For dissociation into single cells the
tissue was minced and incubated with Liberase low dispase (Sigma-Aldrich, USA) for 20 min at 37
degrees Celsius at 250 rpm. The tissue was triturated by pipetting 10x with a 1000 pl tip before the
enzymatic reaction was stopped by the addition of 2% PBS-FBS and then filtered through a 70um
cell strainer. Cells were pelleted at 500 rcf for 10 min after which the supernatant was removed and
the cells wash once in PBS-BSA. The cells were counted using the Nucleocounter (Chemometec,

Denmark).

Droplet-based single-cell RNA sequencing

The isolated cells were visually inspected and loaded on the Chromium controller (10x Genomics,
USA) using the manufacturer’s protocol (Chromium Single Cell 3' Reagent Kits; v2 chemistry) to
obtain single-cell libraries that were sequenced on a NextSeq sequencing system (Illumina, USA)

using a high yield kit (75 cycles) at 400 million reads per sample.

Single-cell RNA sequencing read alignment

The Cell Ranger 2.0 pipeline (10x Genomics) was used to align reads, quantify unique molecular
identifiers (UMI) and generate filtered feature-barcode expression matrices. The reads were
mapped to the hgl19 human reference genome following the steps outlined on the 10x Genomics

website (10x Genomics).

Quality control, analysis and visualization of single-cell expression data

The raw expression matrices produced by the Cell Ranger software were analysed using the Seurat
v.3.0.0.9 R package (Picelli, 2017). In line with 10x Genomics indications (Picelli, 2017), for each
sample, based on an estimated 9,000 cells loaded, the 5,157 barcodes with the highest number of
counts were initially selected for downstream analysis. In a further filtering step, based on visual
inspection of quality control plots, barcodes with at least 1,000 UMI and proportions of
mitochondrial and ribosomal RNA below 0.4 and 0.3, respectively, were retained. The
DoubletFinder v3 R package (Picelli, 2017) was used to remove suspected doublets. Samples were

normalised individually using the SCTransform() command, which was also used to regress out



confounding variation associated with UMI count, the percentage of mitochondrial gene UMIs, and
cell cycle, following the steps in ref. (Picelli, 2017). After normalisation, the samples were
integrated to remove batch effects following the standard Seurat 3 workflow (Stuart et al., 2019),
using 3000 features and 60 components. Following integration, the standard Seurat 3 clustering
workflow was carried out: The RunPCA() function was used to compute 60 principal components
(PCs), the FindNeighbors() and FindClusters() commands were used with default parameters to
identify cell clusters, and the FindMarkers() command was used with the MAST method from the
MAST R package(Finak et al., 2015) to identify differentially expressed genes. Cells were mapped
to 2-dimensional UMAP coordinates using the RunUMAP() function with default parameters.
Having used the Seurat 3 integration workflow to identify cell clusters in the presence of significant
sample batch effects, we decided to return to the SCTransform normalised counts and use the
ComBat() batch-correction technique from the sva R package for all other downstream
analysis(Johnson et al., 2007; Leek and Storey, 2007). The reasons for doing so were (1) the need to
include all genes (only a subset are used in the Seurat 3 integration workflow) (2) the greater
mathematical interpretability of ComBat() and reduced risk of overfitting and (3) the desire for
interpretable, non-negative units of gene expression. Using ComBat(), we corrected both for
differences in mean and scale of expression. To avoid the introduction of artificial co-expression
patterns in subsequent analyses, all values which were zero in the SCTransform-normalised counts
matrix were reset to zero in the batch corrected matrix as well. All code used in the analysis is
available at the GitHub development platform (GitHub code repository:
https://github.com/perslab/fred-2022).

Single-cell RNA sequencing cell cluster annotations

To annotate the cell clusters, we drew on existing sScCRNA-seq studies of the human liver (Aizarani et
al., 2019; MacParland et al., 2018). First we used the Seurat label reference-based label transfer
workflow (Stuart et al., 2019) to match annotations from MacParland et al. (MacParland et al., 2018)
to our cells. Second, to match our clusters to Aizarani et al. (Aizarani et al., 2019), in the absence of
published cell annotations we used Spearman’s p correlations between cluster marker genes to match
our cell clusters to theirs. We found that there was generally a good correspondence between the cell
annotations predicted by the two comparisons, allowing us to label most of our clusters with high
certainty. The cell clusters for which the comparisons did not produce a clear result were annotated

manually based on marker genes. Cell cluster gene expression panels were made using the ggplot2 R



package (Wickham, 2016), and heatmaps were made with the pheatmap R package (CRAN - Package
pheatmap).

Bulk RNA-seq data processing

RNA-seq fastq files were downloaded from the European Nucleotide Archive (study (Sequence)
PRINAS512027) wusing the ENA browser tools (Gerhard et al., 2018; GitHub -
enasequence/enaBrowserTools). Sequence quality was assessed using fastqc (version 0.11.5) and
MultiQC (version 1.8), and samples with fewer than 200m sequences were removed (Babraham
Bioinformatics). Sequences were aligned to the GRCh38 (Ensembl 93) genome assembly using
STAR (version 2.7.3a) (Babraham Bioinformatics), with sjdbOverhang set to 82. Binary Alignment
Map (BAM) files were sorted using samtools sort (version 1.9) and reads were counted using htseq-
count (version 0.11.2). The raw gene counts were assembled as a matrix and normalised using the
DESeq data set FromMatrix(), estimateSizeFactors() and counts() functions from the DESeq2 R
package(Babraham Bioinformatics). Several samples (DLDR 0037-46 and DLDR 61-62) were
relabelled as fibrotic on advice of the corresponding author responsible for generating the data set
and an outlier sample (DLDR_0181) was omitted after visual inspection of Principal Component

plots. The data set comprised a total of 160 obese cases and 24 controls labelled by clinical status.

Robust Weighted Gene Co-expression Network Analysis

Cell type subsetting and gene filtering

We divided the normalised, batch-corrected counts by coarse cell type to capture cell type specific
networks while ensuring sufficient heterogeneity and cell numbers to detect biological signal. Genes
expressed in fewer than 20 cells in a cluster were removed. Principal component analysis was carried
out using the RunPCA function to compute 100 Principal Components (PCs). Genes were then
ranked by their highest absolute loading value on any given PC and the top 5,000 genes within each
cell cluster were selected for co-expression analysis. In what follows, unless otherwise indicated, P-
values were adjusted for multiple testing using the Benjamini-Hochberg method (Benjamini and

Hochberg, 1995).



rWGCNA adjacency and Topological Overlap Matrix computation

Robust Weighted Gene Co-expression Analysis was carried out separately within single-cell and bulk
RNA-seq data using the WGCNA R package (version 1.68) as described in Pfisterer et al. (Pfisterer
et al.,, 2020), resulting in 301 and 14 modules detected within the single-cell and bulk data,
respectively. The main outputs of the analysis were lists of the genes assigned to each module, along
with their gene intramodular connectivity (‘kIM’) scores, representing a continuous measure of a

gene’s centrality in a module (Langfelder and Horvath, 2008).

Post-rWGCNA gene module filtering

Of the original 301 single-cell rIWGCNA modules detected, we excluded 48 modules from cells
identified as erythrocytes. Next, we computed separate module activity scores in our single-cell data,
the MacParland data set and the Gerhard data set, by scaling by the standard deviation (but not
centering) the normalised expression of each gene, normalising each module’s kIM weights to sum
to 1, and using these scaled kIMs as weights in a weighted average of gene expression in each module.
These scores were finally scaled by their standard deviation across samples (hereafter ‘module
activity scores’). We excluded modules whose activity score in our single-cell data set was more
correlated (Pearson’s p) with a cell’s number of RNA molecules, proportion of mitochondrial RNA,
or donor origin than with biological cluster membership, leaving 202 modules. Next, we filtered out
modules with a large fraction of co-expressed genes from ambient RNA as follows. The CELLEX
toolkit (Timshel et al., 2020) was used on the normalised single-cell data to compute gene specificity
scores (0-1) for each cell cluster. For each module and cell cluster, we computed as a test statistic the
dot product of the gene module kIM scores with the matching gene CELLEX specificity scores. A
null distribution was obtained for each statistic by recomputing 9999 replicates using randomly
sampled CELLEX scores from the cell cluster, resulting in one-sided percentile P-values. P-values
were corrected for multiple testing (Benjamini-Hochberg, n=2424). Gene modules with a significant
enrichment for another cell cluster and no significant enrichment for the cell cluster of origin were
discarded, leaving 147 modules. Next, to ensure that single-cell gene modules were not specific to
our data set, we used the WGCNA modulePreservation() function to assess whether co-expression of
single-cell gene modules was preserved in the Gerhard ef al. bulk RNA-seq data set. After adjusting
P-values for multiple testing (Benjamini-Hochberg, n=147), 22 single-cell modules were retained for

testing for association with NASH in the bulk RNA-seq samples.



Module preservation in control single-cell RNA-seq data set

We tested the extent to which the co-expression of the remaining 22 gene modules was preserved in
the matching cell types of the MacParland et al. single-cell data set (Fig. 2C) using the same method
as for the bulk data set described above. Modules from cell types without a match in the MacParland

et al. data set (Dendritic cells and Hepatic stem cells) were omitted in this step.

Module association with disease condition

In order to identify modules associated with NASH, we carried out linear regression analyses using
module activity scores in the bulk RNA-seq data set. We extracted subsets of the bulk data and
converted categorical labels to scores of 0, 1 or 2 for a given condition, with “normal” samples (n=24)
encoded as 0. For steatosis, samples rated as “steatosis 2” (n=34) or “steatosis 3” (n=16) were
included and converted to 1 and 2; for lobular inflammation, we included samples rated as “lob inflam
1” (n=38) or “lob inflam 2” (n=13) and encoded them as 1 and 2, respectively; for fibrosis, samples
labelled “fibrosis 3” (n=19) were included, encoded as 1. When contrasting lobular inflammation
with fibrosis, “lob inflam 1" and “lob inflam 2” samples were contrasted with those labelled “fibrosis

3”.

Module activity scores in the bulk RNA-seq data set were generated in the same way as for the single-
cell data, as described above. Using both bulk and single-cell modules, we computed a multivariate
linear regression model with module activity as the dependent variable and steatosis, lobular

inflammation or fibrosis in turn as the “condition” regressor:
module expression ~ condition + sex + age + BMI + ¢

i.e. predicting module activity from condition, while adjusting for sex (binary), age (continuous) and
BMI at time of surgery (continuous) of the bulk RNA-seq sample donor, with € ~ N(0, 62). In order
to obtain non-parametric confidence intervals and P-values, we used the R boot package’s boot()
command to generate R=999 case-bootstrapped estimates of the regression coefficients. Two-sided
percentile P-values were computed as the proportion of bootstrap coefficient estimates with the
opposite sign of the original coefficient estimate, i.e.

Z'lRlsiso . Zleizo .
if B > 0, and - otherwise




where B denotes the original coefficient estimate, B; the bootstrapped coefficient estimates and 1,
denotes the function that evaluates to 1 if x is true and 0 otherwise.

Bootstrap percentile p-values were adjusted for multiple testing within each condition (n=22
modules) and a percentile cut-off corresponding to a two-sided hypothesis test (P<0.025) was used

to obtain lists of disease-associated modules (Sun et al., 2006).

Functional module annotation through gene set enrichment testing

To obtain functional annotations for the disease-associated gene modules we queried the Gene
Ontology Biological Process, Molecular Function and Cellular Component databases (GO BP, MF
and CC) (Ashburner et al., 2000; Carbon et al., 2019), the Kyoto Encyclopaedia of Genes and
Genomes (KEGG) (Kanehisa and Goto, 2000) and Reactome (Jassal et al., 2020). To address
overlap and the resulting statistical dependence between gene sets, we measured enrichment test
using the regression_selected pathways() command from the Gene Enrichment Gene-set
Enrichment with Regularized Regression (GERR) R package (Fang et al., 2019). The method treats
module genes as outcome and gene sets as coefficient vectors in a linear regression with elastic net
regularization. It returns the subset of gene sets associated with modules along with P-values
computed using Fisher’s test, which we adjusted for the total number of tests across three databases
(Benjamini-Hochberg, n=528,804). For plotting, we used REVIGO with default parameters to
remove redundant GO terms (Supek et al., 2011).

Mapping of candidate genes for genome-wide association with NAFLD to modules

The 215 potentially relevant genes for NAFLD (diagnosed using elevated ALT as a proxy for
NAFLD) recently presented by Vujkovic et al. (Vujkovic et al., 2021), were mapped to our
modules using hypergeometric enrichment tests. The genes are the predicted effector genes for 77
genome-wide loci significantly associated with NAFLD. In brief, the candidate genes are based on
DEPICT gene prediction, coding variant linkage analysis, QTL analysis, and annotation

enrichment, and PPI networks.



Supplementary results

Mapping of bulk modules to single-cell data set

Given that the 22 cell type-specific modules were derived from our single-cell data set, which
comprissed a limited number of NASH-patients, we next derived modules based on the Gerhard et
al. study comprising of bulk RNA-seq data from 184 liver donors with phenotypes ranging from
normal, through steatosis and inflammation to severe fibrosis. Performing rtWGCNA, we identified
14 robust modules (M-Ger-1 to 14). Among those, four modules associated with inflammation and
six with fibrosis (Suppl. Fig. S3A). We next calculated the activity of these modules across the
different cell types in our single-cell data set and found that although most modules were expressed
throughout the liver cell types, some of the bulk modules mapped to specific cell populations
(Suppl. Fig. S3B). Notably, M-Ger-4, which mapped exclusively to dendritic cells, while M-Ger-13
was highly specific to plasma cells, despite these constituting relatively rare cell populations in the
liver. (No module was specific for hepatocytes.) In summary, we can show that even though
hepatocytes make up the largest fraction of cells in the liver, analyses of bulk RNA-seq data will

still be comprised of gene expression from multiple cell types.



Supplementary figures
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Figure S1. Automated clustering and transfer of labels generates a cell type specific data set. (A) UMAP showing
the original clusters with the labels transferred from the MacParland and the Aizarani data sets. (B) Dot plot showing
the expression of the top 10 differentially expressed cluster markers, indicating both expression level and fraction of

cells in which the gene is expressed.
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Hochberg). (B) Violin plot of bulk RNA-seq module activity, a weighted mean of normalized gene expression,

within cell clusters.

PIGR

LT FETETEE- =TT

15
5 .
q>J .
—1 10 .
c
K]
[2]
[%]
3 .
<
S
=3 el
LLI - LXT ]
5 o
0 4
@ &
& &
e’@ @0 S
\&
,OQ} & 0@“6
2

Identity

Figure S4. Expression of PIGR in human liver.
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Figure S5. Individual UMAP projection of the 10 donors. Number of cells by donor after quality control,
after normalizing, running PCA and performing UMAP on each sample separately.
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