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Single-cell multiomics guided mechanistic 
understanding of Fontan-associated liver disease
Po Hu1,2,3,4, Jack Rychik5, Juanjuan Zhao1,2,3, Huajun Bai1,2,3, Aidan Bauer1,2,3,4, Wenbao Yu6,7, 
Elizabeth B. Rand5, Kathryn M. Dodds5,8, David J. Goldberg5, Kai Tan6,7,  
Benjamin J. Wilkins3, Liming Pei1,2,3,4,9,10*

The Fontan operation is the current standard of care for single-ventricle congenital heart disease. Individuals with 
a Fontan circulation (FC) exhibit central venous hypertension and face life-threatening complications of hepatic 
fibrosis, known as Fontan-associated liver disease (FALD). The fundamental biology and mechanisms of FALD are 
little understood. Here, we generated a transcriptomic and epigenomic atlas of human FALD at single-cell resolution 
using multiomic snRNA-ATAC-seq. We found profound cell type–specific transcriptomic and epigenomic changes 
in FC livers. Central hepatocytes (cHep) exhibited the most substantial changes, featuring profound metabolic re-
programming. These cHep changes preceded substantial activation of hepatic stellate cells and liver fibrosis, sug-
gesting cHep as a potential first “responder” in the pathogenesis of FALD. We also identified a network of 
ligand-receptor pairs that transmit signals from cHep to hepatic stellate cells, which may promote their activation 
and liver fibrosis. We further experimentally demonstrated that activins A and B promote fibrotic activation in vitro 
and identified mechanisms of activin A’s transcriptional activation in FALD. Together, our single-cell transcriptomic 
and epigenomic atlas revealed mechanistic insights into the pathogenesis of FALD and may aid identification of 
potential therapeutic targets.

INTRODUCTION
The Fontan operation is the current standard of care for single-
ventricle congenital heart disease (SVCHD), a category of congenital 
cardiac anomalies in which there is only one functional ventricle. First 
introduced over 50 years ago, the Fontan operation has undergone 
improvements and refinements which now allow for survival of the 
majority of children with SVCHD. It is estimated that there are ap-
proximately 80,000 survivors of this procedure worldwide (1). The 
surgical strategy is not curative and results in a unique physiological 
state of chronic venous hypertension and relatively low cardiac output, 
which is the foundation for multiple end-organ complications (2). 
Despite the diverse etiologies of the original SVCHD, a universal 
complication and one of the most concerning is hepatic fibrosis, now 
recognized as Fontan-associated liver disease (FALD) (3). FALD often 
leads to liver cirrhosis, which increases the risk of hepatocellular 
carcinoma and can require liver transplantation at young ages, thus 
increasing morbidity and limiting mid- to long-term overall survival 
for those born with SVCHD (4–6).

FALD is a “new” disease that has only become recognized and 
characterized recently due to the survival of a growing number of in-
dividuals with FC. It is now recognized that FALD is morphologically, 
and presumably mechanistically, distinct from other well-studied 

forms of liver fibrotic disease, such as alcoholic liver disease or meta-
bolic dysfunction-associated steatohepatitis (MASH, previously 
referred to as non-alcoholic steatohepatitis) (7). It has been suggested 
that liver fibrosis may result from dysregulation of biological processes 
due to the hemodynamic derangements inherent in the FC such as 
elevated central venous pressure. As there are now no animal models 
for FALD, fundamental mechanisms underlying FALD remain poorly 
understood. One strategy to improve our understanding is to explore 
FALD from the cellular perspective. It is plausible to suspect that cell 
type–specific remodeling occurs in FC livers, including substantial 
modifications in transcriptional and epigenetic states that drive 
functional changes underlying the observed pathophysiology. An im-
proved understanding of the primary and likely causal events, prefer-
ably at single-cell resolution, could offer crucial insights into FALD 
etiology that could then lead to development of targeted therapies.

Technological advances in droplet microfluidics, sequencing, and 
bioinformatics in recent years have enabled massively parallel single-
cell or single-nucleus transcriptome and epigenome analysis of tens 
of thousands of cells or nuclei (8). Such single-cell or single-nucleus 
RNA sequencing (snRNA-seq) or assay for transposase-accessible 
chromatin using sequencing (scATAC-seq or snATAC-seq) technolo-
gies empower genome-wide transcription and epigenetics analysis, 
respectively, at the single-cell resolution and have provided insights 
into many areas of biology such as cellular identity, heterogeneity, and 
gene regulatory mechanisms. For example, detailed gene expression 
and epigenomic states of cells from multiple organs of a whole or-
ganism, including human and mouse, can now be studied at single-cell 
resolution (9–12). Furthermore, we can now simultaneously inter-
rogate both the transcriptome and epigenome from the same cell 
using multiomic snRNA-ATAC-seq. Understanding complex diseases 
such as FALD at the single-cell resolution will reveal cellular hetero-
geneity and cell type–specific transcriptional changes, crucial insights 
unavailable from traditional bulk sequencing approaches. Single-cell 
multiomics such as snRNA-ATAC-seq will further uncover potentially 
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causal gene regulatory mechanisms underlying such cell type–
specific transcriptional changes.

In this study, we generated a transcriptomic and epigenomic atlas of 
human FALD at single-cell resolution with multiomic snRNA-ATAC-
seq. The results revealed profound cell type–specific transcriptional and 
epigenetic changes in FC livers as well as transcription factors potentially 
mediating these changes. We also set out to uncover the network of 
ligand-receptor pairs that potentially promote hepatic stellate cell (HSC) 
activation and liver fibrosis and validated them in vitro. Together, this 
single-cell transcriptomic and epigenomic atlas revealed new mecha-
nistic insights into the underlying pathogenesis of FALD as well as 
potential therapeutic targets.

RESULTS
The single-cell transcriptomic atlas of human FALD
Our goal was to identify early and likely causal changes underlying 
the pathogenesis of FALD. We therefore carefully screened patients 
with FC at the Children’s Hospital of Philadelphia (CHOP) based on 
the results of their comprehensive clinical evaluation, with detailed 
characterization of the cardiovascular system and various end organs. 
We identified four patients who all underwent a Fontan operation at 
2 to 3 years of age and who had liver biopsies obtained when they 
were teenagers (13 to 18 years old). At the time of liver biopsy, they 
exhibited normal ventricular function by echocardiography and mild 
hepatic pathology based on liver ultrasound and histological exami-
nation of the biopsy samples (table S1). All patients with FC under-
went concomitant cardiac catheterization at time of liver biopsy, 
with demonstration of elevated inferior vena cava and hepatic wedge 
pressures (table S1). Two age-matched resected liver samples (13 to 
14 years old) with confirmed normal liver histology were used as 
controls. After quality filtering (minimum of 800 genes and 800 ATAC 
peaks detected per nucleus), nuclei containing high-quality data of 
both transcriptome and epigenome (10,726 for control and 16,047 
for Fontan) were retained for further analysis.

A technical challenge in analyzing single-cell genomics data, par-
ticularly in human clinical samples, is the batch effect resulting from 
often unavoidable technical variations such as sample availability 
time, anatomical location of biopsy, inter-individual variation, inter-
experiment variations in library preparation, and sequencing pa-
rameters. Although many methods have been developed to minimize 
the batch effects of single-modal datasets such as snRNA-seq data 
(13, 14), reliable data integration methods that effectively minimize 
the batch effect of multimodal datasets such as snRNA-ATAC-seq 
data are still being developed. To overcome this challenge, we first 
used Harmony (15) to integrate the transcriptome portion of our 
multiomic snRNA-ATAC-seq data to minimize batch effects (fig. S1A). 
This allowed us to unambiguously identify seven clusters/cell types 
in both control and FC livers on the basis of their transcriptome pro-
files: central hepatocyte (cHep), portal hepatocyte (pHep), HSC, 
endothelial cell (EC), macrophage, lymphocyte, and cholangiocyte 
(Fig. 1, A and B). The numbers of detected transcripts (unique molecu-
lar identifiers), genes, and ATAC peaks per nucleus were comparable 
among all cell types (fig. S1B). The seven liver cell types exhibited 
distinct gene expression signatures defining their identities (Fig. 1, 
C and D, and fig. S1C). cHep and pHep were the most abundant, 
representing ~80% of the total nuclei. Changes in cell type composi-
tion between control and FC livers were not statistically significant 
(fig. S1, D and E).

Cell type–specific liver transcriptional remodeling in 
human FALD
We next compared differential gene expression for individual liver 
cell types between control and FC livers. Although the main clinical 
feature of FALD is fibrosis, believed to result from HSC activation, 
cHep exhibited the biggest transcriptional changes, with 1124 genes 
increased or decreased in FC livers (Fig. 2A). In contrast, only 145 pHep 
genes were differentially expressed. This suggests that elevated central 
venous pressure caused by FC exerts differential impacts on the two 
hepatocyte populations, with cHep being anatomically closer to the 
central vein and thus affected to a greater degree. Gene ontology 
(GO) analysis revealed profound metabolic reprogramming in FC 
cHep, with significantly elevated expression of genes important in 
small-molecule metabolism such as Acyl-CoA oxidase 2 (ACOX2, 
P < 1.4 × 10−244), xenobiotic response such as alcohol dehydrogenase 
1C (ADH1C, P < 1.3 × 10−59), and cellular oxidoreductive activity 
such as catalase (CAT, P < 2.3 × 10−308) (Fig. 2, B and C).

Differential gene expression was also observed in HSCs and other 
liver cell types but to a much lesser extent. HSC is generally believed 
to be the major liver cell type that synthesizes and deposits extra-
cellular matrix directly contributing to fibrosis. HSCs showed modestly 
increased expression of only a small number of extracellular matrix 
genes and those involved in cellular response to transforming growth 
factor–β (TGFβ) such as COL6A1 and COL4A4 (Fig. 2, B and C). 
We further experimentally validated these gene expression results 
by quantitative polymerase chain reaction (qPCR) (fig. S1E) and 
by immunohistochemistry to determine catalase protein abun-
dance (Fig. 2D).

The single-cell epigenomic landscape of human FALD
By studying the same high-quality nuclei as shown in Fig. 1 (A and B), 
we analyzed the epigenome (ATAC) portion of the multiomic snRNA-
ATAC-seq data, using Harmony to integrate and minimize batch effects. 
Epigenomic data alone were sufficient to resolve the liver cell types, 
except for setting a clear boundary between cHep and pHep. On the 
basis of both the cluster-specific peaks (fig. S2) and joint transcriptome-
based identity of individual nuclei, seven clusters were found to un-
ambiguously represent the same seven liver cell types: cHep, pHep, 
HSC, EC, macrophage, lymphocyte, and cholangiocyte (Fig. 3, A and 
B). All seven liver cell types exhibited distinct epigenetic signatures, such 
as increased accessibility of the promoter or enhancer regions of cell 
type–specific genes (Fig. 3C and fig. S2, comparing with Fig. 1C).

We also identified differentially accessible genomic regions for 
individual liver cell types between control and FC livers. Similar to 
the gene expression changes, cHep exhibited the greatest epigenomic 
changes, with 118 differentially accessible genomic regions in FC 
livers (Fig. 4A). In particular, the 47 genomic regions with increased 
accessibility were found to be statistically associated with metabolic 
genes such as those important in small-molecule metabolism (Fig. 4B), 
consistent with the metabolic reprograming in FC cHep at the tran-
scriptional level.

Our multiomic snRNA-ATAC-seq data allowed us to analyze the 
transcriptome and linked epigenome from the same cell, revealing the 
underlying regulatory mechanisms of cell type–specific transcriptional 
changes in FALD. We focused on understanding the profound meta-
bolic reprogramming in cHep. We investigated the epigenetic signa-
tures of all metabolic genes that exhibited increased expression in 
FALD cHep. Overall, 704 cHep genes showed increased expression, 
and 47 cHep genes showed increased chromatin accessibility (Fig. 4A), 
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in MASH but not in the stage of FALD studied. Many inflammatory 
and immune pathways were prominent in MASH and involved several 
cell types including cHeps, lymphocytes, and ECs (Fig. 6C). Inflamma-
tion was largely absent at the stage of FALD studied based on our 
snRNA-ATAC-seq data and consistent with clinical observation. Over-
all, the minimal overlap of differentially expressed genes in ECs, HSCs, 
lymphocytes, and cholangiocytes also suggests that distinct pathways 
are activated in MASH and FALD, respectively. These results further 
strengthen our conclusion that FALD is a unique human liver disease 
featuring a distinct underlying molecular etiology.

DISCUSSION
Here, we generated a single-cell transcriptomic and epigenomic atlas 
of human FALD. Our results revealed profound cell type–specific 
changes in the livers of individuals with FC. Our two most important 
findings are that first, among all liver cell types, cHeps exhibited the 
greatest transcriptional and epigenetic changes, featuring profound 
metabolic reprogramming. This suggests that cHep may be a potential 
first responder in the pathogenesis of FALD. Second, we identified 
cHep ➔ HSC signals that potentially drive HSC activation and liver 

fibrosis in FALD. On the basis of these findings, we propose a model 
for the pathogenesis of FALD (fig. S5).

FALD remains little understood, and current clinical diagnosis 
and research often focus on the fibrosis aspect. Our results showed 
that at the stage of FALD studied, the major molecular changes were 
occurring in cHep, not in HSC. cHep alone represented nearly half 
of total transcriptomic (42%) and epigenomic (46%) changes in all 
seven liver cell types combined. These cHep changes seemed to precede 
substantial HSC activation and liver fibrosis. These results strongly 
suggest that cHep is primary and central to the etiology of FALD, and 
cHep reprogramming might be a causal feature to FALD patho-
physiology. If confirmed in future studies with clinical samples from 
additional SVCHD forms and Fontan procedures, we should consider 
cHep metabolic changes as a key feature of FALD. This may lead to 
the development of quantitative biomarker means for more accurate 
diagnosis and potential therapies for FALD treatment.

Recent serum metabolomic studies have indicated significant 
changes in circulating concentrations of acylcarnitines, amino acids, 
lipids, and bile acids in patients with FC (28–30). These results are 
generally consistent with our single-cell data. Future studies using liver 
metabolomics will further link liver metabolite changes to metabolic 
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Fig. 6. Cell type–specific changes between FALD and MASH. Venn diagrams showing unique and overlapping up-regulated genes in MASH (n = 9) (27) and FALD (n = 4) 
in central hepatocytes (cHeps) and portal hepatocytes (pHeps) (A), HSCs (B), lymphocytes, ECs, and cholangiocytes (C). Numbers of genes are underlined. Enriched path-
ways [P < 1 × 10−5 and log2(fold change) > 0.58] of unique and overlapping genes based on GO analysis are presented. EC and cholangiocyte overlapping genes showed 
no enriched pathways. VEGF, vascular endothelial growth factor; VEGFR, vascular endothelial growth factor receptor.
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transcriptional/epigenetic changes (our snRNA-ATAC-seq data) and 
the reported plasma metabolomics results (28–30). This will deter-
mine whether and how much liver metabolic changes contribute to 
circulating metabolomics alterations in patients with FC.

An outstanding question is why cHeps may mediate the first causal 
changes of FALD. The sharp contrast of transcriptomic and epigenomic 
changes between cHeps and pHeps offers important clues to this 
question. Although molecularly and functionally close, an important 
difference is that cHeps are anatomically adjacent to the central vein. 
Elevation of central venous pressure is a key component of FC and 
has been thought to be important for FALD development. Therefore, 
an enticing hypothesis is that the first important step of FALD 
pathogenesis is that chronic elevation of central venous pressure 
results in or facilitates profound transcriptional and epigenetic 
changes in cHep (fig. S5). Further evidence supporting this hypothesis 
is that the EC population, which includes ECs also anatomically close 
to the central vein, exhibited the second biggest transcriptomic changes 
among all liver cell types. Similarly to cHeps, ECs could potentially 
directly sense the central venous pressure changes and transmit sig-
nals to HSC and others to contribute to liver fibrosis.

Joint epigenome analysis from the same cell provided mechanistic 
insights into the metabolic reprogramming of cHep. These analyses 
suggested that transcription factors PPARγ, SP3, NRF1, NR2C2, 
NFYC, PPARα, and ZNF148 may mediate these metabolic gene ex-
pression changes. PPARγ and PPARα are well established as important 
regulators of multiple metabolic pathways, including in the liver (31, 
32). Hepatocyte-specific loss of PPARγ results in substantial changes 
in liver metabolism, especially lipid metabolism (16–18). PPARα and 
pan-PPAR agonists are being tested in clinical trials for treating 
MASH (33, 34). NRF1 is a crucial regulator of mitochondrial bio-
genesis and function, thereby affecting cellular metabolism (35, 36), 
but its specific role in liver metabolism and fibrosis has not been fully 
determined. Nuclear receptor NR2C2 regulates lipid metabolism, and 
whole-body Nr2c2 knockout mice are protected from obesity-induced 
inflammation and hepatic steatosis (19, 20). The functional importance 
of SP3, NFYC, and ZNF148 in liver metabolism and fibrosis remains 
to be established. Future cHep- or hepatocyte-specific gain- and loss-
of-function studies will further define the importance of these factors 
in regulating hepatocyte metabolism and liver fibrosis.

Overall, we identified fewer differentially accessible chromatin re-
gions than differentially expressed genes in all liver cell types in 
FALD. Published bulk or scATAC-seq data suggest that significant 
chromatin accessibility changes often occur when there are cell identity 
changes, such as during embryonic development, cell differentiation, 
or reprogramming. In contrast, much smaller chromatin accessibility 
changes occur when it involves cell states or functional changes. For 
example, a recent scATAC-seq study in a mouse liver regeneration 
model (featuring moderate cell identity changes) revealed a total of 
551 differentially accessible chromatin regions across three time points 
(37). Another bulk ATAC-seq study of liver steatosis and MASH 
(featuring few cell identity changes, similar to FALD) showed only 
49 and 190 differentially accessible chromatin regions in steatosis 
and MASH, respectively, compared with normal livers (38). Our results 
in FALD are largely consistent with this notion and literature.

Furthermore, by analyzing cell-cell interactions using our snRNA-
ATAC-seq data, we identified the network of ligand-receptor pairs 
that transmit signals from various liver cell types, particularly cHeps 
to HSCs, which might promote their activation and liver fibrosis. 
We further experimentally validated that activins A and B promote 

HSC activation in vitro. It was recently shown that both hepatic 
and circulating activin B are increased in patients with MASH and 
alcoholic cirrhosis, and neutralizing activin B with antibodies largely 
prevented liver fibrosis in the CCl4-induced liver injury mouse model 
(39). Another recent study indicated that activin A can activate HSCs 
indirectly by inducing TNFα and TGFβ in Kupffer cells (liver macro-
phages) (40). We took a further step and identified that NRF1 and 
ZNF148 are induced in FALD cHeps, which in turn activate the tran-
scription of INHBA (which encodes activin A). There are now no 
animal models for FALD that recapitulate its unique pathophysiology 
and underlying mechanisms. When such models become available 
in the future, it will be important to test whether inhibiting activin 
A, B, or other crucial pathways reported here represent potential 
treatment strategies for FALD.

By comparing the single-cell genomics data of FALD and MASH, 
we have uncovered both common and unique biological aspects of 
these conditions. Overall, MASH involves broad changes in many 
cell types, whereas cHeps are the primary cell type exhibiting the 
most substantial changes in FALD. The cHeps of FALD and MASH 
not only share some common metabolic reprogramming but also 
display unique alterations. One of the most notable differences is that 
the inflammatory response is highly up-regulated across many cell 
types in MASH but is absent in FALD. A caveat to this comparison is 
that the FALD samples used in our study are most likely at the early 
stage of the disease, whereas MASH is often considered an advanced 
stage of liver disease. Nonetheless, the similarities and differences 
between FALD and MASH further reinforce that FALD is a unique 
human liver disease with a distinct underlying molecular etiology.

In summary, our single-cell transcriptomic and epigenomic atlas 
reveals new mechanistic insights into the pathogenesis and potential 
therapeutic targets of FALD. We further experimentally validated 
some of the most important new findings. Important future research 
directions include further determining how cHep metabolic repro-
gramming is induced by elevated central veinous pressure and whether 
targeting cHep metabolic dysregulation and key cHep to HSC signal-
ing pathways (such as activin A or B) mitigates liver fibrosis and 
allows for prevention or treatment of FALD.

MATERIALS AND METHODS
Study design
FALD is a disease that has only been recognized in the last few 
decades with the invention and success of the Fontan operation in 
saving babies with SVCHD. Despite its high prevalence and severe 
consequence, its underlying biology and mechanism of pathogenesis 
are little understood. In this study, we aimed to fill this knowledge gap 
with the hope of advancing scientific understanding to eventually 
help patients with FALD. Because there are now no animal models of 
FALD, studying human samples is the only and probably best option. 
Our approach leveraged single-cell multiomics technology to reveal 
the transcriptomic and epigenomics changes from the same cell. This 
allowed us to understand the molecular events happening in FALD, 
gain mechanistic insights, experimentally validate them, and on the 
basis of these results propose a model of FALD pathogenesis.

For liver biopsy samples reflective of the FC population, we lever-
aged a state-of-the-art specialized multidisciplinary clinic at the CHOP, 
the FORWARD (Fontan rehabilitation, wellness and resilience de-
velopment) program. Here, patients with FC routinely undergo a com-
prehensive clinical evaluation with detailed characterization of the 
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cardiovascular system and various end organs. At a period of greater 
than 10 years from Fontan operation, the FORWARD program clin-
ic offers detailed surveillance assessments of FALD, which includes 
hemodynamic characterization through cardiac catheterization and 
simultaneous percutaneous liver biopsy evaluations (41, 42). The 
protocols for human liver sample and data collection, including in-
formed consent received before participation, are approved by the 
CHOP Institutional Review Board (IRB 20-017749). We carefully 
screened recent patients with FC based on results of their compre-
hensive clinical evaluation and identified four patients who all under-
went a Fontan operation at 2 to 3 years of age and had liver biopsies 
when they were teenagers (13 to 18 years old). At the time of liver 
biopsy, they exhibit only mild hepatic pathology based on liver ultra-
sound and histological examination of the biopsy samples. All four 
patients underwent concomitant cardiac catheterization at the time 
of liver biopsy, with demonstration of elevated inferior vena cava and 
hepatic wedge pressures (table S1).

Another important factor in our study design is to obtain age- 
and sex-matched control liver samples. Human liver biopsy samples 
are difficult to obtain, especially for teenagers. This is particularly 
true for healthy control liver samples for obvious ethical reasons. We 
obtained two resected liver samples from age-matched children. We 
further confirmed that they had normal liver histology. We carefully 
evaluated additional resected liver samples available that were from 
~2-year-old children. They appeared to have many proliferating cells 
and less mature hepatocytes. We therefore decided to exclude such 
age-mismatched control samples in our study. We reasoned against 
increasing the FALD sample size at this point because the bottleneck 
was the limited number of teenage control liver samples. All control 
and FALD samples were procured and processed as carefully and 
fast as possible (described below) to minimize the impact of sample 
processing and intersample variation. In addition, experiments that 
validated the most important mechanistic insights obtained from 
the snRNA-ATAC-seq study were performed in biological replicates 
and repeated at least twice to ensure rigor and reproducibility.

Human tissue procurement and processing
Liver biopsy of ~1 mm by 1 mm by 1 cm was obtained, immediately 
put on ice, and transferred to the pathology lab. Part of the liver 
biopsy was fixed and sectioned for pathology diagnosis by patholo-
gists and for immunohistochemistry, and the rest was immediately 
frozen in liquid N2 for snRNA-ATAC-seq. The clinical metadata of 
the four patients with FC in this study are presented in table S1. 
Control liver samples are healthy liver adjacent to resected malig-
nancy from donors of similar age. Frozen human liver samples were 
homogenized in 0.1× lysis buffer [10 mM tris-HCl, 10 mM NaCl, 
3 mM MgCl2, 1% bovine serum albumin (BSA), 1 mM dithioth-
reitol (DTT), 0.1% Tween 20, 0.1% NP-40, 0.01% digitonin, and 
ribonuclease (RNase) inhibitor (1 U/μl)] using a Dounce homoge-
nizer (Active Motif, 40401), followed by 5 min of incubation on ice. 
Nuclei quality was examined under a microscope after this step. 
Next, nuclei were centrifuged at 500 relative centrifugal force for 
5 min at 4°C. The supernatant was carefully disregarded, and nuclei 
were resuspended in 500 μl of prechilled wash buffer containing 
10 mM tris-HCl, 10 mM NaCl, 3 mM MgCl2, 1% BSA, 1 mM DTT, 
0.1% Tween 20, and RNase inhibitor (1 U/μl). The washing step was 
repeated twice. After washing, all nuclei passed through a 40-μm 
Flowmi cell strainer (Bel-Art, H13680-0040). After nuclei concen-
trations were counted, nuclei were resuspended in nuclei buffer (10x 

Genomics) with the final concentrations for all six samples (two 
control + four FC livers) approximately 2000 to 3000 nuclei per μl.

snRNA-ATAC-seq and initial data processing
Isolated nuclei were immediately processed following the Chromium 
Next GEM Single Cell Multiome ATAC + Gene expression protocol. 
Six thousand to 13,000 nuclei from each sample were used to perform 
transposition and partitioned into gel beads and barcoded using 10x 
Genomics Chromium controller. The barcoded and transposed DNA 
was preamplified, and ATAC library was constructed using appro-
priate sample index following the Chromium Next GEM Single Cell 
Multiome ATAC User Guide. Meanwhile, cDNA was amplified and 
purified using preamplified DNA (the same DNA constructing the 
ATAC library), and Gene Expression library was constructed using 
appropriate sample index following the Chromium Next GEM Single 
Cell Multiome Gene expression User Guide. Both ATAC and Gene 
Expression Library qualities were confirmed using Bioanalyzer DNA 
Kits (Agilent, 5067-4626) and 2100 Bioanalyzer (Agilent, G2939BA). 
Furthermore, libraries were quantified using the KAPA Library 
Quantification Kit and sequenced using Illumina NovaSeq 6000 
(100 cycles) with 28:10:10:90 paired-end cycles format for Gene 
Expression library and 50:8:24:49 paired-end cycles format for 
ATAC library.

snRNA-ATAC-seq data were first demultiplexed using the mkfastq 
function of cellranger-arc (v2.0.0) and then further processed using 
count function of cellranger-arc (v2.0.0). All reads were aligned to the 
reference GRCh38 genome cellranger-arc (v2.0.0). snRNA-seq data 
of each sample were processed using Seurat (v4). Nuclei with fewer 
than 800 unique molecular identifiers (likely low quality) and greater 
than 20,000 unique molecular identifiers (likely multiplets) were re-
moved from downstream analysis. In addition, we also filtered out 
cells with more than 10% of unique molecular identifiers mapped to 
the mitochondrial genome. The filtered snRNA-seq data of each sample 
were saved individually as a Seurat object. snATAC-seq data of each 
sample were processed by scATAC-pro (v1.4.2) (43) using the FASTQ 
and fragments files generated by cellranger-arc (v2.0.0). The peaks 
and cells were called by default methods and parameters. Nuclei with 
fewer than 800 or greater than 10,000 ATAC read counts were also 
removed from downstream analysis. The nucleus by peak count matrix 
was used for downstream analysis. As a result, 3263 and 7463 nuclei 
with high quality RNA and ATAC data were retained in the two control 
liver samples, respectively, whereas 3392, 4340, 5711, and 2604 nuclei 
with high-quality RNA and ATAC data were retained in the four FC 
liver samples, respectively.

snRNA-seq data integration
snRNA-seq data of two control liver samples were merged into one 
Seurat object (control) using the merge function in Seurat. Meanwhile, 
the same method was applied to merge snRNA-seq data of four Fon-
tan liver samples into another Seurat object (Fontan). Next, we nor-
malized each Seurat object using the NormalizeData function and 
performed principal components analysis using the RunPCA in 
Seurat with 50 principal components. To tackle the batch correc-
tion, we further harmonized control and Fontan Seurat objects 
separately using the RunHarmony function, followed by clustering us-
ing the FindNeighbors and FindClusters functions in Seurat. The result-
ing clusters were visualized using Uniform Manifold Approximation 
and Projection (UMAP) via the RunUMAP function in Seurat 
with default settings. The 10,726 control nuclei were classified 
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into seven clusters with the resolution parameter set to 0.25, and 
the 16,047 Fontan nuclei were classified into seven clusters with the 
resolution parameter set to 0.1. The cluster violin plots, feature plots, 
and heatmaps were generated as we previously described (44).

Identification of differentially expressed genes between 
control and Fontan liver
Differential gene expression of individual cell type between control and 
Fontan livers was identified via the FindMarkers function in Seurat 
using LR (likelihood ratio) test. Genes with a fold change of more than 
1.5 and a P value less than 1 × 10−5 were considered differentially 
expressed. We used Metascape (metascape.org) to perform GO enrich-
ment analysis for differentially expressed genes using the default setting 
(performed in November 2022).

snATAC-seq data integration
snATAC-seq data from control and Fontan samples, respectively, were 
integrated by scATAC-pro “integrate” module with parameter 
“Integrate_by = harmony,” which generated a Seurat object using 
the union of peaks called from all control or Fontan samples as features. 
UMAP was constructed on the first 30 Harmony components. Dif-
ferentially accessible peaks were identified using the FindMarkers 
function in Seurat by the default setting. Gene activity matrices were 
extracted from differentially accessible peaks by using the GeneActivity 
function in the Signac R package (45). We used Metascape (metascape.
org) to perform GO enrichment analysis for differential gene activity 
using the default setting.

snRNA-ATAC-seq data integration
For each sample, we used the cell barcodes as the shared cell barcodes 
between snRNA-seq and snATAC-seq data. We added a chromatin 
assay into the snRNA-seq Seurat object using the CreateChromatinAssay 
function in Signac. We also used the CreateFragmentObject function 
in Signac to add the fragments file into the merged Seurat object. We 
then merged all Seurat objects from control or Fontan samples for pre-
dicting gene-peak links and visualization. The gene-peak links were 
predicted using the LinkPeaks function in Signac, and the links were 
visualized using the CoveragePlot function in Signac.

Identification of enriched transcription factor motifs
After linking the snRNA-seq and snATAC-seq data, we performed the 
enriched transcription factors motif analysis with Signac based on the 
linked snRNA-ATAC-seq data. A list of motif position frequency 
matrices from the JASPAR database was obtained, and the reference 
motif information BSgenome.Hsapiens.UCSC.hg38 was added to 
the Seurat object using the AddMotifs function. Enriched motifs of all 
differentially expressed genes of individual cell type between control 
and Fontan were analyzed using the FindMotifs function with the 
default setting.

Identification of ligand-receptor interactions
We identified ligand-receptor interaction between all seven cell types 
using CellChat (46). Normalized and harmonized Fontan gene-
by-cell expression matrix (16,047 nuclei) was used as the input. The 
CellChatDB.human was used as our reference database. We pre-
processed the expression data by identifying overexpressed ligands 
or receptors in one cell group and then overexpressed ligand-receptor 
interactions using identifyOverExpressedGenes and identifyOver-
ExpressedInteractions in CellChat. The truncated mean value was set 

to 5%, the ligand-receptor pair communication probability was then 
analyzed using computeCommunProbPathway, and all communi-
cation networks were aggregated using the aggregateNet function in 
CellChat with the default setting.

Cell culture
MRC-5 human fibroblast cells (American Type Culture Collection, 
CCL-171) were cultured in Dulbecco’s modified Eagle’s medium 
(DMEM) with 10% fetal bovine serum (FBS) (Gemini) and 1× 
antibiotic-antimycotic (Thermo Fisher Scientific, 15240062). Cells were 
plated and then starved overnight in 1% FBS. Phosphate-buffered saline 
(PBS; negative control), TGFβ (10 ng/ml; PeproTech, 100-21; as positive 
control), activin A (10, 30, or 100 ng/ml; PeproTech, 120-14P), activin 
B (R&D, 659-AB-005), or activin C (R&D, 1629-AC-010) was then 
added to MRC-5 cells for 72 hours. Each treatment was performed 
in biological triplicate.

RNA and protein analysis
We isolated total RNA from MRC-5 cells using RNAzol RT (Molecular 
Research Center) following the manufacturer’s instructions. Control 
and Fontan cDNA were obtained from snRNA-ATAC-seq library 
preparation step. We performed qRT-PCR, immunohistochemistry, 
and Western blot as previously described (47–51). We ran qPCR in 
technical triplicates and calculated relative mRNA abundance using 
a standard curve and normalized to 36B4 mRNA abundance in the 
same sample. qPCR primers used are as follows: ACTA2: GTGTT-
GCCCCTGAAGAGCAT and GCTGGGACATTGAAAGTCTCA; 
COL4A1: GGGATGCTGTTGAAAGGTGAA and GGTGGTCCG-
GTAAATCCTGG; ACOX2: CTGATGCTTTTGACTTCACCG and 
GGGTTCTCCTGAGTATTGGTTG; ADH1C: AGAGTATCCGTAC- 
CGTCCTG and TCCAGATCATGTAGGGTAGAGG; CAT: GTA-
CATTTAATACAGCAGTGTCATCAG and TTGATCTGTTGTGAA- 
ATCAGTGC; COL6A1: CTCAAGACCCTCGAGATTAACG and 
GGAAGGAGAGGTTTGCGTTG; COL4A4: TGCAGATGTGGAT- 
GACTGTC and AGCATCAAACATAGCGAGAGG; 36B4: CAGAT- 
TGGCTACCCAACTGTT and GGGAAGGTGTAATCCGTCTCC. 
For Western blot, we isolated total protein from MRC-5 using Glo 
Lysis Buffer (Promega) with Protease Inhibitor added (Roche) follow-
ing the manufacturer’s instructions. We ran Western blot with bio-
logical duplicates and normalized to βACTIN in the same sample. 
Catalase antibody for immunohistochemistry is from Abcam (ab16731). 
ACTA2 antibody for Western blot is from Novius (SY02-64). βACTIN 
antibody for Western blot is from Proteintech (66999-1-Ig).

Plasmid construction
The human NRF1 and ZNF148 plasmids were gifts from F. Zhang 
(Addgene plasmid #142523, http://n2t.net/addgene:142523, RRID: 
Addgene_142523; and Addgene plasmid #141822; http://n2t.net/
addgene:141822, RRID: Addgene_141822) (52). The reporter plasmid 
PGL4.23-​INHBA was constructed by inserting human INHBA pro-
moter sequence chr7-41705382-41705772 into the pGL4.23 vector 
(Promega).

Luciferase reporter assay
HEK293T cells were cultured in DMEM with 10% FBS (Gemini) and 
1× antibiotic-antimycotic (Thermo Fisher Scientific, 15240062). Cells 
were plated 24 hours before transfection in a black 24-well plate (ibidi) 
at 0.1 × 106 cells per well. Each well of cells was transfected with 450 ng 
of transcription factor plasmids (empty-vector, NRF1, ZNF148, 
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PPARα, and PPARγ), 150 ng of reporter plasmid (PGL4.23-empty, 
PGL4.23-​INHBA), and 15 ng of Renilla plasmid (Promega) using PEI 
MAX Transfection reagent (Polysciences) following the manufacturer’s 
instructions. Each group was performed in biological triplicates. 
Luciferase activity was measured 48 hours after transfection using the 
Dual-Glo Luciferase Assay System (Promega) following the manu-
facturer’s instructions. Firefly luciferase activity was normalized to 
Renilla luciferase activity.

Statistical analysis
Nonparametric Wilcoxon rank sum test, likelihood ratio test, and 
two-sample unequal variance Student’s t test were performed in R or 
Microsoft Excel to determine statistical significance, with a P < 0.05 
deemed as statistically significant.

Supplementary Materials
This PDF file includes:
Figs. S1 to S5
Tables S1 to S3
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