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Single-nucleus multiomic analysis of
Beckwith-Wiedemann syndrome liver
reveals PPARA signaling enrichment
and metabolic dysfunction

Check for updates

Snehal Nirgude 1,9, Elisia D. Tichy 1,9, Zhengfeng Liu 2, Sanam L. Kavari1, Rose D. Pradieu 1,
Mariah Byrne 1, Feikun Yang 3, Luis Gil-de-Gómez4, Brandon Mamou3, Kathrin M. Bernt 5,6,
Wenli Yang3, Suzanne MacFarland5,6, Michael Xie7 & Jennifer M. Kalish 1,6,8

Beckwith-Wiedemann Syndrome (BWS) is an epigenetic overgrowth syndrome caused by
methylation changes in the human 11p15 chromosomal locus. Patients with BWS may exhibit
hepatomegaly, as well as an increased risk of hepatoblastoma. To understand the impact of these
11p15 changes in the liver, we performed amultiomic study [single nucleusRNA-sequencing (snRNA-
seq) + single nucleus assay for transposable-accessible chromatin-sequencing (snATAC-seq)] of
both BWS-liver and nonBWS-liver tumor-adjacent tissue. Our approach uncovers hepatocyte-
specific enrichment of processes related to peroxisome proliferator—activated receptor alpha
(PPARA). To confirm our findings, we differentiated a BWS induced pluripotent stem cell model into
hepatocytes. Our data demonstrate the dysregulation of lipid metabolism in BWS-liver, which
coincides with observed upregulation of PPARA during hepatocyte differentiation. BWS hepatocytes
also exhibit decreased neutral lipids and increased fatty acid β-oxidation. We also observe increased
reactive oxygen species byproducts in BWS hepatocytes, coinciding with increased oxidative DNA
damage. This study proposes aputativemechanism for overgrowth and cancer predisposition inBWS
liver due to perturbed metabolism.

Beckwith–Wiedemann syndrome (BWS) is a tissue overgrowth disorder
resulting from epigenetic alterations on human chromosome 11p151,2.
Within the 11p15 region, there are two imprinting centers (IC1 and IC2),
whose differential methylation of maternal and paternal DNA origins
regulate the expression of the key growth modulators insulin-like growth
factor 2 (IGF2) and cyclin dependent kinase inhibitor 1 C (CDKN1C).
Gain of methylation at IC1 (IC1 GOM) leads to biallelic IGF2 expression,
loss of methylation at IC2 (IC2 LOM) leads to decreased CDKN1C
expression and paternal uniparental isodisomy of chromosome 11p15
(pUPD11) leads to both increased IGF2 expression and decreased

CDKN1C expression3. Both IC2 LOM and pUPD11 cause a wide range of
fetal and neonatal overgrowth of the liver, including hepatomegaly,
mesenchymal hamartoma and an increased incidence of
hepatoblastomas3,4. However, the connections between 11p15 chromo-
some alterations and the downstream molecular cues leading to BWS
liver phenotypes have not been well established. Previously, our labora-
tory conducted a preliminary study of BWS liver, using a bulk RNA
sequencing approach, and we found cancer predisposition and oncologic
signatures in BWS tumor adjacent liver as well as in hepatoblastoma3.
Assessing BWS and nonBWS liver tissue in this study provided insight
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into the functional consequences of 11p15 alterations between the nor-
mal and the overgrown liver that contribute to the BWS-specific cancer
predisposition signatures, but the previous findings were limited, due to
the bulk sequencing approach used. In the current study, a more in-depth
analysis of BWS liver was conducted, by examining specific liver cell
populations at a single cell level.

The liver is the largest gland andperformsboth endocrine andexocrine
functions. In addition, it executes essential functions, including glycogen
storage, detoxification/xenobiotic metabolism, cholesterol synthesis and
transport, urea metabolism and secretion of plasma proteins5,6. Most
importantly, the liver is the key metabolic regulator that systemically gov-
erns energy metabolism7. About 78% of adult liver volume is composed of
hepatocytes, the parenchymal cell type of liver8. These hepatocytes coor-
dinate their functions with non-parenchymal cell types, including cho-
langiocytes, endothelial cells, Kupffer cells, immune cells andhepatic stellate
cells5. The cellular composition and intracellular signaling of the liver can be
comprehensively studied using single cell sequencing approaches. A num-
berof studieshave reporteddetailedsingle cellmapsof adult human liver9–14,
while a studybyWesley et al. described different stages of liver development,
including hepatoblast, fetal and adult stages11. In the current study,we query
the cellular composition and functionality/signaling of hepatoblastoma
tumor-adjacent BWS liver compared to hepatoblastoma tumor-adjacent
nonBWS liver, as a first step in understanding the mechanisms of BWS
overgrowth and liver cancer induction.We have previously reported that in
the first year of life, patients with BWS exhibit an elevated alpha fetoprotein
(AFP) level, which is typically associatedwith fetal livermetabolic processes,
suggesting thatBWS livers aremoremetabolically active15. The combination
of hepatomegaly, increased hepatoblastoma risk, and fetal protein expres-
sion in BWS livers formed the basis and rationale to build a reference map
for BWS pediatric liver at single-nuclei resolution and to query the func-
tionality of overrepresented cell types.

We used the recent technology of multimodal single-nucleus (sn)
sequencing to perform parallel RNA-seq+ATAC-seq on isolated single-
nuclei from banked flash-frozen tumor-adjacent liver samples. snATAC-
seq provides information on chromatin accessible regions of the genome
that would otherwise be unavailable by snRNA-seq. snATAC-seq spe-
cifically aids in the prediction of cell-type-specific transcription factor
activity and identification of distant regulatory regions that influence
gene transcription16. Using snRNA-seq coupled with snATAC-seq, we
performed sequencing on seven pediatric human liver samples, four from
BWS and three from nonBWS tumor-adjacent samples. A goal of this
study was to generate a detailed map of BWS and nonBWS pediatric liver
(normal adjacent to tumor), examining both the cell type composition
differences and exploring gene expression changes in BWS liver that may
drive its metabolic activity. snRNA-seq identified similar cellular types
between both cohorts; however, cellular pathways related to fatty acid
and lipid metabolism, as well as PPARA signaling, were all enriched in
BWS liver hepatocytes, when compared to those of nonBWS liver
hepatocytes. snATAC-seq uncovered differential chromatin accessibility
for these signaling pathways, with increased accessibility in the BWS
livers. Since BWS modeling in the mouse has limitations17, we differ-
entiated BWS-induced pluripotent stem cells (iPSC) into hepatocytes to
validate the findings from our sn-multiome dataset. When BWS-iPSC
and control lines were subjected to hepatocyte differentiation, we found
enrichment of fatty acid and lipid metabolism pathways in BWS lines,
similar to the BWS patient liver hepatocytes. Using RNA-seq and real-
time qPCR approaches, we demonstrated enrichment of PPARA in BWS
lines relative to control lines, as differentiation proceeded. We addi-
tionally scored iPSC-derived hepatocytes for changes to fatty acid
metabolic properties and found a decreased presence of neutral lipid
droplets, concomitant with increased fatty acid β-oxidation in the BWS
lines, indicating alterations in the metabolic activity of BWS hepatocytes.
Finally, we found an increased reactive oxygen species (ROS) response,
concomitant with an increase in oxidative DNA damage in the BWS

hepatocytes. We propose here a mechanism that defines the molecular
setup of neoplastic transition in BWS-livers driven by metabolic
perturbations.

Results
Clinical cohort
Thepatient sample information canbe found in SupplementaryTable 1 and
includes samples from 4 BWS patients (2 IC2 LOM, 2 pUPD11) and 3
nonBWS patients. This study utilized cohorts with as closely matched ages
and sexes as was feasible and available within the institutional biobank.
Histologic review of tumor-adjacent tissue revealed similar liver gross
morphologies between both BWS and nonBWS groups (Supplementary
Fig. 1a, 1b); however, we did observe differences in the hepatocyte popu-
lations. Specifically, whenwe calculated hepatocyte sizes in both cohorts, we
found that BWS liver had smaller andmore numerous hepatocytes, relative
to nonBWS livers (Supplementary Fig. 1c), which may contribute to
reported BWS hepatomegaly. We confirmed the methylation status of the
two imprinted regions on chromosome 11p15 (H19-IC1 andKvDMR-IC2)
in both nonBWS andBWS liver samples by performing pyrosequencing for
KvDMR and H19 (Supplementary Fig. 2a-2d). The nonBWS livers exhib-
ited normal methylation at both IC1 and IC2, while the BWS samples were
either IC2 LOM (n = 2) or pUPD11 (n = 2), consistent with clinical testing
results in blood (Supplementary Table 1).

The landscape of cells in the BWS and nonBWS livers
snRNA-seq and snATAC-seq were performed on the four BWS livers and
three nonBWS livers (Fig. 1a). We used Seurat (version 4)18–21 and
Harmony22 packages to determine the cellular composition of the snRNA-
seq samples and annotate cells based on their transcriptional profiles. After
quality control filtering and removal of putative doublets, we obtained the
snRNA-seq profile for 74,315 nuclei. Using an unsupervised clustering
approach,we identified 7 cell populations representedby 18 cell clusters that
identified both parenchymal and non-parenchymal liver cells in both BWS
and nonBWS livers (Fig. 1b, c). Their composition included hepatocytes,
cholangiocytes, hepatic stellate cells, Kupffer cells, endothelial cells, and
immune cells. We performed annotation using SingleR, ScType, as well as
manual annotationmethods. For manual annotation, we obtainedmarkers
using the FindClusters function from Seurat (Supplementary Data File 1 –
Top 50 cell markers in each cluster) and we observed cell-type-specific
expression of a number of genes (Fig. 1d, 1e). We identified hepatocytes
using known markers defined in previous liver studies, including: ALB,
ACSL4, FGG, FGA, CYP3A4, PCK1, CPS1, CP, ASGR1, APOC1 and
CYP2E19,13,14. Using these genes, we identified seven clusters (Cluster 0, 1, 7,
12, 14, 15, and 17) representing hepatocytes. Clusters 0, 1, and 7 were the
predominant hepatocyte clusters, as hepatocyte clusters 12, 14, 15, and 17
had fewer than 500 nuclei. Using KRT7, KRT19 and CDH1 markers, we
identified two clusters (Cluster 3 and 10) representing cholangiocytes13,14.
Two clusters (Cluster 5 and 8) of hepatic stellate cells were identified by
IGFBP7, PDGFRA, COL3A1 and DCN markers. The CD163 marker iden-
tified the clusters for Kupffer cells (Clusters 4, 13) and the PTPRC marker
identified the clusters for the immune cells (Clusters 6 and 11)13,14. Three
clusters (Clusters 2, 9, and 16) representing distinct endothelial cells were
identified using markers FLT1, RELN, CLEC4M, CTSL and PECAM113,14.
Major cell types and their relative abundance were identified in both liver
groups (BWS and nonBWS) (Fig. 1f). Specifically, in BWS livers, hepato-
cytes represented ~62% of total analyzed nuclei, whereas cholangiocytes,
hepatic stellate cells, Kupffer cells, immune cells and endothelial cells
represented 5%, 10%, 6%, 4%, and 10% respectively. In nonBWS livers,
hepatocytes represented ~55% of total analyzed nuclei, whereas cho-
langiocytes, hepatic stellate cells, Kupffer cells, immune cells and endothelial
cells represented 11%, 6%, 8%, 4%, and 14%, respectively. These findings
demonstrate that BWS livers contain more hepatocytes, in agreement with
our histological examination and which may contribute to the hepatome-
galy often observed in BWS patients3.
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Characterization of BWS liver hepatocytes
Since hepatocytes are the major cell population of the liver and our data
showed this population is more represented in BWS, we focused on the
function and dysregulation of this population. Hepatocytes perform
various functions of the liver, including: fatty acid metabolism, xeno-
biotic metabolism, retinoid metabolism, and iron homeostasis. To query
whether BWS hepatocytes were altered in function, compared to

nonBWS hepatocytes, we examined the gene expression profiles of these
processes, using the documented gene sets of functional pathways for the
liver reported by Payen et al. 12. (Supplementary Table 2). We compared
the expression profile of these gene sets in our three major clusters of
hepatocytes (Cluster 0,1,7) which contained >500 nuclei comprising each
cluster. Other hepatocyte clusters were excluded from the analysis due to
the low representation of the population. All the genes in pathways

0 Hepatocytes(2)
1 Hepatocytes(1)
2 Endothelial Cells(1)
3 Cholangiocytes(1)
4 Kupffer Cells(1)
5 Hepatic Stellate Cells(1)
6 Immune System Cells (1)
7 Hepatocytes(3)
8 Hepatic Stellate Cells(2)
9 Endothelial Cells(2)
10 Cholangiocytes(2)
11 Immune System Cells(2)
12 Hepatocytes(6)
13 Kupffer Cells(2)
14 Hepatocytes(5)
15 Hepatocytes(7)
16 Endothelial Cells(3)
17 Hepatocytes(4)
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Fig. 1 | snRNA-seq profiles of BWS and nonBWS livers. a Schematic of our
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technology. Created with BioRender.com b UMAP visualization 74,315 liver nuclei
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reported by Payen et al. 12,—fatty acid metabolism, xenobiotic metabo-
lism, retinoid metabolism, transcription factor, secretion of plasma
proteins and iron homeostasis, were expressed in both BWS and
nonBWS liver hepatocytes, confirming that our hepatocyte clusters
function as expected (Fig. 2). However, the BWS hepatocytes exhibited
enhanced expression of several processes, including fatty acid metabo-
lism, xenobiotic metabolism, retinoid metabolism, and the iron home-
ostasis pathway, when compared to nonBWS livers (Fig. 2). These
interesting observations led us to further characterize BWS hepatocyte
functionality.

Integration of snRNA and snATAC datasets predicted the tran-
scription factor-gene regulation network
To understand the transcriptomic regulation of genes, we performed
snATAC-seq and captured the chromatin accessibility profile of individual
liver cells. Since less is known about the cell type-specific chromatin
accessibility profiles of liver cells, we used our annotated snRNA-seq dataset
to predict the snATAC-seq cell types. Using shared barcodes from joint
multiomics profiling and ArchR23, we performed the snATAC-seq cell
annotation, which represented the 18 cell subpopulations in the snATAC-
seq dataset for both liver cohorts (Fig. 3a, b).We found 25,472 snATAC-seq
marker peaks enriched in cell-type specific manner in BWS liver (Fig. 3c)
and 19,772 snATAC-seqmarker peaks enriched in nonBWS liver (Fig. 3d).
These peaks were enriched in promoter, distal, intronic and exonic regions
for both livers. To understand the underlying transcription factor—gene
regulation network that makes BWS hepatocytes distinct from nonBWS
ones, we integrated the snRNA-seq data with snATAC-data by utilizing
single-cell regulatory network inference and clustering (SCENIC+ )24. We

performed this analysis by subsetting the three major hepatocyte clusters
that have at least 500 nuclei (Cluster 0, 1, and 7), present in both cohorts. By
comparing the hepatocytes from both BWS and nonBWS liver groups, we
identified 27 activating enhancer-regulons networks (eRegulons). (Fig. 3e,
SupplementaryData File 2—List of all eRegulons regulated in hepatocytes
of BWS liver). The most significant upregulated activating eRegulons in
BWS were Peroxisome Proliferator-Activated Receptor α (PPARA), its
binding partner, Retinoid X Receptor Alpha (RXRA), and Transcription
Factor 7 Like 1 (TCF7L1). We then studied the expression pattern of these
eRegulons using our snRNA-seq data. The violin plots show that PPARA,
RXRAandTCF7L1 aremore enriched inBWShepatocyteswhen compared
to the nonBWS hepatocytes (Supplementary Fig. 3a–3c). We also verified
the expression of three eRegulons (TCF12, SMAD5 and SOX6) that were
enriched in nonBWS hepatocytes using the snRNA-seq data (Supplemen-
tary Fig. 3d–3f). Further, we generated an interactome map of PPARA and
RXRA eRegulons (Supplementary Fig. 4), since PPARA and RXRA are
interacting partners in various liver functional pathways25. These pathways
include the production and breakdown of lipids and amino acids26, and
dysfunctional PPARA signaling is implicated in hepatocyte proliferation27

and hepatomegaly28, while TCF7L1 is a WNT signaling regulator and is
implicated in cell stemness29,30. Thus, using SCENIC+ , we constructed a
regulatory network fromour single-nucleimultiomic datasetwhich showed
enrichment of PPARA and RXRA.

Gene ontology (GO) analysis reveals alteredmetabolic pathways
in BWS livers
To understand the biological processes regulated by eRegulons enriched in
the BWS livers, we performed Gene ontology (GO) term analysis using the
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snRNA-seqdata on themajorhepatocyte clusters (Cluster 0,1,7) captured in
theBWS livers in comparison tononBWS livers. Figure 4a–c depicts theGO
terms enriched in the Cluster 0, 1 and 7 from the snRNAseq dataset
representing Hepatocytes (2), Hepatocytes (1) and Hepatocytes (3) cell
types in the ATACseq dataset. We found many GOBP terms regulated by
the PPARA and RXRA eRegulon that were enriched in BWS hepatocytes,
such as amino acid metabolic processes, fatty acid/lipid metabolic process,
steroid metabolism, and xenobiotic metabolism. In addition, the GOB-
P_Regulation_of_WNT_signaling_pathway term related to the TCF7L1
eRegulon was also enriched in the BWS Hepatocytes cluster 1. PPARA is a
major regulator of fatty acid metabolism and lipid metabolism in liver31,32,
and hepatocytes from BWS livers were enriched in many PPARA-
associated downstream processes. We also found PPARA as an enriched
motif in our snATAC-seq dataset (Supplementary Data File 3—Enriched
motifs in BWS liver). We next studied an interaction network of all enri-
ched motifs (with chromatin accessibility) in BWS liver using STRING
database33 and extracted all the interactions related to fatty acidmetabolism.
We found that PPARA was one of the most interacting genes of this
interactome (Supplementary Fig. 5).Wealso characterized the expressionof
PPARA-specific gene targets and processes, previously categorized in the
mouse liver by Szalowska et al. 34. This analysis, which the authors coined as
“PPARα tailored analysis” set out to identify and categorize gene sets that
were enriched following PPARA agonist treatment but not altered in
PPARAknockoutmice treatedwith this agonist.We found several PPARA-
dependent processes using the Szalowska gene lists that were markedly
upregulated in BWS hepatocytes, including retinoid metabolism, perox-
isomal β-oxidation, mitochondrial β-oxidation, and intracellular oxysterols

receptors (Supplementary Table 3, Fig. 4d–g). We extended our findings to
include other energy related processes, given that β-oxidation of fats is a
catabolic process used to generate energy7,35,36. We found many of the
PPARA processes described by Szalowska et al. were not expressed in our
datasets, likely due to the differences between single cell and single nucleus
RNA sequencing. However, several functions were expressed at very low
levels in both BWS and nonBWS hepatocytes, including carnitine trans-
porters, glycogen metabolism, lipogenesis, lipid mobilization, peroxisomal
membrane and biogenesis, and synthesis of lipid precursors (Supplemen-
tary Fig. 6). Other PPARAprocesses were expressed at higher levels in BWS
and nonBWS hepatocytes, including the lipoprotein, cholesterol biosynth-
esis, and inhibition of TG lipases categories (Supplementary Fig. 6). These
findings suggest that, in addition to retinoid storage alterations, BWS
hepatocytes are more enriched in pathways of fatty acid catabolism for
energy derivation by β-oxidation and less enriched in signals that inhibit the
degradation of fats (TG Lipases). In aggregate, our data demonstrate that
hepatocyte-specificPPARAsignaling changes are amajor contributor to the
altered liver environment in BWS.

BWS iPSC-derived hepatocyte model depicts the metabolic
nature BWS livers
We next performed in vitro studies to validate our findings of PPARA
dysregulation inBWShepatocytes.We generated twoBWS-iPSC lines from
a parental control line using a CRISPR-Cas9 approach. We deleted
a ~ 1.7 kb fragment of thematernal strand IC2 region from the parental line
(Supplementary Fig. 7a). This region is included in several previously
reported BWS patient-specific deletions37–41. Both edited iPSC lines

U
M

A
P 

D
im

en
si

on
 2

a

Cholangiocytes (1)
Cholangiocytes (2)
Endothelial cell (1)
Endothelial cell (2)
Endothelial cell (3)
Hepatic stellate cells (1)
Hepatic stellate cells (2)
Hepatocytes (1)
Hepatocytes (2)
Hepatocytes (3)
Hepatocytes (4)
Hepatocytes (5)
Hepatocytes (6)
Hepatocytes (7)
Immune system cells (1)
Kupffer cells (1)
Immune system cells (2)
Kupffer cells (2)

BWS

U
M

A
P 

D
im

en
si

on
 2

b
nonBWS

UMAP Dimension 1 UMAP Dimension 1

Peak Annotation
Distal
Exonic
Intronic
Promoter

c d

C
ho

la
ng

io
cy

te
s 

(1
)(n

 =
 2

23
5)

C
ho

la
ng

io
cy

te
s 

(1
0)

(n
 =

 8
11

)
En

do
th

el
ia

l c
el

ls
 (1

)(n
 =

 3
13

2)
En

do
th

el
ia

l c
el

ls
 (2

)(n
 =

 4
80

)
En

do
th

el
ia

l c
el

l (
3)

(n
 =

 1
66

)
H

ep
at

ic
 s

te
lla

te
 c

el
ls

 (1
)(n

 =
 7

88
)

H
ep

at
ic

 s
te

lla
te

 c
el

ls
 (2

)(n
 =

 6
47

)
H

ep
at

oc
yt

es
 (1

)(n
 =

 3
13

9)
H

ep
at

oc
yt

es
 (2

)(n
 =

 3
61

0)
H

ep
at

oc
yt

es
 (3

)(n
 =

 8
86

)
H

ep
at

oc
yt

es
 (5

)(n
 =

 1
73

)
H

ep
at

oc
yt

es
 (6

)(n
 =

 1
15

)
H

ep
at

oc
yt

es
 (7

)(n
 =

 1
23

)
Im

m
un

e 
sy

st
em

 c
el

ls
 (1

)(n
 =

 1
10

4)
Ku

pf
fe

r c
el

ls
 (1

)(n
 =

 1
81

3)
Im

m
un

e 
sy

st
em

 c
el

ls
 (2

)(n
 =

 2
86

)
Ku

pf
fe

r c
el

ls
 (2

)(n
 =

 2
62

)
U

ni
on

Pe
ak

s

N
um

be
r o

f P
ea

ks
 (x

10
^3

)

0

50

100
150
200

250

0
50

100
150
200
250
300
350

C
ho

la
ng

io
cy

te
s 

(1
)(n

 =
 1

30
0)

C
ho

la
ng

io
cy

te
s 

(1
0)

(n
 =

 4
1)

En
do

th
el

ia
l c

el
ls

 (1
)(n

 =
 1

94
6)

En
do

th
el

ia
l c

el
ls

 (2
)(n

 =
 5

56
)

En
do

th
el

ia
l c

el
ls

 (3
)(n

 =
 7

0)
H

ep
at

ic
 s

te
lla

te
 c

el
ls

 (1
)(n

 =
 1

68
1)

H
ep

at
ic

 s
te

lla
te

 c
el

ls
 (2

)(n
 =

 9
40

)
H

ep
at

oc
yt

es
 (1

)(n
 =

 6
51

0)
H

ep
at

oc
yt

es
 (2

)(n
 =

 8
18

2)
H

ep
at

oc
yt

es
 (3

)(n
 =

 1
29

2)
H

ep
at

oc
yt

es
 (5

)(n
 =

 6
7)

H
ep

at
oc

yt
es

 (6
)(n

 =
 1

90
)

H
ep

at
oc

yt
es

 (7
)(n

 =
 9

2)
Im

m
un

e 
sy

st
em

 c
el

ls
 (1

)(n
 =

 1
02

6)
Ku

pf
fe

r c
el

ls
 (1

)(n
 =

 1
19

9)
Im

m
un

e 
sy

st
em

 c
el

ls
 (2

)(n
 =

 3
14

)
Ku

pf
fe

r c
el

ls
 (2

)(n
 =

 6
6)

U
ni

on
Pe

ak
s

N
um

be
r o

f P
ea

ks
 (x

10
^3

)

BWS nonBWS

e BWS nonBWS

TCF12_+_(3775r)

STAT2_+_(569r)

SOX6_+_(325r)

SMAD5_+_(515r)

SMAD1_+_(291r)

RUNX1_+_(1280r)

NFKB1_+_(156r)

BFIB_+_(170r)

MBNL2_+_(436r)

KLF7_+_(474r)

KLF6_+_(1396r)

JUNB_+_(1020r)

HIF1A_+_(304r)

FOXO3_+_(2590r)

ETV6_+_(1729r)

ETS2_+_(1550r)

EPAS1_+_(263r)

ELF3_+_(1122r)

E2F3_+_(136r)

CEBPD_+_(1387r)

CEBPB_+_(818r)

BHLHE40_+_(593r)

BACH1_+_(3081r)

ARNTL2_+_(47r)

TCF7L1_+_(442r)

RXRA_+_(1735r)

PPARA_+_(1289r)

N
or

m
al

iz
ed

_T
F_

ex
pr

es
si

on
R

eg
ul

on
 S

pe
ci

fic
ity

 S
co

re

0
0.25
0.50
0.75

1

High

Low

Fig. 3 | Chromatin accessibility profiles from joint snRNA-seq and snATAC-seq
of the BWS and nonBWS livers. The uniform manifold approximation and pro-
jection (UMAP) of BWS (n = 4) and nonBWS (n = 3) livers using snATAC-seq with
cell annotation predicted from snRNA-seq dataset for BWS liver (a) and nonBWS
liver (b). All 17 cell subpopulations representing major cell types in the liver are
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malized transcription factor expression; Blue: low normalized transcription factor
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displayed a normal karyotype (Supplementary Fig. 7b, 7c). We differ-
entiated these lines down a hepatic lineage and queried the methylation
status of chromosome 11p15 by pyrosequencing onDay 0 (iPSC stage),Day
10 (hepatic progenitor stage), as well as on Days 15, 18, and 20 (hepatocyte
stages) (Supplementary Fig. 7d, 7e), to ensure hepatocyte differentiation did
not affect the BWS critical region.We found that our engineered BWS iPSC

lines had the expected 11p15methylationprofile,whichwas retainedduring
hepatocyte differentiation. We further characterized the edited lines by
examining the expression of BWS-relevant IC2 genes.We found reductions
in CDKN1C expression, decreases in KCNQ1 expression, and increases in
KCNQ1OT1 expression (Supplementary Fig. 7f), consistentwith aBWS IC2
phenotype. We also confirmed that there were no defects in the early

Fig. 4 | PPARA functionality testing in BWS
patient hepatocytes. a–c Top GO terms with
highest fold change, (adjusted p value < 0.05) and
enriched in the three hepatocytes clusters (Cluster 0,
1, 7) of BWS livers (n = 4) when compared to
nonBWS (n = 3) livers were plotted. Processes in
orange are known PPARA downstream functions.
d–g Violin plots of gene expression categories
PPARA tailored analysis, curated from34. Wilcoxon
p values were all less than 0.05.
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differentiation process into endoderm by performing quantitative RT-PCR
at Day 5 of differentiation for relevant markers (CXCR4, FOXA2, SOX17)42

(Supplementary Fig. 8). These markers showed no significant differences,
relative to the control parental line, demonstrating that BWS iPSC lines had
no alterations in the early stages of differentiation.We further examined the
efficiency of hepatocyte differentiation by RNAseq at day 0, day 15, and day
20 of differentiation. First, we examined PCA plots at day 15 and day 20
(Supplementary Fig. 9a, 9b), which showed that the BWS lines were similar
to eachother at both timepoints.We thenqueried the changes in expression
profile of several functional hepatocyte genes on days 0, 15, and 20 of
differentiation. We observed the expected increase in expression of the
markers (ALB, ASGR1, HGD, HNF1A, HNF4A) in both control and BWS
lines, demonstrating that no defects in hepatocyte differentiation pro-
gramming exist in BWS lines (Supplementary Fig. 9c-9e). Then we per-
formed GO term enrichment analysis on Day 15 and Day 20 hepatocyte-
differentiated lines. Compared to the control line onDay 15 andDay 20, we
found upregulation of PPARA-associated processes, including fatty acid
and lipid metabolic processes (Fig. 5a–d) in line with GO term enrichment
analysis and PPARA tailored analysis of BWS hepatocyte snRNA-seq
analysis (Fig. 4). These data confirm that our modified iPSC lines behave
similarly to BWS patient hepatocytes in regard to changes in PPARA-
involved metabolic processes. To determine whether other aspects of our
iPSC model recapitulate our observations in BWS livers, we monitored the
changes in cell size during hepatocyte differentiation between control and
BWS lines (SupplementaryFig. 10). Size analysis usingphalloidin staining to
mark cell boundaries displayed smaller hepatocytes in BWS-altered cells
relative to control, in line with what was observed in BWS liver. Addi-
tionally, phase contrast imaging demonstrated BWS hepatocytes exhibited
reductions in lipid droplet accumulation (Supplementary Fig. 10). Since
PPARAwas enriched inhepatocytes inourmultiomic studyand it is amajor
regulator of lipid metabolism in the liver, we studied expression of PPARA
over a differentiation time course in our iPSC-differentiated hepatocytes.
We first performed qRT-PCR for PPARA on Day 10, Day 15, Day 18 and
Day 20 of hepatocyte differentiation. We found that PPARA expression
increased over the course of differentiation in BWS cells compared to
control and was the highest at day 20 (Supplementary Fig. 11a–11d). We

then confirmed these data in our iPSC RNAseq dataset at day 20 (Supple-
mentary Fig. 11e), again finding increased expression of PPARA. These
findings are consistent with our multiomic analyses displaying the upre-
gulation of PPARA in BWS patient hepatocytes and further validate our
iPSC model as properly recapitulating BWS phenotypes.

BWS iPSC-derived hepatocytes exhibit altered lipid metabolism
Since PPARA is involved in cellular processes that include lipid
metabolism31,32, we next examined the effects of BWS-specific PPARA
upregulation on several lipid processes. We first confirmed our morpho-
logical study that suggested differences in lipid droplet accumulation in
iPSC-derived BWS hepatocytes using a functional readout. Bodipy 493, a
cell permeable nonpolar dye, accumulates in neutral lipid droplets and
fluoresces when bound to neutral lipids43,44. We found that the fluorescence
intensity following Bodipy staining increased over differentiation time in
both control and BWS lines (Fig. 5e), indicating increases in lipid droplet
formation.However, this increase over timewasmuchmore pronounced in
control lineswhen compared toBWS lines. This finding can be explained by
an increase in fatty acid breakdown through fatty acid β-oxidation and/or
less production of fats. Since PPARA target genes include enzymes in the β-
oxidation pathway, and we observed enriched fatty acid β-oxidation gene
expression in our BWS hepatocyte snRNAseq PPARA tailored analysis
(Fig. 4e, f),we assessed lipidbreakdownbyutilizing a commercially available
fluorescent indicator FAOblue45,46. This cell permeable dye is colorless until
it is processed by the fatty acid β-oxidation cycle, where it becomes a
quantifiable fluorescent marker. Staining cells with this dye revealed that β-
oxidation activity increases in both control and BWS hepatocytes over our
differentiation time course (Fig. 5f). By Day 20, BWS hepatocytes exhibited
significantly more β-oxidation when compared to control hepatocytes.
These findings agree with our previous data demonstrating PPARA gene
expression is highest in BWS lines at day 20 (Supplementary Fig. 11). To
further confirm these results,weperformedunbiasedassessments of ourday
15andday20 iPSC tohepatocyteRNAseqdataset, using afilteredgene list of
β-oxidation processes. We observed positive enrichment of several β-
oxidation genes in both BWS lines at day 15, relative to control (Supple-
mentary Fig. 12a, 12b). However, by day 20 of differentiation, we observed
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Fig. 5 | Hepatocyte-specific BWS effects on PPARA signaling and fatty acids
in vitro.GO term enrichment plot forDay 15 of hepatocyte differentiation in BWS 2
(a) and BWS 1 (b) line when compared toDay 15 of hepatocyte differentiation in the
control line. GO term enrichment plot for Day 20 of hepatocyte differentiation in
BWS 2 (c) and BWS 1 (d) line when compared to Day 20 of hepatocyte differ-
entiation in the parental line. Live cell imaging of control, BWS 1, and BWS 2 cells

undergoing differentiation and stained with Bodipy (lipid droplets) (e), FAO Blue
(fatty acid β-oxidation) (f), andAcroleinRed (lipid peroxidation) (g). Quantification
for days 15, 18, and 20 of differentiation are shown beside the image and represent
the mean ± SEM of the background-corrected raw intensity value divided by cell
number. p values were generated by onewayANOVA.At least 2 biological replicates
are displayed per time point.
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that most of the gene set was significantly and positively enriched in both
BWS lines, relative to control (Supplementary Fig. 12c, 12d). Additionally,
we found PPARA to be significantly positively enriched in both BWS lines,
and it was the highest positively-enriched gene of this process in BWS 1. In
aggregate, these findings depict an altered metabolic environment in BWS
hepatocytes, with increased breakdown of lipids for downstreammetabolic
processes.

BWS iPSC-derived hepatocytes display increased ROS
signatures
A consequence of β-oxidation is the generation of endogenous reactive
oxygen species (ROS)47,48, which, among other effects, can lead to lipid
peroxidation. To assess whether iPSC-derived BWS hepatocytes exhibit
more ROS, we performed acrolein red staining, which uses a fluorescent
indicator as a functional readout to measure lipid peroxidation caused by
oxidative stress49,50. As observed in Fig. 5g, BWS hepatocytes showed
enrichment in acrolein red staining when compared to control hepato-
cytes, particularly at later time points examined. These findings are
suggestive of a role for increased PPARA in the BWS-hepatocytes con-
tributing to increased fatty acid oxidation, which subsequently coincides
with increase in lipid peroxidation, a marker of oxidative stress. To
confirm our findings, we again conducted an agnostic study in our iPSC
to hepatocyte RNAseq dataset, using a reactive oxygen species filtered
gene list. We found similarly affected genes in both lines, with only a
small number positively enriched at day 15 (Supplementary Fig. 13a,
13b). By day 20 of the differentiation process, there was a clear positive
increase in the expression of genes involved in ROS signaling in BWS
lines (Supplementary Fig. 13c, 13d). Inappropriate ROS formation has
many deleterious cellular consequences, including the formation of DNA
damage51. Since BWS livers are more prone to tumorigenesis, we next
examined the level of oxidative stress and DNA damage in our iPSC to
hepatocyte model. We again utilized our RNAseq dataset and examined
oxidative stress signaling at day 15 and day 20 of differentiation using an
oxidative stress filtered gene list. We found downregulation of p53 and its
downstream target GADD45A, and upregulation of the E3 ubiquitin
ligase RCHY1, which targets p53 for degradation52, in BWS hepatocytes
relative to control at day 15 (Supplementary Fig. 14a, 14b). The tumor
suppressive role of p53 is well-established, and its downregulation could
be a contributing factor by which BWS liver can transition from normal
to cancer. More surprisingly, we observed positive gene enrichment in
DNA replication fork collapse-responsive genes (RAD51D, SAMHD1,
and ZRANB3)53,54, oxidative DNA damage repair genes (OGG1,
MGMT)55, and several antioxidant genes (CAT, GPX7, PRDX3, and
SOD2)56 between day 15 and day 20 of differentiation in BWS hepato-
cytes (Supplementary Fig. 14c, 14d). We next confirmed some of these
findings by examination of control and BWS hepatocytes at day 20 of
differentiation, and staining cells for the presence of the ROS-damaged
DNA base, 8-oxoguanine. We found BWS hepatocytes exhibited more
oxidative DNA damage, relative to control, and this finding was also
correlated with increased expression of OGG1, a key enzyme in the
removal of 8-oxoguanine DNA damage, in BWS lines (Supplementary
Fig. 14c–14f). In aggregate, these findings demonstrate BWS iPSC-
derived hepatocytes are more metabolically active and exhibit more
oxidative stress and DNA damage, which in patients, may contribute to
the development of hepatoblastoma.

Discussion
The purpose of this study was to characterize BWS liver tissue and discover
BWS-specific transcriptional and functional alterations compared to
nonBWS livers. We examined the transcriptome and chromatin accessi-
bility profile of BWS and nonBWS pediatric liver in an unbiased manner
using a single nuclei multiomic sequencing approach. This approach
revealed enrichment of the PPARA, a liver metabolic regulator, in BWS
hepatocytes31,57. To confirm our findings, we generated a BWS-iPSCmodel
anddifferentiated them intohepatocytes.Our invitrodatademonstrates the

dysregulation of lipid metabolism in BWS-hepatocytes, which coincided
with observed upregulation of PPARA during hepatocyte differentiation.
BWS liver hepatocytes exhibited decreased neutral lipids, increased fatty
acid β-oxidation, and ROS-related processes, relative to controls. We pro-
pose that the altered livermetabolism in BWS liver is amajor contributor to
hepatomegaly and cancer predisposition to hepatoblastoma, based on the
presence of ROS-related DNA damage.

We captured a comprehensive map of 74,315 nuclei from a total of
seven hepatoblastoma tumor-adjacent liver samples, broken down into 4
BWS and 3 nonBWS patients. Using the markers for liver cells described
previously in adult liver studies9,10,12, we identified both parenchymal and
non-parenchymal liver cells in both the cohorts. Payen et al. described
genes for specific liver functions like xenobiotic metabolism, fatty acid
metabolism, retinoid metabolism, secretion of plasma proteins, tran-
scription factor activity and iron ion homeostasis for hepatocytes12. We
observed enrichment of these liver functional genes in BWS hepatocytes,
relative to nonBWS hepatocytes. These data suggest that BWS livers have
a distinct, dysregulated metabolic profile compared to nonBWS liver.

To further understand the gene regulation differences in our liver
hepatocyte cohorts, we used an integrated approach by combining our
snRNA-seq and snATAC-seq data. SCENIC+ analysis utilized this
integrated dataset and was used to understand the transcription factor/
gene regulation network that defines BWS patient hepatocytes, where we
found activation of PPARA and RXRA. PPARA is a ligand-activated
nuclear receptor highly expressed in the liver parenchymal cell popula-
tion i.e. the hepatocytes25,32. PPARA is known to form heterodimers with
RXRA and functions as a master regulator of hepatic lipid metabolism,
including fatty acid synthesis, fatty acid β-oxidation, fatty acid uptake
and binding, lipid droplet metabolism, lipoprotein metabolism, glycerol
metabolism and cholesterol/bile metabolism, amino acid metabolism,
inflammation, and energy metabolism25,58. Our GO term enrichment
studies in the hepatocytes comparing BWS to nonBWS liver demon-
strated an enrichment of fatty acid and lipid metabolic pathways in BWS
hepatocytes, indicative of PPARA involvement in the dysregulation of
these processes in BWS liver. To validate our findings, we investigated
PPARA downstream targets using a published PPARA tailored analysis34.
We found several PPARA-specific processes upregulated in BWS hepa-
tocytes from patient livers, including an enrichment of fatty acid β-
oxidation pathways and oxysterol binding proteins. Oxysterols are oxi-
dation products of cholesterol and play important roles in cholesterol
homeostasis59. Oxysterols can also serve as secondary signaling mes-
sengers in physiological and pathological contexts60. Pathological oxy-
sterols formation are often results of ROS and secondary products of
lipid peroxidation61, and their production can be balanced by the activity
of antioxidants, such as catalase, superoxide dismutase, and glutathione
peroxidase60.

Modeling BWS hepatocytes using our iPSC lines recapitulated
several of our observations in BWS patient liver samples, including
exhibiting significant upregulation of PPARA at later stages of the
hepatic differentiation process. To understand the impact of PPARA
upregulation in downstream metabolic processes in our system, we
assayed the lipid accumulation, fatty acid β-oxidation and lipid perox-
idation in the BWS-iPSC differentiated hepatocytes and found changes in
all examined lipid metrics in BWS hepatocytes. A hallmark of hepatocyte
functionality is the accumulation of neutral lipid droplets57,62. In our BWS
iPSC hepatic differentiation system, we observed neutral lipid accumu-
lation in hepatocytes, particularly at later time points of differentiation.
However, as compared to the control line, which had progressive lipid
droplet formation during differentiation, the BWS-hepatocytes exhibited
reduced lipid droplet accumulation at all stages of differentiation. These
findings can be explained by either a reduction in the production of lipid
droplets, an increase in β-oxidation of lipids, or a combination of both.
We assayed the expression of β-oxidation genes, as well as the relative
level of β-oxidation during our differentiation time course using a
fluorescent indicator. We found increased β-oxidation in BWS cells,
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particularly around day 20, which coincided with maximal PPARA gene
expression compared to control cells.

β-oxidation is a primary source of endogenous reactive oxygen
species (ROS) production47,48. Excessive ROS can lead to oxidative stress
in cells; however, cells can adapt to the stress by metabolic reprogram-
ming and survive63. Even moderate changes in ROS can favor the
induction of cell proliferation64, which is essential for tumor formation.
Additionally, ROS can also induce DNA damage leading to mutagenesis
in nucleobases like guanine and can ultimately lead to tumor-initiating
events65. We observed evidence of increased lipid peroxidation, a ROS
by-product, in both BWS patient hepatocytes as well as in our BWS
iPSC-hepatocyte model. We also report increased oxidative DNA
damage in our BWS hepatocytes, in conjunction with the upregulation of
the OGG1 gene. This gene encodes 8-oxoG DNA glycosylase 1, whose
product is responsible for the excision of 8-oxoguanine, a mutagenic base
byproduct which occurs as a result of exposure to ROS66. The combi-
nation of increased oxidative DNA damage, increased lipid peroxidation,
and upregulation of ROS scavenger genes in BWS hepatocytes all agrees
with increased ROS production in these cells64,67. The role of ROS as a
pathological player has been reported in various other cancers including
astrocytic and ependymal glial tumors68, colorectal cancer69, kidney
tumor70 and breast cancers71. In the liver, ROS and lipid peroxidation
products are known to promote the differentiation and activation of
hepatic stellate cells which is important in the transition to cancer in
hepatocellular carcinoma72,73. However, the effects on ROS on the for-
mation of hepatoblastomas are unknown. We propose that these BWS
PPARA-driven metabolomic changes, result in an increased oxidative
stress environment, which can damage DNA and contribute to the
transition from a cancer predisposition state to hepatoblastoma forma-
tion. In support of our findings, upregulation of PPARA signaling has
been previously reported to produce oxidative DNA damage and sub-
sequent liver carcinogenesis in several different model systems74. Further
functional studies will be required to understand the mechanism of
PPARA upregulation in BWS hepatocytes, as well as the insufficiency of
increased antioxidant expression to overcome damage.

While our patient sample size was small, due to sample availability, we
were able to obtain consistent data across each cohort. snRNA-seq has the
ability to capture both parenchymal and nonparenchymal cells with high
resolution and hence opens an avenue to study these cells in diseased and
non-diseased state10,13,14. This approach has allowed us to examine our
banked samples with single nuclei resolution. Additionally, even with the
sample size limitation, we were able to replicate and extend our results in an
in vitro model of BWS liver, demonstrating the validity of our findings. In
subsequent studies, we will broaden our findings using a single-cell
approach on freshly isolated tissue to capture more RNA signatures and
underrepresented cell types in pediatric liver. Despite these limitations, our
data are the first description of the transcriptomic profile in conjunction
with the chromatin accessibility profile of BWS and nonBWS pediatric
livers. We identified unique functional pathways enriched in the BWS liver
that define its distinct metabolic function and can contribute to increased
cancer incidence seen in BWS patients.

Conclusion
The current study generated, to the best of our knowledge, the largest
human snRNA-seq+snATAC-seq dataset currently available comparing
BWS and nonBWS pediatric liver. Taken together, our transcriptional
map of pediatric liver provides a framework for understanding the
metabolic nature of the BWS liver when compared to nonBWS liver. Our
multiomic approach detected unique cell states within the liver and
defined cellular heterogeneity in BWS and nonBWS-livers. This study
also showed that the PPARA-driven metabolic state of BWS livers
could be a major contributor towards BWS liver cancer predisposition.
Our findings also nominate additional prophylactic therapies, such as
PPARA modulators75, for consideration in the prevention of BWS
hepatoblastoma.

Methods
Patients and samples
All the samples and clinical information from patients with BWS were
collected through the BWS Registry. This registry is established at the
Children’s Hospital of Philadelphia under the institutional review board
protocol # IRB 13-010658. The liver samples of patients without BWS were
collected under the Children’s Hospital of Philadelphia protocol # IRB 21-
018450_AM13. Informed consent was obtained for the collection of clinical
information and the samples comprising this study. The limited clinical
information about the nonBWS samples was extracted from the electronic
clinical record through an honest broker. These samples were selected from
individualswho did not have BWS (Supplementary Table 1). BWS1, BWS2,
BWS3, and BWS4 represent the BWS liver cohort, while nonBWS1,
nonBWS2, nonBWS3 represent the nonBWS liver cohort. Themethylation
profile for both the BWS and nonBWS livers were confirmed by pyr-
osequencing (Supplementary Fig. 2). Clinical genetic testing for BWS
molecular characterization was performed in blood at the University of
Pennsylvania Genetic Diagnostic Laboratory, as previously described76. All
tumor-adjacent liver samples were collected from CHOP patients during
their surgical hepatoblastoma resection and were confirmed as normal
adjacent tissue beyond the tumor margins by a clinical pathologist. All the
samples were snap-frozen in liquid nitrogen and stored at -80°C. All ethical
regulations relevant to human research participants were followed.

Histology of livers
Control (nonBWS) tumor-adjacent and BWS tumor-adjacent liver samples
were FFPE processed, sectioned, and stained using standard hematoxylin
and eosin staining protocols. Sections were imaged using Leica Aperio
AT2 slide scanner. Hepatocyte size was manually enumerated in FIJI by
investigators blinded to cohort information. At least 2 imageswere analyzed
per patient sample.

Single nuclei isolation
ForMultiome sequencing (snRNA-seq+snATAC-seq), nucleiwere isolated
withNucleiLysis buffer [10mMTris-HCl, 10mMNaCl, 3mMCaCl2, 0.1%
NP-40, 0.1% Tween-20, 1% BSA, 1mM DTT, all in 1x PBS supplemented
with RNase inhibitor (1U/μL, Sigma)]. ~40–45mg tissue was homogenized
using a Dounce homogenizer in 1ml of ice-cold Nuclei Lysis buffer and
incubated on ice for 10min with an additional 2mL of lysis buffer. The
homogenate was filtered through a 30 μmcell strainer followed by a 100 μm
cell strainer. Nuclei were centrifuged at 500 × g for 5min at 4 °C. The pellet
was resuspended, washed with 1ml of wash buffer (1x PBS+ 1% BSA,
1mM DTT supplemented with RNase inhibitor). The resultant nuclei
suspensionwas FACS sorted using 7-AminoactinomycinD (7-AAD)dye as
a singlet discriminator on a FACS Jazz cell sorter (BD Biosciences).
600,000 sorted events were collected in 10% BSA in 1X PBS solution sup-
plemented with RNase inhibitor. After sorting, the nuclei pellet was cen-
trifuged at 500 x g for 5min at 4 °C using wash buffer and subjected to
permeabilization in 100 μL 0.1X permeabilization buffer (10mMTris-HCl,
10mM NaCl, 3mM CaCl2, 0.1% NP-40, 0.1% Tween-20, 1% BSA, 1mM
DTT, and 0.001%Digitonin, all in 1x PBS) for 2min on ice. The suspended
nuclei were centrifuged at 500xg for 5min at 4 °C using the wash buffer and
resuspended in 40 μL diluted nuclei buffer from 10X Genomics.

Library preparation and sequencing
10X Chromium libraries were prepared according to the manufacturer’s
protocol by CHOP’s Center for Applied Genomics (CAG) core. All the
samples were sequenced in a single sequencing run to avoid batch effect.
Briefly, next-generation sequencing libraries were prepared using the 10x
Genomics Chromium Single Cell Multiome Assay for Transposase-
Accessible Chromatin (ATAC) and Gene Expression Reagent kit v1.
ATAC libraries were uniquely indexed using the Chromium single Index
Kit, pooled, and sequenced on an Illumina NovaSeq 6000 sequencer in a
paired-end, dual indexing run. Gene expression libraries were uniquely
indexed using the ChromiumDual Index Kit, pooled, and sequenced on an
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Illumina NovaSeq 6000 sequencer in a paired-end, dual indexing run.
Sequencing for each library targeted 20,000 mean reads per cell. Data was
thenprocessedusing theCell Ranger pipeline (10xGenomics, version 3.1.0)
for demultiplexing and alignment of sequencing reads to the (reference
hg38) transcriptome and creation of feature-barcoded count matrices for
gene expression and ATAC data.

Single-nuclei RNA/ATAC 10X Multiome Sequencing
Single-nuclei RNA and single-nuclei ATAC-seq data preprocessing
and quality control. The subsequent data processing involved Seurat
package (version 4.9)18–21 in R (version 4.3). Cells with transcript counts
outside the 200-50000 range, >5% mitochondrial reads in snRNA-seq
data, and transcriptome start site (TSS) enrichment < 4, RiboRatio > 5%,
and ATAC fragments < 1000 in snATAC-seq data were excluded.
Doublets were identified and removed using the DoubletFinder_v3
function from the DoubletFinder R package (version 2.0.3)77.

Single-nuclei RNAseq data integration. After performing initial
quality control (QC) as described above and removing doublets, the
single nuclei RNA sequencing (snRNAseq) data was consolidated into a
unified countmatrix using basic RMatrix.utils.We took full advantage of
Seurat’s built-in functionalities for data integration. Initially, we
employed “NormalizeData” to normalize the dataset. Subsequently, we
applied data scaling (“ScaleData” function), accounting for mitochon-
drial reads (“perc.mito”) and total molecule counts (“nCount_RNA”)
through regression.Next, we utilized “FindVariableFeatures” to select the
top 2000 features using “vst” method. “RunPCA” function was used to
conduct Principal Component Analysis (PCA). We retained the top 30
principal components for dimensional reduction. The resulting output
served as input for Harmony 22 to mitigate batch effects with all default
parameters and maximum 30 iterations using the “RunHarmony”
function.

Single-nuclei RNAseq clustering andmarker genes. The harmonized
data underwent cell clustering via Seurat’s original Louvain clustering
algorithm. We first ran functions “RunUMAP”. The outcome was fol-
lowed by “FindNeighbors”. Finally, we employed “FindClusters” at a
resolution level of 0.5 to give us the read out of clustering. We tried
various numbers of top PCA dimensions to better our understanding of
clustering outcome.We found using the top 30 dimensions of PCA giving
us most consistent results to underlying biology.

For each cluster, we identified the top 50 marker genes and their
corresponding expression levels. We used the AddModuleScore feature
from Seurat package with minimal expression of 20% of cells to study the
distribution of the expression of the genes associated with a given liver
function or state. A nonparametric statistics test “Wilcoxon Rank Sum test”
wasused to rankgene expression significancedue to theuniquenatureof the
single cell RNA-seq. Any gene deemed as “Marker gene” would have
minimal expression fold change at 0.1 (log-scale).

Single-nuclei RNAseq cell type identification. Cell type identification
was carried out primarily using marker genes which are genes ranked by
magnitude of expression level change, both over-expression and under-
expression, within a given cell cluster.We compared those clustermarker
genes to known Cell Type Gene Markers (CTGM) through a literature
search. Clusters with gene markers most consistent with CTGM were
primarily labeled to the cell type CTGMassociated with. Thenwe utilized
two R packages to assist in defining the cell types within the obtained
clusters. Firstly, SingleR (version 1.0.1)78 employed the Human Primary
Cell Atlas (via the R library celldex, version 1.10.1) to reference tran-
scriptome databases, facilitating unbiased auto cell type recognition.
Secondly, ScType (available at https://github.com/IanevskiAleksandr/sc-
type)79 provided another R package offering ultrafast automatedmethods
for defining cell types in single-cell data. Finally, we examined cluster cell
types identified by cluster marker genes, comparing them to cluster cell

types identified by both SingleR and ScType, to assign final cell type labels
to each identified cluster. Any inconsistencies that warranted further
investigation were corrected by expanding the cluster marker gene list
and conducting further literature research until the final cell type labels
were determined.

Single nuclei RNAseq gene and functional enrichment comparing
BWS patients and NonBWS controls. Gene expression levels were
directly compared between the BWS tumor-adjacent liver patient group
(BWS) as cases and nonBWS tumor-adjacent liver (nonBWS) as controls
within each cluster. A Wilcoxon signed-rank test was used as the statis-
tical method to rank gene expression significance. The Single Cell
Pathway Analysis (SCPA) R package80 was used to characterize the gene
functional enrichment analysis within a given cluster. Gene functional
annotation was collected from the Molecular Signatures Database
(MSigDB) by the Broad Institute, which includes curated gene sets. Our
analysis primarily focused on three curated gene set collections: “Hall-
Mark”, “Canonical Pathway”, and “Gene Ontology”. SCPA uses a mul-
tivariate distribution testing approach to identify pathways enriched in a
given cell type. SCPA also provides transcriptional changes for a given
pathway within each cluster. We employed the Benjamini-Hochberg
(BH) correction procedure to reduce multiple testing errors.

Single-nuclei ATACseq data analysis. Analysis of single nuclei
ATACseq data was performed using the ArchR package (version 1.0.2)
(version 1.0.2)23. Cell type labels obtained from snRNAseq were trans-
ferred to ATACseq based on cell barcodes. Initially, cells within each cell
type were aggregated to generate bulk ATACseq-type data using the
“addGroupCoverages” function in ArchR. Chromatin accessibility peaks
were identified using the “addReproduciblePeakSet” function, utilizing
the MACS2 peak identification pipeline with the human genome build
hg38 as a reference. Peak properties were then added with the
“addPeakMatrix” function, followed by peak calling using the “getMar-
kerFeatures” function, which incorporated “TSSEnrichment” and
“number of fragments” as covariates, and employed theWilcoxon test as
the statistical method. Marker peaks were filtered based on an absolute
log fold change (log2FC) greater than 1 and a false discovery rate (FDR)
less than 0.01.

Co-accessibility analysis was conducted using the “getCoAccessibility”
function, with a correlation cutoff set at 0.3 and a resolution of 1. Predicted
target genes for each scATAC peak were generated using the “addPeak2-
GeneLinks” function with Harmony output. Subsequently, the “getPeak2-
GeneLinks” function was applied, using a correlation cutoff of 0.3 and a
resolution of 1. Enriched motifs were identified using the “addMoti-
fAnnotations” function, utilizing the “cisbp” motif collection and gene
annotations from EnsDb.Hsapiens.v86. This was followed by the “pea-
kAnnoEnrichment” function, with a cutoff threshold set at FDR < 0.1 and
Log2FC > 0.5. Finally, Footprint analysis was conducted using the “get-
Footprints” function.

Integrated snRNA-seq and snATAC-seq analysis using
SCENICplus.We integrated the snRNA-seq and snATACseq data using
single-cell multiomic inference of enhancers and gene regulatory net-
works (SCENIC+ ). SCENIC+ infers transcription factor activity and
identifies potential corresponding candidate enhancer regions and
regulated genes network (eRegulons)24, and we applied it on our sn
multiomic data.We first subsetted themajor hepatocyte clusters (Cluster
0, 1, 7) having >500 nuclei to identify the differential eRegulon between
BWS tumor-adjacent hepatocytes and the nonBWS tumor-adjacent
hepatocytes. snATAC-seq data was first processed using pycisTopic24 to
identify differentially accessible regions (DARs) and sets of co-accessible
regions (termed topics). A model of 40 topics were selected for motif
enrichment analysis using pycisTarget24. Motif enrichment analysis is
performed using a precomputed motif database and the motif-to-
transcription factor annotation database from pycisTarget. eRegulons
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were inferred by SCENIC+ using previously processed snRNA-seq data,
calculated DARs and topics, and the enriched motifs. DARs were cal-
culated using a Wilcoxon rank-sum test on the imputed probability
matrix and selecting regionswith a logFC > 0.5 andBenjamini–Hochberg
adjusted P values < 0.05. eRegulons with negatively correlated enhancer
accessibility and gene expression were filtered out. The final network was
constructed using Cytoscape81.

Induced pluripotent stem cell (iPSC) generation. A parental control
iPSC line (Penn123i-SV20)was derived fromadultmale peripheral blood
as described82,83. This iPSC line (referred to as SV20 or control) was
cultured on Cultrex-coated plates (Biotechne) in StemMACS iPS-Brew
XF medium (Miltenyi Biotech, Inc.). Medium was refreshed every other
day and cellswere dissociated every 4–7 days using StemMACSPassaging
Solution XF (Miltenyi Biotech Inc.) and cell clumps were passaged at a
ratio of 1:8-1:30. A CRISPR/Cas 9 approach was used to delete a ~ 1.7 kb
portion of the second imprinting center of the maternal chromosome in
SV20 in order to create imprinted center 2 loss ofmethylation (IC2 LOM)
lines (chr11:2699181-2700857, Supplementary Fig. 7a). This region was
chosen, as it overlaps with several reported BWS patient deletions37–41. In
order to achieve this, two guide RNAs with low off-target potential were
designed (https://cripor.gi.ucsc.edu) and synthesized (Synthego). 50
pmol of Guide 1 (5ʹ-CGGGTCTATAGTTCTCATGG(TGG)-3ʹ) and 50
pmol of Guide 2 (5ʹ-GGCAATGCTTGGCATTCAGA(AGG)-3ʹ) toge-
ther with 16.5 pmol of Alt-R S.p.HiFi Cas9 Nuclease V3 were transfected
by nucleofection into SV20 cells using theAmaxa 4D-Nucleofactor. After
2 days of culture, cells were lifted with Accutase (Diagnocine) and single
cells were seeded at a low density (1000 cells per 10 cm in a Cultrex-
coated dish) in StemMACS iPS-Brew XF medium containing CloneR2
(STEMCELL Technology). Colonies derived from single cells were
manually picked after around 8 days of seeding, and genomic DNAswere
isolated using QuickExtract DNA Extraction solution (VWR). Deletion
of the ~1.7 kb portion and the zygosity of the resulting clones were
determined by PCR, followed by Sanger sequencing, using 3 pairs of
primers (Supplementary Fig. 7g; primers 1+ 4; primers 1+ 2; and pri-
mers 3+ 4). Two lines (3H5, 3D1, referred to as BWS 1 and BWS 2,
respectively) were generated with this strategy and were confirmed by
genotyping. G-banded karyotyping was performed by Cell Line Genetics
(https://clgenetics.com) to confirm a normal genotype. The methylation
patterns at IC1 and IC2 were confirmed by pyrosequencing (Supple-
mentary Fig. 7d, 7e). For the 3H5 (BWS1) line, the maternal allele has an
expected deletion at chr11:2699181-2700857 and the paternal allele has
small deletions at chr11:2699166-2699175, 2700856, 2700858-2700859,
and one mutation at chr11:2700863 (T to A) due to Cas9 cutting at one
guide RNA site and subsequent non-homologous end joining repairs
associatedwithCRISPR/Cas9 editing. Similarly, for the 3D1 (BWS2) line,
the maternal allele has an expected deletion at chr11:2699181-2700859
with an additional 2 base pair deletion, while the paternal allele has a
small deletion at chr11:2699159-2699168 and an insertion at
chr11:2700864-2700865 (GA to GGA).

iPSC differentiation. Parental control line and two BWS IC2 LOM lines
(BWS1, BWS2)were plated on laminin-coated plates. 0.5 × 106 cellswere
seeded per well in a 24-well plate. Cells were subjected to a 20-day pro-
tocol for hepatocyte differentiation using the STEMdiff hepatocyte kit
(Stem Cell Technologies), according to the manufacturer’s instructions.
This 2-dimensional differentiation system contains different culture
medias to generate endoderm lineage cells, then hepatic progenitor cells,
and finally hepatocytes, at defined times post plating. Cells were imaged
by brightfield/phasemicroscopy throughout the protocol using an EVOS
M7000 imaging system to monitor differentiation.

RNA isolation, cDNA synthesis, and quantitative RT-PCR (qRT-
PCR). 5 × 105 Control and BWS IC2 LOM iPSCs were seeded into 12 well
laminin-coated plates. Cells were differentiated for 5, 10, 15, 18, and

20 days with the STEMDiff hepatocyte kit (Stem Cell Technologies),
according to the manufacturer’s instructions. RNA was isolated with
Trizol (Thermo Fisher Scientific) and reverse transcribed to cDNA with
an iScript cDNA synthesis kit (Bio-Rad). Quantitative real time PCRwas
conducted in technical triplicates or quadruplicates and 4 biological
replicates for each data point. Gene expression was quantified using a
multiplexed ddCT method, using B2M as a housekeeping gene. All pri-
mers with TaqMan probes were purchased from Thermo Fisher Scien-
tific. Gene assay ID’s: FAM-CXCR4 (Hs00976734_m1), FAM-FOXA2
(Hs00232764_m1), FAM-SOX17 (Hs00751752_s1), FAM-PPARA
(Hs00947536_m1), and VIC-B2M (Hs00187842_m1).

iPSC to hepatocyte live cell staining, imaging, and analysis. iPSCs
were differentiated and used for assays at timepoints of Day 10, Day 15,
Day 18, and Day 20 of the hepatocyte differentiation protocol. Cells were
stained for at 37 °C in the dark with either 2.5 μM Bodipy 493 (to assess
neutral lipids; Invitrogen #D3922; one-hour incubation), 2 μMFAOBlue
(to assess fatty acid β-oxidation; Diagnocine #FNK-FDV-0033; two-hour
incubation) or 10 μM Acrolein red (lipid peroxidation and oxidative
stress; Diagnocine #FNK-FDV-0022; one-hour incubation) in HEPES-
buffered saline (HBS). Cells were washed with HBS and imaged live with
an EVOS M7000 imaging system equipped with a GFP filter, a BFP-tag
filter, and a Texas red filter, respectively. Data was collected by imaging of
4 random fields from at least 2 biological replicates per time point.
Analysis of intensities were conducted in FIJI and normalized to cell
number by independent investigators.

Bulk RNAseq and analysis. Undifferentiated iPSCs (Sv20, 3D1, 3H5)
and iPSCs (Sv20, 3D1, 3H5) undergoing hepatocyte differentiation at
D15 and D20 were collected in two biological replicates from 24-well
plates. Briefly, cells were washed with cold PBS, scraped off of the plates
with cell scrapers, resuspended in 1 mL cold PBS, and centrifuged at
300 × g for 5 min at 4 °C. Cell pellets were snap frozen in liquid nitrogen
and stored at –80 °C. RNA extraction and bulk RNA sequencing was
conducted by the CHOP Center for Applied Genomics (CAG) core. In
brief, RNA extraction was performed using AllPrep DNA/RNA Micro
Kit (QIAGEN). RNA eluate concentration was quantified using the
QUBIT HS RNA kit (Thermo Fisher) and quality was assessed by
TapeStation (Agilent). All sample libraries were prepared using Illumina
Stranded Total RNAseq library prep kit with 300 ng of total RNA input to
start. The libraries were then sequenced on a NovaSeq 6000 instrument
with a v1.5 S1 200 cycles kit (101 × 101, Illumina).

The FASTQ files were subjected to quality check as described84,85. The
reads were aligned with Hisat286 to the hg38 reference genome. The feature
counts were then extracted using featureCounts87, followed by differential
gene expression analysis using the Deseq2 R package88. Differentially
expressed genes were analyzed using a hypergeometric test and the Benja-
mini & Hochberg method. Genes of interest were displayed as either log2
fold change relative to control, transformed read counts, orfiltered based on
specific gene lists and displayed as volcano plots. The transformed read
counts were generated using variance stabilizing transformation (VST)
calculated by the DESeq2 method. The transformed read counts were used
for visualizing the expression trend of hepatocyte genes. The volcano plots
were used to agnostically display the significant differentially expressed
genes enriched in the selected pathway. The genes for the selected pathway
were obtained from the Molecular Signature Database for Gene Set
Enrichment Analysis (GSEA) by Broad Institute. The volcano plot displays
genes with p value < 0.05 and log2 fold change >0.75.

DNA extraction and bisulfite conversion (pre-pyrosequencing).
Genomic DNA from liver samples and iPSC-derived cells were isolated
using the AllPrep DNA/RNA Micro Kit (Qiagen) and quantified on
Qubit with HS DNA kit (Thermo Fisher). 100–500 ng of DNA was
bisulfite converted using the EpiTect bisulfite kit (Qiagen), according to
the manufacturer’s instructions.
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Pyrosequencing. Pyrosequencing was performed on bisulfite-
converted DNA using the Pyromark PCR kit (Qiagen), and sequencing
was performed on a Pyromark Q48 Autoprep (Qiagen). Sequencing
primers are listed in Supplementary Table 4. Note: One BWS liver con-
tained a single nucleotide polymorphism in H19 primer set 1, so BWS
livers were assessed for methylation using H19 primer set 2.

iPSC-derived hepatocyte cell size. Cells were grown on coverglass and
were fixed in 4% paraformaldehyde in PBS for 10 min and washed twice
with PBS. Fixed cells were permeabilized with saponin (0.5% in PBS) for
10 min,washedwith PBS, and stainedwithAlexa Fluor 647 Phalloidin (1/
50; Cell Signaling #8940S) in PBS in the dark for 30 min. Cells were
washed three times with PBS and mounted on slides with Prolong gold
withDAPI (Fisher Scientific). Cellswere imaged on aNikonTi-2 inverted
microscope. At least 3 biological replicates were analyzed per sample.

8-oxyoguanine staining of differentiated iPSCs. Day 20-differentiated
hepatocytes were fixed in 4% PFA/PBS for 10min, washed twice with PBS,
3min each, and permeabilized with 0.5% triton X-100/PBS for 10min.
Cells were washed and incubated with DNase-free RNAse A (100 μg/mL;
Fermentas/Fisher Scientific) for 20min at 37 °C to remove any oxidative
RNA damage. Cells were washed with PBS twice, for 3min each and then
incubated with 2N HCl for 30min at 37 °C. Acid solution was aspirated
and neutralized by washing with 0.1M Borate buffer, pH 8.5 (Thermo
Fisher Scientific) three times for 3min each. Cells were subsequently
washed with PBS twice for 3min each and blocked at room temperature
with 3% BSA/PBS containing 0.1% triton X-100 for one hour. Primary
antibody to 8-oxyoguanine (Rockland #200-301-A99; 1/200) was diluted in
blocking buffer overnight at 4 °C. Cells were washed twice with PBS and
incubated with Donkey anti-mouse Alexa Fluor 488 IgG (Fisher #A-21202,
1/2,000) for one hour at room temperature. Cells were stained with DAPI
(10 μg/mL) for 5min and washed with PBS before imaging on a Nikon Ti-
2 inverted microscope. At least 3 biological replicates were analyzed
per line.

Statistics and reproducibility. Patient samples for this study included 3
nonBWS and 4 BWS livers for the multiome arm of the study, while
histological analysis included 4 nonBWS and 11 BWS livers. For hepa-
tocyte size analysis, each data point is a measured cell. For iPSC experi-
ments, data were generated from one parental control line and 2
engineered BWS lines. Data points for iPSC derived data represent either
individual hepatocytes (for size measurements) or biological replicates
(for all other assays). Graphpad prism v10.4.1 software was used for
graphical depiction of data and analyses related to liver hepatocyte size,
qRT-PCR, pyrosequencing results, and iPSC functional characterization.
Displayed are mean ± SEM or mean ± SD, as indicated in the respective
figure legend. Analysis was conducted using t tests with Welch’s cor-
rection or by ANOVA. p values of <0.05 were considered statistically
significant. For sequencing data displayed in R, statistics were conducted
using theWilcoxon rank sum test. Benjamini-Hochberg adjusted p values
of less than 0.05 were considered significant.

Biological materials availability
BWS iPSC lines can be obtained upon reasonable request to the corre-
sponding author and obtaining a material transfer agreement.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Raw sequencing data from patient samples (snRNA-seq, snATAC-seq)
were deposited in dbGAP with accession number phs002614.v2.p1.
Authorized access to this dbGAP dataset is possible with contact to the
corresponding author, as dictated in the research study IRB protocol

stipulations. Bulk RNA sequencing from iPSCs and differentiated hepato-
cytes were uploaded to the GEO repository with accession number
GSE269947. The authors declare that all R scripts supporting the findings of
this study are available from the corresponding author upon reasonable
request. Data values used for graphpad prism graphs can be found in
Supplementary Data File 4.

Code availability
This study did not generate any unique code. All software tools used in this
study are publicly available.
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