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Multi-omic analysis of hepatocellular
carcinoma reveals aberrant cis-regulatory
changes and dysregulated
retrotransposons with prognostic
potential
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Hepatocellular carcinoma (HCC) is the most common form of primary liver cancer and has limited
therapeutic options. Epigenetic dysregulation plays a crucial role in hepatocarcinogenesis; however,
its impact on cis-regulatory elements (CREs) and retrotransposons remains underexplored. Here, we
investigated the epigenetic changesunderlying the aberrantCREand retrotransposon activity inHCC.
We show that focal DNA hypomethylation of these elements is associated with transcriptional
reprogramming. Notably, we uncover a dual regulatory mechanism for GPC3, a key diagnostic
biomarker and immunotherapeutic target in HCC. This requires the concomitant reactivation of a fetal
liver super-enhancer (SE) and DNA hypomethylation of CpG islands. Furthermore, DNA methylation
loss drives cryptic activation of retrotransposons, some of which exhibit prognostic potential.
Intriguingly, we identify a HERVE-int-derived long non-coding RNA that shows higher expression in
patients with more aggressive tumors, poorer disease outcomes, and is correlated with molecular
signatures associated with improved response to immunotherapy. Collectively, our findings reveal
widespread epigenomic dysregulation of CREs and retrotransposons in HCC, highlighting new
potential therapeutic strategies and biomarkers.

Hepatocellular carcinoma(HCC) is themost common formofprimary liver
cancer and the third leading cause of cancer-related deaths worldwide1. The
key risk factors for HCC include alcohol abuse, chronic hepatitis B/C virus
(HBV/HCV) infections, and non-alcoholic fatty liver disease (NAFLD)2.
These conditions promote persistent inflammation, liver fibrosis, and cir-
rhosis that often precede the onset of HCC2. With a 5-year survival rate of
18%, prognosis of HCC remains poor due to limited therapeutic options3.
Sorafenib and lenvatinib have been the standard of care for patients with

advanced andunresectableHCC;however, the efficacyof these treatments is
modest4,5. In recent years, immune checkpoint inhibitors (ICIs), either used
individually or in combinationwith other targeted therapies, have improved
patient survival relative to sorafenib6–8. Nevertheless, many of these patients
do not respond or develop resistance9. Combining epigenetic drugs with
targeted therapies and/or immunotherapies holds promise for improving
patient outcomes10–14. The development of these drugs requires a compre-
hensive understanding of the precise molecular alterations. However, the
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aberrant changes in multiple layers of the epigenome that contribute to
transcriptional dysregulation in HCC, including DNA methylation and
histone modifications, have not been fully elucidated. Hence, integrative
epigenomic profiling is needed to uncover the epigenetic vulnerabilities in
this disease, which may be leveraged to maximize patient benefits from
existing therapeutic regimens.

Cis-regulatory elements (CREs), including promoters and enhancers,
play critical roles in transcriptional reprogramming during tumorigenesis15.
These sequences are tightly regulated by epigeneticmechanisms. LowDNA
methylation, increased chromatin accessibility, and enrichment of specific
histone modifications such as histone H3 lysine 27 acetylation (H3K27ac)
are features associated with their activation16–19.These epigenetic mechan-
isms work in concert with transcription factors (TFs) and coactivators to
direct gene expression and facilitate 3D chromatin interactions. Super-
enhancers (SEs), which are large enhancer clusters, also show strong
enrichment of H3K27ac and coactivators20,21. De novo SE acquisition near
oncogenes such as MYC and TAL1 can promote pro-tumorigenic
signaling22,23. Despite the extensive enhancer and SE reprogramming in
HCC24–26, the impact of epigenetic dysregulation onCRE activities and their
functional consequences require further investigation.

Comprising ~40% of the human genome, retrotransposons are an
abundant reservoir of CREs and contribute to gene regulation through
disseminating TF binding sites27–29. Although most are epigenetically
silenced in normal tissues, some elements can becomederepressed in cancer
and can have therapeutic implications. For example, global DNA hypo-
methylation can activate long-terminal repeat (LTR) retrotransposons,
including endogenous retroviruses (ERVs), which can function as alter-
native promoters for oncogenes30,31. The resulting chimeric proteins can
potentially be targeted as neoantigens to sensitize cancer cells to
immunotherapy30,31. Furthermore, expression of specific retrotransposon
subfamilies can induce anti-tumor immunity and immunotherapy
responses14,32,33. In HCC, pervasive activation of LTR retrotransposon-
driven long non-coding RNAs (lncRNAs), particularly those from the
LTR12C subfamily, is associated with HBV etiology and less differentiated
tumors34. These transcripts can promote DNA double-strand break repair
and tumor metastasis35–37. Despite the evidence of retrotransposon dysre-
gulation inHCC, theprognostic valueof retrotransposon-derivedCREs and
their clinical relevance to immunotherapy remain largely unexplored.

In this study, we integrated the DNA methylomes, histone modifica-
tion profiles, and transcriptomes of HCC tumors and matched tumor-
adjacent normal tissues to decipher the transcriptional regulatory landscape
of HCC. With this multi-omic approach, we defined epigenetically dysre-
gulated CREs and retrotransposons, revealing their functional link to the
altered transcriptional programs in HCC. Specifically, we elucidated the
dual regulatory mechanism of glypican-3 (GPC3), a diagnostic marker and
immunotherapeutic target for HCC38–40. Furthermore, we showed that
patientswith high expression of aHERVE-int element-driven lncRNAwere
associated with significantly poorer outcomes but hadmolecular signatures
associated with better response to immunotherapy.

Results
Widespread DNA methylation and transcriptional
dysregulations in HCC
We performed whole genome bisulfite sequencing (WGBS), chromatin
immunoprecipitation followed by sequencing (ChIP-seq), and stranded
total RNA-sequencingon sevenpairs ofHBV-associatedHCCandmatched
tumor-adjacent normal (TAN) tissues (Fig. 1a and Supplementary Data 1).
All datasets meet the quality standards of the International Human Epi-
genome Consortium (IHEC) (Supplementary Data 2)41. Due to sample
availability, some experiments were omitted. To bolster our analyses, we
included four publicly available DNA methylomes of TAN tissues42.
Moreover, we used Avocado, a machine learning algorithm trained on
ENCODE data, to impute the missing ChIP-seq datasets43. We demon-
strated accuracy and reliability of the imputed data by comparing the
imputed and observed ChIP-seq signals (Supplementary Fig. 1).

WeobservedwidespreadDNAmethylation loss at bothgenic andnon-
coding regions in HCC (Fig. 1b and Supplementary Fig. 2a, b), of which
approximately 78% of the hypomethylated regions (HypoDMRs) over-
lapped with partially methylated domains (PMDs). These domains were
enriched with repressive histone modifications and associated with tran-
scriptional repression (Supplementary Fig. 2c, d)44–46. We found hetero-
geneity in DNA methylation levels at these loci among the HCC samples
(Supplementary Fig. 2e). On the other hand, hypermethylated regions
(HyperDMRs) in HCC were enriched in the promoters of developmental
genes and in genic features such as untranslated regions (UTRs) and exons
(Fig. 1b and Supplementary Fig. 2f)47,48. Overall, our data are consistent with
previous reports of global DNA hypomethylation and focal DNA hyper-
methylation in HCC49–52.

RNA-seq revealed upregulation of cell cycle regulators and down-
regulation of immune- and extracellular matrix-related genes (Fig. 1c and
SupplementaryFig. 3a,b,c). Basedon transcriptomic signatures,HCCcanbe
categorized into the proliferation and non-proliferation classes. The pro-
liferation class is characterized by the activation of cell proliferation path-
ways and more aggressive tumors. We found that 25% of the upregulated
genes (n = 120) were defined as proliferation class signature genes (Sup-
plementary Fig. 3d)53,54, most of which (93 out of 120) were associated with
cell cycle progression (Supplementary Fig. 3e).Moreover, weighted gene co-
expressionnetwork analyses (WGCNA)ofTheCancerGenomeAtlas-Liver
Hepatocellular Carcinoma (TCGA-LIHC) cohort showed that some of
these dysregulated genes were hub genes within themodules corresponding
to HCC or TAN (Supplementary Fig. 3f, g). These results confirm that
patients in our cohort have transcriptomic signatures of the proliferation
class50.

Epigenetic reprogramming of CREs drives transcriptional
dysregulation in HCC
Next, we examined the epigenetic alterations at the promoters of dys-
regulated genes (Fig. 1d). Concordant changes of H3K27ac and
H3K4me3, but not H3K9me3 or H3K27me3, were detected at their
promoters. Notably, approximately half of the upregulated genes
(n = 239) exhibited promoter DNA hypomethylation. These genes
included AFP, a diagnostic marker for HCC, several HCC-related
lncRNAs (LINC01419, LINC02163, and LINC02835), and tumor-
associated antigens such as the MAGE gene family35–37.

Enhancer and SE rewiring has also been reported in HCC24–26. Thus,
we further investigated the transcriptional programs linked to these dys-
regulated elements. We defined 3637 and 2924 typical enhancers
that gained and lost activity, respectively (Fig. 2a, Supplementary Fig. 4a,
and Supplementary Data 6). Interestingly, while inactivated typical
enhancers were broadly shared between most HCC samples, substantial
numbers of the activated typical enhancers were restricted to specific
patients. This finding aligns with the recently reported HCC enhancer
heterogeneity24. The activated typical enhancers were associated with
developmental gene ontology (GO) terms and were enriched for binding
motifs of development-related TFs such as CEBPα/β, NK2-1, and ZIC3
(Fig. 2a, b)55–57. In contrast, inactivated typical enhancers were associated
with collagen fibril organization and chemotaxis GO terms and were
enriched for binding motifs of immune-related TFs, including STAT1
(Fig. 2a, b)12,13. We also compared the levels of H3K9me3, H3K27me3, and
DNA methylation at the dysregulated typical enhancers in HCC and
TAN (Supplementary Fig. 4b). While there was no significant change
in H3K27me3, we observed loss of H3K9me3 at the activated typical
enhancers.

Next, we defined SEs in HCC and TAN samples and found that SEs in
both HCC and TAN were associated with GO terms related to metabolic
genes (e.g. CYP3A4, SLC38A4, and IGFBP1) (Fig. 2c)20,21,58. This was con-
sistent with the established role of SEs in regulating cell- and tissue-specific
processes20,21,58.We identified activated and inactivated SEs inHCC(n = 234
and n = 86, respectively) (Fig. 2d, Supplementary Fig. 4c, and Supplemen-
tary Data 6). The activated SEs also exhibited heterogeneity across HCC
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samples and were associated with metabolism, early development, and
extracellular matrix formation GO terms (Fig. 2d). Importantly, SE-
associated genes showed concomitant change in expressions (Fig. 2e). For
instance, the upregulation of MBNL3, which encodes for a splicing factor
highly expressed in both fetal livers and in HCC, was associated with the
reactivation of an upstream SE (Supplementary Fig. 4d)59. Conversely, the
downregulation ofADAMTS2was coupledwith the inactivation of a SE and
several typical enhancers located within a PMD inHCC (Fig. 2f). Together,
our findings illustrate the epigenetic changes at aberrant CREs and the
associated transcriptional networks in HCC.

Aberrant reactivation of SE drives GPC3 overexpression in HCC
To characterize the functional roles of activated SEs in HCC, we focused on
the SEupstreamof the glypican-3 (GPC3) gene.GPC3 encodes for aheparan
sulfate proteoglycan that regulates cell growth and differentiation of various
tissues, including the liver, during embryonic development60.WhileGPC3 is
broadly silenced in normal adult livers, it becomes overexpressed in more
than 70% of HCC, which we validated in both our patient samples and the
TCGA-LIHCcohort (SupplementaryFig. 5a)61. Importantly,GPC3 is highly
expressed in HCC relative to other cancer types (Fig. 3a)40,61. These features

support GPC3 as both a diagnostic biomarker and a prognostic indicator.
Furthermore, in recent years, GPC3 has emerged as a promising immu-
notherapeutic target for HCC62–65.

The GPC3 SE consisted of seven constituent elements (E1-E7), which
exhibited similar open chromatin patterns in fetal hepatoblasts (Fig. 3b). The
chromatin accessibility of the SE positively correlated with that of the
GPC3 promoter and its gene expression (Supplementary Fig. 5b). Impor-
tantly, this SE was differentially reactivated inHCC but not in other analyzed
cancer types (Supplementary Fig. 5c). Furthermore, GPC3 overexpression
was accompanied by significant 3D interactions amongst constituent
enhancers as well as between constituent enhancers and the promoter
(Fig. 3b)66,67.

To validate the cis-regulatory potentials of E1-E7, we performed
luciferase assays to test the enhancer and promoter activities of these
elements. We found that most candidates demonstrated strong
enhancer but minimal promoter activities (Fig. 3c and Supplementary
Fig. 5g). We then used the CRISPRi system to epigenetically silence their
activities. This resulted in at least 40% reduction in expression, sug-
gesting that all constituent enhancers contribute to the transcriptional
regulation of GPC3 (Fig. 3d).
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Fig. 1 | Multi-omic profiling reveals widespread DNA methylation alterations
and epigenetic changes at promoters of dysregulated genes in HCC. a Schematic
of experimental design. Frozen HCC or TAN tissue samples were pulverized and
subjected to stranded total RNA-seq, ChIP-seq for four histone modifications
(H3K27ac, H3K4me3, H3K9me3, and H3K27me3), and WGBS. Omitted histone
marks were imputed using Avocado. Shading of cells indicates experimental (dark)
or imputed (light) datasets. bGenomic distribution of hypoDMRs and hyperDMRs
in HCC. HypoDMR: intergenic (P = 1.1e–15). *P < 0.05 and **P < 0.001;
HyperDMR: promoter (P = 2.653e–195), UTR (P = 3.621e–6) and exon

(P = 0.0404), one-tailed hypergeometric test corrected by the Benjamini-Hochberg
approach. c GO analyses for dysregulated genes in HCC. P values (one-tailed
hypergeometric test) for the top 5GO terms are shown for both the upregulated and
downregulated genes, respectively. d Heatmaps showing the expression of dysre-
gulated genes in HCC and the epigenetic signatures of their promoters (± 1 kb of
TSS) in HCC and TAN samples. For each heatmap, each row represents a dysre-
gulated gene and each column represents a sample. Selected dysregulated genes are
labeled to the right of theWGBS heatmap. Asterisks (*) indicate Avocado-imputed
signals.
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bounds of boxes indicate themedian and quartile of all data points, respectively. The
minima andmaxima of whiskers indicate quartile 1–1.5× the interquartile range and
quartile 3+1.5 × the interquartile range, respectively. fGenome browser screenshot
showing an inactivated SE and several adjacent inactivated typical enhancers located
within a PMD at the ADAMTS2 gene locus. The SEs are annotated as gray bars and
typical enhancers are highlighted by cyan shadings. The HCC PMD is annotated
with a pink bar. Stranded total RNA-seq tracks are displayed as TPM, H3K27ac
ChIP-seq tracks are displayed as fold enrichment over input, and WGBS tracks are
displayed as mCG/CG. Liver RNA-seq and WGBS tracks are from Roadmap Epi-
genomics Project and shown as single replicates. Other tracks are shown as com-
posite signals by overlaying tracks across samples. GeneHancer interactions track is
from the UCSC genome browser.
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Notably, the overexpression ofGPC3 inHCCdidnot result fromcopy-
number alterations or mutations (Supplementary Fig. 5d–f). Moreover, we
observed no strong correlation between the expressions of GPC3 and its
associated lncRNA, GPC3-AS1, which has been reported to enhanceGPC3
expression by recruiting coactivators (Supplementary Fig. 5h)68. Hence,
aberrant reactivationof the SE is a key regulatorymechanismunderlying the
transcriptional dysregulation of GPC3 in HCC.

Aberrant reactivation of the GPC3 SE is associated with loss of
DNA methylation and increased binding of key TFs
Next,we askedhowepigenetic changes contributed to the reactivation of the
GPC3 SE in HCC. We observed modest change in H3K9me3 and
H3K27me3 at most of the constituent enhancers (E3, E4, E5, E6, and E7)
(Supplementary Fig. 6a). In contrast, these elements showed extensive loss
of DNA methylation (Fig. 4a). Thus, DNA hypomethylation, rather than
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depletion ofH3K9me3 orH3K27me3,might precede the reactivation of the
GPC3 SE.

In line with the high TF binding density observed at SEs, we detected
binding of liver-restricted TFs (C/EBPα/β, HNF1A, and HNF4A), pio-
neering TFs (CEBPα/β, FOXA2, and FOXA3), and Wnt-signaling TFs
(TCF7) at individual constituent enhancers (Fig. 3b)20,21. To identify the key
TFs involved in reactivating the GPC3 SE, we examined TF ChIP-seq
datasets from ENCODE. This analysis revealed 271 TFs that were enriched
at one or more constituent enhancers. We then performed co-expression
analysis with the TCGA-LIHC datasets, identifying 137 of these TFs whose
expression patterns were positively correlated with GPC3 (rho > 0.4 and
P < 0.05). By overlapping these lists, we identified five candidate TFs:
ARID3A, C/EBPα, FOXA3, MYBL2, and SOX13, most of which are over-
expressed in HCC and are implicated in hepatocarcinogenesis (Supple-
mentary Fig. 6b, c)69–73. To test their regulatory function on GPC3, we
performed shRNA knockdown of each candidate (Supplementary Fig. 6d).
For ARID3A and FOXA3, knockdown efficiencies varied substantially
between replicates; therefore, we focused on C/EBPα,MYBL2, and SOX13,
which showed significant and reproducible knockdown efficiencies (Sup-
plementary Fig. 6d). Interestingly, we found that the knockdown ofC/EBPα
and SOX13, but notMYBL2, resulted in a pronounced reduction in GPC3
expression (35–48%) (Fig. 3e). Taken together, these findings demonstrate
that C/EBPα and SOX13 contribute to GPC3 overexpression through acti-
vating the GPC3 SE.

Aberrant reactivation of the GPC3 SE and DNA hypomethylation
of CpG islands are both necessary for the transcriptional dysre-
gulation of GPC3 in HCC
GPC3has twoCpG islands (CGIs): oneproximal to thepromoter (promoter
CGI) and the other within its first intron (intragenic CGI). These elements
are likely to contribute to GPC3 regulation, as promoter CGI hyper-
methylation can silence GPC3 in vitro74. We observed DNA hypomethy-
lation at the promoter CGI in the TCGA-LIHC cohort (Fig. 4b). Unlike the
promoter CGI, the role of the intragenic CGI in GPC3 transcriptional
regulation has not been reported. Interestingly, we also observed significant
DNAhypomethylation at two CpGprobes within the intragenic CGI in the
TCGA-LIHC cohort (Fig. 4c). Moreover, the methylation levels of all CpG
probes within the intragenic CGI were inversely correlated with GPC3
expression (Fig. 4d). These data suggest that DNAhypomethylation of both
promoter and intragenic CGIs are necessary for GPC3 overexpression in
HCC. To test their functionality, we employed the CRISPR-SunTag-
DNMT3A1 system to specifically methylate the promoter or intragenic
CGIs31. Indeed, targeted methylation of either element reduced GPC3
expression by 45-55% (Supplementary Fig. 7). These results show that loss
of DNAmethylation at both the promoter and intragenic CGIs are required
for the overexpression of GPC3 in HCC.

Our observations hint at an interplay between the DNA methylation
loss at SE and CGIs and GPC3 transcriptional upregulation (Fig. 4e, f).

Firstly, SE reactivation without hypomethylated CGIs resulted in minimal
GPC3 expression (HCC samples 818, 865, 847, and 854). Notably, methy-
lation of either CGI (HCC samples 818 and 865) was sufficient to reduce
GPC3 expression.On theotherhand,despitehaving lowlymethylatedCGIs,
patients without SE reactivation exhibited relatively low GPC3 expression
(HCC samples 851 and 869). Importantly,GPC3wasmost highly expressed
with concordant SE reactivation and CGI hypomethylation (HCC sample
863). Thus, we conclude that aberrant reactivation of the SE and DNA
hypomethylation of both CGIs are concomitantly required for GPC3
overexpression in HCC.

Epigenetic dysregulation of retrotransposon-derived
CREs in HCC
Retrotransposons are an abundant source of cryptic regulatory elements in
cancers13,30,75–77. To study dysregulated retrotransposon-derived CREs, we
overlapped retrotransposons annotated in RepeatMasker with the dysre-
gulated CREs in HCC. We identified 3,167 and 1,361 dysregulated
retrotransposon-derived typical enhancers (RT-typical enhancers) pro-
moters (RT-promoters), respectively (Supplementary Fig. 8a, b and Sup-
plementary Data 7). Consistent with the enhancer/SE heterogeneity in
HCC, we observed varying enrichment of H3K27ac at both dysregulated
RT-typical enhancers and RT-promoters amongst patients (Fig. 2a, d and
Supplementary Fig. 8a, b). Similarly, dysregulated RT-typical enhancers
were also associated with metabolism, early development, and extracellular
matrix organizationGO terms (Fig. 4a and Supplementary Fig. 8c, d). These
elements were enriched for binding motifs of development-related TFs,
including that of Wnt signaling (TCF3 and TCF7L1) and Hippo pathways
(TEAD1/2/3/4) (Supplementary Fig. 8e). In contrast, dysregulated RT-
promoters were enriched for bindingmotifs for ubiquitously expressedTFs,
including those for YY1, KLF, and NF-Y (Supplementary Fig. 8e).

Next, we examined the class distribution of the dysregulated
retrotransposon-derived CREs (Supplementary Fig. 8f). Interestingly,
whereas Long Interspersed Nuclear Elements (LINEs) were over-
represented in dysregulated RT-typical enhancers, LTRs were enriched in
both dysregulated RT-typical enhancers and RT-promoters. For the acti-
vated RT-typical enhancers, 42 out of 51 over-represented subfamilies were
LTR retrotransposons. These includedLTR2B, LTR8B, andLTR10A,which
regulate genes critical in placental development (Supplementary Fig. 8g and
Supplementary Data 7)78,79. Similarly, for the activated RT-promoters, 32
out of 38 over-represented subfamilies were LTRs. These include LTR12C,
which is pervasively activated in HBV-associated HCC (Supplementary
Fig. 8h and Supplementary Data 7)34.

DNA hypomethylation leads to cryptic activation of
retrotransposon-driven transcripts associated with poorer dis-
ease outcomes
We further overlapped de-repressed retrotransposons (log2FC > 3.5 and
Padj < 0.01, Supplementary Data 7) with activated RT-promoters,

Fig. 3 |GPC3 overexpression coincideswith super-enhancer reactivation inHCC.
a Boxplots showing the expression of GPC3 across TCGA cancer types. HCC is
highlighted in blue while other cancer types are shown in gray. Cancer type
abbreviations follow TCGA definitions. The center and bounds of boxes indicate the
median and quartile of all data points, respectively. The minima and maxima of
whiskers indicate quartile 1–1.5× the interquartile range and quartile 3 + 1.5× the
interquartile range, respectively. PairwiseWilcoxon’s tests were performed for LIHC
and all other cancer types. All comparisons were statistically significant with P
values < 0.01. bGenome browser screenshot showing the reactivated SE at theGPC3
locus. The SE is annotated with a gray bar. GPC3 constituent enhancers (E1-E7) are
highlighted by cyan shadings. sciATAC-seq track is shown as fragment counts.
H3K27ac ChIP-seq, TF ChIP-seq, and ATAC-seq tracks are displayed as fold
enrichment over input. Significant chromatin interactions are shown as arcs.
sciATAC-seq for fetal hepatoblasts is fromCATlas, ATAC-seq and TF ChIP-seq for
HepG2 are from ENCODE, and Hi-C for HepG2 is from 4DN. All tracks are shown
as composite signals by overlaying tracks across samples. Genomic positions of

sgRNAs targeting individual GPC3 constituent enhancers are also shown.
c Luciferase assay assessing the enhancer activities of E1-E7. Data represent the
mean ± standard deviation of three technical replicates from one representative
experiment (n = 2 independent experiments). d RT-qPCR of the relative expression
of GPC3 upon epigenetic silencing of GPC3 constituent enhancer. Each dot repre-
sents a technical replicate and error bars denote standard deviations. sgRNA tar-
geting luciferase (sgLuci) is used as the negative control, whereas two sgRNAs
targeting the GPC3 promoter (sgProm) are used as the positive controls. GAPDH
serves as the internal control for the calculation of relative GPC3 expression and the
values are normalized to that of sgLuci. e RT-qPCR of the relative expression of
GPC3 upon depletion of C/EBPα,MYBL2, and SOX13. Each dot represents a
technical replicate and error bars denote standard deviations. shRNA targeting
luciferase (shLuci) is used as the negative control, whereas two shRNAs targeting
GPC3 (shGPC3) are used as the positive controls. GAPDH serves as the internal
control for the calculation of relativeGPC3 expression and the values are normalized
to that of shLuci.
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identifying 24 candidates, of which, 20 were LTR elements (Fig. 5a).
Notably, 11 of these elements overlapped with the promoters of annotated
lncRNAs (Fig. 5a), consistent with the previous finding that LTRs are
enriched in the transcription start sites (TSSs) of lncRNAs80. Cryptic acti-
vation of these retrotransposons was associated with loss of repressive his-
tone marks and DNA methylation (Fig. 5a).

To prioritize the candidates for downstream analyses and
functional experiments, we stratified patients in the TCGA-LIHC
cohort based on the expression of each of the 24 candidates. We
discovered that the expressions of two elements, belonging to the

HERVE (HERVE-int) and THE1D subfamilies, could significantly
differentiate patients’ survival (Fig. 5b, c and Supplementary
Fig. 9a–c). Patients with high HERVE-int expression (HERVE-int-
High, top 25%, n = 93) were associated with poorer progression-free
survival (Fig. 5c). The expression of HERVE-int also increased across
tumor grades (Fig. 5d). Likewise, patients with intermediate to high
expression of THE1D (THE1D-Intermediate, 30%<x < 70%, n = 149;
THE1D-High, top30%, n = 112) also showed worse progression-free
disease outcomes (Supplementary Fig. 9c). It should be noted that
different stratifying criteria were applied for HERVE-int and THE1D
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deviation of three technical replicates from one representative experiment (n = 2
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because they have distinct expression distribution in HCC patients
(Supplementary Data 8).

The HERVE-int element overlapped with an annotated lncRNA
promoter (Fig. 5b), whereas the THE1D element functioned as the alter-
native promoter for the pseudogene ENSG00000286540 (Supplementary
Fig. 9a, b). Luciferase assays validated that the HERVE-int element func-
tioned as both an enhancer and a promoter, whereas the THE1D element
demonstrated predominantly promoter activity (Fig. 5e, f and Supple-
mentary Fig. 9d, e). Focal DNA hypomethylation at HERVE-int and
THE1D coincided with the gain of H3K27ac and H3K4me3 (Fig. 5b,
Supplementary Fig. 9a, b and Supplementary Fig. 10a, b). To test the
mechanistic relationship, we used the CRISPR-SunTag-TET1CD system to
achieve targeted DNA demethylation of HERVE-int and THE1D in HCC
cell lines that do not express these transcripts (Supplementary Fig. 10c, d).
Indeed, targeted DNA demethylation led to significant induction of
HERVE-int and THE1D (Supplementary Fig. 10e,f), demonstrating that
loss of DNA methylation is sufficient for their derepression in HCC.

In addition to HCC cell lines, HERVE-int is expressed in the K562 cell
line. Integrating TF ChIP-seq and Hi-C data from K562, we found that
HERVE-int was bound by CTCF and YY1 and had significant chromatin
interactions with two other neighboring HERVE-int elements (Fig. 5b).
Given that CTCF and YY1 are involved in mediating enhancer-promoter
interactions, we hypothesized that loss of DNAmethylation at HERVE-int
facilitates CTCF and YY1 binding, which leads to aberrant cis-regulatory
interactions81–83. Interestingly, a recent study demonstrated that knockdown
of SETDB1, the H3K9 methyltransferase, in HCC cells led to the tran-
scriptional derepression of two HERVE-int elements through loss of
H3K9me363. These results suggest that depending on the sequence and
genomic locations, individualHERVE-int elements are regulated by distinct
epigenetic mechanisms.

To determine the functional roles of HERVE-int and THE1D inHCC,
we performed CRISPRi experiments. We achieved approximately 80–90%
knockdown of both HERVE-int and THE1D expression (Fig. 6a and Sup-
plementary Fig. 10g). RNA-seq revealed that silencing of either element did
not broadly affect the transcriptome (Fig. 6b, Supplementary Fig. 10h, and
Supplementary Data 9); however, we observed significant dysregulation of
genes with established roles in cancers. For instance, in HERVE-int-
depleted cells, ANXA1, which has anti-inflammatory activities in various
cancers, was upregulated84,85. Conversely, DUSP9, associated with less dif-
ferentiated HCC tumors, was downregulated (Fig. 6b)86. Similarly, in
THE1D-depleted cells, RBP1, a gene frequently downregulated in HCC,
showed increased expression (Supplementary Fig. 10h)87.

HERVE-int expression associates with poor prognosis and
immunotherapy-related molecular features in HCC
Wefurther assessedwhether increasedexpressionofHERVE-int orTHE1D
in HCC correlated with molecular characteristics associated with poorer
disease outcomes. A previous TCGA study established the iClust1-3
molecular subclass classifications, each of which is associated with distinct
genetic and epigenetic alterations50. We found that both HERVE-int-High
and THE1D-High patients were enriched in the iClust3 subclass (Supple-
mentary Fig. 10i). In addition to the more pronounced global loss of DNA
methylation, patients of the iClust3 subclass show molecular signatures
associated with more aggressive tumors, including increased chromosomal
instability and expression of AFP50. Notably, we found that HERVE-int-
High, but not THE1D-Intermediate or -High patients, had higher aneu-
ploidy score and AFP expression. (Fig. 6c, d). Therefore, we focused our
subsequent analyses on HERVE-int.

To further examine the interplay between HERVE-int expression and
other risk factors on patient survival, we constructed a multivariate Cox
regressionmodelbybinary categorizingHERVE-int-HighandHERVE-int-
Low patients based on different clinicopathological conditions, demon-
strating thatHERVE-int could serve as an independent prognostic factor for
HCC (Fig. 6e).Moreover, we discovered thatHERVE-int exhibited a highly
restricted expression pattern in HCC but not in other cancer types (Fig. 6f).

In parallel with increased aneuploidy, HERVE-int-High patients also
had higher tumor mutational burden (TMB) (Fig. 6g). Given the positive
association between TMB and patient response to immunotherapy, we
asked whether there is also differential expressions of immunomodulators
between HERVE-int-Low and HERVE-int-High patients88. Indeed, we
found that HERVE-int-High patients had higher expressions of key
immune checkpoint molecules, including CD274/PD-L1 and CTLA-4.
Moreover, these patients showedhigher expressions ofVEGF ligands,which
are important angiogenesis mediators that can suppress anti-tumor
immune responses (Fig. 6h)89–91. In recent years, atezolizumab (anti-PD-
L1) and bevacizumab (anti-VEGF) combination therapy have become the
new standard of care for patients with unresectableHCC. The atezolizumab
+bevacizumab response signature (ABRS)was developed, which comprises
of 9 genes that aremore highly expressed in patients who respond favorably
to the combined therapy92. Interestingly, HERVE-int-High patients also
showed upregulation of 6 out of the 9 genes (Fig. 6i). While these data
suggest that HERVE-int-High patients may be more likely to benefit from
ICIs, VEGF inhibitors, and/or their combined therapeutic regimens, more
preclinical studies are needed. Collectively, our findings highlight HERVE-
int as a potential prognostic biomarker and predictor of patient response to
immunotherapy for HCC.

Discussion
Hepatocarcinogenesis is a multi-stage process that involves the accumula-
tion of both genetic and epigenetic aberrations.While the genetic landscape
of HCC is well-characterized, the role of epigenetic dysregulation in driving
the aberrant activity of CREs and retrotransposons in HCC remains
incompletely understood50–52,93. In this study, we performed a comprehen-
sive analysis of the transcriptional regulatory landscape of HCC by inte-
grating the genome-wide profiles of DNA methylation, histone
modifications, and transcriptomes of HCC patient samples and cell lines.
We demonstrated the widespread epigenetic changes at CREs and retro-
transposons, which are coupled with transcriptional reprogramming in
HCC. Importantly, we uncovered a dual regulatory mechanism for GPC3,
which is an established HCC-related gene, and demonstrated the clinical
and immunotherapeutic implications of specific retrotransposons, includ-
ing HERVE-int. These findings underscore the value of integrating epige-
nomic data to discover new therapeutic targets and biomarkers for HCC93.

A major unmet challenge in HCC immunotherapy is to overcome
its highly immunosuppressive tumor microenvironment9. Despite being
an inflammation-associated cancer, more than 60% of HCC cases exhibit
non-inflamed phenotypes, characterized by low expression of immune
checkpoint molecules, reduced immune cell infiltration, and blunted
inflammatory activities94. These molecular features of transcriptional
numbness could contribute to poor response and resistance to
immunotherapy95. Combining epigenetic drugs with immunotherapies
holds promise for rejuvenating exhausted immune cells within the HCC
tumor microenvironment96. The results of our integrative analyses sup-
port this combined treatment strategy. Specifically, we elucidated a dual
regulatory mechanism for GPC3, which is an immunotherapeutic target
highly specific to HCC38–40. First, we showed the aberrant reactivation of a
fetal liver SE drives the transcriptional dysregulation of GPC3 in HCC.
Second, we found that the DNA methylation levels of two CGIs asso-
ciated with GPC3, namely the promoter CGI and intragenic CGI, also
modulated the expression of GPC3. Both events are required for GPC3
overexpression in HCC. These results have implications for improving
patient response to as well as patient selection for GPC3-targeted
immunotherapies. Indeed, while GPC3-derived peptide vaccine, GPC3-
targeted antibodies, and GPC3-targeted CAR-T cell therapy are well-
tolerated and have demonstrated efficacy in phase I and phase II clinical
trials, patients with advanced stage HCC are more refractory to these
treatments62,64,65,97,98. These patients could potentially benefit from the
addition of a DNA demethylating agent such as 5-aza-2’-deoxycytidine,
which may upregulate GPC3, and in turn, enhance its presentation to
immune cells. On the other hand, GPC3-negative HCC patients,
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although typically excluded from GPC3-targeted immunotherapies,
might also benefit from such combined therapy. Despite the hetero-
geneity of our patient cohort, it appears that some GPC3-negative HCC
patients harbor DNA hypermethylation of the CGIs in the presence of
the active SE. Thus, these patients might be sensitized to GPC3-targeted
immunotherapies upon DNA demethylation at the CGIs. Moreover,
DAC treatment could induce expression of retrotransposons normally
silenced by DNA methylation, which could also augment tumor
immunogenicity10–14,99. However, further studies are needed to evaluate
the safety and efficacy of this combined strategy.

Currently, there are no validated predictive biomarkers for patient
response to immunotherapy in HCC100. While high TMB and immune
checkpoint molecule expression, including PD-L1, have been used as pre-
dictive biomarkers across different cancer types, they have limited clinical
utility when considered in isolation88,101. Hence, new predictive biomarkers
are needed to identify HCC patients who are most likely to benefit from
immunotherapy. Mounting evidence suggests that retrotransposon dysre-
gulation in cancer is associated with active immune responses14,102. Intri-
guingly, increased expression of ERVs, including a full-length HERV4700
element, was significantly associated with improved response to PD-1/PD-
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L1 blockade in clear cell renal cell carcinoma32,33. Expanding on these
findings, we discovered that patients with high expression of a HERVE-int
element exhibited molecular signatures of more favorable responses to
immunotherapy, including higher TMB and expression of key immune
checkpoint molecules and VEGFA/B. Importantly, HERVE-int is more
highly expressed in HCC compared to other cancer types, further
strengthening its potential as a predictive biomarker for immunotherapy
response in HCC. Recently, the combination of atezolizumab (anti-PD-L1)
and bevacizumab (anti-VEGF) has become the new standard of care for
unresectableHCC6,7. Integrating specific retrotransposons, such asHERVE-
int, into the existing predictive biomarker panels might improve identifi-
cation of patients most likely to benefit from combined therapy. Future
studies should explore the feasibility of detecting HERVE-int transcripts in
circulating cell-free nucleic acids for minimally invasive monitoring. Taken
together, these findings offer promising new avenues for therapeutic
development and personalized HCC management.

Methods
Patient consent and specimen processing
Seven HBV-associated HCC patients who underwent hepatectomy at the
Prince of Wales Hospital (Hong Kong) were enrolled in this study. All
ethical regulations relevant to human research participants were followed.
Informedconsentwas obtained fromall patients and the study protocolwas
approved by the Joint Chinese University of Hong Kong-New Territories
East Cluster Clinical Research Ethics Committee. Patient clinical metadata
is summarized in Supplementary Data 1. Patient specimens were processed
immediately after surgery and snap-frozen in liquid nitrogen for storage.
Frozen liver tissues were pulverized with mortar and pestle in liquid
nitrogen for further analyses.

Cell culture
HepG2was obtained fromATCC (ATCCHB-8065). Hep3B and PLCwere
gifts from Prof. Nathalie Wong (Department of Surgery, The Chinese
University of Hong Kong). Cell cultures were maintained in Dulbecco’s
Modified Eagle’s Medium (DMEM) supplemented with 10% fetal bovine
serum (Gibco), 1% L-glutamine (Gibco), 1% non-essential amino acids
(Gibco), 1% sodium pyruvate (Gibco), and 1% penicillin-streptomycin
(Gibco) at 37°C in 5%CO2.Mediumwas changed every 48 h and cells were
passed upon reaching 80% confluency. Cell lines were routinely tested and
found to be free ofmycoplasma contamination by theMycoStripTM Test Kit
(InvivoGen).

Whole genome bisulfite sequencing
To mitigate amplification bias, four WGBS libraries were prepared per
sample. WGBS libraries for the seven HCC tissues were prepared by the
Center for PanorOmic Sciences, The University of Hong Kong. Briefly,
DNA was sonicated to 200–400 bp fragments. 100 ng of the fragmented
DNAwas spikedwith 1% lambdaDNA(Promega) and subjected tobisulfite

conversionusingEZDNAMethylationLightingKit (ZymoResearchCorp.,
Orange,CA,USA). Librarieswere prepared using the EpiGenome™Methyl-
Seq Kit following manufacturer’s instructions. Each library was sequenced
on a different lane on the IlluminaHiSeq1500 platform.WGBS libraries for
the three TAN tissues were prepared in-house. Briefly, genomic DNA was
extracted using DNeasy® Blood & Tissue Kit (Qiagen) following manu-
facturer’s protocol. 1 µg of genomic DNA spiked with 0.5% lambda DNA
(Promega) was sonicated to 100–1500 bp using Covaris® S200 focused-
ultrasonicator (Covaris). Adaptor-ligated DNA fragments (200–400 bp)
were bisulfite converted using EpiJET Bisulfite Conversion Kit (Thermo
Fisher Scientific) and amplified using KAPA HiFi HotStart Uracil
+ReadyMix (KAPA) for 7 cycles. Libraries were sequenced on Illumina
HiSeq 4000. WGBS quality metrics are listed in Supplementary Data 2.

ChIP-seq
MicroChIP-seq for patient samples were performed as previously
described103. Briefly, pulverized liver tissues were crosslinked with 1% for-
maldehyde (Sigma-Aldrich) in 1X PBS for 8min at room temperature and
then quenched with glycine at a final concentration of 125mM for 5min at
room temperature. After washing with ice-cold 1X PBS twice, pulverized
and crosslinked liver tissues were sonicated using Covaris® S200 focused-
ultrasonicator (Covaris). Fragmented chromatin was extracted by RIPA
dilution buffer. Protein A Dynabeads (Thermo Fisher Scientific) were
bound with antibodies of interest (H3K27ac, Active Motif 39133;
H3K4me3, Active Motif 39915; H3K9me3, Abcam ab176916 or
H3K27me3, Active Motif 39155) and incubated at 4°C for 36 h. Captured
chromatin was washed four times with RIPA buffer and eluted at 37°C for
1 h in ChIP elution buffer. Eluted chromatin was reverse crosslinked by
incubatingwith Proteinase K (NEB) at 68°C for 4 h. DNAwas purifiedwith
QIAquick® PCR Purification Kit (Qiagen). Libraries were prepared using
KAPA HyperPrep DNA Kit (Roche) following manufacturer’s instruction
and sequenced on Illumina NextSeq 500.

Native ChIP for HCC cells was performed as previously described
with minor modifications104. Briefly, 1 × 107 cells were resuspended in
ice-cold douncing buffer and lysed by passing through 25GX 5/8” needle
(Terumo) for 50 times. Chromatin was digested with 550 U/mL MNase
(Thermo Fisher Scientific) for 15min at 37°C without shaking. EDTA
was added to quench the digestion. Nuclear membrane was disrupted by
incubating for 1 h in hypotonic lysis buffer. ChIP was performed by
incubating digested chromatin with antibodies that were prebound to
Dynabeads™M-280 Sheep Anti-Mouse IgG (Thermo Fisher Scientific) or
Dynabeads™M-280 Sheep Anti-Rabbit IgG (Thermo Fisher Scientific) in
IP buffer overnight at 4°C. Captured chromatin was washed twice with
wash buffer, once with final wash buffer, and eluted at 68°C for 2 h in
elution buffer together with RNase A (Sigma-Aldrich). Eluted DNA was
purified by QIAquick® PCR purification Kit (Qiagen) following manu-
facturer’s instruction and sequenced on Illumina NextSeq 500. ChIP-seq
quality metrics are listed in Supplementary Data 2.

Fig. 6 | HERVE-int dysregulation is associated with specificmolecular signatures
and more favorable immunotherapy response in HCC. a RT-qPCR of the relative
expression of HERVE-int in PLC cells upon CRISPRi. Each dot represents a tech-
nical replicate and error bars denote standard deviations. sgRNA targeting luciferase
(sgLuci) is used as the negative control.GAPDH serves as the internal control for the
calculation of relative GPC3 expression and the values are normalized to that of
sgLuci. b Volcano plot showing dysregulated genes in HERVE-int-depleted PLC
cells. For each gene, the -log10-transformed, two-tailed adjusted P values (Padj) is
plotted against the log2-transformed fold change. Upregulated (Padj < 0.05 and
log2FC > 0.5) and downregulated (Padj < 0.05 and log2FC < -0.5) are labeled in red
and blue, respectively. Dashed lines represent the indicated thresholds. Selected
dysregulated genes are labeled. Boxplots comparing the aneuploidy score (c) and
AFP expression (d) between HERVE-int-Low and HERVE-int-High patients.
c Only patients with matched RNA-seq and aneuploidy score data were analyzed.
e Multivariate cox regression analysis for HERVE-int expression and other

clinicopathological conditions in the TCGA-LIHC cohort. P values (log-rank test)
and 95% confidence intervals for hazard ratios of the two independent prognostic
indicators of the model are shown. f Boxplots comparing HERVE-int expression
across all TCGA cancer types. HCC is highlighted in blue while other cancer types
are shown in gray. Cancer type abbreviations follow TCGA definitions. g Boxplots
comparing the TMBbetweenHERVE-int-Low andHERVE-int-High patients. Only
patients with matched RNA-seq and mutation data were analyzed. h Boxplots
comparing the expressions of selected immune checkpoint molecules and inhibitory
ligands between HERVE-int-Low and HERVE-int-High patients. i Boxplots com-
paring the expressions of genes comprising the ABRS betweenHERVE-int-Low and
HERVE-int-High patients. For all boxplots in this figure, P values (two-tailed
Wilcoxon test) are shown. The center and bounds of boxes indicate the median and
quartile of all data points, respectively. Theminima andmaxima ofwhiskers indicate
quartile 1–1.5× the interquartile range and quartile 3+1.5× the interquartile range.
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RNA-seq and RT-qPCR
For stranded total RNA-seq, total RNA was extracted using RNeasy®Mini
Kit (Qiagen). 200 ng (patient samples) or 1 µg (HCC cell lines) of total RNA
was subjected to rRNAdepletion using Ribo-off rRNAdepletion Kit (H/M/
R) (Vazyme), followed by library preparation using QIAseq™ Stranded
Library Kit (Qiagen) according to manufacturer’s protocol. Libraries were
sequenced on Illumina HiSeq 4000.

For RT-qPCR, total RNA was extracted using RNeasy® Mini Kit
(Qiagen). 1 µg of total RNA was treated with DNaseI (NEB) and purified
withAgencourt®RNAClean™XP (BeckmanCoulter). First-strand synthesis
was performed using SuperScript® III Reverse Transcriptase (Invitrogen)
following manufacturer’s protocol. cDNA templates were subjected to 40
cycles of PCR using LightCycler 480 Instrument II (Roche). RT-qPCR
primers used are listed in Supplementary Data 3.

Cloning
For luciferase assays, candidates were cloned downstream of the luciferase
reporter in pGL3-promoter vector (Promega) to test for enhancer activity,
or upstream of the luciferase reporter gene in pGL3-enhancer vector
(Promega) to test for promoter activity, respectively. A random EGFP
sequence that has no cis-regulatory activity was also cloned accordingly and
used as negative controls.

For all CRISPR-related experiments, sgRNAs were cloned into
pLKO5.sgRNA.EFS.puroR (derived from pLKO5.sgRNA.EFS.GFP by
replacing the GFP with puromycin resistance gene; Addgene plasmid #
57822). For shRNA knockdown experiments, shRNAs were cloned into
pSIH-H1-puroR(derived frompSIH-H1-copGFP(SystemsBioSciences) by
replacing copGFP with puromycin resistance gene). For CRISPR-SunTag
experiments, pHRdSV40-dCas9-22aaLinker_GCN4_v4-P2A-blastR was
constructed by replacing BFP with blasticidin resistance gene.

Luciferase assays
Luciferase assays forGPC3 constituent enhancers, HERVE-int and THE1D
were performed in HepG2 cells. Briefly, the candidates were cloned
downstream of the luciferase reporter gene in pGL3-promoter vector
(Promega) to test for enhancer activity, or upstream of the luciferase
reporter gene in pGL3-enhancer vector (Promega) to test for promoter
activity, respectively. A random EGFP sequence that has no cis-regulatory
activity was also cloned accordingly and used as negative controls. 0.8 × 105

cells were seeded per well in 24-well plate 18 h prior experiment. The cells
were co-transfected with pGL3 vector containing the candidate or random
EGFP sequence and pGL4.75[hRluc/CMV] vector (Promega) in 1000:1
pmol ratio using Lipofectamine™ 3000 Transfection Reagent (Thermo
Fisher Scientific). Luciferase signals were measured 48 h after transfection
using Dual-Luciferase® Reporter (DLR™) Assay System as per manu-
facturer’s protocol on a FlexStation3® Multi-Mode Microplate Reader.
Enhancer or promoter activity of each candidate was calculated using the
firefly-to-renilla signal ratio and normalized to that of the random EGFP
sequence. Primers used for cloning are listed in Supplementary Data 3.

shRNA knockdown and CRISPR experiments
shRNA knockdown experiments were performed in HepG2 cells.
CRISPRi for HERVE-int was performed in PLC-dCas9 cells. CRISPRi for
GPC3 constituent enhancers and THE1D were performed in HepG2-
dCas9 cells. CRISPR-SunTag-DNMT3A1 for GPC3 intragenic CGI and
promoter CGI were performed on HepG2-dCas9-SunTag cells. CRISPR-
SunTag-TET1CD for HERVE-int and THE1D were performed on
HepG2-dCas9-SunTag cells and Hep3B-dCas9-SunTag cells, respec-
tively. shRNAs were designed using siRNA Wizard Software v3.1
(https://www.invivogen.com/sirnawizard/; InvivoGen) and cloned into
pSIH-H1-puroR. sgRNAs were designed using CRISPOR v5.0.1 and
cloned into pLKO5.sgRNA.EFS.puroR105.

Stable cells were generated as previously described with minor
modifications106. Briefly, HEK293 cells were seeded at 1.2 × 106 cells per well
of 6-well plate and co-transfected in equalmolar concentrations of lentiviral

constructs, pMD2.G (Addgene plasmid # 12259) and pCMVR8.74
(Addgene plasmid # 22036) using LipofectamineTM 3000 Transfection
Reagent (ThermoFisher Scientific). Cells were incubated at 37°C in 5%CO2

overnight and media was changed after 18 h. Viral supernatant was har-
vested at day2 and3post-transfection.Target cellswere transducedwith the
supernatant with 8 µg/mL filter-sterilized polybrene. Transduced cells were
selected with 10 µg/mL blasticidin (InvivoGen) for 7 days or 1 µg/mL
puromycin (InvivoGen) for 5 days before downstream experiments.

Bioinformatic analyses
WGBS data analyses
Mapping and visualization. Paired-end sequencing reads were aligned to
GRCh38/hg38 using Bismark v0.23.0 with default parameters107. PCR
duplicates were removed by Picard tools v2.23.0 (http://broadinstitute.
github.io/picard/). Only CpGs with at least 5 reads were retained for all
downstream analyses. Signal tracks with mCG/CG per 200 bp bin were
generated for visualization in UCSC genome browser. Circos plot comparing
the DNA methylation landscape of HCC and TAN was generated using
pyCirclize v1.3.0 (https://github.com/moshi4/pyCirclize) in python 3.12.

Identification of DMRs. DMRs were called with methylKit v1.20.0 per
500 bp non-overlapping window with at least 5 CpGs covered108. Sig-
nificance of %mCG difference in each window was determined by Fisher’s
exact test with Qvalue adjusted by SLIM method109. HyperDMRs in HCC
were defined as regions with at least two CpGs showing 30% gain in mCG.
Similarly, hypoDMRs in HCC were defined as regions with at least two
CpGs showing 30% loss inmCG.HyperDMRs and hypoDMRs inHCC are
listed in Supplementary Data 4.

Identification of PMDs. PMDs were defined as previously described110,111.
Briefly, PMDswere called withmethpipe v5.0.1 using default parameters112.
Only PMDs with sizes no less than 50 kb and do not overlap with gaps in
GRCh38/hg38 or the HOX clusters were retained for analyses. For quan-
tification of protein-coding genes or repeats fallingwithin PMDs, only those
with at least 80% of length overlapping with PMDswere considered. PMDs
in HCC are listed in Supplementary Data 4.

RNA-seq data analyses
Mapping and visualization. Paired-end sequencing reads were aligned
to GRCh38/hg38 and GENCODE v39 with STAR v2.7.6 using
ENCODE parameters except where –outFilterMultimapNmax was set
to 1 to keep only uniquely mapped reads113. TPM of genes were quan-
tified with RSEM v1.3.3114. TPM signal tracks were generated for
visualization in UCSC genome browser, using the bamCoverage pro-
gram in deepTools v3.5.1 with parameters –normalizeUsing BPM
–exactScaling and –filterRNAstrand forward/reverse for minus/plus
strand, respectively115.

Identification of dysregulated genes and retrotransposons. Only
transcriptionally active genes (TPM > 1 in ≥ 2 samples) and retro-
transposons (RPKM > 1 in ≥3 samples) were used as inputs for differ-
ential analyses. Dysregulated genes and retrotransposons were defined
using DESeq2 v1.36.0116. For genes, the thresholds of log2FC > 1 and
Padj < 0.01 were used for upregulated genes (n = 486), and the thresholds
of log2FC < -1 and Padj < 0.01 were used for downregulated genes
(n = 723), respectively. For retrotransposons, the thresholds of
log2FC > 3.5 and Padj < 0.01 were used for upregulated retrotransposons
(n = 3005), and the thresholds of log2FC < -3.5 and Padj < 0.01 were used
for downregulated retrotransposons (n = 1152), respectively. Upregu-
lated and downregulated genes are listed in Supplementary Data 5.
Upregulated and downregulated retrotransposons are listed in Supple-
mentary Data 7.

Gene ontology and Gene Set Enrichment Analysis. GO analyses for
dysregulated genes and genes associated with dysregulated SEs were
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performed using Metascape v3.5117. GO analyses for dysregulated typical
enhancers and dysregulated RT-enhancers were performed using
GREAT v4.0.4118. GSEA for dysregulated genes was performed using
clusterProfiler v4.6.2 with the Hallmark gene sets from MSigDB (Broad
Institute)119.

Retrotransposon-derived transcript assembly. Retrotransposon-
derived transcripts were assembled using StringTie2 v2.1.2 with default
parameters120.

ChIP-seq analyses
Avocado imputation. Avocado v0.4.0 was used for model training and
signal imputation43. keras v2.13.1 library was used in conjunction with
CUDA v11.8 and cuDNN v8.8.0.121 to interface with TensorFlow v2.13.0
library for all model training. -log10(P values) signals from each chromo-
some were binned at 25 bp resolution and arcsinh transformed. Models
were trained on a per-chromosome basis with parameters: –batch_size=
40000 –n_celltype_factors=32 –n_assay_factors=256 –n_25bp_factors=25
–n_250bp_factors=40 –n_5kbp_factors=45 –n_layers=2 –n_nodes=2048
and –n_epoch2 = 100. The ADAM optimizer and mean-square error
(MSE) loss were employed for fitting the in-house data to the Avocado
ENCODE-Core hg38 pre-trained model (https://zenodo.org/records/
4774521) using the fit_celltypes and fit functions. The epoch size was
adjusted for each chromosome by dividing the number of genomic posi-
tions (chromosome length divided by a bin size of 25) by a batch size of
40,000 and rounding to the nearest integer. In the evaluation phase, 10 out
of 43 samples were left-out from the training set to assess the per-sample
global MSE of the imputed signal (mean of (imputed bin valuesground
truth bin values)^2). This evaluation was compared against two baseline
measures: (1) the per-sample baseline MSE (mean across all bins (ground
truth value of one bin of that sample -mean of all ground truth bin values of
that sample)^2), and (2) baseline MSE averaged across all other samples
(mean across all bins (ground truth value of one bin of that sample - mean
of all ground truth bin values across all other samples)^2).

Mapping and visualization. Single-end sequencing reads were aligned
to GRCh38/hg38 using ENCODE ChIP-seq pipeline v2.2.1 (https://
github.com/ENCODE-DCC/chip-seq-pipeline2). Signal tracks with fold
enrichment over input were generated using MACS2 v2.2.7.1 for visua-
lization in UCSC genome browser121.

Peak calling and quality controls. Narrow peaks (H3K27ac and
H3K4me3) were called using MACS2 v2.2.7.1 with parameters –g 2.7e9
–SPMR –keep-dup all and –q 0.01. High-confidence peaks were retained
by further filtering peaks with (1) -logP > 5 and -logQ > 2, (2) input-
subtracted RPM > 1, and (3) at least 2-fold enrichment of RPM in ChIP
compared to input libraries (RPMChIP≥ 2xRPMinput) as per ENCODE
ChIP-seq pipeline (https://github.com/ENCODE-DCC/chip-seq-
pipeline2). Broad peaks (H3K9me3 and H3K27me3) were called using
epic2 v0.0.48122. For H3K9me3, the parameters –k –cs
GRCh38.chrom.sizes –g 1 bin 5000 were used. For H3K27me3, the
parameters –k –cs GRCh38.chrom.sizes –g 1 bin 2000 were used. For
quality controls on ChIP-seq narrow peak datasets, NSC and RSC were
calculated using phantompeakqualtools v1.2.2, and FRiP was calculated
by dividing the number of reads falling into peak regions by the total
number of mapped reads123,124.

Identification of CREs and dysregulated CREs. 1 kb flanking regions
of H3K27ac and H3K4me3 summit peaks were used to identify putative
CREs. Only experimental data are used to define putative CREs. Briefly,
active putative enhancers were defined as regions enrichedwithH3K27ac
peaks not overlapping with H3K4me3 peaks or GENCODE v39 TSS
regions (1 kbflanking ofGENCODEv39TSS). Active putative promoters
were defined as regions overlapped with both H3K27ac and H3K4me3
peaks. For samples that do not have H3K4me3 data, we defined active

putative promoters as GENCODE v39 TSS regions that overlap with
H3K27ac, and active putative enhancers as H3K27ac peaks that do not
overlap with active putative promoters. To generate a non-redundant
union set of active putative enhancers or promoters in HCC or TAN, the
active putative enhancers or promoters defined in each sample that are
within 500 bp were first merged within sample, and once again across
samples of the same condition. To generate amaster list of active putative
enhancers or promoters across all samples, the non-redundant union set
of active putative enhancers or promoters in HCC and TAN that are
within 500 bp were merged. H3K27ac signals of all active enhancers
(n = 62,288) or active promoters (n = 29,467) were subsequently sub-
jected to k-means clustering using ComplexHeatmap v2.14.0124.

Dysregulated typical enhancers in HCC were defined using DESeq2
v1.36.0 with the thresholds of log2FC > 2.25 and Padj < 0.01 for activated
typical enhancers (n = 3367), and log2FC < -1.5 and Padj < 0.01 for inacti-
vated typical enhancers (n = 2924), respectively116. Similarly, dysregulated
active promoters in HCC were defined using DESeq2 v1.36.0 with the
thresholds of log2FC > 2 and Padj < 0.01 for activated promoters (n = 1172)
and log2FC < -2 and Padj < 0.01 for inactivated promoters (n = 727),
respectively. Dysregulated typical enhancers and promoters in HCC are
listed in Supplementary Data 6.

Identification of SEs and dysregulated SEs. SEs were identified using
the ROSE algorithm with default parameters20,21,58. All SEs across samples
(n = 3245) were generated using similar strategies as described above for
differential analyses. Dysregulated SEs were defined using DESeq2 v1.36.0
with the thresholds of log2FC > 1.5 and Padj < 0.01 for activated SEs
(n = 234) and log2FC < -1.5 and Padj < 0.01 for inactivated SEs (n = 86),
respectively. Dysregulated SEs are listed in Supplementary Data 6.

Identification of dysregulated retrotransposon-derived CREs. Ana-
lyses were restricted to RepeatMasker-annotated retrotransposons
(LTRs, LINEs, and SINEs) that are at least 100 bp long and mapped to
chr1-22 and chrX (n = 3,195,734). Dysregulated RT-typical enhancers
were defined as retrotransposons with at least 30% of its length over-
lapping with the dysregulated enhancers and at least 15% of the dysre-
gulated enhancers also overlapping with the retrotransposons,
respectively (activated RT-typical enhancers, n = 2333; inactivated RT-
typical enhancers, n = 834). Dysregulated RT-promoters were similarly
defined (activated RT-promoters, n = 1166; inactivated RT-promoters,
n = 195). Dysregulated RT-typical enhancers and RT-promoters are lis-
ted in Supplementary Data 7

Over-represented subfamilies from activated RT-typical enhancers
and activated RT-promoters were identified using the thresholds of
observed/expected ratio≥4, Q value (FDR-corrected one-tailed hypergeo-
metric test) <0.01 and had at least 30 copies in the genome. The observed/
expected ratiowas calculatedusing the formula (n/nall)/(N/Nall), where n is
the number of a subfamily in activated RT-typical enhancers or activated
RT-promoters, nall is the total number of activated RT-typical enhancers or
activated RT-promoters, N is the number of a subfamily in the genome, and
Nall is the total number of retrotransposons in the genome. Over-
represented subfamilies from activated RT-typical enhancers and activated
RT-promoters are listed in Supplementary Data 7.

Motif analyses. Motifs in activated and inactivated typical enhancers
were analyzed withHOMER v4.1.1 findMotifsGenome.pl program using
all non-redundant enhancers in HCC and TAN tissues (n = 46,500) as
background125. Similar analyses were performed for activated RT-typical
enhancers and activated RT-promoters using all RT-typical enhancers
(n = 24,596) and RT-promoters (n = 10,261), respectively.

Hi-C data analyses
HepG2 Hi-C data were downloaded from 4DN126. Significant chromatin
interactions were called by FitHiC2 v2.0.8 at 1 kb resolution with the
threshold Q < 0.05127.
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TCGA data analyses
Data download. TCGA Pan-Cancer cohort gene-level raw coverage
count matrices, bigWig files, and clinical metadata were downloaded
using Recount3 v1.6.0128. TCGA-LIHC HM450 array data were down-
loaded from UCSC Xena129. HM450 probe annotation was downloaded
from https://zwdzwd.github.io/InfiniumAnnotation. TCGA-LIHC
GPC3 copy-number and mutation data were downloaded from
cBioPortal130–132. TCGA-LIHC survival data were downloaded from
TCGA PanCanAtlas Publications page at https://gdc.cancer.gov/about-
data/publications/pancanatlas.

WGCNA of TCGA-LIHC cohort. WGCNA v1.71 was used to construct
gene expression network in the TCGA-LIHC cohort133. Analyses were
restricted to genes that have at least 10 read counts in 90% of the TAN or
HCC samples (n = 26,108 across 408 samples). Briefly, the network was
constructed using the blockwiseModules function using the parameters
-power = 14, mergeCutHeight = 0.1 and deepSplit = 4, generating 84
modules. Genes associated with 3modules with high correlation to either
TAN or HCC were visualized using Gephi v0.10.1134.

DNA methylation level of GPC3 CGIs and their correlations with
GPC3 expression within the TCGA-LIHC cohort. β-values for probes
falling within the GPC3 intragenic CGI (cg11442732, cg02442693, and
cg09760728) and promoter CGI (cg05445331, cg06384623, cg07297906,
cg27496708, cg16272791, and cg14867863) were extracted using the
HM450 probe annotation and correlated with GPC3 expression in
matched HCC tissues.

HERVE-int expression in the TCGA-PanCancer cohort. Raw reads
falling on HERVE-int was quantified from TCGA Pan-Cancer bigWig
files using Megadepth v1.8.0 and subsequently converted to TPM for
analyses135.

Kapan-Meier survival analyses. Survival analyses for HERVE-int and
THE1D were restricted to HCC patients with survival data. DESeq2-
normalized counts ofHERVE-int andTHE1Dwere used for the analyses.
For HERVE-int, patients were stratified into high-expression (top 25%
percentile) and low-expression (bottom 25% percentile) groups. For
THE1D, patients were stratified into high-expression (top 30% percen-
tile), intermediate-expression (30%x70% percentile) and low-expression
(bottom 30% percentile) groups. Kaplan-Meier curves were generated
using survminer v0.4.9 (https://github.com/kassambara/survminer) and
survival v3.5.7 (https://github.com/therneau/survival). Patient stratifi-
cation results are presented in Supplementary Data 8.

Multivariate cox regressionanalyses. Patients of theHERVE-int-High
and HERVE-int-Low groups were binary categorized in the following
clinicopathological features: alcohol consumption (no vs yes), HBV/
HCV infection (no vs yes), NAFLD (no vs yes), tumor stage (I/II vs III/
IV), and tumor grade (G1/2 vs G3/G4). Patients without the corre-
sponding clinical annotation were assigned NA. Multivariate cox
regression analyses were performed using survminer v0.4.9 (https://
github.com/kassambara/survminer) and survival v3.5.7 (https://github.
com/therneau/survival). Patients with low HERVE-int expression, no
history of alcohol consumption, no HBV/HCV infection, no NAFLD,
early tumor stage (I/II) or low tumor grade (G1/2) were used as the
reference level for the respective prognostic factor in the model.

TMB analyses. TMB for HERVE-int-High and HERVE-int-Low
patients was calculated with maftools v2.14.0 using the parameters:
captureSize=35.8 and logScale=TRUE136.

Statistics and reproducibility
No statistical methods were used to predetermine sample size. The inves-
tigators were not blinded to allocation during experiments and outcome

assessment. The experiments were not randomized. Luciferase assays were
repeated twice with similar results obtained. Statistical analyses were per-
formed using R v4.20. Statistical tests used are indicated in the figures or
figure legends. P values and Qvalues are provided as exact values where
possible or otherwise reported as a range.

Ethics approval and consent to participate
Patient samples were obtained fromPrince ofWalesHospital (Hong Kong)
with study protocol approved by the Joint Chinese University of Hong
Kong-New Territories East Cluster Research Ethics Committee (CRE-
2014.076).

Data availability
Epigenomic and transcriptomic datasets for the patient samples were
deposited to EGA under the accession ID EGAD50000000058. H3K27ac
and H3K4me3 ChIP-seq datasets for HepG2 and PLC were deposited to
GEO under the accession code GSE276132. RNA-seq datasets for the
CRISPRi experiments for HERVE-int and THE1D were deposited to GEO
under the accession code GSE276133. All publicly available datasets used in
this study are listed in Supplementary Data 10. All source data of this
manuscript can be found in Supplementary Data 11 and 12.
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