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Abstract 

Hepatocellular carcinoma (HCC) is a genomically diverse disease, and molecular classification is essential 

for understanding its biology and improving patient care. Here, integrative analyses of 529 HCC samples 

across genomic, transcriptomic, epigenomic, and proteomic layers identify nine robust molecular subtypes, 

validated in 807 external cases. Three common subtypes are defined by alterations in CTNNB1ex3/APC 

(25%), TP53 (21%), and AXIN1/IRF2 (11%), while four rare subtypes involve TP53+CTNNB1ex3 (6%), 

BAP1 (6%), CCNA2/E1 (6%), and HNF1A (1%). Two additional immune-related subtypes, UHot (17%) and 

UInterm (8%), have undetermined drivers. Using transcriptomic scores, we demonstrate that AXIN1 and TP53 

mutations increase β-catenin activity and reduce p53 activity, whereas BAP1 loss functionally inactivates 

TP53. The rare TP53+CTNNB1ex3 subtype is highly aggressive, associated with poorer outcomes, 
exhibiting features of both CTNNB1ex3- and TP53-mutated HCC, with TP53 mutation occurring prior to 

CTNNB1 alteration. The refined molecular classification provides a clinically relevant framework for 

precision medicine in HCC.  
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Introduction 

Liver cancer is a common malignancy and the third leading cause of cancer-related death worldwide.1 

Hepatocellular carcinoma (HCC) is the major type of primary liver cancer, mostly occurring in chronic 

liver disease and cirrhosis.2 Despite improvements in surveillance programs, most HCC cases are diagnosed 

at advanced stages. Treatments of advanced HCC are based on immunotherapy targeting PD-L1 or CTLA4, 

and anti-angiogenic therapies targeting VEGF or tyrosine kinases. However, only ~ 30% of patients benefit 

from these treatments3, due to the high diversity of HCC at the clinical and molecular levels. Thus, 

classifying HCC into homogeneous subtypes is a crucial step in identifying patients who may benefit from 

specific treatments.  

Over the past decade, cancer driver genes recurrently altered in HCC have been identified, including 

TERT promoter, CTNNB1, TP53, AXIN1, BAP1, ARID1A, CCND1-FGF19, NFE2L2, KEAP1, ARID2, 

RPS6KA3, CCNA2/E1, BAP1, and HMBS.4–12 Moreover, molecular subtyping of HCC has evolved 

significantly with worldwide efforts. For instance, our group has identified 6 robust transcriptomic 

subgroups (G1-G6) associated with clinical and genomic characteristics13. Hoshida and collaborators 

identified 3 major transcriptomic subgroups (S1-S3) existing across nine public datasets14, The Cancer 

Genome Atlas (TCGA) program determined 3 molecular clusters based on integrative multiple omics data 

in 196 HCC patients.7 Additionally, there are several molecular classifications developed based on diverse 

types of omic data, including methylation profile15, immune features16,17 and proteomic data.8,18 However, 

most of these molecular classifications were based on expression data, and genomic alterations were not 

integrated very well. Recent studies have revealed two rare but homogeneous HCC subtypes driven by 

CCNA2/E1 alterations or BAP1 biallelic mutations, highlighting the importance of genomic events in 

shaping HCC phenotype.10,12 Besides, current molecular classifications were limited by the small number 

of included tumors and were underpowered to identify and validate rare subtypes of HCC in integrated 

analyses. 

Here, we aim to identify genotype–phenotype-concordant molecular subtypes of HCC, focusing on 

genomic alterations. We integrate multi-omics data, including whole-exome sequencing (WES), whole-

genome sequencing (WGS), RNA sequencing (RNAseq), methylation array, and reverse-phase protein 

array (RPPA), from 529 HCC samples from 461 patients primarily treated in France. The findings are 

further validated in an external cohort of 807 HCC cases. Additionally, we assess the functional impact of 

major pathways altered in HCC and reconstruct clonal and subclonal evolution in a specific subtype. To 

make our data more accessible to the liver cancer research community, we develop an interactive web-

based tool (https://zucmanlab.com/hccsubtype/) to analyze and visualize the data at the subtype level. 
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Results 

Genomic analysis identifies 5 major mutation clusters in HCC 

Combined analysis of 2228 genomically independent frozen HCC samples sequenced by WES (n=1,728) 

or WGS (n=500), including our current LICA-FR French cohort, TCGA from the US, and ICGC-JP from 

Japan, identified 44 cancer driver genes recurrently altered in more than 1% of HCC (Methods, 

Supplementary Figure 1a, Supplementary Data 1-2). The effect size of each driver mutation in HCC was 

quantified (Supplementary Figure 2 and Supplementary Data 3). LICA-FR data included 529 HCC samples 

from 461 patients treated in France (average age 61 years) with various main causes of chronic liver disease 

(alcohol intake 34%, HBV 31%, HCV 20%, MASH 19%), and 46% had cirrhosis. Tumor stages varied: 

65% were BCLC 0-A, 20% B, and 15% C. In the LICA-FR cohort, which includes 116 WGS and 413 WES 

samples, we examined genomic alterations in each of the 44 genes, including somatic mutations, copy 

number alterations (CNAs), structural variations (SVs), gene fusions, and viral insertions (HBV and AAV2) 

(Supplementary Figure 1b, Supplementary Data 4). The top 10 most frequently altered driver genes were: 

TERT (75%), TP53 (33%), CTNNB1 (31%), ALB (13%), AXIN1 (10%), ARID1A (9%), TSC1/2 (9%), 

CDKN2A (8%), RPS6KA3 (8%), and KMT2D (7%). The functional effects of these driver alterations were 

validated using transcriptomic and proteomic data (Supplementary Figure 1c-e). Protein abundance 

generally correlated positively with mRNA levels, with an average correlation coefficient of 0.25 

(Supplementary Figure 1f,g), consistent with data from another HCC dataset. 

Besides the frequent alterations identified in classical cancer driver genes previously described across 

various tumor types, we found several driver genes involved in liver metabolism with recurring somatic 

mutations in HCC, including HMBS (linked to autosomal dominant acute intermittent porphyria), HNF1A 

(associated with Maturity Onset Diabetes of the Young type 3), and two new HCC drivers, HPD and 

FOXO1, which are involved in metabolic liver diseases. HPD, which encodes 4-hydroxyphenylpyruvate 

dioxygenase in the tyrosine catabolic pathway, is the gene responsible for tyrosinemia type 3 and autosomal 

dominant hawkinsinuria. In this study, HPD shows somatic mutations in five of 529 HCC cases (1%), four 

of which were at codon 241 leading to p.N241S missense mutation, a pathogenic mutation also found in 

hawkinsinuria. Another mutation hotspot was identified in FOXO1, a key transcription factor in insulin 

signaling, with three HCC cases showing mutations. In these, the mutation chr13:41240285G>C resulting 

in a p.S22W substitution was similar to the recurrent mosaic mutation seen in alcohol-related (ALD) and 

metabolic-associated fatty liver (MAFLD) diseases. Interestingly, six of these seven patients also had ALD 

or MAFLD. 

Interaction network analysis of these mutations and alterations in the 489 LICA-FR genomically 

independent HCC revealed five major clusters of cancer-associated driver gene alterations: (1) CTNNB1 

(30%) with TERT-ARID2-NFE2L2 or CDKN2A, (2) BAP1 mutations (5%) frequently associated with 

PRKACA amplifications/copy-number gains or PRKAR2A losses, (3) TP53 mutations (33%) often linked 

with TSC1/2 mutations or CCND1/FGF19 amplifications, (4) AXIN1 mutations (9%) frequently associated 

with inactivating alterations in ARID1A, RPS6KA3, or IRF2, and (5) CCNA2/E1 (5%) alterations often 

tied to RB1 and PTEN inactivating mutations (Figure 1A, Supplementary Data 5). Additionally, MYC 

amplifications/copy-number gains were mutually exclusive with CCNA2/E1 changes but not linked to 

specific genomic alterations. Notably, CTNNB1 mutations were significantly exclusive from the other four 

main clusters (TP53, BAP1, AXIN1, and CCNA2/E1). This exclusivity between CTNNB1 and 

BAP1/AXIN1/TP53 alterations may be due to higher-order antagonistic epistatic effects, while the 

interactions between CTNNB1 and CCNA2/E1, as well as between MYC amplifications/gains and 

CCNA2/E1, remain to be clarified (Supplementary Figure 3, Supplementary Data 6).  

Multi-omics integrated analyses identify 9 robust molecular HCC subtypes 

We integrated RNAseq transcriptomic profiles of 406 HCC from the LICA-FR cohort using t-distributed 

stochastic neighbor embedding (t-SNE) with the genomic features. In line with the above, we identified 
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homogenous transcriptomic clusters, all validated in external cohorts, driven by either (1) CTNNB1ex3 

mutations or APC biallelic mutations, (2) BAP1 biallelic alterations, (3) AXIN1 mutations, and (4) 

CCNA2/E1 alterations, whereas TP53-mutated HCC were interspersed in a cluster that includes non-TP53-

mutated tumors (Figure 1B, Supplementary Figure 4). It is worth noting that the AXIN1 cluster also included 

HCC with IRF2 biallelic alterations alone or in combination with AXIN1 mutations. In addition, we found 

a fifth HCC cluster related to HNF1A biallelic alterations (Figure 1B, Supplementary Figure 4). Among the 

CTNNB1ex3-HCC we identified, a sixth subtype (5% of the patients) consisted of 30 HCC from 27 patients 

containing TP53 and CTNNB1ex3 mutations that are usually exclusive in the vast majority of HCC (Figure 

1B).  

To characterize the immune profile of HCC, we applied the MCP-counter method19 (Figure 1C, 

Supplementary Figure 5a). HCC with high immune infiltrate were distributed along a gradient on the x-

axis of the t-SNE, as confirmed with the immune classifications developed by Montironi et al.16 and 

Thorsson et al.20 (Figure 1D and E). Then, we divided HCC without specific genomic alterations 

(Undetermined HCC) into two subtypes, UHot-HCC and UInterm-HCC, based on their immune infiltration 

levels using a centroid method that leveraged MCP-counter readouts (Figure 1B, Methods, Supplementary 

Figure 6a-e). We further validated this result by applying CosensusTME deconvolution (Supplementary 

Figure 6f). Also, the t-SNE plot was closely related to the previously described Boyault’s (G1-G6)13, 

Hoshida’s (S1-S3)14 and Chiang’s21 transcriptomic subgroups, as well as the Meunier’s methylation 

subgroup (M1-M7)15 (Figure 1F and G, Supplementary Figure 5b). Finally, similar clusters and 

relationships between different omics data were also observed in TCGA-LIHC/ICGC-JP/CN-Fudan 

external cohorts, reinforcing the robustness of the analysis using the present method (Figure 1H, 

Supplementary Figure 5c,f). 

Therefore, by integrating all the omics data, we classified HCC into 9 different robust molecular subtypes, 

all validated in 807 HCC from TCGA, ICGC-JP and CN-Fudan: (1) CTNNB1ex3/APC-HCC (25%), defined 

by CTNNB1 exon 3 mutation (or large in-frame deletion), or APC biallelic alterations, were related to 

G5/G6 transcriptomic, M5 methylation subgroups, Excluded and lymphocyte depleted immune subtypes, 

along with high protein expression of glutamine synthetase (GLUL), Axin-1 (AXIN1), AMPK-alpha 

(PRKAA1) and Bcl-xL (BCL2L1), (2) AXIN1/IRF2-HCC (11%), defined by inactivating AXIN1 mutations 

and/or IRF2 biallelic alterations, significantly associated with G1 transcriptomic subgroup, M2 methylation 

subgroup and Intermediate immune subtype, along with low protein expression of Axin-1 (AXIN1), (3) 

TP53+CTNNB1ex3-HCC (6%) defined by TP53 associated with CTNNB1ex3 mutations, significantly 

associated with G5/G6 transcriptomic subgroups and Excluded immune subtype, (4) BAP1-HCC (6%), 

defined by BAP1 biallelic alterations, significantly associated with G1 transcriptomic subgroup, M2 

methylation subgroup, Inflammatory and Wound healing immune subtypes, along with an increase in the 

expression of E-cadherin (CDH1), PKA C-alpha (PRKACA) and TGF-beta I/III (TGFB1/TGFB3), (5) 

CCNA2/E1-HCC (6%) defined by CCNA2 or CCNE1 genomic alterations by focal amplifications, 

HBV/AAV2 insertions, fusions or structural rearrangements, significantly associated with G2 

transcriptomic subgroup, M7 methylation subgroup and upregulation of NK cell, along with high 

expression of survivin (BIRC5) and Ki67 (MKI67) and low expression of cyclin D1 (CCND1), (6) HNF1A-

HCC (1%), defined by HNF1A biallelic alterations, related to lymphocyte depleted immune subtype, (7) 

TP53-HCC (21%) defined by TP53 mutations alone without mutations described above, related to G3 

transcriptomic subgroup and Intermediate and IFN-γ dominant immune subtypes, along with an increase 

of Ki67 (MKI67) and pyruvate kinase M1/2 (PKM), (8) UHot-HCC (17%), associated with G4 transcriptomic 

subgroup, M1 normal-like methylation subgroup, and immune like, immune active and inflammatory 

subtypes, along with an increase of jun-B (JUNB) and PTEN, (9) UInterm-HCC (8%), significantly associated 

with G4 transcriptomic subgroup and Intermediate immune subtype (Figure 1I, Supplementary Figure 5d, 

Supplementary Data 7,8). The enriched biological pathways and mutational signatures for each subtype 

were shown in Supplementary Figure 5e as we expected (Supplementary Data 7,9). 
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To further estimate the impact of subclonal mutations on this molecular classification, we repeated the 

subtype assignment using a variant allele frequency (VAF) threshold of 5% (previously 10%). Molecular 

subtyping for most HCC is stable, and only 9 out of 507 HCC (<2%) were reclassified: 8 Unclassified HCC 

were reclassified as 5 CTNNB1ex3/APC, 2 TP53 and 1 AXIN1/IRF2, one TP53-HCC was reclassified into 

AXIN1/IRF2 subtype. Five additional cases of HCC with subclonal CTNNB1 mutations were identified, 

suggesting a dynamic evolution of CTNNB1 mutations in these tumors. 

The CNA profiles across the whole genome for each subtype were visualized (Supplementary Figure 7). 

Generally, 1q copy-number gain was a common event, including in 60% of both UHot-HCC and UInterm-HCC 

despite their absence of common driver mutations. CTNNB1ex3/APC-HCC, HNF1A-HCC, UHot-HCC and 

UInterm-HCC had fewer CNAs, whereas other subtypes had distinct CNA profiles. Specifically, chromosome 

4q, 10q, 13q, 16q and 17p (TP53 locus) deletions were enriched in TP53-HCC, while 5q, 16p/q deletions 

were enriched in AXIN1/IRF2-HCC (adjusted-p<0.0001) (Supplementary Data 10). It is worth noting that 

the loss of 3p21 caused the deletion of both BAP1 and PRKAR2A in 85% of BAP1-HCC. 

We further characterized the functional activity of the two major dysfunctional pathways, TP53 and 

WNT/β-catenin, accounting for ~70% HCC. 

Modulation of the p53 activity in HCC 

To quantify the p53 activity, from 6 established p53 transcriptomic signatures based on human expression 

data, we generated a consensus p53 signature7,22 (Figure 2A, Methods, Supplementary Figure 8a-f). In our 

cohort of 406 HCC, in addition to cell cycle signaling, p53 score was also markedly correlated with DNA 

repair, fatty acid metabolism, hepatic differentiation and apoptosis (Supplementary Figure 8g), consistent 

with the complex and multiple roles of p53 in human cells.23 HCC with low p53 score were significantly 

associated with high chromosome instability, whole genome duplication (WGD), G3 transcriptomic 

subgroup, HBV infection, Aflatoxin B1 exposure, satellite nodules, advanced stage, high serum AFP, poor 

differentiation and large tumors (Figure 2A and B). As expected, a low p53 score was strongly correlated 

with TP53 mutations (p< 0.0001, Figure 2A). HCC with TP53 biallelic (n=129) or with monoallelic (n=12) 

mutations showed similar p53 inactivation; in contrast, HCC with mono-allelic p53 inactivation by loss of 

heterozygosity (LOH) showed a significantly decreased p53 activity compared to WT tumors (p< 0.001) 

but exhibited higher score compared to biallelic p53 inactivation, suggesting a dominant negative effect of 

the monoallelic TP53 mutations (p< 0.001, Supplementary Figure 9). Within HCC with biallelic TP53 

alterations, no significant relation was observed between the TP53 mutation type and the activity score 

(Supplementary Figures 9 and 10). In contrast, CTNNB1ex3/APC, UHot and UInterm HCC retained high p53 

activity (all the p< 0.05, Figure 2A), as well as HCC with IL6ST or HMBS mutations (Figure 2A). 

We further investigated whether certain driver genes could cooperate to modulate the functional activity of 

p53 in HCC. We identified that co-occurrences of TP53 with AXIN1 or RB1 mutations in HCC were 

associated with a lower p53 activity, suggesting that AXIN1 and RB1 could cooperate with TP53 mutations 

with an additive effect (Figure 2C). In contrast, CCNA2/E1, PTEN, CCND1-FGF19 and TSC1/2 alterations 

co-occurred with TP53 mutations but without an additive effect on the p53 activity (Figure 2C, 

Supplementary Figure 11a).  

Finally, BAP1 and IRF2-mutated HCC displayed a low p53 activity in the absence of TP53 mutations in 

our series and in the external cohorts of 727 HCC, suggesting that these two gene alterations could induce 

functional p53 inactivation (Figure 2C, Supplementary Figure 11b,c). For IRF2, which is known to bind to 

the p53 inhibitor MDM2, we previously demonstrated that IRF2 inactivation in the HepaRG cell line led to 

p53 functional inactivation.24 Here, in pan-cancer analysis, we confirmed that BAP1 biallelic alterations 

were also mutually exclusive with TP53 mutations (p< 0.0001, Supplementary Figure 11d), with decreased 

p53 activity in BAP1-mutated kidney renal clear (KIRC) and papillary cell carcinoma (KIRP) 

(Supplementary Figure 11e). Finally, in a liver cancer mouse model induced by Pten knockout, we 
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identified a strong p53 activity shutdown when Bap1 was silenced (p= 0.005, Figure 2D, Supplementary 

Figure 12). 

Heterogeneously increased WNT/β-catenin activity associates with CTNNB1, AXIN1, APC and TP53 

mutations 

To evaluate β-catenin activity, we used a set of 23 genes including 9 canonical CTNNB1 targets, 12 liver-

specific positive targets and 2 liver-specific negative targets compiled from Abitbol et al.25 We confirmed 

that mutations at amino acid position D32-S37, large in-frame deletions across exon 3, or multiple hits 

cause high increases in β-catenin activity; in contrast, mutations at amino acid position T41 and S45 were 

associated with moderate β-catenin activity, and mutations at exon 7/8 exhibited weak activity (Figure 3A, 

Supplementary Figure 13a)26 We found that APC biallelic alterations and AXIN1 mutations were also 

associated with ß-catenin activation with moderate-high or moderate-weak β-catenin activity, respectively 

(Figure 3A). The highest ß-catenin activation was strongly associated with CTNNB1ex3/APC and 

TP53+CTNNB1ex3 HCC subtypes with significantly higher levels in G6 compared to G5 transcriptomic 

subgroup (Figure 3B, Supplementary Figure 13b, p < 0.0001)13. Finally, we found higher β-catenin 

activities in TP53-mutated HCC even without CTNNB1, AXIN1 or APC mutations, and similar results were 

retrieved in the external cohorts of 727 HCC, suggesting that TP53 inactivation could directly or indirectly 

activate ß-catenin (Figure 3C). 

Co-occurring TP53 and CTNNB1ex3 alterations define a rare HCC subtype with poor prognosis 

In the rare HCC subtype with both TP53 and CTNNB1ex3 mutations (TP53+CTNNB1ex3 HCC), patients and 

tumors presented mixed features of CTNNB1ex3 and TP53-mutated HCC (Figure 4A). Indeed, at the 

clinicopathological and genomic level, TP53+CTNNB1ex3 HCC were enriched with HBV infection, more 

CNAs and high proportion of WGD/polyploidy as seen in TP53-mutated HCC, with a higher ratio of 

microvascular invasion (16/21, 76%), cirrhosis (19/27, 70%) and CCND1-FGF19 ampl (5/30, 17%) (Figure 

4A, Supplementary Data 11). However, at the transcriptomic level, TP53+CTNNB1ex3 HCC resembled 

CTNNB1ex3 HCC and mostly belonged to the G5/6 subgroups (Figure 1B, 1D, Figure 4A). Of note, the 

TP53+CTNNB1ex3 subtype was associated with poor prognosis in our series (Figure 4B), and was validated 

in external cohorts (Figure 4C). Furthermore, we established HCC mouse models to mimic these three 

subtypes using hydrodynamic tail-vein injection in the context of Myc over-expression (Figure 4D, 

Methods and Supplementary Figure 14a,b).27 We found MYC-luc;sg-p53;CTNNB1 mice developed larger 

HCC with a more aggressive phenotype compared with MYC-luc;sg-p53 or MYC-luc;CTNNB1 mice, 

characterized by marked cytologic atypia, necrosis, and microvascular invasion (Figure 4E-G and 

Supplementary Figure 14c-e). 

To understand the evolutionary history of TP53+CTNNB1ex3 HCC, we used the ability to time mutations 

relative to WGD events (Supplementary Figure 15a,16). Briefly, 16 of 27 TP53+CTNNB1ex3 HCC patients 

had WGD events. In 50% (8/16) of tumors with WGD, the timing difference of TP53 and CTNNB1 

mutations was determined, and in all 8 cases, TP53 mutations occurred before WGD while CTNNB1 

mutations occurred after. In the remaining 8 HCC, the timing of TP53 and CTNNB1 events was not possible 

to assess (Supplementary Figure 15a). 

To further explore the spatial and longitudinal evolution of these tumors, we constructed phylogenetic trees 

of 5 patients with TP53+CTNNB1ex3 HCC with paired primary and/or recurrent/metastatic tumors, 

highlighting diverse evolution patterns (Figure 5A, Supplementary Figure 15b and Supplementary Data 12). 

For patient #206, two synchronous tumors were genomically independent and only one tumor had TP53 

and CTNNB1 mutations arising before and after the WGD, respectively. For patient #4124, two independent 

tumors harbored different TP53 mutations arising before the WGD and only one of these tumors had 

CTNNB1 mutation arising after the WGD (Figure 5A). For patients #1756 and #2022, TP53 and CTNNB1 

mutations were shared across the primary tumors and relapses, but patient #1756 had an additional 

subclonal CTNNB1 mutation occurring in the primary tumor (Figure 5A and Supplementary Figure 15b). 
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For patient #2018, the TP53 mutation followed by a WGD event was shared in primary tumor and 

metastasis, then the CTNNB1 mutation appeared at the metastatic stage (Figure 5A). Interestingly, there 

was a transition of transcriptomic states from G4 subgroup to G6 subgroup. These results suggest that TP53 

alterations occur early during tumor evolution and prior to CTNNB1 mutation in most cases. Notably, the 

temporal order of TP53 and CTNNB1 mutations was confirmed by our high-order epistatic analyses in 489 

genomically independent HCC (Supplementary Figure 3). 

Furthermore, we found TP53+CTNNB1ex3 HCC had a higher level of CINscore and a greater frequency of 

WGD, and reduced immune infiltrate compared with TP53 HCC (Figure 5B). Thus, by integrating 

molecular and clinical features, we propose an evolutionary model for this subtype, where TP53 mutation 

is positively selected as the first hit to initiate the onset of HCC, mainly under HBV infection, followed by 

selection of CTNNB1 mutation as the second hit during tumor progression. The overall evolution process 

leads to high genomic instability, shifts in the transcriptomic state to G5/6 subgroup, decreases immune 

infiltrates and finally causes poor prognosis (Figure 5C). 

HNF1A biallelic inactivation reveals a rare homogenous HCC subtype developed on normal liver 

In this study we identified HNF1A HCC as a rare subtype carrying HNF1A biallelic inactivation, including 

7 HCC from 4 patients in LICA-FR cohort (Figure 1B) and 4 HCC in TCGA-LIHC cohort (Figure 1E, 

Supplementary Data 13), associated with a specific transcriptomic profile, particularly in genes controlled 

by HNF1A allelic status (FABP1, UGT2B7, DHRS2 and ANGPTL7) (Supplementary Figure 17a). In 

contrast, HNF1A monoallelic mutated HCC did not show any specific pattern (Supplementary Figure 4 and 

17a). No difference was found between HNF1A biallelic and monoallelic mutated HCC in terms of HNF1A 

mutation type or clonality (Supplementary Figure 17b-d). 

At the genomic level, no WGD occurred on these tumors (0/11, 0%, p< 0.05, Supplementary Figure 17e) 

and CNAs across the whole genome were lower compared with other HCC (CINscore: 0.12 vs. 0.46, p< 
0.0001). At the transcriptomic level, HNF1A-inactivated HCC mostly belonged to the G4 subgroup (p= 

0.023) and all were immune-cold HCC (11/11, 100%, p= 0.04). In addition, we found HNF1A-inactivated 

patients displayed uniform clinical characteristics, with enrichment of females (6/8, 75%, p= 0.0045), low 

or no fibrosis in the liver (8/8, 100%, p= 0.0005), older age at diagnosis (mean age: 69.6 yr, p= 0.027) and 

an absence of classical HCC risk factors (6/8, 75%, p= 0.0005). Besides, all these HCC belonged to 

clinically AFP-negative HCC (7/7, 100%, p= 0.015) and showed a good prognosis compared with other 

HCC (p= 0.025, Supplementary Figure 17f). Since HNF1A mutation is a major driver of hepatocellular 

adenoma, rare benign liver tumors usually developed in females with normal liver, HNF1A-mutated HCC 

are compatible with malignant transformation. However, only 2 out of the 8 patients had a hepatocellular 

adenoma lesion.  

Characterizing HCC subtypes with comprehensive clinicopathological and molecular features 

By analyzing the clinical features associated with each molecular subtype, we identified a specific 

distribution of the HCC risk factors. HBV infection was highly associated with the TP53-driven subtypes 

(TP53, TP53+CTNNB1ex3, and AXIN1/IRF2). In contrast, CTNNB1ex3/APC HCC was associated with 

alcohol consumption, and no specific association was observed with MASH or HCV infection (Figure 6A, 

Supplementary Figure 18a, Supplementary Data 14). Interestingly, the rare subtypes HNF1A, BAP1, and 

CCNA2/E1 were frequently associated with unusual patient features in HCC, with enrichment in females, 

low or no fibrotic liver, and younger age for BAP1 (Figure 6B-D, Supplementary Figure 18a,b). These 

results show that the natural history of the patient may influence the type of HCC they develop. 

AXIN1/IRF2 and BAP1 subtypes had higher serum AFP levels, while HNF1A and CTNNB1ex3/APC HCC 

had lower levels (Figure 6D). The tumor size was larger in CCNA2/E1 and BAP1 HCC and smaller in UHot 

HCC (Figure 6D). At the genomic level, TP53+CTNNB1ex3, AXIN1, BAP1 and TP53 HCC had higher 

CINscore and greater proportions of WGD events, whereas CTNNB1ex3, HNF1A and UHot HCC showed 
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lower values (Figure 6D). It is worth noting that CCNA2/E1 HCC had lots of focal copy-number segments 

although their overall CINscore was not high, consistent with the information from the CNA profile across 

the genome (Supplementary Figure 7). This is in accordance with the specific signature of replication stress-

induced structural variants leading to many breakpoints affecting short segments previously described in 

CCNA2/E1 HCC.12,28 All these associations were mostly validated in external cohorts (Supplementary 

Figure 19). 

Regarding immune profiling across the nine HCC subtypes, CTNNB1ex3/APC, TP53+CTNNB1ex3, and 

HNF1A HCC exhibited fewer immune infiltrates, whereas BAP1 and UHot HCC generally showed higher 

immune infiltrates (Figure 6D). BAP1 HCC displayed a higher abundance in endothelial cells and 

overexpressed VEGFR2/3 compared with other HCC subtypes (Supplementary Figure 20a,b). It also 

presented the second-highest tertiary lymphoid structures (TLS) signature score, following UHot HCC, 

consistent with histological analyses that confirmed BAP1 HCC and UHot HCC were enriched in TLS 

(Supplementary Figure 18a). Moreover, HNF1A HCC had elevated LAG3 expression compared with other 

HCC subtypes, suggesting this subtype might be responsive to anti-LAG3 therapy (Supplementary Figure 

20b). 

Finally, we systematically assessed the prognosis of each subtype. The 9 subtypes had different long-term 

outcomes (Supplementary Figure 18c,d). We confirmed UHot HCC was also associated with good prognosis 

in both LICA-FR cohort and external cohorts (Figure 6E and F, disease-specific survival, p< 0.0006 and 

p< 0.02), whereas CCNA2/E1 HCC was associated with poor prognosis (Supplementary Figure 18e, 

disease-specific survival, p=0.012).  
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Discussion 

In the present study, we refined the molecular HCC classification in 9 robust subtypes based on cancer 

driver gene mutations and transcriptomic profiling. These HCC molecular subtypes are strongly related to 

molecular and clinical features, and they were validated in large external cohorts including Western and 

Eastern HCC populations. All data can be easily explored interactively at our shiny website  https://zucman-

lab.shinyapps.io/hccsubtype/. This molecular classification sheds light on the major mechanisms of 

oncogenesis with their interplay in human HCC, and provides new tools to develop precision care for 

patients (Figure 7). 

In this study, we showed that multi-omic integration in a large set of HCC associated with various etiologies 

is powerful to better understand the mechanisms of tumorigenesis in the liver. Our comprehensive analysis 

revealed the functional roles of the two major oncogenic pathways in HCC driven by ß-catenin and p53, 

usually in an exclusive mode. It has also enlightened how oncogenic specific pathways can cooperate within 

the same tumor with fundamental consequences on cell differentiation and proliferation and their impact 

on the natural history of each HCC subtype. In the evolution of the tumors, cooperation between p53 

inactivation and ß-catenin activation is particularly demonstrative in humans and mice, leading to more 

aggressive tumors related to very poor prognosis. Here, we also demonstrated that AXIN1 loss can induce 

a weak β-catenin activity and decrease functional p53 activity. Additionally, we observed that monoallelic 

TP53 mutations may exert a dominant-negative effect, as they had similar low p53 activity as biallelic TP53 

mutations. Nevertheless, we cannot exclude two alternative explanations: (i) the presence of subclonal 

biallelic lesions below the detection limit of bulk DNA sequencing (e.g., a fraction of ≤ 20%); and (ii) the 

contribution of exogenous risk factors, particularly a possible synergistic interaction between HBV 

infection and AFB1 exposure, in modulating p53 activity. These observations underline the dynamic 

evolution of the tumor cells identified at the single-cell and spatial levels in HCC.29–31  

Understanding inter-tumor heterogeneity is important for developing more precise therapies for patients. In 

the context of curative treatments, since prognosis is highly related to the specific subtype, the prescription 

of different types of curative treatment or new schemes, including adjuvant systemic therapies, could vary 

for the extreme molecular profiles associated with the best survival (UHot, 75% at 5 years) compared to the 

worst survival (TP53+CTNNB1ex3, 25% at 5 years).  

A precise molecular classification is indeed required to develop the proof of concept that HCC could be 

treated tailored to their genomic/transcriptomic features (Figure 7).32 Overall, our in-depth immune analyses 

suggested BAP1 HCC and UHot HCC were most likely to benefit from current immunotherapy. Additional 

analyses and results from clinical trials are required to include immune signatures predicting response to 

immunotherapy in our integrated HCC classification. Besides, several therapeutic strategies have been 

investigated for treating BAP1-mutated tumors, including tazemetostat33 (an EZH2 inhibitor) and 

niraparib34 (a Poly (ADP-ribose) polymerase (PARP) inhibitor). For other subtypes, alternative strategies 

may be required. CTNNB1ex3/APC subtype HCC are difficult to treat since they are frequently immune-cold 

and less proliferative. Recently, a pre-clinical study from Rialdi et al.35 found that CTNNB1-mutated HCC 

had a specific vulnerability on EZH2 and identified a novel multi-kinase inhibitor, WNTinib, which inhibits 

the tumor growth of this HCC subtype in both human and murine models, showing unprecedented 

therapeutic prospects. In the present work, we showed that p53 exhibited a biallelic inactivation in most 

TP53-mutated HCC. An important therapeutic strategy to consider for this subtype could be based on 

restoring the WT p53 activity. In this line, Xiao et al.36 restored WT p53 expression via a CXCR4-targeted 

TP53 mRNA nanoparticle in HCC mouse models with p53 deficiency, achieving a good anti-tumor effect. 

Additionally, TP53-inactivating HCC cell lines and mouse models were also sensitive to alisertib37,38, an 

Aurora A kinase inhibitor. Moreover, two co-occurring alterations in this TP53-subtype, MET 

amplifications and TSC2 inactivation, displayed hypersensitivity to tepotinib9,39 (a MET inhibitor) and 

everolimus32 (a mTOR inhibitor) in clinical trials, respectively. Also, the MEK inhibitor trametinib could 

be an option in RPS6KA3 inactivation.40 In the same line, PARP inhibitors could be proposed for CCNA2/E1 
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HCC since they exhibit a genome instability signature similar to that of BRCA1-mutated breast cancer12. 

Additionally, BLU-222 (a CDK2 inhibitor) could be an alternative candidate.41 More studies using cutting-

edge techniques, including genome-scale CRISPR screens and mRNA-based cancer therapeutics, are 

needed to specifically identify the therapeutic targets for each subtype.  

The present molecular classification also provides innovative insights and strategies to identify potential 

biomarkers to improve the diagnosis and follow-up of patients with HCC. Among them, a critical issue to 

solve is the lack of increased AFP detected in the serum in ~40% of patients with HCC, which is closely 

related to the lack of AFP gene expression by the tumor according to specific subtypes.42,43 This is 

particularly important for the CTNNB1ex3/APC subtype, which represents 30 to 40% of HCC in Western 

countries for which serum AFP is usually negative. In this line, we must search for new secreted tumor 

biomarkers in specific HCC subtypes.    

Beyond the classical cancer driver genes altered in HCC and the common HCC subtypes associated with 

either CTNNB1ex3/APC, TP53, or AXIN1/IRF2, we also identified the important role of cancer driver genes, 

involved frequently (CTNNB1, ß-catenin) or rarely (HPD, HMBS, HNF1A, FOXO1) in liver metabolic 

pathways. Overall, HCC with metabolic pathway alterations tended to occur more frequently in females, 

without cirrhosis, and they were more frequently associated with good prognosis. These metabolic 

pathways could serve as promising therapeutic targets, following a recent study showing that a loss of HPD 

promotes HCC development via AMPK/mTOR pathway inhibition in mice.44 

In comparison with other types of cancers, the use of molecular classifications of liver tumors is currently 

limited by two main challenges: (1) the availability of the tumor biopsies, and (2) the need to demonstrate 

therapeutic efficiency guided by the molecular subtypes. To overcome these limitations in the future, we 

must demonstrate in clinical trials of patients with HCC how homogeneous subgroups of patients will 

benefit from specific therapies. Several proofs of concept have already been provided in patients resistant 

to first-line systemic treatments, in particular to target MET amplification by tepotinib or TSC1/2 mutations 

by mTOR inhibitors.32,45 Also, the feasibility and safety of liver tumor biopsies and molecular analyses to 

guide treatment have been proven.32,46 Molecular analyses to predict response to immunotherapy in clinical 

trials are also expected to identify patients who will benefit from more precise care.  

This study also had several limitations. First, this study attempted to integrate multi-omics data from the 

genome, epigenome, transcriptome, and proteome to better characterize HCC, and very strong relations 

were identified across the molecular HCC-subtypes. However, the associations between HCC subtypes and 

proteomic features should be interpreted with caution, as they have not been validated in an external series 

due to the limited number of common antibodies used across different cohorts. Second, at the genomic level, 

structural variations were not fully captured in two-thirds of the tumors sequenced in WES without WGS 

data. More comprehensive datasets will help us to more precisely recapitulate molecular features in tumors 

and further reveal tumor heterogeneity in the future. Third, the evolutionary model we proposed for 

TP53+CTNNB1ex3 subtype primarily focused on the timing of TP53 and CTNNB1 mutations, together with 

genomic and transcriptomic changes at the bulk level. Single-cell omics could further decipher and validate 

the clonal evolution of TP53 and CTNNB1 mutations. 

In conclusion, our study offers the largest homogeneous HCC dataset with comprehensive genomic and 

clinical annotations to date, which will support clinical implementation and help identify more effective 

therapeutic targets in HCC. 
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Methods 

Clinical cohorts 

A large series of 529 hepatocellular carcinoma (HCC) samples (LICA-FR cohort) obtained from surgical 

resections or tumor biopsies were collected from France (n = 479), Spain (n = 9) and Italy (n = 41). The 

study was approved by institutional review board committees (CCPPRB Paris Saint-Louis IRB00003835) 

and written informed consents for all patients were acquired in accordance with legislation. Tumors and 

corresponding non-tumor counterparts were frozen in liquid nitrogen immediately and stored at -80 °C. 

Clinicopathological data of this series were summarized in Supplementary Data 1. 

Besides, we constructed external merged cohorts of 807 HCC from public liver cancer cohorts with 

available genomic and/or transcriptomic data as the validation cohort, including 365 HCC from The Cancer 

Genome Atlas (TCGA-LIHC cohort)7, 283 HCC from International Cancer Genome Consortium Japanese 

cohort (ICGC-JP cohort)6,47 and 159 HCC from Chinese Fudan university (CN-Fudan cohort).8 727 out of 

807 HCC had transcriptomic data (Supplementary Data 1). Mixed hepatocholangiocarcinoma and 

cholangiocarcinoma were excluded from these cohorts. 

Genomic sequencing and Somatic mutation calling 

A total of 529 tumors and paired non-tumor tissues were sequenced by WGS (n = 116, comprising 74 

previously published and 42 new cases) or WES (n = 413, comprising 353 previously published and 60 

new cases), and Sanger or MiSeq sequencing was additionally performed to detect TERT promoter 

mutations on samples without WGS as previously described9–12,24,48–50. MuTect2 was used to call somatic 

mutations from WGS and WES data by comparing each tumor sample with its matched non-tumor 

counterpart or a panel of normals (PON) file. To improve specificity in the calling of mutations with low 

variant allele frequency (VAF), we quantified the number of high quality variant reads in the tumor 

(mapping quality ≥ 20, base quality ≥ 20) and the number of variant reads in the non-tumor sample with no 

quality threshold using bamreadcount (https://github.com/genome/bam-readcount). Only variants matching 

the following criteria were retained: VAF ≥ 2 % in the tumor with ≥ 3 variant reads, VAF ≤ 5% in the non-

tumor samples with ≤ 2 variant reads, and a VAF ratio ≥ 5 between the tumor and non-tumor sample.  

Pathogenicity annotation for mutations 

Only pathogenic variants were retained in the subsequent analysis except driver gene detection. Specifically, 

truncating mutations (nonsense variants, frameshift variants), splice variants and in-frame variants were 

kept. For missense mutations, only variants predicted as (probably) damaging variants in at least one of two 

tools (SIFT and PolyPhen2) were kept. For TP53 variants, we additionally considered the annotations from 

UMD_TP53 Mutation Database51. 

Viral insertion screening 

For each tumor, HBV and AAV2 insertions were screened as previously described52,53. Simply, we 

integrated the results from viral capture, WGS, WES, or RNA-seq if the data is available. Only clonal 

insertions were considered using the same definition from Péneau et al.53. There is no new AAV2 insertion 

events found in our series (Supplementary Data 4). 

Compilation of liver cancer driver genes 

First, we integrated mutation data from our cohort and 6 public cohorts (Supplementary Data 1), with totally 

2228 HCC samples.4–7,54,55 For multiple tumors from the same patient, only genetically independent HCC 

samples were included. To avoid potential artifacts, noise, different sequencing depth across the large-scale 

cohorts, only mutations with VAF ≥ 10% were included to analyze. MutSig2CV v3.156 was used to detect 

driver genes which consists of three independent statistical tests including abundance, clustering and 

conservation. 53 genes with q value ≤ 0.1 were regarded as significantly mutated. For these genes, we 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 
 

 

filtered out genes with mutation frequency in our series < 1% or not expressed in liver tissues (95th TPM 

percentile < 0.3). Then, if genes are annotated as cancer driver genes in Cancer Gene Census from COSMIC, 

we considered them as HCC driver genes. For genes not annotated as driver genes in COSMIC, we checked 

mutational spectrums, coding sequencing length and relative literature for each gene carefully in order to 

avoid artifacts. Besides, we manually curated 10 genes as driver genes (CCND1, FGF19, CCNE1, CCNA2, 

MET, MYC, APC, KMT2D and PRKACA and PRKAR2A), which have been considered common driver gene 

in COSMIC cancer gene census or proven to shape HCC phenotype in previous studies9,10,12,24,27. Finally, a 

total of 44 HCC driver genes were determined (Supplementary Data 2). The selection effect sizes of driver 

gene mutations in HCC were quantified using cancereffectsizeR.57 

Detection of large in-frame deletions on CTNNB1 exon 3 

CTNNB1 large in-frame deletions were screened in WGS, WES and RNA-seq data using dedicated 

approaches, as previous described58. Specifically, MANTA software59 was applied to identifying structural 

variations spanning CTNNB1 region in WGS and WES data (with the --exome option), with the following 

parameters to increase sensitivity: minEdgeObservations = 2, minScoredVariantSize = 10. For RNA-seq, 

we analyzed the junctions.bed output files from TopHat260 to identify abnormal junctions involving 

CTNNB1 exons 3 or 4. We also screened for paired reads with one mate in exon 2 and the other in exon 3/4, 

and an abnormally long insert size, greater than the mean insert size of the library + 1 standard deviation. 

Finally, our LICA-FR cohort was thoroughly reviewed and 12 samples were found to have CTNNB1 large 

deletions, while raw RNA-seq data was acquired and analyzed for TCGA-LIHC cohort and 4 samples have 

CTNNB1 large deletions. In addition, Sanger or MiSeq sequencing was additionally performed to detect 

this event in 353 HCC with available samples, as previously described (Supplementary Data 15).9,26 

Allele-specific copy number analysis and structural rearrangement analysis 

We used FACETS algorithm61 (version 0.6.1) to infer tumor purity, ploidy and allele-specific absolute copy 

number profile on WGS and WES using different parameters. Specifically, single nucleotide 

polymorphisms (SNP) count matrices for tumor and non-tumor tissue were obtained by applying snp-pileup 

on bam files (parameters: -q15; -Q20; -P100; -r20,0). We used preProcSample to generate log-R-ratio (LRR) 

and B Allele Frequency data from SNP matrices (parameters on WGS: cval = 35, snp.nbhd = 200, ndepth 

= 20; parameters on WES: cval = 25, snp.nbhd = 250, ndepth = 30), ProcSample (parameters on WGS: cval 

= 350, min.nhet = 5; parameters on WES: cval = 150, min.nhet = 5) to estimate the 2-copy state and emcncf 

(min.nhet = 5) to obtain allele-specific copy number profiles. Focal CNA events (segment length ≤ 10 Mb) 

were determined using the following criteria: if the total copy-number of segments is equal to 0, they are 

considered homozygous deletions; if the total copy-number of segments is greater than or equal to ploidy 

plus 5, they are considered focal amplifications. In addition, we also calculated the log ratio of the sequence 

coverage in each tumor and paired non-tumor liver and then conducted circular binary segmentation 

algorithm from R package DNAcopy62 to identify high-level CNA events, as previous described.11 Each 

focal CNA events involved in driver genes were manually checked in the copy-number profile.  

We applied MANTA software59 to identify somatic SVs in WGS data as previously described.58 To keep 

the most reliable events, we only selected SVs supported by ≥ 15 reads and with a VAF ≥ 10% in the tumor 

and ≤ 1 variant read in the non-tumor counterpart. 

Orthogonal validation of tumor purity from copy-number profiles 

In this study, we had 61 samples with both WGS and WES data, and we found the ploidy and purity derived 

from WGS and WES are consistent, suggesting the robustness of Facets (Supplementary Figure 21a,b). 

Besides, we estimated the tumor purity based on mutations. We reasoned that the VAFs of clonal mutations 

should reflect the tumor purity and should be compatible with the results derived from copy number solution. 

We applied TPES tool in our cohort, which used clonal monoallelic single-nucleotide variants (SNVs) 

within diploid genomic regions to infer the tumor purity.63 In general, we found the purity obtained from 
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Facets and TPES are quite concordance (Supplementary Figure 21c). In addition, we performed an 

alternative orthogonal validation analysis using targeted sequencing (Miseq) to assess the tumor purity in 

33 samples. For each tumor, one clonal driver mutation (TP53, CTNNB1, AXIN1, BAP1, or HNF1A) was 

selected according to the clonal peak identified in the WGS/WES data, and sequenced with a minimum 

depth of 200x and an average depth of 847x. Then, the purity was calculated based on the following formula: 

purity =
2 ×  VAF

VAF ×  (2 −  nMut −  nWT)  + nMut
 

where nMut denotes the mutant allele copy-number and nWT denotes the non-mutant allele copy-number 

in the tumor. The results derived between Facets and Miseq are consistent (Supplementary Figure 21d, 

Supplementary Data 16).  

Moreover, we expected that tumor purity would be associated with the abundance of non-malignant 

components in HCC samples. Consistent with this, we found the purity estimated from Facets was 

negatively associated with immune infiltration inferred from RNAseq data (Supplementary Figure 21e). 

Co-occurrence, mutual exclusivity, and higher-order epistasis analyses 

For the analysis of co-occurrence and mutual exclusivity among driver gene alterations, we used one-sided 

fisher’s exact test with Benjamini-Hochberg correction. Then, we applied the algorithm developed by 

Alfaro-Murillo et al.64 for higher-order epistasis analysis. Briefly, this method is based on a continuous-

time Markov chain model, allowing the estimation of evolutionary trajectories and fluxes using the 

distribution of somatic genotypes within the cohort. The antagonistic or synergistic epistatic effects were 

defined as cases in which the presence of a given somatic genotype substantially reduced or increased the 

evolutionary flux toward acquiring another somatic mutation, compared with the flux from the wild-type 

genotype. We adopted a conservative approach, considering such effects only if the flux value was greater 

than the upper confidence interval or less than the lower confidence interval of fluxes from the wild-type 

genotype. 

Clonality analysis and whole genome duplication 

Clonality analysis was performed as previously described48. Simply, the cancer cell fraction (CCF) for all 

somatic mutations calculated from VAF was estimated using a binomial distribution and maximum 

likelihood estimation. Mutations were considered as clonal if the upper boundary of the 95% confidence 

interval was > 0.95, and subclonal otherwise.  

We used the algorithm from Dewhurst et al.65 to identify WGD status. Simply, a simulation test was 

conducted to calculate the probability that an observed copy-number profile could be produced from 

successive and independent copy-number gains and losses. In tumors with WGD, mutations were further 

timed relative to WGD using a conservative approach adapted from previous studies66,67. Specifically, 

clonal mutations were classified as early if the major allele in a given segment (MCN) ≥ 2 and mutant copy 

number ≥ 1.75 while late clonal mutations were regarded as those with MCN ≥ 2 and mutant copy number 

≤ 1.25. Clonal mutations which could not be timed were classified as untimed including clonal mutations 

in regions with total copy number = 3 and mutant copy number ≤ 1.25, while all subclonal mutations were 

considered to have arisen after WGD. The timing of WGD was calculated based on the fraction of mutations 

occurring after WGD compared to the sum of before and after WGD68. 

Mutational signature and phylogenetic tree reconstruction 

We used Palimpsest69 to fit 10 known liver-related single base substitutions (SBS) signatures from Letouzé 

et al.48 in our series. For patients with only one sequenced sample, we used function 

palimpsest_plotTumorHistories from Palimpsest to construct the natural history of tumors. For patients 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 
 

 

with multiple tumor samples, we reconstructed phylogenetic trees as previously described.58 Specifically, 

we used a Bayesian Dirichlet process in multiple dimensions70 to identify clusters of mutations with a 

similar CCF distribution across related samples in each patient, which would be assigned to the different 

branches of the phylogenetic tree. The phylogenetic tree was then manually reconstructed by organizing 

branches to fit the observed clonal composition across related samples in each patient. Driver mutations 

were annotated on the trees and the contribution of mutational process on each branch was quantified using 

Palimpsest. 

RNA sequencing and transcriptomic analysis 

RNAs were extracted from 406 tumors and 51 non-tumor tissues (including 135 new cases), and sequencing 

libraries were generated using Illumina TruSeq or Illumina TruSeq Stranded mRNA kit and sequenced by 

IntegraGen (Evry, France) on an Illumina HiSeq 2000 or 4000 paired-end 75 bp or 100 bp reads as described 

previously.12 Fastq files were aligned to the reference human genome GRCh38 using TopHat2.60 We 

removed reads mapping to multiple locations and used HTSeq71 to obtain the number of reads associated 

with each gene in the Gencode v27 database, restricting reads to protein-coding genes, pseudogenes, 

antisense and lincRNAs (n = 58288). We used the Bioconductor DESeq2 package72 to import raw HTSeq 

counts for each sample into R statistical software and applied variance stabilizing transformation (VST) to 

the raw count matrix to obtain an expression matrix without variance-mean dependence. TPM scores 

(transcripts per kilobase million) were calculated by normalizing the count matrix for the coding length of 

each gene and the library size. We used the area under the ROC curve (AUC) to identify and remove genes 

with a significant batch effect (AUC > 0.95 between one sequencing project and others). The same method 

was also used to remove batch effect for external series across three projects (TCGA-LIHC, ICGC-JP and 

CN-Fudan). 

We applied t-distributed stochastic neighbor embedding (t-SNE) to transcriptomic profiles as previous 

described.12 2000 most variably expressed genes were selected, and 1 minus the weighted Pearson 

correlation coefficient was used as the distance measure. Pairwise Pearson correlation was calculated using 

the wtd.cors function of the weights R package. We used standard deviation substracted by minimum 

standard deviation of selected 2000 genes as the weight, giving more variable genes greater influence. The 

resulting distance matrix was used to perform the t-SNE analysis using the R package Rtsne73 with default 

parameters except the following: theta = 0, is_distance = T, pca = F, max_iter = 2000. Then tumors were 

annotated with mutation status of 44 driver genes and allelic status was further checked on tumor suppressor 

genes (TSGs) in t-SNE plot.  

To examine whether the batch effect has been minimized, we first checked the t-SNE plots annotated with 

RNAseq projects before and after batch effect correction (Supplementary Figure 22a,b). We could find that 

a specific technical cluster driven by project PJ1204037 has been corrected. Furthermore, we performed 

principal variance component analysis (PVCA), which quantifies the variability of sources (biological, 

technical or other) in a given dataset, to estimate the batch effects before and after the correction. From the 

following bar plot, we could find that the weighted average proportion of variance attributed to RNAseq 

projects decreased from 11.4% to 4.5% (Supplementary Figure 22c,d). In general, the distribution of tumors 

with WES or WGS were evenly distributed across HCC subtypes shown in the t-SNE and bar plots 

(Supplementary Figure 22e-g). 

Gene fusion detection 

Gene fusion detection was performed as previously described58. We used TopHat2 to detect fusions (--

fusion-search --fusion-min-dist 2000 --fusionanchor-length 13 --fusion-ignore-chromosomes chrM), 

TopHatFusion-post algorithm to filter and FusionInspector to validate74. Only fusions validated by BLAST, 

with at least 10 split-reads or read pairs spanning the fusion event, and an FFPM (Fusion Fragments Per 

Million reads) ≥ 0.1 were kept. Fusions identified recurrently in a cohort of 36 normal liver samples were 
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removed, involving genes with inconsistent orientations, noncoding genes and putative read-through 

transcripts. Finally, fusion events involved in driver genes were manually checked. 

DNA methylation array 

We performed Illumina InfiniumHumanMethylation450 BeadChip arrays to obtain the methylation profile 

on 259 HCC and 35 non-tumor liver (including 3 new cases) as previously described15,75. For most cases in 

LICA-FR and TCGA-LIHC cohorts, methylation M1-M7 subgroup annotations were obtained from 

Meunier et al..15 Annotations for the new included cases were generated using the same pipeline.15 

Reverse-phase protein array 

RPPA was performed as previously described.38 A total of 126 antibodies targeting total and phosphorylated 

protein were analyzed on the 182 HCC and 25 non-tumor liver according to the protocol. All primary 

antibodies used in RPPA have been previously tested by Western Blotting to assess their specificity for the 

protein of interest. Raw data were normalized for fluorescent background per spot and a total protein stain 

using Normacurve.76 Then, each RPPA slide was median centered and scaled (divided by median absolute 

deviation). Next, we corrected for remaining sample loadings effects on each array by individually adjusting 

the dependency of the data on the median value of each sample across all the arrays using a linear 

regression.38 After quality control, one tumor #734T was excluded from the RPPA analysis due to the low 

intensity across all the antibodies (Supplementary Data 16). 

Immune profiling and identification of immune hot/cold subclass  

Microenvironment cell population-counter (MCP-counter) method19 was performed on RNA-seq data to 

describe the immune profile of HCC using the gene list after filtering out genes expressed in hepatocytes.10 

Based on the abundance of 5 immune cell types, we classified our LICA-FR cohort into immune-hot and 

immune-cold classes using centroid method (Supplementary Figures 4a-e). Specifically, we ran consensus 

K-means clustering using Euclidean distance and Ward.D2 linkage method from the R package 

ConsensusClusterPlus with K values ranging from 2 to 8 (reps=1000, pItem=0.8, pFeature=0.8). After 

examining the delta area plot, the consensus matrix, and the consensus clustering heatmap under different 

k-value conditions, the optimal number of clusters was determined to be 5, and subsequently, the centroids 

of the immune hot and cold were also identified (Supplementary Figure 4b,c). According to the cosine 

distance to immune hot/cold centroids, we assigned other HCC into immune hot/cold classes 

(Supplementary Figure 4d). For HCC with qRT-PCR data only, we curated a list of 18 genes so that MCP-

counter method can be also performed on qRT-PCR data (Supplementary Data 17). Using the same samples 

as centroids, we further classified the remaining HCC without RNA-seq data into immune hot/cold classes 

(Supplementary Figure 4e). Additionally, we also performed ConsensusTME method to characterize the 

immune profile to validate the results from MCP-counter.77 Previously established immune-related 

signatures were collected to characterize the HCC immune profiles (Supplementary Data 18). 

Annotations with previously established HCC molecular classifications 

MS.liverK R package78 was conducted to predict HCC transcriptomic subgroups for samples with RNAseq 

data available and a combination of 16-gene list was used to predict Boyault’s G1-G6 classifications for 

samples with only qRT-PCR data13. Immune subgroups from Montironi et al.16 were also applied in our 

cohort following the description of original literature. Immune subtypes from Thorsson et al.20 were 

performed using ImmuneSubtypeClassifier R package. 

Integration of multi-omics and definition of nine HCC molecular subtypes 

To better reflect the current mutation status and characterize the predominant driver mutations within each 

tumor, we raised the VAF threshold to 10% for driver mutations used to identify HCC subtypes. 
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The omics data from different layers were first analyzed independently. We then used the distribution of 

tumors in the t-SNE plot derived from RNA-seq data as a surrogate for HCC phenotype (Figure 1B). On 

this t-SNE plot, we incorporated information from other layers to annotate the tumors, including genome 

(genomic alterations), epigenome (M1M7 methylation classifications), and immune profiles. By manually 

examining the relationship between genomic alterations and RNA-seq clusters on the t-SNE plot, together 

with prior biological knowledge, we found that the phenotypes of seven HCC subtypes were primarily 

shaped by HCC driver mutations (Supplementary Figure 4). There was a great consistency between 

genomic alterations and RNA-seq clusters. Therefore, these seven HCC subtypes were defined directly by 

driver mutations. The remaining UHot and UInterm HCC were defined according to the level of immune 

infiltration using the annotation from immune hot or cold subclasses. The detailed definition was shown in 

the Results section, “Multi-omics integrated analyses identify 9 robust molecular HCC subtypes”. For 

certain tumors harboring multiple driver mutations, we classified them into specific subtypes based on the 

clustering pattern observed in the RNA-seq t-SNE plot, following the priority order: HNF1A > CCNA2/E1 > 

BAP1 > TP53+CTNNB1ex3 > CTNNB1ex3/APC > AXIN1/IRF2 > TP53. Once the nine HCC subtypes were 

established, other data from additional layers such as methylation and immune classifications were used to 

assess their enrichment within these subtypes. 

Construction and evaluation of wild-type p53 activity signature 

To reduce the overfitting to our RNA-seq data, we decided to use established p53 signatures from literature 

to estimate wild-type (WT) p53 activity. Specifically, we collected 6 p53 transcriptomic signatures 

developed on human tissues.7,22,79–82 Then, we checked the overlap of target genes between each signature, 

evaluated the correlation between different signature scores and took into account the score ranges and the 

number of targets genes included in each signature. Finally, we selected two signatures from TCGA 20177 

and Donehower et al.22 that had low overlap of target genes, similar score range and high correlation to 

generate our consensus score (Supplementary Figure 6a-f).  

TCGA pan-cancer cohorts 

Pan-cancer mutation data (mc3.v0.2.8.PUBLIC.maf.gz) was downloaded from 

https://gdc.cancer.gov/about-data/publications/pancanatlas, allelic-specific copy-number profiles were 

downloaded from GDC website (https://portal.gdc.cancer.gov) using TCGAbiolinks R package83, and 

RNAseq data (GDC-PANCAN.htseq_fpkm-uq.tsv.gz) was downloaded from Xena website 

(https://xenabrowser.net/datapages/). Only samples with available genomic (mutations and copy-number 

profiles) and transcriptomic data were included. Samples flagged with quality control issues were further 

excluded according to the file “merged_sample_quality_annotations.tsv”. Finally, 9007 patients were used 

in the analysis after removing patients from TCGA-LIHC cohort. 

Mouse model of liver cancer 

MYC-luc;sg-p53, MYC-luc;CTNNB1 and MYC-luc;sg-p53;CTNNB1 mice: For validation of 

TP53+CTNNB1ex3 HCC, we exclusively examined male mice because HCC exhibits a strong male 

predominance in both human and experimental models, including all three subtypes examined here. 

C57BL/6J male mice were purchased from Janvier Laboratories at 5 weeks of life and housed in a 

temperature-controlled environment with 12-hour-light/dark cycles. All animals had free access to water 

and standard diet (R04-10, Safe), providing 60% carbohydrate, 3% fat and 16% protein in terms of energy. 

After one week, 6-weeks-old C57BL/6J mice underwent plasmid delivery via hydrodynamic tail-vein 

injection.84 pT3-EF1a-MYC-IRES-luciferase (pT3-MYC-luc), pCMV-SB13, px330-sg-p53 and pT3-N90-

CTNNB1 plasmids were kindly provided by Dr. Amaia Lujambio (Icahn School of Medicine at Mount Sinai, 

New York, NY).27,85 pCMV-SB13, a vector expressing SB13 transposase, is required to integrate the 

transposon-based vector into the genomic DNA of hepatocytes. Plasmid productions were made by 
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platform in Institut de Psychiatrie et Neurosciences de Paris (IPNP). A volume of 2 mL of saline dilution 

containing the appropriate plasmid concentration was hydrodynamically injected through the tail vein with 

a 26-G needle at a rate of 0.4 mL/s. MYC-luc;sg-p53 mouse received 2.5μg of pCMV-SB13, 12μg of pT3-

MYC-luc and 10μg of px330-sg-p53. MYC-luc;CTNNB1 mouse received 2.5μg of pCMV-SB13, 12μg of 

pT3-MYC-luc and 10μg of pT3-N90-CTNNB1, MYC-luc;sg-p53;CTNNB1 mouse received 2.5μg of pCMV-

SB13, 12μg of pT3-MYC-luc and 5μg of px330-sg-p53 and 5μg of pT3-N90-CTNNB1. All animal 

procedures were performed at the CFE animal facility (Paris, France) in accordance with the guidelines of 

the French Ministry of Research and the ‘Direction départementale de la protection des populations’ (DDPP, 

Paris, France). Experimental protocols were approved by the Institutional Animal Care and Use Committee 

(IACUC) and the Ethics Committee for Animal Experimentation No. 005 (Comité d’éthique en 

expérimentation animale Charles Darwin) under ‘Autorisation de Projet utilisant des Animaux à des Fins 

Scientifiques’ (APAFIS) authorization #35532-2022022118422179. The maximal tumour burden 

permitted by the institutional ethics committee was a cumulative tumour volume of 1.2 cm³. This threshold 

was not exceeded in any of the experiments conducted in this study. H&E staining was performed to 

describe the major histological features across three mouse models. Mice were euthanized if they exhibited 

severe clinical symptoms, including >20% body weight loss, persistent lethargy, hunched posture, rough 

hair coat, impaired ambulation, respiratory distress, or high tumor burden as assessed by IVIS 

bioluminescence imaging, exceeding predefined ethical thresholds. 

Pten-/-;Bap1-/- and Pten-/-;Bap1wt/wt mice: For validation of the role of BAP1 in functional TP53 inactivation, 

we used female mice considering female patients constitute the majority in this HCC subtype. 7-weeks-old 

female C57BL/6N mice were purchased from Charles River Laboratories. Each group contains five mice. 

At 8 weeks of age, mice underwent hydrodynamic tail-vein injection with approximately 2 mL of sterile 

saline solution (equivalent to 10% of body weight) containing the appropriate plasmid DNA concentration. 

For Pten and Bap1 gene disruption, mice received 20 μg of px330-sg-Pten and 20 μg px330-sg-Bap1; To 

achieve Pten gene disruption alone, 20 μg of px330-sg-Pten was delivered hydrodynamically, with px330-

sg-GFP replacing px330-sg-Bap1 as the control plasmid. Mice were palpated twice a week to monitor 

tumor formation. Mice were sacrificed at humane endpoints: for the Pten-/-;Bap1-/- group, this was between 

20-40 weeks post-injection, whereas Pten-/-;Bap1wt/wt mice without sgBap1 were sacrificed at around 1 year, 

as only sporadic tumor nodules were observed at this time. All animal experiments were conducted in 

compliance with the regional regulations and with the approval of the regional board (Regierungspräsidium 

Karlsruhe, Germany), under the permit number: EP-Z160I02, G-178/16-01, G-270/16, G-283/16, A-23/17, 

G-70/20, and G-81/20. Mice were examined weekly, and daily when any sign of distress appeared. The 

termination criteria required immediate humane euthanasia if animals showed apathy, motor abnormalities, 

ascites, significant weight loss (around 20%), or an unphysiological posture. Additional liver-specific 

criteria included visibly enlarged abdomen, palpable tumor mass associated with pain, ascites, jaundice, 

constipation, or bloody feces. The maximal tolerated tumor burden was therefore defined by these clinical 

criteria rather than by absolute size, and in our experiments the permitted tumor burden was not exceeded. 

The success of CRISPR/Cas9-mediated editing was validated using T7 endonuclease I assay and 

immunochemistry for the targeted protein with the subsequent RNAseq conducted at the Genomics and 

Proteomics Core Facility of the DKFZ.86 

Bioluminescence detection 

Luciferase was quantified by bioluminescence at different time points. For this purpose, mice were 

anesthetized under isofluorane (ISO-VET®, 100% - 1000mg/g) in an induction chamber (TEMSEGA, 

Minihub® V2.1) and injected with 100μl of D-luciferine i.p. (Thermo Scientific) at a concentration of 30 

mg/mL. Mice were placed in the imaging chamber of a IVIS Lumina II (Caliper Life Sciences). A color-
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scale photograph of the animals was acquired, followed by a bioluminescent acquisition. Regions of interest 

were drawn over the animal image, as well as over regions of no signal, which were used as background 

readings. Light intensity was quantified using photons/s. The color-scale photograph and data images from 

all studies were superimposed using Living Image software. 

Western blotting 

Western blot was performed as previously described.87 The antibodies used for western blot analysis 

included, p53 antibody (Cell Signaling Technology, rabbit monoclonal, cat#32532), Beta catenin antibody 

(BD Biosciences, mouse monoclonal, cat#610154), and HSC-70 antibody (Santa Cruz Biotechnology, 

mouse monoclonal, cat#7298). 

Statistics & Reproducibility 

All analyses were performed using R (version 4.1, http://www.R-project.org) or GraphPad Prism (version 

5). Generally, wilcoxon’s rank-sum test, two-sided fisher’s exact test or 2 test was applied for intergroup 

comparisons according to the type of variable. For some variables, we used a trend test or Student’s t-test, 

as specifically mentioned in the text or figure legend. Survival analysis was performed using Kaplan-Meier 

method and log-rank test. A p value < 0.05 was considered statistically significant.  No statistical method 

was used to predetermine sample size. No data was excluded from the analysis. The experiments were not 

randomized, and the investigators were not blinded to allocation during experiments and outcome 

assessment. 

Data availability 

The sequencing data of the LICA-FR cohort reported in this paper have been deposited to the EGA 

(European Genome-phenome Archive) database (WGS accessions: [EGAS00001007957] [https://ega-

archive.org/studies/EGAS00001007957], [EGAS00001007694] [https://ega-

archive.org/studies/EGAS00001007694], [EGAS00001002408] [https://ega-

archive.org/studies/EGAS00001002408], [EGAS00001002888] [https://ega-

archive.org/studies/EGAS00001002888], [EGAS00001003837] [https://ega-

archive.org/studies/EGAS00001003837], [EGAS00001004629] [https://ega-

archive.org/studies/EGAS00001004629], [EGAS00001005629] [https://ega-

archive.org/studies/EGAS00001005629], [EGAS00001005986] [https://ega-

archive.org/studies/EGAS00001005986]; WES accessions: [EGAS00001007957] [https://ega-

archive.org/studies/EGAS00001007957], [EGAS00001007694] [https://ega-

archive.org/studies/EGAS00001007694], [EGAS00001000217] [https://ega-

archive.org/studies/EGAS00001000217], [EGAS00001000679] [https://ega-

archive.org/studies/EGAS00001000679], [EGAS00001001002] [https://ega-

archive.org/studies/EGAS00001001002], [EGAS00001003063] [https://ega-

archive.org/studies/EGAS00001003063], [EGAS00001003130] [https://ega-

archive.org/studies/EGAS00001003130], [EGAS00001003837] [https://ega-

archive.org/studies/EGAS00001003837], [EGAS00001004629] [https://ega-

archive.org/studies/EGAS00001004629]; RNAseq accession: [EGAS00001007957] [https://ega-

archive.org/studies/EGAS00001007957], [EGAS00001007694] [https://ega-

archive.org/studies/EGAS00001007694], [EGAS00001001284] [https://ega-

archive.org/studies/EGAS00001001284], [EGAS00001002879] [https://ega-

archive.org/studies/EGAS00001002879], [EGAS00001003310] [https://ega-

archive.org/studies/EGAS00001003310], [EGAS00001003837] [https://ega-

archive.org/studies/EGAS00001003837], [EGAS00001004629] [https://ega-

archive.org/studies/EGAS00001004629], [EGAS00001005986] [https://ega-

archive.org/studies/EGAS00001005986]). The DNA methylation data have been deposited to the Gene 
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Expression Omnibus database (accession number: GSE157341 

[https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE157341] and GSE56588 

[https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE56588]). RPPA data has been attached in 

Supplementary Data 8 and was also available on figshare (https://doi.org/10.6084/m9.figshare.30927281). 

All processed molecular data could be also downloaded from our shiny website 

(https://zucmanlab.com/hccsubtype/). The ways to download public data were shown in Supplementary 

Data 1. Source data are provided with this paper. 

Code availability 

The data was generated as described in the Methods part. All the packages used to generate the results are 

public and available freely. The code to reproduce the principal figures was archived on Zenodo 

(https://doi.org/10.5281/zenodo.17236540) under GNU General Public License. 
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Figure legend: 

Figure 1. Definition of 9 molecular subtypes by integrating genomic and transcriptomic data in 

LICA-FR Cohort. (A) Interaction network of HCC driver gene alterations in 489 genomically independent 

HCC sequenced by WES or WGS. p value was calculated using one-sided fisher’s exact test and adjusted 

using Benjamini-Hochberg method. (B) t-SNE plot of 406 HCC RNAseq samples annotated by driver gene 

mutations. Each dot represents one tumor. (C) Representation on the 406 HCC RNAseq t-SNE plot of the 

total immune infiltrates and individual immune cell population including T cell and NK cell using MCP-

counter19. (D-G) t-SNE plots of 406 HCC RNAseq samples annotated by: (D) immune subgroups 

(Montironi et al.16), (E) immune subtypes (Thorsson et al.20), (F) transcriptomic subgroups (Boyault et al.13), 

and (G) methylation subgroups (Meunier et al.15). Small grey dots represent HCC without methylation data. 

(H) t-SNE plot depicting distinct transcriptomic clusters shaped by driver gene clusters in TCGA-

LIHC/ICGC-JP/CN-Fudan external cohorts (n = 727). Using the same annotations as in (B). (I) Molecular 

characterization of the 9 molecular HCC subtypes. WGS, whole genome sequencing; WES, whole exome 

sequencing; t-SNE, t-distributed stochastic neighbor embedding. a, p value was calculated using two-sided 

wilcoxon’s rank-sum test or fisher’s exact test, and was adjusted using Benjamini-Hochberg method within 

each feature (details in Supplementary Data 14). b, Total immune infiltrates and 6 cell types were assessed 

by MCP-counter tool18. $, not mutated for CTNNB1, AXIN1, CCNA2/E1, BAP1, HNF1A, IRF2. $$, biallelic 

alterations; TIIs, total immune infiltrates. ****, adjusted p< 0.0001; ***, adjusted p< 0.001; **, adjusted 

p< 0.01; *, adjusted p< 0.05. 

 

Figure 2. Modulation of functional wild-type p53 activity in HCC. (A) Association of p53 activity score 

(on the top) with genomic instability, HCC subtypes, driver gene somatic alterations, transcriptomic 

subgroups13 and clinical features (two-sided Wilcoxon’s rank-sum test). 51 non-tumor liver (NTL) are 

represented on the left and 406 HCC from LICA-FR cohort on the right. (B) Association of p53 activity 

score with clinical features including BCLC stage, serum AFP level, Edmonson grade, and tumor size using 

one-sided Jonckheere’s trend test. (C) Analysis of the p53 activity score according to cancer driver 

mutations revealed that gene alterations in AXIN1, RB1, CCNA2/E1, PTEN, BAP1 an IRF2 are associated 

with low p53 activity score in HCC. Cooperation and additive effect with TP53 alterations were identified 

for either AXIN1 or RB1 mutations. No additive effect with TP53 alterations was identified for CCNA2/E1, 

PTEN, BAP1 or IRF2 alterations. p value was calculated using two-sided Wilcoxon’s rank-sum test. (D) 

Validation of the effect of Bap1 knock-out on p53 activities in Pten-/- liver tumor mouse model (two-sided 

Student's t-test). Each point represents one tumor tissue from one different mouse. Source data are provided 

as a Source Data file. Boxplots (panels B-C) show the median (center line), 25th, and 75th percentile (lower 

and upper boundary). The whiskers extend to the minimum and maximum values within 1.5× the 

interquartile range. CNA, copy-number alteration; WG, whole genome; AFB1, aflatoxin B1; FA, focal 

amplification; HD, homozygous deletion; SV, structural variation; BCLC, barcelona clinic liver cancer; M, 

mutated; NM, not mutated; NTL, non tumor liver; ****, p< 0.0001; ***, p< 0.001; **, p< 0.01; *, p< 0.05. 

ns, not significant. 

 

Figure 3. Functional WNT/ß-catenin activity score is related to CTNNB1, AXIN1, APC and TP53 in 

HCC LICA-FR cohort. (A) Association of ß-catenin activity score (see Methods) with CTNNB1 mutations 
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at different positions (exon7/8, S45, T41, multiple hits, inframe exon 3 deletion and D32-S37), AXIN1 and 

APC mutations in RNAseq data of 406 HCC. n, number of samples; ****, p = 6.76e-08; **, p = 0.01. (B) 

Association of ß-catenin activity score (on the top) with HCC subtypes, transcriptomic subgroups13 and 

driver gene alterations. 51 non-tumor liver (NTL) are represented on the left and 406 HCC from LICA-FR 

cohort on the right. #, G6 transcriptomic subgroup versus G5 subgroup. ****, ####, p< 0.0001; **, p< 0.01. 

(C) Upregulation of ß-catenin activity score in TP53-mutated HCC in both LICA-FR and external cohorts. 

Left panel: **, p = 0.007; *, p = 0.016. Right panel: **, p = 0.001. Statistical analysis: p value was calculated 

using two-sided Wilcoxon’s rank-sum test in (A), (B) and (C). Source data are provided as a Source Data 

file. Boxplots (panels A, C) show the median (center line), 25th, and 75th percentile (lower and upper 

boundary). The whiskers extend to the minimum and maximum values within 1.5× the interquartile range. 
$$, biallelic inactivation; M, mutated; NM, not mutated; NTL, non-tumor liver; n, number of samples. 

Figure 4. Co-occurring TP53 and CTNNB1 exon 3 mutations define a rare subtype of HCC with poor 

prognosis. (A) A summary plot showing the correlation between clinicopathological and molecular features 

and each HCC subgroup (TP53+CTNNB1ex3 HCC (n=30), TP53WTCTNNB1ex3 HCC (n=122), 

TP53mutCTNNB1WT HCC (n=144)) compared to TP53WTCTNNB1WT HCC (n=233) in LICA-FR cohort (two-

sided Wilcoxon’s rank-sum test or fisher’s exact test, details in Supplementary Data 20). (B) Kaplan-Meier 

plot showing progression free survival (PFS) or disease specific survival (DSS) according to HCC subgroup 

(TP53+CTNNB1ex3 HCC, TP53WTCTNNB1ex3 HCC, TP53mutCTNNB1WT HCC, TP53WTCTNNB1WT HCC) in 

LICA-FR cohort. TP53+CTNNB1ex3 HCC is associated with poor PFS and DSS. p-value was calculated by 

log-rank test. (C) Associations of TP53+CTNNB1ex3 HCC with poor PFS and overall survival were 

validated in TCGA/ICGC-JP/CN-Fudan external cohorts. (D) Experimental scheme to reproduce HCC 

molecular subtypes in mice using hydrodynamic injection with different combinations of plasmids (see 

Methods, ref.86) to inactivate Trp53 (px330-sg-p53), activate -catenin (pT3-N90-CTNNB1) and express 

MYC (pT3-MYC-luc). pCMV-SB13, a vector expressing SB13 transposase, is required to integrate the 

transposon-based vector into the genomic DNA of hepatocytes. (E) Representative images of tumor 

development obtained with in vivo imaging system (IVIS) in different HCC models over time. IVIS data 

were unavailable for mice that have been euthanized due to high tumor burden. (F) The mean value and 

standard deviation of bioluminescence intensity in the liver among different HCC models over time (one-

way ANOVA analysis). Source data are provided as a Source Data file. Data are presented as mean values 

+/- SEM. (G) Kaplan-Meier plot showing overall survival of the mice according to the different HCC 

models. The red line represents MYC-luc;sg-p53 mice; The blue line represents MYC-luc;CTNNB1 mice; 

The slate green line represents Myc-luc;sg-p53;CTNNB1 mice. #, median survival time. p-value was 

calculated by log-rank test. Myc-luc;sg-p53;CTNNB1 vs. MYC-luc;sg-p53, p= 0.0004; Myc-luc;sg-

p53;CTNNB1 vs. MYC-luc;CTNNB1, p= 0.0001; n.s., not significant. 

 

Figure 5. Clonal evolution of TP53+CTNNB1ex3 HCC. (A) Spatial and longitudinal evolutions were 

reconstructed for 4 HCC patients with primary tumors and/or relapses/metastases using phylogenetic trees. 

Basic information of tumors/patients including geographic origin, etiology, metavir fibrosis score (F0-F4), 

age at sampling, treatment history and transcriptomic subgroup13 (G1-G6) is shown. Branch lengths are 

proportional to the total number of mutations, and branches to the left of the dashed lines represent clonal 

events, whereas those to the right indicate subclonal events, with a color code indicating the contribution 

of each mutational signature. Driver mutations were assigned to specific branches and were additionally 

timed if samples have WGD events. (B) CINscore, frequency of whole genome duplication, and immune 

infiltrate score (calculated by MCP-counter19) were compared across the three HCC subgroups: CTNNB1ex3, 

TP53-mutated and TP53+CTNNB1ex3. Median values are indicated on “CINscore” and “Frequency of 
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whole genome duplication”. ****, p = 1.84e-09; ***, p = 0.0005; **, p = 0.003; *, p = 0.045. One-sided 

Jonckheere’s, One-sided Cochran-Armitage and two-sided wilcoxon’s rank-sum tests were used to compare 

“CINscore”, “Frequency of whole genome duplication”, and immune infiltrate respectively. Source data 

are provided as a Source Data file. (C) Scheme of evolutionary model for TP53+CTNNB1ex3 HCC. WGD, 

whole genome duplication; CINscore, chromosome instability score; cnLOH, copy-neutral loss of 

heterozygosity; WGS, whole genome sequencing; WES, whole exome sequencing. SBS, single base 

substitutions. TACE, transarterial chemoembolization.  

 

Figure 6. Correlation between HCC subtypes with clinicopathological and molecular features. (A) 

Distribution of HCC subtypes according to risk factors, (B) gender, (C) fibrosis score and Edmondson 

grade. (D) Difference of HCC subtypes in age at sampling, serum AFP level (ng/ml), tumor size (cm), total 

immune infiltrate score calculated by MCP-counter19, CINscore, number of copy-number segments and 

frequency of whole genome duplication. The median value of features in each HCC subtype is represented. 

Source data are provided as a Source Data file. (E) Kaplan-Meier plot showing UHot HCC (pink) compared 

to all the other subtypes (grey) is associated with good progression-free survival and disease-specific 

survival in LICA-FR cohort. (F) Kaplan-Meier plot showing UHot HCC is associated with good-progression 

free survival and overall survival in TCGA-LIHC/ICGC-JP/CN-Fudan external cohorts. Statistic analysis: 

The Kruskal-Wallis test and two-sided Chi-squared test were used to calculate p value for continuous 

features and categorical features in (A), (B), (C) and (D), respectively. p value was calculated by log-rank 

test in (E) and (F). HBV, hepatitis B; HCV, hepatitis C; MASH, metabolic dysfunction-associated 

steatohepatitis. 

 

Figure 7. Integrated nosology of hepatocellular carcinoma. Only significant associations with clinical 

and molecular features were shown in the plot. *, transcriptomic subgroups are derived from Boyault et al. 

(G1-G6)13, Hoshida et al. (S1-S3)14 and Chiang et al. (five classes: CTNNB1, Proliferation, Interferon, Poly 

7, and Unannotated)21, and methylation subgroups are derived from Meunier et al. (M1-M7)15. Immune 

subgroups derived from Montironi et al.16 included Immune active, immune exhausted, Immune-like, 

Intermediate and Excluded. Immune subtypes derived from Thorsson et al.20 included wound healing, IFN-

γ dominant, inflammatory, lymphocyte depleted, immunologically quiet and TGF-β dominant. Immune 

infiltrate score was calculated using MCP-counter19. Dark red line represents p53 activity score, purple line 

represents β-catenin activity score and pink line represents immune infiltrate score. #, potential and 

promising strategies are selected after extensive literature searching regardless of cancer types.  
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Editor Summary: 

Precision oncology for hepatocellular carcinoma (HCC) remains challenging due to the high diversity of 

HCC at the clinical and molecular levels. Here, the authors employ an integrative multi-omics approach 

to identify and characterize nine molecular subtypes and explore their biological and clinical significance 

via p53/WNT scoring, immune infiltration analyses, and in vivo models. 

Peer Review Information: 

Nature Communications thanks Alexander Scheiter and the other anonymous reviewers for their 

contribution to the peer review of this work. [A peer review file is available.] 
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LICA-FR cohort with R0 resection
TP53WTCTNNB1ex3 TP53+CTNNB1ex3TP53WTCTNNB1WTTP53mutCTNNB1WTA B

C

FDR <0.0001
FDR <0.001
FDR <0.01
FDR <0.05

FDR <0.0001
FDR <0.001
FDR <0.01
FDR <0.05

Negative
association

Positive
association

TCGA/ICGC-JP/CN-Fudan external cohorts with R0 resection
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A
# of mutations

3000
(WGS)

# 206, Europe, HBV, F4 (WES)

TSC1

TP53X32_splice

+ cnLOH
TERTp CTNNB1D32G

WGD

P1

# 4124, HBV, F4 (WES)

TP53R249S

+ cnLOH CTNNB1S37A
untimed: HNF1A(monoallelic)

TP53K291Ifs*57

+ cnLOH
AXIN1
ACVR2A

untimed:
TERT ampl

CCND1-FGF19 ampl

untimed:
CCND1-FGF19 ampl (common event)

WGD

WGD

Transcr.group
G1

P: primary tumor
R/R’: intrahepatic relapse
EM: extrahepatic metastasis

G3
G5

G2
G4
G6

Sample type

Mutational signatures
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SBS6

SBS12
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SBS22
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Clonality
Clonal Subclonal
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P1

P2
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pattern in timed available cases:
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(major risk factor)

First hit: TP53 mutation
disrupted p53 pathway

Second hit: CTNNB1 mutation
activated WNT/β-catenin pathway

Higher genomic instability
Switching to G5/6 transcr. subgoup
Decreasing immune infiltrates
Poor prognosis

Evolutionary model
for TP53+CTNNB1ex3 HCC
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A B C

D

FE LICA-FR cohort with R0 resection TCGA-LIHC/ICGC-JP/CN-Fudan cohorts with R0 resection

n=475 n=717

Gender
p = 1.1e-15

p = 5.5e-9 p = 2.5e-6 p = 9.7e-20 p = 1.1e-16 p = 3.5e-6p = 0.0006

p = 9.1e-12

HNF1A (1%)

BAP1 (5%)
CCNA2/E1 (5%)

AXIN1/IRF2 (11%)

UInterm (10%)
UHot (18%)

TP53+CTNNB1ex3 (6%)

CTNNB1ex3/APC (24%)
TP53 (20%)

Common HCC subtype

Rare HCC subtype

Unclassified HCC

Fibrosis score Edmondson
grade

p = 1.2e-13 p = 8.1e-8
Risk factors
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14%
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HCV
n=69

Alcohol
n=105
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n=44 n=79
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etiology
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29%
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TERT
NFE2L2

ARID2
HMBS

HBV
53%

Transcriptomic
Methylaltion
Subgroups*

Genetic
alterations

Molecular
subtypes

Candidate therapeutic
strategies#

CTNNB1ex3/APC
~25%

TP53
~21%

AXIN1/IRF2
~11%

TP53+CTNNB1ex3

~6%

BAP1
~5%

CCNA2/E1
~5%

HNF1A
~1%

UHot

~17%

UInterm

~8%

TSC1/2
MET

RSP6SKA3
ARID1A

PRKAR2A 
loss

PTEN
RB1

PRKACA 
ampl/gain G1

M2
S1

G3
Proliferation
S1

G2
M7

G5/6
M5
CTNNB1
S3

G4
Unannotated

G4
M1
Interferon
Unannotated
S1

G5/6
M5
CTNNB1

Inter-
mediate

Excluded

Inter-
mediate

Excluded

Immune 
active/like

No risk
factor

69%

Alcohol
37%

No risk
factor

75%

Small
tumor

size

Large
tumor

size

Large
tumor

size

Female
65%

Female
40%

Female
75%

Major clinical features Molecular score
p53/β-catenin/
Immune score

p53 mRNA nanoparticleRef.32

AURKA inhibitor (TP53)Ref.33,34

MET inhibitor (MET)Ref.9,35

mTOR inhibitor (TSC2)Ref.30

PARP inhibitors (CCNA2/E1)Ref.25

CDK2 inhibitorRef.39

WNT inhibitorRef.31

EZH2/PARP inhibitor 
(BAP1)Ref.37,38

Immunotherapy Ref. this study

MEK inhibitor (RPS6KA3)Ref.36

High 
AFP

Good 
prognosis

Poor 
prognosis

Low 
AFP

Proliferation HCC, chromosome instability

Immune 
subtypes

Mean score

CCND1
-FGF19

G1
M2
Proliferation
S2

Poly 7

0 1

Non-proliferation HCC, chromosome stability

Protein
expression

E-Cadherin
PKA C-

TGF-1/3

Survivin
Ki67

Ki67
PKM2

JunB
PTEN

Glutamine 
synthetase

Axin1
AMPK 

Bcl-xL

ImmunotherapyRef. this study

Inter-
mediate

Inflam-
matory

IFN-γ
dominant

Wound
healing

Lymphocyte 
depleted

Lymphocyte 
depleted

Inflam-
matory


