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A B S T R A C T

Hepatocellular Carcinoma (HCC) is a serious primary solid tumor that is prevalent worldwide. 
Due to its high mortality rate, it is crucial to explore both early diagnosis and advanced treatment 
for HCC. In recent years, multi-omics approaches have emerged as promising tools to identify 
biomarkers and investigate molecular mechanisms of biological processes and diseases. In this 
study, we performed proteomics, phosphoproteomics, metabolomics, and lipidomics to reveal the 
molecular features of early- and advanced-stage HCC. The data obtained from these omics were 
analyzed separately and then integrated to provide a comprehensive understanding of the disease. 
The multi-omics results unveiled intricate biological pathways and interaction networks under
lying the initiation and progression of HCC. Moreover, we proposed specific potential biomarker 
panels for both early- and advanced-stage HCC by overlapping our data with CPTAC database for 
HCC diagnosis, and deduced novel insights and mechanisms related to HCC origination and 
development, such as glucose depletion during tumor progression, ROCK1 deactivation and 
GSK3A activation.

1. Introduction

Hepatocellular Carcinoma (HCC) is the most common form of liver cancer and originates in hepatocytes. It is often associated with 
various liver diseases, such as cirrhosis or chronic hepatitis B or C infection [1–3]. HCC is now one of the most lethal cancer-induced 
diseases worldwide [4,5], and patients in developing countries have an average survival time of only a few months after clinical 
diagnosis via traditional medical imaging strategies, although there has been significant improvement in HCC survival rates in recent 
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years [6]. Due to its heterogeneity, complexity, and malignancy, both early diagnosis and intervention for HCC remain challenging. 
Although molecular characterization of HCC tissue is increasingly important, alpha-fetoprotein (AFP), a glycoprotein produced by the 
fetal liver, is the only commonly used serum biomarker for the early screening test [7,8]. The elevated levels of the isoform AFP-L3 are 
more specifically associated with hepatocellular carcinoma (HCC) compared to total AFP levels [9]. In addition to the AFP family, 
PIVKA-II (Protein Induced by Vitamin K Absence or Antagonist-II), also known as Des-gamma carboxy prothrombin, serves as an 
additional diagnostic tool for the diagnosis and monitoring of HCC [10]. Other current diagnostic methods for HCC include traditional 
imaging techniques such as CT scans, ultrasound, and MRI [2,11], as well as the GALAD scoring system, which incorporates clinical 
parameters to assess the risk of HCC [12]. Also, there is an overuse of the current diagnostic testing, which may lead to potential harm 
from unnecessary follow-up testing or treatment, and patient anxiety or stress due to false positive results. In the same vein, different 
studies use their own definitions of overuse, making it challenging to directly compare assessments of similar procedures. In contrast to 
diagnosis, the intervention methods for HCC often depend on the disease stage, which is classified as stages I to IV using the TNM 
(Tumor, Nodule & Metastasis) cancer staging system [4,11,13]. The cancer stage is a crucial parameter used to describe the tumor’s 
growth and spreading.

Surgical resection and liver transplantation are commonly used to treat early-stage HCC, while radio ablation and systemic therapy 
are frequently used to treat advanced-stage HCC [3,4,14–17]. For example, Sorafenib, the first multikinase inhibitor agent approved by 
the Food and Drug Administration (FDA), has significantly improved the survival of HCC patients [17,18]. However, its efficacy is 
limited by side effects, low response rates, and the development of drug resistance [18,19]. Another pitfall is the lack of international 
agreement on low-value service definitions and standardized assessment methods, which hinders consistent evaluation and com
parison of treatments across studies. Although many other targeted and combinational therapies are in rapid development and Phase 
III clinical trials [20,21], a better understanding of the molecular mechanisms underlying HCC origin and progression is still needed to 
guide interventions.

Multi-omics integration is an emerging approach that combines high-throughput data from genomics, transcriptomics, proteomics, 
metabolomics, and lipidomics to provide a comprehensive understanding of HCC. Genomic and transcriptomic studies, which are 
based on whole-genome sequencing and RNA-seq or microarray assays, have identified numerous genetic alterations and dysregulated 
gene expression patterns associated with HCC [22,23]. Mass spectrometry-based proteomics can identify differentially expressed 
proteins in HCC-related cells or tissues compared to normal cells or tissues. Early proteomic work mostly focused on identifying 
prognostic biomarkers in serum or tumor tissue samples [24], while recent research has employed proteomics, phosphoproteomics, 
and AI-based data interpretation to uncover more mechanisms underlying HCC development and progression. These cutting-edge 
approaches have facilitated the identification of novel therapeutic targets, including Sterol O-acyltransferase 1 (SOAT1), Src family 
kinases, Proliferating Cell Nuclear Antigen (PCNA), Cyclin-Dependent Kinase 1 (CDK1), Fibroblast Growth Factor Receptor 4 (FGFR4), 
and Microfibril Associated Protein 5 (MFAP5), offering promising avenues for targeted intervention in HCC treatment [25–30].

Proteogenomic characterization is a multi-omics strategy that integrates genomic, transcriptomic, and proteomic data. It has 
emerged as a valuable approach in cancer research, providing biological and diagnostic insights [31]. For example, Gao et al. per
formed a proteogenomic study using 159 paired HBV-related HCC tissues and identified PYCR2 and ADH1A as two prognostic bio
markers. Similarly, Ng et al. used proteogenomic analysis to reveal dysregulation of Wnt-β-catenin, AKT/mTOR, and Notch pathways 
in HCC [32,33]. In addition to genomics, transcriptomics and proteomics, metabolomics and lipidomics are alternative tools for 
investigating biomarkers and therapeutic targets of HCC at the level of the final products of genes and proteins.

Compared to lipidomics, the metabolomic approach primarily focuses on hydrophilic metabolites, particularly those involved in 
central metabolism pathways. In addition to the well-known Warburg effect, which is a general characteristic of cancer cell meta
bolism, HCC exhibits a distinct metabolite profile compared to other cancers. Previous studies have shown that metabolic molecules 
involved in glycolysis, the TCA cycle, amino acid metabolism, and bile acid metabolism are disrupted in association with HCC [34–36]. 
Lipidomics is a complementary approach to metabolomics that primarily profiles endogenous hydrophobic compounds. Numerous 
studies have shown that alterations in phospholipid, sphingolipid, β-oxidation, and ketone body biosynthesis in HCC cells or tissues 
contribute to the initiation and development of the disease [37,38]. Recently, more sets of combinational biomarkers for premalignant 
liver disease have been identified and summarized using metabolomic and lipidomic approaches [39].

Multi-omics studies offer considerable advantages over traditional methodologies by addressing complex biological systems and 
providing a holistic understanding of disease pathogenesis. However, these approaches are not without their challenges. A primary 
concern is the underrepresentation of racial and ethnic diversity in multi-omics datasets, often due to the logistical difficulties asso
ciated with global sample collection. Consequently, the findings may not be generalizable across all populations. Additionally, the 
requirement for large sample sizes increases the risk of false positives, a concern that is particularly pronounced in studies involving 
early-stage tissues, where standardized assessment protocols are lacking. Such limitations can lead to the inadvertent exclusion of 
dysregulated molecules during statistical analysis. To mitigate these issues, it is crucial to implement strategies that include 
comprehensive assessment of sample provenance, refinement of data preprocessing techniques, and benchmarking against centralized 
data repositories like Clinical Proteomic Tumor Analysis Consortium (CPTAC). These measures are essential for enhancing the 
robustness and applicability of multi-omics research findings.

Numerous studies have been conducted to identify specific patterns associated with hepatocellular carcinoma (HCC) disease using 
single or multiple omics approaches. However, most studies have focused on early diagnosis and treatment, and research on advanced- 
stage HCC remains insufficient. To address this gap, we employed a multi-omics approach, including quantitative proteomics, 
phosphoproteomics, metabolomics, and lipidomics, to investigate differential patterns between early- and advanced-stage HCC tu
mors. We compared our results with CPTAC database and integrated the multi-omics data using QIAGEN Ingenuity Pathway Analysis 
(IPA), revealing the complexity of the pathway network during tumor progression. These findings not only provide valuable insights 
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into liver cancer biology but also demonstrate the feasibility of integrating multi-dimensional information from macro biomolecules, 
protein translational modification, and small compounds.

2. Materials and methods

2.1. Clinical sample collection and study cohort

All patients involved in this study provided informed consent for biobank recruitment at Shulan (Hangzhou) Hospital. Both tumor 
and normal tissues adjacent to the tumor (NAT) samples were procured from hepatocellular carcinoma (HCC) patients during surgical 
procedures. These samples were carefully sectioned into pieces ranging from 0.3 to 0.8 cm3 using a scalpel. Following extraction, the 
fresh samples were promptly frozen and preserved in liquid nitrogen prior to sample processing. Ethical clearance was granted by the 
Research Ethics Committee at Shulan (Hangzhou) Hospital.

The diagnosis of HCC was confirmed either through histopathological examination or by adhering to established imaging criteria. 
The clinical stage of the disease was subsequently ascertained based on the TNM cancer staging system. The study encompassed 14 
pairs of HCC and corresponding non-tumor liver tissue samples. Half of these pairs were derived from patients diagonosed with early- 
stage (TNM stage I, characterized by a solitary tumor of ≤2 cm with no vascular invasion), while the remining pairs were from patients 
with advanced-stage (TNM stage III & IV, marked by a solitary tumor of ≥2 cm or multiple tumors, vascular invasion, and in certain 
instances, distant metastasis). The statistical characteristics of patients with early-stage and advanced-stage HCC are depicted in 
Table 1.

All tissue samples were ground and homogenized using a cryogenic grinder (SPEX 6875 Freezer/Mill) and divided into four parts by 
weight: 3 mg for proteomic experiments, 80 mg for phosphoproteomic experiments, 50 mg for metabolite extraction, and 50 mg for 
lipid extraction.

2.2. Reagents, protein, metabolite, lipid extraction and phosphopeptide enrichment

All the detailed information was provided in Supplementary Information (SI) part. Briefly, all the main reagents used in this study 
were from Sigma, Promega, Thermo Fisher, etc. Protein, metabolite and lipid were exacted by RIPA buffer, 80 % methanol and Methyl 
tert-butyl ether (MTBE) from the ground tissue, respectively. Protein was digested by trypsin overnight and further labeled by TMT 
regent for proteomics, phosphopeptide was enriched by IMAC Fe-NTA and TiO2.

2.3. LC-MS/MS methods and data pretreatment

The TMT-labeled peptides were separated using a Thermo Vanquish Neo integrated nano-HPLC system directly interfaced with a 
Thermo Exploris 480 mass spectrometer equipped with FAIMS Pro. The enriched phosphopeptides were analyzed using a Bruker Nano 
Elute HPLC system directly interfaced with a Bruker timsTOF Pro 2 mass spectrometer. Both metabolomic and lipidomic analyses were 
performed using an Agilent 1290 Infinity HPLC system coupled to an Agilent 6545 Q-tof mass spectrometer with an electrospray ion 
source operating in both positive and negative ion modes. The detailed information can be found in SI part.

Quality control (QC) runs were collected using a pooled mixture derived from all samples and several parameters including peak 
width, total ion current chromatogram, and precursor mass accuracy were examined to assess data quality of each sample. Samples 
exhibiting significantly low TIC values or signal to noise were omitted from subsequent analysis to maintain data quality. Each ac
quired MS raw data was searched against the proper database (protein, metabolite and lipid) to generate the identification lists, which 
were further quantified by reporter ion intensity, precursor ion intensity and extract ion area for TMT-labeled proteins, phospho
peptides and small molecules, respectively. All the quantified omics data were normalized before further comparison and analysis. The 
TMT-labeled proteomics data were normalized by the total intensities of the reporter ions from the QC channel, the label-free 
phosphoproteomics data were normalized by the total abundances of the identified peptides, the metabolite and lipid scaling were 

Tables 1 
Characteristics of the cohorts.

Early-stage Advanced-stage

Age Mean ± SD 60.3 ± 11.9 46.4 ± 13.5
Gender Male% 57.1 42.8
Smoking Yes% 28.6 28.6

No% 71.4 71.4
Alcohol Yes% 0 28.6

No% 100 71.4
Cirrhosis Yes% 14.3 14.3
Cancer grade Low% 14.3 57.1

Medium% 85.7 42.9
Tumor size Mean ± SD 110.5 ± 146.2 cm3 684.1 ± 582.9 cm3

Invasion Yes% 0 71
Metastasis Yes% 0 57.1
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preformed based on the total ion area of the sample.

2.4. Bioinformatic analysis

After database searching and quantification procedures, proteomic data were analyzed using, Gene Ontology (GO), Kyoto Ency
clopedia of Genes and Genomes (KEGG) and Reactome assays. GO enrichment analysis was conducted on the website (http:// 
geneontology.org/) by importing the gene IDs of up- or down-regulated proteins [40,41], and a cut-off less than 0.05 was used for 
GO category analysis after multiple test correction. KEGG pathway enrichment was performed on the website (http://www.genome. 
jp/kegg/kaas/) by importing the gene IDs of up- or down-regulated proteins with a 0.01 cut-off for p values [42]. For Reactome 
pathway identifier mapping, IDs of dysregulated proteins were submitted to Analysis Tools in Reactome (https://reactome.org/) [43]. 
IntAct interactors were included to increase the analysis background and all none-human identifiers were converted to their human 
equivalents. Reactome pathways with adjusted p values < 0.05 were considered statistically over-representation.

A kinase-substrate relation was established using the KSEA app (casecpb.shinyapps.io/ksea/) based on phosphoproteomic data 
[44]. Only significantly changed (p < 0.05) phosphopeptides were used for the assay, and the filtered output contained kinase pre
dictions with a z-score of ≥2.0.

Venn diagram was generated by calculating the intersections of list of elements on the website (http://bioinformatics.psb.ugent. 
be/webtools/Venn/).

Survival analysis was performed on the GEPIA2 website (http://gepia2.cancer-pku.cn/#survival) based on a multi-gene signature 
and plot a Kaplan-Meier curve [45]. The default setting of GEPIA2 was used, which first calculated and ranked all samples based on the 

Fig. 1. Schematic representation of multi-omic experiments including proteomics, phosphoproteomics, metabolomics and lipidomics.
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expression levels of the genes in the signature, then defined the top 50 % of the samples as high and bottom 50 % of samples as low 
before running standard Kaplan-Meier curves.

To perform multi-omics integrative analysis, Ingenuity Pathway Analysis (IPA) was used. Significant up- or down-regulated pro
teins, metabolites, and lipids were combined into a single sheet, which was uploaded to IPA for core analysis. Multiple parameters for 
pathway enrichment and network building were tested and optimized as shown in Supplementary Information. The data of dysre
gulated phosphopeptides were uploaded separately for phosphorylation analysis. Comparison analysis was used to summarize the 
enriched pathways from the protein, metabolite, lipid, and phosphorylation assays for both early and advanced-stage HCC.

Fig. 2. Proteomics, metabolomics and lipidomics of early and advanced-stage HCC. (A) and (B) Volcano plot analysis of TMT-labeled proteomics on 
early (A) and advanced (B) stage HCC. (C) The numbers of differentially accumulated metabolites and lipids quantified between early or advanced 
stage tumor and the normal tissue adjacent to the tumor. (D) and (E) Volcano plot analysis of metabolites quantified in early (D) or advanced (E) 
stage HCC. (F) and (G) Volcano plot analysis of lipids quantified in early (F) or advanced (G) stage HCC. The Statistically significantly (p-val
ue<0.05, Student’s t-test) up- (Fold change>1.5) and down-regulated (Fold change<0.67) molecules were showed in purple and red dots, 
respectively.
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2.5. Statistics

Data were presented following the analysis of variance (ANOVA). To calculate the statistical significance between groups, Student’s 
t-test, assuming two-tailed distributions, or the nonparametric Mann-Whitney test was used, without assuming that the variance was 
similar between the groups being statistically compared. Principal component analysis (PCA) was performed for cluster analysis of 
proteomic data for all samples using Omicsolution analysis platform (https://www.omicsolution.com/wkomics/pca/) [46]. For the 
TMT-labeled proteomics data, the absolute values of fold change ≥1.5 were considered as the dysregulated threshold. For the label-free 
phosphoproteomics, metabolomics and lipidomics data, the absolute values of fold change ≥2 were deemed to be differentially existed. 
A p-value of <0.05 was considered statistically significant.

3. Results

LC-MS/MS data of TMT-labeled quantitative proteomics, phosphoproteomics, metabolomics, and lipidomics for the same HCC 
tumor or normal tissues adjacent to the tumor (NAT) were acquired in parallel from three different instruments (Fig. 1). Each omics 
dataset was analyzed and annotated separately. Dysregulated proteins, phosphopeptides, metabolites, and lipids were selected and 
summarized for both early stage and advanced stage HCC, respectively.

3.1. Overview of proteomic, metabolomic, and lipidomic results

For the TMT-labeled proteomic study, a total of 12,152 protein groups (Table S1) and 166,260 unique peptides were identified from 
742,816 PSMs. Unsupervised PCA was performed on the proteomic data and the leading principal components of the global proteomic 
data separated tumor from NAT samples (Fig. S1). Among these proteins, 233 upregulated and 303 downregulated proteins were 
detected in early-stage HCC tissues compared to NAT (Fig. 2A). In contrast, 299 upregulated and 632 downregulated proteins were 
identified in advanced-stage HCC (Fig. 2B). As expected, more dysregulated proteins were present during disease progression. GO 
analysis was used to cluster dysregulated proteins involved in metabolic processes, cell cycle and organization, nucleic acid and protein 
metabolism, transport, signal transduction, and development in both early and advanced stages (Fig. S2). Analyzed by KEGG, cell 
cycle, DNA replication, and repair pathways were enriched in upregulated proteins, while various metabolism pathways were enriched 

Fig. 3. Phosphopeptide enrichment of early and advanced-stage HCC using the IMAC Fe-NTA and TiO2 strategies. (A) Overlap between all 
phosphopeptides quantified by IMAC Fe-NTA or TiO2 phosphopeptides enrichment method. (B) The composition of the mono- (1P), double- (2P), 
and multi- (3P) phosphorylated peptides quantified. (C) The percentage of phosphorylated serine (p-ser), threonine (p-thr), and tyrosine (p-tyr) in 
the quantified phosphopeptides. (D) Volcano plot analysis of quantified mono-phosphorylated peptides between early-stage tumor and the normal 
tissue adjacent to the tumor. (E) Volcano plot analysis of quantified mono-phosphorylated peptides between advanced-stage tumor and the normal 
tissue adjacent to the tumor. Statistically significantly (p-value<0.05, Student’s t-test) up- (Fold change>2) and down-regulated (Fold change<0.5) 
phosphopeptides with unique mono-phosphorylation sites were showed in purple and red dots, respectively.
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in downregulated proteins (Fig. S3).
To gain deeper understanding of tumor genesis and procession, we subjected the dysregulated proteins identified in our study to 

Reactome for pathway and network analysis. Consistent with KEGG analysis, Reactome search indicated an enrichment of cell cycle 
pathways among upregulated proteins, while metabolic pathways were predominantly associated with downregulated proteins. 
Notably, early-stage HCC exhibited a distinct pattern of upregulated pathways compared to advanced-stage HCC (Fig. S4). Within the 
hierarchical arrangement of Reactome pathways, the three most significantly enriched top-level pathways in early-stage HCC were 
related to the cell cycle, DNA replication, and chromatin organization. In contrast, DNA repair pathways were the most enriched in 
advanced-stage HCC, although cell cycle and DNA replication pathways were also significantly represented. The divergent pathway 
patterns observed between the two HCC stages highlight distinct biological processes, offering potential insights for the development 
of biomarkers to monitor cancer progression.

For metabolomics and lipidomics, 251 metabolites and 330 lipids were annotated from 1201 metabolite and 3354 lipid features 
under positive mode; simultaneously, 245 metabolites and 395 lipids were identified from 1197 metabolite and 2698 lipid features 
under negative mode (Table S2). The numbers of upregulated and downregulated metabolites and lipids under positive/negative mode 
for both early-stage and advanced-stage HCC were summarized in Fig. 2C. Combining the compounds detected from positive and 
negative modes, a total of 58 metabolites and 72 lipids were dysregulated in early-stage HCC, and 86 metabolites and 102 lipids were 
dysregulated in advanced-stage HCC (Fig. 2D–G). Consistent with the trend observed in proteomic data, the higher the tumor stage, the 
greater the number of significantly changed compounds discovered.

3.2. Phosphoproteomics and kinase-substrates relationship

For label-free quantitative phosphoproteomics, 25,071 unique phosphopeptides containing 35,574 unique phosphorylation sites 
were profiled on 6686 proteins (Table S3). As illustrated in Fig. 3A, 49.4 % of phosphopeptides were identified simultaneously under 
both conditions, while 45.3 % and 5.3 % were profiled exclusively by IMAC-Fc and TiO2, respectively. The distribution of single-, 
double-, and multiple-phosphorylation sites on each phosphopeptide was shown in Fig. 3B, with nearly 90 % of peptides being mono- 
phosphorylated. The ratios of phosphorylation sites on Ser, Thr, and Tyr were exhibited in Fig. 3C; consistent with basic biochemical 
knowledge, the ratio of detected phosphoTyosine was less than 3 %. Only peptides with a single phosphorylation site were used for 
further quantitative variance analysis. The numbers of up- and down-regulated phosphopeptides with unique mono-phosphorylation 
sites in early and advanced-stage HCC were calculated and displayed on the volcano plots (Table 2 & Fig. 3D-E).

The kinase-substrate relationship assay was performed using the KSEA App to predict altered kinase activities in early and 
advanced-stage HCC from phosphoproteomic data. The enriched kinase activities in early and advanced-stage HCC are displayed in 
Fig. 4A and B, respectively. Kinases represented by red bars (z-score ≥2) indicate hyperactive kinase activity, while kinases denoted by 
blue bars (z-score ≤ − 2) represent deactivated kinase activity. On one hand, most hyperactive kinase families were shared in both early 
and advanced-stage HCC. The high activation of cyclin-dependent kinase (CDK), mitogen-activated protein kinase (MAPK), and Aurora 
kinase (AURK) was expected, as they are all related to the cell cycle, cell proliferation, and mitosis, leading to tumorigenesis. On the 
other hand, apart from AMP-activated protein kinase (AMPK), deactivated kinases exhibited some degree of diversity, indicating 
distinct signal transduction pathways in different stages of HCC. For example, Rho-associated coiled-coil-containing protein kinase 1 
(ROCK1), whose substrates include RDN3 and NOS3, was dramatically deactivated in the advanced-staged samples compared to the 
early-staged samples. In contrast, the activity of the isozyme ROCK2 remained unchanged, indicating differential regulatory mech
anisms, which will be discussed later.

3.3. Multi-omic characterization of early and advanced-staged HCC

The lists of dysregulated proteins, metabolites, and lipids were combined and subjected to IPA for core analysis, abbreviated as PML 
(Protein, Metabolite and Lipid) analysis. Compared to advanced-stage HCC, a limited number of pathways were enriched in early-stage 
HCC, indicating that a few universal tumorigenesis processes and pathways were activated or inhibited, including DNA replication, cell 
proliferation, transcription factor activities, and p53 function (Fig. S5). As HCC progressed to advanced stage, an increasing number of 
bioprocesses and pathways contributing to tumor growth were activated (Fig. S6A), and various metabolism pathways, particularly 
those involved in anabolism, were inhibited (Fig. S6B), consistent with findings from separate proteomic and metabolomic data. Two 
selected networks of the multi-omics assay in advanced-stage HCC are exhibited in Fig. 5A & B: one depicts a network from glucose 
depletion to triggering DNA damage response, while the other mostly describes how retinoid X receptor influences lipid metabolism. 
Although these networks were reconstructed based on the current database containing diverse information from different cell lines, 
tissues, and species, these findings could help researchers understand connections between individual changes in proteins or com
pounds and reveal the complexity of the biological system.

Phosphorylation assay was submitted to IPA as a separate analysis since IPA permits the integration of protein-level data but lacks 

Table 2 
The numbers of dysregulated phosphopeptides.

Up-regulation Down-regulation

Early-stage 1145 825
Advanced-stage 1253 945
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the capability to incorporate phosphorylation events directly with metabolomic and lipidomic profiles. In contrast to the results of PML 
analysis, several kinases signaling pathways were prone to activation for tumor initiation and metastasis in early-stage HCC (Fig. S7A), 
suggesting that post-translational modification (PTM) signaling is more sensitive than protein and metabolite changes. As expected, 
the bioprocesses and pathways enriched in advanced-stage HCC demonstrated a higher degree of malignancy (Fig. S7B). Fig. S8
displays a complex phosphorylation interaction network predicted from the phosphoproteomic data, revealing multiple protein 
phosphorylation factors affecting ATPase.

The upstream regulator analysis was also performed using upregulated phosphoprotein lists (Fig. S9). Multiple factors including 
kinase, chemical reagent/drug, cytokine, growth factor and phosphatase were disclosed for both early- and advanced-stage HCC. 
Intriguingly, the analysis revealed uniform inhibition of all phosphatases and concurrent activation of all kinases, along with SET, 
which serves as a potent inhibitor of protein phosphatase 2A (PP2A). Given that PP2A acts as a tumor suppressor with the capability to 
deactivate multiple signaling pathways, its inhibition via SET activation is a critical event that may contribute to tumorigenesis [47]. 
Phosphorylation of Ser161, located within the earmuff domain, was significantly elevated in our phosphoproteomic data (Table S3). 
The earmuff domain has been shown to facilitate SET protein translocation from the cytoplasm to the nucleus and participate in 
nucleosome remolding [48,49]. While SET exhibits specificity for unwrapped nucleosomes [50], it is plausible that post-translational 
modifications, such as Ser161 phosphorylation, modulate its interaction with intact nucleosomes. This study’s phosphoproteomic 
analysis further illuminates the intricate interplay between SET, PP2A, and their associated proteins (Fig. 5C). Notably, several nuclear 
proteins, including Lamin A/C (LMNA), Thymopoietin (TMPO), Nucleoporin 98 (NUP98), and NUP210, exhibited increased phos
phorylation in tumor tissues. Given that phosphorylation of Lamin A/C influences nuclear lamina assembly, a process in which PP2A is 
also implicated [51,52], these findings suggest that these nuclear proteins may function as downstream effectors of SET signaling, 
potentially impacting tumor cell proliferation. Although phosphorylation data could not be merged with other omics data in IPA, the 
comparison assay provided an alternative way to integrate observations from the four omics under the current study.

3.4. Comparison of advanced and early-stage HCC

To identify the most clinically relevant targets from dysregulated multi-omics data, we conducted a comparison of up- and down- 
regulated proteins and phosphoproteins using the CPTAC database [25,32,53], which offers a repository for multidimensional pro
teomic data across diverse cancer types. As a well-established resource, it can be leveraged as a benchmark for validating our omics 
data findings. Such validation can lead to the identification of novel biomarker panels, potentially accelerating research and enriching 
our understanding of the complexities inherent in cancer biology. Fig. 6A and B illustrate that approximately 50 % of the up-regulated 

Fig. 4. Kinase-substrate enrichment analysis of phosphoproteomic data of early- or advanced-stage HCC. (A) and (B) The enriched kinase identified 
in early (A) or advanced (B) stage tumor tissues when compared with the normal tissue adjacent to the tumor. Significantly hyperactivated and 
deactivated kinase are illustrated by red or blue, respectively. Significance thresholds were set to a z-score cutoff of 2, p value cutoff of 0.05, and 
substrate count cutoff of 5.
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proteins and phosphoproteins from the CPTAC database were detected in either early or advanced-stage samples. Notably, 8 
up-regulated proteins appeared in all three groups (Fig. 6A), designating them as the shared prominent biomarker panel. Furthermore, 
22 up-regulated proteins, which are the specific intersection of CPTAC database and our early-stage HCC omics data, were identified as 
specific early-stage HCC biomarker panels; while 19 up-regulated proteins, the specific intersection of CPTAC database and our 
advanced-stage HCC omics data, were unique to advanced-stage HCC (shown in Table 3).

Next, to evaluate the specificity of the selected biomarker panels for different stages of hepatocellular carcinoma (HCC), we 
conducted survival analyses using the Kaplan-Meier method, which connects gene signatures with patient survival rates. These an
alyses were performed using the GEPIA2 program, which is based on RNA expression data. In the HCC CPTAC database, RNA and 
protein levels demonstrated over 90 % positive correlation [32]. Our identified gene signatures from the shared, specific early-stage, 
and specific advanced-stage biomarker panels showed nearly 100 %, 70 %, and 80 % presence, respectively, and exhibited strong 
correlation with the CPTAC RNA data (Table S5). As illustrated in Fig. 6C, higher expression of the 8 up-regulated gene signatures 

Fig. 5. Interaction networks based on PML analysis (A&B) and phosphorylation analysis (C) using IPA. (A) A network of glucose depletion trig
gering DNA damage response. (B) Interaction networks of retinoid X and lipid metabolism. (C) Upstream analysis of SET and PP2A. Orange and blue 
solid lines indicate direct activation and inhibition, respectively. Yellow lines present findings were not consistent with state of downstream 
molecules. Dashed lines indicate indirect relationship while gray lines signify effect was not predicted. Shapes filled with red and green presents 
increased and decreased measurement, respectively.

Fig. 6. Potential biomarker panels with clinical prognostic significance. Venn diagram showing the overlap among the up-regulated proteins (A) 
and phosphoproteins (B) analyzed from CPTAC database, early- and advanced stage HCC data in current study. Kaplan–Meier analysis for the overall 
survival of the 8- (C), 22- (D) and 19- (E) gene signatures. The comparisons of the reduced month time of the high expression between early- and 
advanced-stage specific gene signatures (F).

Table 3 
The specific biomarker panels of early- and advanced-stage HCC.

Early-stage Advanced-stage

SQSTM1, JTB, RACGAP1, HELLS, ASNS, MTHFD1L, SULT1C2, SMC4, COA7, MSI1, 
CEP131, SCAMP3, CPD, GPATCH4, ROBO1, PLVAP, PODXL, HKDC1, UBD, 
MSTO1, ACSL4, PARP1

IGF2BP3, LAMB1, ATAD2, JMJD6, MSH6, CDK1, FABP5, MDK, MCM3, 
VCAN, MKI67, PCNA, PYCR1, LAMA4, PEG10, TFRC, MAGED2, RFC4, 
KIF23
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(shared group) was significantly associated with shorter survival. Intriguingly, both specific early-stage and specific advanced-stage 
groups demonstrated higher expression correlated with shorter survival, but the 19-gene signature group exhibited a longer time 
distance between high and low gene expression survival curves compared to the 22-gene signature group (Fig. 6D & E). High 
expression of the advanced-group panel indicated a longer time distance (Fig. 6F), representing lower survival time compared to the 
high expression of the early group panel, highlighting the clinical relevance of our specific biomarker panels. A similar trend was also 
observed for down-regulated proteins (Fig. S10). These agreements also revealed a direct relationship between transcriptional and 
translational regulation in the current HCC samples.

By utilizing the comparison assay, the enriched a hundred pathways either activated or inhibited from both phosphorylation 
analysis and PML analysis were summarized in a single graphical representation (Fig. 7A). Most of the pathway changing trends were 
consistent with each other, and more significant activation or inhibition (darker colors) was observed in advanced-stages and CPTAC 
data than in early-stages. Some of the top changing pathways were obviously to understand. For instance, the top two enriched 
pathways were related to the dysregulation of xenobiotic metabolism, leading to the loss of detoxification function of liver [54]. 
Serotonin degradation (the third line in Fig. 7A), have been widely reported to be strongly inhibited, leading to serotonin accumu
lation, and promoting tumor growth in HCC [55]. As mentioned previously, the PML analysis in early stages only revealed some top 
changing pathways. In contrast, the phosphorylation analysis in early stages exposed most of the changing pathways observed in 
advanced stages. This phenomenon suggests that protein phosphorylation is an upstream signal of protein and small compound 
changes. Concordant findings emerged from the Reactome pathway analysis, which revealed an overrepresentation of not only cell 
cycle and DNA replication pathways but also post-translational modification pathways, such as phosphorylation and methylation, in 
early-stage HCC. EML4 and NUDC in mitotic spindle formation, polo-like kinase mediated events, phosphorylation of Emi1 and 
activation of NIMA kinases NEK6, 7, and 9 were significantly enriched in early-stage HCC alone (Table S4). These elements play a 
critical role in cellular reprogramming via phosphorylation, thereby facilitating tumorigenesis. This comparison assay list provides an 
overall perspective of biological pathways in HCC initiation and progression.

4. Discussion

Hepatocellular carcinoma (HCC) is one of the most malignant tumors worldwide, posing a severe threat to human health. Although 
surgical resection and liver transplantation can efficiently treat early-stage HCC, early diagnosing and intervening in advanced-stage 
HCC patients remain challenging. Multi-omics technologies offer systematic insights into the complex biological processes related to 
disease initiation and development, which are helpful for developing biomarkers for diagnosis and drug targets for systemic therapy. 
Several points related to this study warrant discussion.

Firstly, at the technical level, multi-omics and their applications are still challenging in today’s research. Simultaneously acquiring 
multi-omics data from the same tissue requires an adequate sample amount and diverse instrument support, especially for PTM-omics, 
which typically need substantial proteins and sophisticated experimental workflows, such as enrichment and fractionation. As shown 
in Fig. 6, protein phosphorylation exhibited higher sensitivity for signal alteration than downstream proteins and compounds in early- 
stage HCC, suggesting that it may be more suitable for biomarker selection in early diagnosis theoretically [56,57]. Although phos
phopeptides, ordinary tryptic peptides, metabolites, and lipids are all detected by LC-MS/MS, at a practical level, phosphoproteomics 
is considerably more complex and challenging to implement for clinical samples than other omics. Previous studies have identified 
over 20,000 phosphopeptides or phosphorylation sites in HCC tumors using high-pH reverse phase fractionation (one sample, six 
injections) and TiO2 enrichment [27]. Taking advantage of the high sensitivity and speed of the timsTOF Pro 2 mass spectrometer and 
the complementary results of IMAC Fe-NTA and TiO2 profiling [58–60], a comparable number of phosphopeptides has been obtained 
using a much simpler approach (one sample, two injections; routine DDA data acquisition without project-specific proteomics li
braries). Additionally, multi-omic data have traditionally been difficult to integrate due to their complexity and heterogeneity [61]. 
With the assistance of the IPA platform, all the omic data generated from proteins, including PTMs, to small compounds in the current 
study have been recognized and integrated for analysis, revealing enriched pathways and biomarkers in different stages of HCC. All 
reagents, instruments, database search and analysis engines used in this research are commercial or open source, reflecting the lowered 
threshold for multi-omics studies.

Next, the down-regulated proteins and metabolites from proteomics and metabolomics data were found to be quite consistent, 
demonstrating a global attenuation of cell metabolism that prominently occurred in advanced-stage HCC. Unlike the phenotypes 
obtained from cell lines or mouse models, both the enzymes and metabolites in glycolysis and anaerobic respiration in these clinical 
samples showed significant decreases, seemingly opposite to the Warburg effect. However, MAPK deactivation from phosphopro
teomic data definitively supported the activation of aerobic glycolysis [62,63]. The paradox can be explained from several perspec
tives. As mentioned earlier, proteome and metabolome changes are the downstream consequence of cell signaling, and the tumor tissue 
may already be in a low-glucose equilibrium if insufficient materials are supplied, which may be caused by therapy-induced metabolic 
alterations for the advanced-stage samples. Additionally, the traditional Warburg effect has been increasingly challenged due to 
different cancer types and diverse tumor heterogeneity and microenvironments, which play a significant role in shaping the metabolic 
profile of cancer cells, e.g., tumor stromal cells including cancer-associated fibroblasts can act as metabolic supporters that can fuel the 
growth of HCC cells, resulting in the observation of a reverse Warburg effect [64–66]. Moreover, glutamate was significantly increased 
in advanced-stage HCC, indicating the activation of an alternative energy generation pathway called glutaminolysis, which can not 
only produce energy from α-ketoglutarate entering TCA cycle, but also directly provide building blocks to synthesize nucleotides and 
lipids that are essential for tumor proliferation [67]. Although the glutaminolysis pathway can compensate for some energy supply, it 
still seemed that global catabolism decreases during tumor progression. This viewpoint has been recently demonstrated by a Flux work 
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that indicates solid tumors generally produce ATP at a slower rate than normal [68].
Third, the multi-omics integrated assay revealed comprehensive signal networks, providing new insights into the mechanisms of 

HCC disease. As described above, most reported biological processes in HCC, including epithelial-mesenchymal transition (EMT), 
abnormal tumor microenvironment formation, and senescence bypass, emerged through the multi-omics data. EMT is considered one 
of the common features of cancer development [69], and in HCC, besides transcription factor promotion, signaling pathways such as 
AURK, MAPK, and NF-κB also play important roles in the EMT process [70–72]. Consistent with previous studies, these canonical 
kinase pathways were hyperactive from early to advanced-stage HCC. Our data also contained some differing results that seemed 
contradictory to previous reports; for example, Rho-associated coiled-coil-containing protein kinase 1 (ROCK1) was significantly 
deactivated in advanced-stage HCC. Although ROCK2 was observed as an overexpressed kinase leading to tumor malignancy both by 
proteomic profiling and biology studies [27,73], ROCK1 might contribute to HCC progression through an alternative way involving the 
peritumoral microenvironment (PME), a new concept describing the tissue surrounding the tumor that influences cancer development 
[74]. Existing evidence showed that hepatic stellate cells (HSCs) accumulating in HCC PME with an increase in VEGF were able to 
induce angiogenesis [75], and ROCK1 was reported as a negative regulator of VEGF-driven angiogenic activation [76]. We hypothesize 
that deactivated ROCK1 would appear in HSCs and further promote angiogenesis. Due to the heterogeneity of tumor tissue, omics 
studies in this research could not identify specific cell types. Although this limitation might be partially addressed by bioinformatic 
assays [29], elaborate biological experiments are needed for validation. Additionally, glycogen synthase kinase 3α (GSK3A) was 
hyperactivated in advanced-stage HCC, which is responsible for glycogen accumulation and tumorigenesis by the suppression of Hippo 
signaling through glycogen-induced phase separation [77]. The simultaneous discovery of ROCK1 deactivation and GSK3A activation 
only in advanced-stage HCC adds new insights to the HCC progression landscape.

Finally, the clinical significance of early- and advanced-stage HCC were further scrutinized using the CPTAC dataset, which pro
vided a valuable 22-gene signature and a 19-gene signature as the biomarker panels. These findings not only enhanced our under
standing of HCC initiation and progression, but also offered new perspective on tumor diagnosis and potential therapeutic approaches. 
The insights gained from this study would be pivotal in guiding future therapeutic interventions and improving patient outcomes in 
HCC disease.

While the application of multi-omics technologies in this study has yielded novel insights into HCC progression, the realization of 
its full potential is hindered by several challenges. These include, but are not limited to, the limitations of current bioinformatics tools 
in analyzing PTM data in conjunction with metabolomic and lipidomic profiles, constraints imposed by a limited sample size, and the 
absence of validation for the proposed biomarker panels. Specifically, the integration of phosphoproteomic data with metabolomics 
and lipidomics within the IPA platform is currently not feasible, an issue that substantially limits the capacity for comprehensive multi- 
omic analysis. PTMs such as phosphorylation provide a more sensitive gauge of cellular signaling dynamics than changes in protein 
abundance or metabolite concentrations alone. The ability to analyze phosphoproteomic data alongside metabolomic and lipidomic 
data would significantly enhance our understanding of the interconnected pathways and regulatory networks underpinning biological 
processes. Furthermore, a broader sample cohort is anticipated to enrich the understanding of tumorigenesis. Despite the limited 
sample size in the current study, rigorous evaluation of the samples was conducted to minimize false-positive results, and the pa
rameters in each group, e.g. gender, alcohol drinking, etc., were closely matched [78]. The biomarker panels identified herein are 
preliminary and have not undergone experimental validation. For the translation of these findings into clinical practice, it is imperative 
to validate the biomarker panels through extensive biological and clinical studies across diverse patient cohorts. After confirming their 
accuracy and reliability, targeted MS workflow or ELISA procedure would be developed to improve the sensitivity and specificity of the 
method, reduce the cost of the detection, fitting the clinical diagnosis demands. Finally, the optimized biomarker panels would be 
incorporated into clinical decision-making and continuously monitored the outcomes for the further adjustment.

In conclusion, performing multi-omic profiling from proteins to small compounds provided vast amounts of information in early 
and advanced-stage HCC. We demonstrated a feasible and comprehensive workflow for multi-omic integration studies, encompassing 
experimental design, sample preparation, data acquisition, and analysis. We also established a correlation network of HCC initiation 
and development, proposing new mechanisms for HCC, including reversed hypermetabolism and ROCK1 deactivation. Our results can 
also be verified by CPTAC data to some extent, and the specific biomarker panels, including a 22-gene signature and a 19-gene 
signature, of early- and advanced-stage HCC were also be identified, respectively (summarized in Fig. 7B). These insights can 
broaden our knowledge pool and provide potential gene signatures or biomarkers for HCC diagnosis and therapeutic interventions.
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The study was conducted according to the guidelines of the Declaration of Helsinki, and approved by the Research Ethics Com
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Fig. 7. The summarized enriched pathways and an illustrated mechanism of HCC progression. (A) The comparison analysis of enriched pathways 
for PML assay in early-stage HCC (Group I), PML assay in advanced-stage HCC (Group II), proteome assay of CPTAC database (Group III), phos
phorylation assay in early-stage HCC (Group IV), phosphorylation assay in advanced-stage HCC (Group V) and phosphorylation assay of CPTAC 
database (Group VI). The orange color and blue color in the heatmap represent pathway activation and inhibition, respectively. The darker color is 
related to larger z-score, which means the higher degree of activation or inhibition. (B) The summarized characterization of early- and advanced- 
stage HCC from the current omics study.
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