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Integrated serum proteomics

and metabolomics reveal an INR-associated
multi-omics signature in hepatocellular
carcinoma

Yuying Cai'!, Lingna Lyu?", Jiayi Ma', Xiaoru Wang', Wenxia Ma?, Jiming Yin'" and Shanshan Wang'"

Abstract

Background Coagulation dysfunction is a common complication of hepatocellular carcinoma (HCC) and is reflected
clinically by the international normalized ratio (INR), yet its serum molecular correlates remain poorly defined. We
aimed to identify an INR-associated serum multi-omics signature in HCC and characterize the underlying molecular
networks.

Methods We performed serum proteomics and untargeted metabolomics on 52 HCC patients and 30 healthy
controls. HCC patients were stratified by INR levels. Differential molecules were integrated using pathway analysis.
LASSO and logistic regression were used to derive an INR-associated multi-omics signature.

Results Proteomics and metabolomics identified 1,810 DEPs and 246 DEMs between HCC and controls. Integrated
analysis mapped these changes to 101 shared pathways, highlighting cholesterol and central carbon metabolism.
LASSO selected an eight-molecule signature comprising four proteins (CAMK2B, TGFB1, IDH1, LDHA) and four
metabolites (DL-tryptophan, ornithine, D-glutamine, lysine) that discriminated INR-defined coagulation abnormality
(AUC 0.859). WGCNA indicated remodeling of the coagulation-complement axis. In the TCGA-LIHC cohort, core genes
were dysregulated, stratified overall survival, and showed partial concordance with INR status in an INR-annotated
subset (AUC 0.668).

Conclusions Integrated serum proteomics and metabolomics revealed an INR-associated multi-omics signature
and linked metabolic and immune-coagulation networks in HCC. These findings provide mechanistic insight and a
candidate serum panel for future external validation.
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Introduction

Liver cancer is the sixth most common malignant tumor
globally and the third leading cause of cancer-related
mortality [1]. China bears the heaviest burden of liver
cancer, contributing 42.4% of all global cases [2]. The
high mortality rate of hepatocellular carcinoma (HCC) is
largely driven by late-stage diagnosis and the limitations
of current imaging and serum biomarkers [3—-8]. Serum
is an ideal matrix for minimally invasive profiling of sys-
temic pathophysiological states and for capturing molec-
ular correlates of clinical phenotypes [9].

In recent years, high-throughput omics technologies,
such as proteomics and metabolomics, have demon-
strated significant potential for elucidating molecular
mechanisms and phenotype-associated signatures for
various diseases [10, 11]. These technologies enable the
systematic mapping of global, molecular-level altera-
tions associated with disease states [12]. However, in the
field of HCC, despite existing single-omics studies [13,
14], integrated proteomics and metabolomics analyses
of INR-defined coagulation abnormalities remain lim-
ited. Proteomics directly measures changes in protein
abundance (the executors of biological activities), while
metabolomics captures dynamic alterations in down-
stream small-molecule metabolites that serve as pheno-
typic endpoints [15, 16]. The integration of these two data
layers allows for the construction of molecular regulatory
networks that span from functional proteins to metabolic
products, thereby providing a more comprehensive and
profound understanding of the complex pathophysi-
ological mechanisms of HCC [17, 18]. Rather than re-
cataloging generic HCC-vs-HC differences, this study
specifically focuses on INR-defined coagulopathy within
HCC and uses integrated serum proteomics-metabolo-
mics to map clinically anchored molecular networks.

Coagulation dysfunction in HCC presents a clinical
paradox, characterized by a simultaneous risk of both
severe bleeding and life-threatening thrombosis, which
carries significant prognostic implications [19]. The risk
of hemorrhage stems from the liver’s central role in syn-
thesizing coagulation factors; thus, progressive hepatic
failure leads to reduced factor production and an elevated
bleeding tendency [20]. Conversely, the tumor itself fos-
ters a potent prothrombotic state. This is driven by mul-
tiple mechanisms, including the release of procoagulants
like Tissue Factor (TF) that activate the extrinsic pathway,
and the formation of tumor cell-platelet aggregates that
facilitate immune evasion and promote metastasis [21].
This systemic hypercoagulability frequently culminates
in major thrombotic events, most notably the formation
of portal vein tumor thrombosis (PVTT)—a key deter-
minant of poor prognosis [22]. Furthermore, the implica-
tions of this procoagulant state extend to the molecular
level. Emerging evidence reveals a significant association
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between elevated coagulation activity and the upregula-
tion of key immune checkpoint genes, such as PD-L1 and
CTLA-4, suggesting that the coagulation system actively
reshapes the tumor immune microenvironment and may
thereby influence the efficacy of immunotherapy [23].
This dual threat of hemorrhage and thrombosis not only
complicates clinical management but is also intrinsically
linked to tumor progression, metastasis, and overall sur-
vival. Therefore, elucidating the molecular mechanisms
of HCC-associated coagulation abnormalities and defin-
ing associated signatures are of critical clinical value for
guiding personalized treatment and improving patient
outcomes.

Therefore, this study was designed to characterize
serum proteomic and metabolomic alterations in HCC
and to derive an INR-associated multi-omics signature
linked to coagulation abnormalities. We further inves-
tigated the molecular networks underlying this pheno-
type to provide mechanistic insight and a foundation for
future validation.

Materials and methods

Patient cohorts and sample collection

The study cohort comprised 52 patients with a con-
firmed diagnosis of HCC and 30 healthy controls (HCs).
All 52 HCC cases in this cohort were HBV-related and
cirrhotic. The study protocol was approved by local Eth-
ics Committees of Beijing Youwan Hospital affiliated with
Capital Medical University [No.2023023]. All procedures
were conducted in full compliance with the Declaration
of Helsinki. Written informed consent was obtained from
each participant prior to enrollment. For each partici-
pant, peripheral venous blood was collected into a tube
without anticoagulant. Samples were allowed to clot
at room temperature for 30 min and were then centri-
fuged at 1,000 xg for 10 min. The resulting serum was
aliquoted and stored at —80 °C until analysis. Detailed
clinical characteristics of the HCC cohort are provided in
Supplementary Table S1. Healthy-control samples were
retrospectively obtained from the source clinical registry
and designated as HC at sample collection. In this retro-
spective dataset, only age and sex metadata were avail-
able for HCs, and no additional prespecified inclusion/
exclusion variables were available for re-analysis.

Untargeted serum metabolomics

Serum samples were extracted using pre-chilled metha-
nol: acetonitrile (1:1, v/v) for protein precipitation. After
centrifugation, supernatants were dried and reconsti-
tuted in acetonitrile: water (1:1, v/v). Untargeted metab-
olomics was performed by Shanghai Applied Protein
Technology Co., Ltd. (APTBIO) on a Vanquish UHPLC
system coupled to an Orbitrap Exploris 480 mass
spectrometer (Thermo Scientific). Chromatographic
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separation used an ACQUITY UPLC BEH Amide col-
umn (1.7 pm, 2.1 mm x 100 mm; Waters) at 25 °C with a
flow rate of 0.5 mL/min and an injection volume of 2 pL.
Mobile phases were A (water containing 25 mM ammo-
nium acetate and 25 mM ammonia) and B (acetonitrile).
The gradient was: 0—0.5 min, 95% B; 0.5—-7 min, 95%-65%
B; 7—8 min, 65%-40% B; 8—9 min, 40% B; 9-9.1 min, 40%-
95% B; 9.1-12 min, 95% B. All samples were analyzed in
a single analytical batch, with QC samples interspersed
throughout the run to monitor instrument stability. MS
data were acquired in both positive and negative ESI
modes. Source settings were: sheath gas (Gasl) 50 arb,
auxiliary gas (Gas2) 15 arb, sweep gas 2 arb, source tem-
perature 350 °C, and spray voltage + 3,500 V/-2,800 V. For
MS-only scans, the m/z range was 70-1200 with 60,000
resolution and 100 ms accumulation time. For auto MS/
MS (segmented acquisition), the m/z range was 70-1200
with 60,000 resolution, 100 ms accumulation time, and
dynamic exclusion of 4 s.

Serum proteomics

Low-abundance proteins were first enriched using mag-
netic beads (4 pL pre-washed beads per 100 pL serum/
plasma; 2 h incubation, followed by wash steps). The
bead-bound proteins were then denatured in UA buffer
(8 M urea, 150 mM Tris-HCI, pH 8.0), reduced with DTT
(final 20 mM, 60 min at 37 °C), alkylated with IAA (final
50 mM, 30 min at room temperature in the dark), diluted
with 50 mM NH4HCO3 to reduce urea concentration to
<1.5 M, and digested with trypsin (1:50, w/w) for 16 h at
37 °C. Peptides were desalted on C18 cartridges, vacuum-
concentrated, reconstituted in 0.1% formic acid, and
spiked with iRT peptides. LC-MS/MS was performed
on a Vanquish Neo UHPLC system coupled to an Orbi-
trap Astral mass spectrometer (Thermo Scientific). The
analytical column was a Thermo Scientific EASY Col-
umn (15 cm x 150 pm ID, 2 pm; ES906). Mobile phase
A was 0.1% formic acid in water, and mobile phase B was
0.1% formic acid in 80% acetonitrile/water. The injec-
tion amount was 400 ng, and the column temperature
was 50 °C. Gradient program: 0.0-0.5 min, 4% B at 1.3
pL/min; 0.5-0.6 min, 4%-8% B (flow 1.3 to 0.8 pyL/min);
0.6-0.9 min, 8%-8.5% B at 0.8 pL/min; 0.9-13.9 min,
8.5%-22.5% B at 0.8 pL/min; 13.9-20.8 min, 22.5%-35%
B at 0.8 uL/min; 20.8-21.2 min, 35%-55% B (flow 0.8 to
2.0 pL/min); 21.2-21.7 min, 55%-99% B at 2.0 puL/min;
21.7-22.6 min, 99% B at 2.0 pL/min. MS1 scans covered
m/z 380-980 at a resolution of 240,000. DIA acquisition
used a fixed 2 Da isolation window with HCD collision
energy of 25. The spray voltage was 1,900 V, and the ion
transfer tube temperature was 280 °C. DIA raw files were
processed using DIA-NN (v1.8.1), and identifications
were filtered at 1% FDR (q<0.01) at both the precursor
level and protein-group level.
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Bioinformatics analysis

Omics Data Analysis. For both metabolomics and pro-
teomics, unsupervised Principal Component Analysis
(PCA) was performed to visualize overall group separa-
tion. For metabolomics, differential metabolic features
were screened using Variable Importance in Projec-
tion (VIP)>1 from OPLS-DA and Student’s t-test raw
p-value<0.05. Because this study was designed as an
exploratory multi-omics analysis, raw p values were used
only for initial feature screening in combination with
effect-size criteria rather than as definitive statistical con-
firmation. Differentially expressed metabolites (DEMs)
for downstream interpretation were defined as the anno-
tated subset of significant features (n=246) after match-
ing to the in-house metabolite database. Fold change
values were retained for effect-size reporting and vol-
cano-plot visualization. Differentially expressed proteins
(DEPs) were identified using the empirical Bayesian algo-
rithm in the limma R package, with significance thresh-
olds of fold change > 1.5 (or <0.67) and raw p-value < 0.05.
Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analyses
were performed for DEPs and DEMs. For enrichment
analyses in both omics layers, Benjamini-Hochberg (BH)
correction was used to generate adjusted significance
metrics (Padj/FDR), which were reported alongside
nominal p-values. For transparency, BH-adjusted p val-
ues for the HCC-vs-HC differential metabolite and pro-
tein tables were additionally calculated on the full tested
datasets and are now provided in Supplementary Tables
S2 and S3. A protein-protein interaction (PPI) network
was constructed using the STRING database and visual-
ized in Cytoscape.

Further, Weighted Gene Co-expression Network Anal-
ysis (WGCNA) was performed on the log2-transformed
serum proteomic data from 52 HCC patients to identify
co-expressed protein modules related to coagulation.
A signed network was constructed with the WGCNA R
package. The soft-thresholding power was determined
based on the scale-free topology criterion (power=14).
A topological overlap matrix (TOM) was generated and
subjected to average-linkage hierarchical clustering. The
dynamic tree cut algorithm (minimum module size = 30)
identified 12 colour-labelled modules. Module eigen-
genes (first principal components) were correlated with
coagulation indices to explore module-trait relationships.

Integrated proteomic and metabolomic pathway analysis

An integrated pathway analysis was performed using the
KEGG database to identify biological pathways com-
monly affected in HCC. DEPs and DEMs were subjected
to KEGG pathway annotation and enrichment analy-
sis in their respective omics layers, yielding 101 shared
pathways by intersection. For pathway reporting, both
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nominal p-values and adjusted significance values (P.adj/
FDR) were retained. For biological prioritization, four
pathways were selected based on nominal enrichment
in both layers (raw p<0.05 in proteomic and metabolo-
mic enrichment) together with biological relevance to
HCC/coagulation biology. DEPs and DEMs were also
co-mapped onto the central carbon metabolism in can-
cer pathway diagram to visualize coordinated molecular
changes.

Construction of an INR-associated Multi-omics signature
The HCC cohort was stratified into an INR-defined
coagulation abnormality group (INR>1.2, n=21) and
a normal coagulation group (INR<1.2, n=31). A Least
Absolute Shrinkage and Selection Operator (LASSO)
regression analysis was performed on the combined pro-
teomic and metabolic data to select features associated
with INR status. The optimal regularization parameter
(lambda) was determined via 10-fold cross-validation.
A logistic regression model was then constructed using
the selected features to summarize group discrimina-
tion. Because no independent external serum cohort
was available, model performance in Fig. 5E represents
internal apparent performance in the same 52-patient
derivation cohort. To reduce overfitting risk, we used
penalized feature selection (LASSO), cross-validated
lambda selection, and a parsimonious final model (8 mol-
ecules), and we explicitly interpret the results as hypoth-
esis-generating pending external validation. A two-sided
p-value<0.05 was considered statistically significant for
all analyses.

Transcriptomic concordance analysis using the TCGA-LIHC
cohort

Transcriptomic concordance analysis was conducted
using RNA-sequencing (STAR counts) and clinical data
from The Cancer Genome Atlas Liver Hepatocellular
Carcinoma (TCGA-LIHC) project. Raw data and clinical
information were accessed via the TCGAbiolinks R/Bio-
conductor package. For a more detailed analysis of INR-
defined coagulation abnormality, an enhanced clinical
dataset containing INR values for 294 HCC patients was
obtained from cBioPortal. Differential gene expression
between HCC (#=374) and non-tumor tissues (z=50)
was assessed using the Wilcoxon rank-sum test. For
survival analysis, patients were stratified into high- and
low-expression groups based on the median expression
of each gene, and Kaplan—Meier curves were compared
using the log-rank test. A multivariable Cox proportional
hazards model combining the four core genes (CAMK2B,
TGFB1, IDH1, LDHA) was constructed to compute a
composite risk score. Tumor—normal discrimination
was evaluated by ROC curve analysis using univariate
and multivariate logistic regression models, and AUC
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values were calculated with the pROC package. In the
INR-annotated subset, patients were classified into an
INR-defined coagulation abnormality group (INR>1.2,
n=113) and a normal coagulation group (INR<1.2,
n=181). The ability of the 4-gene model to discrimi-
nate INR status was evaluated using the same statistical
framework.

Statistical analysis

Clinical and Statistical Analysis. Clinical characteristics
were analyzed using SPSS 22.0 (IBM Corp.) and R. For
HC-vs-HCC baseline comparison, age was compared by
the Mann-Whitney U test and sex by Fisher exact test.
For INR-stratified HCC comparisons, continuous vari-
ables were compared by the Mann-Whitney U test, and
categorical variables were compared using Chi-square or
Fisher exact tests as appropriate. For differential screen-
ing, metabolomic features were selected by VIP>1 with
raw p<0.05, and proteomic DEPs were selected by fold
change>1.5 (or <0.67) with raw p <0.05. These molecule-
level screening criteria were used for exploratory discov-
ery rather than stand-alone confirmatory inference. For
enrichment analyses in both omics layers, Benjamini-
Hochberg (BH) correction was used and adjusted values
(P.adj/FDR) were reported. In the integrative pathway-
prioritization step, four pathways were prioritized using
nominal significance in both layers (raw p<0.05 in both
proteomic and metabolomic enrichment) plus biological
relevance. All tests were two-sided, and p <0.05 was con-
sidered statistically significant unless otherwise specified.

Results

Clinical characteristics of the study population

The study design and analysis workflow is illustrated in
Fig. 1. The study included 52 HCC patients and 30 HCs,
and baseline characteristics are summarized in Table 1.
Sex distribution did not differ significantly between
groups (19/30 vs. 40/52 males, P=0.210), whereas
patients with HCC were significantly older than HCs
(58.49£10.43 vs. 35.83£9.75 years, P<0.0001). Detailed
HCC clinical characteristics are provided in Supplemen-
tary Table S1. All HCC cases in this cohort were HBV-
related and cirrhotic (52/52 each; Supplementary Table
S1).

The metabolic components of the HCC and HC groups
were distinct

Multivariate analysis of metabolic profiles revealed dis-
tinct clustering patterns between HCC patients and
HC. PCA demonstrated clear separation of metabolic
phenotypes between the HCC and HC groups (Fig. 2A).
QC samples interspersed throughout the analytical
sequence clustered tightly in the overall PCA space, sup-
porting good instrument stability and arguing against
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Fig. 1 Proteomics and metabolomics analysis workflow for HC and HCC patients. The study design consists of three steps: (1) Sampling of serum from
healthy controls (HC, n=30) and hepatocellular carcinoma patients (HCC, n=52); (2) multi-omics profiling using LC-MS/MS for protein and metabolite
identification; and (3) integrative analysis, LASSO feature selection, and transcriptomic concordance analysis. An INR-associated panel comprising four
proteins and four metabolites was derived. Abbreviations: Trp, tryptophan; Orn, ornithine; GIn, glutamine; Lys, lysine; CAMK2B, calcium/calmodulin-
dependent protein kinase Il beta; TGFB1, transforming growth factor beta 1; IDH1, isocitrate dehydrogenase 1; LDHA, lactate dehydrogenase A

Table 1 Baseline characteristics of healthy controls and patients
with HCC

Characteristic HC (n=30) HCC (n=52) P
value*

Sample size, n 30 52
Age, years (mean +SD) 35.83+9.75 58.49+10.43 <0.0001
Age, years (median [IQR]) 36.00[27.50, 59.00 [52.50,

42.75] 65.00]
Male, n (%) 19 (63.3%) 40 (76.9%) 0.210
Female, n (%) 11 (36.7%) 12 (23.1%)

*Age was compared using the Mann-Whitney U test. Sex distribution was
compared using Fisher exact test

major batch/order effects. Within the HC samples,
PCA still suggested a potential internal two-subgroup
trend; because HC metadata were limited to age/sex
in this retrospective dataset, this pattern could not be
further resolved by available covariates and was inter-
preted as likely inter-individual heterogeneity. Screening
based on VIP >1 and p<0.05 identified 1,095 differential
metabolic features. Among these differential features,
246 annotated metabolites were retained as DEMs for
downstream analyses (Fig. 2C). Of these, 233 remained
significant after BH correction in the full HCC-vs-HC
feature set, and the corresponding adjusted p values are
now provided in Supplementary Table S3. Volcano plot
analysis was used to visualize fold-change patterns of
metabolic features (Fig. 2B). Notably, metabolites dis-
playing both high fold changes (FC>2.0) and elevated
variable importance in projection (VIP>1) scores were
prioritized as potential biomarkers (Fig. 2D). Pathway
enrichment analysis through KEGG mapping revealed
significant perturbation of 114 metabolic pathways, with
16 pathways meeting nominal significance (raw p <0.05)
(Fig. 2E); adjusted significance values (Padj/FDR) are

reported in enrichment outputs. The most prominently
dysregulated pathways (enrichment factor>2.5) cen-
tered on neoplastic metabolic reprogramming, particu-
larly in choline metabolism in cancer (p=1.06x1073)
and cholesterol homeostasis pathways (p=6.97 x 1074).
Core pathway-network analysis identified three key hubs
of metabolic disruption: (1) antifolate resistance mecha-
nisms, (2) aminoacyl-tRNA biosynthesis, and (3) ABC
transporter activity, all exhibiting extensive connectivity
with multiple DEMs (Fig. 2F). Of particular clinical rel-
evance, we observed marked alterations in rate-limiting
metabolites of hepatic choline metabolism (3-hydroxybu-
tyric acid showed a 2.72-fold increase) and bile acid syn-
thesis (Glycochenodeoxycholic acid showed a 116-fold
increase). Full annotated DEM results are provided in
Supplementary Table S3.

The protein components of the HCC and HC groups were
distinct

To provide context for downstream INR-associated
analyses, we implemented a DIA-MS platform for com-
prehensive serum proteome profiling and compared
HCC patients with healthy controls. A total of 2,402 pro-
tein groups were quantified. PCA demonstrated distinct
proteomic signatures differentiating HCC patients from
HCs (Fig. 3A). Significant separation between groups was
demonstrated through hierarchical clustering (Fig. 3B).
Quantitative analysis identified DEPs. The volcano plot
highlighted 1,482 up-regulated and 328 down-regulated
proteins (fold change>1.5 or <0.67, p<0.05) (Fig. 3C).
The butterfly plot revealed substantial protein expression
differences, identifying FGG, FGB, and RSU1 as among
the most upregulated, and CFP, APCS, and HYDIN as
among the most downregulated (Fig. 3D). After BH cor-
rection in the full HCC-vs-HC protein dataset, 1,801
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of the 1,810 DEPs remained significant, and the corre-
sponding adjusted p values are now provided in Supple-
mentary Table S2.

To elucidate the pathophysiological relevance of these
DEPs, GO enrichment analysis revealed predominant
molecular functions in ligand-binding domains and
translational regulation, coupled with biological pro-
cesses involving positive regulation of cellular processes
and intracellular transport mechanisms (Fig. 3E). These
functional characteristics implicate dysregulated signal
transduction networks, translational reprogramming,
and immune microenvironment remodeling as criti-
cal components of hepatocarcinogenesis. KEGG path-
way analysis identified a total of 48 nominally enriched
pathways (raw p<0.05), with adjusted significance val-
ues (Padj/FDR) reported in enrichment outputs. The
top 20 most significantly enriched pathways are dis-
played (Fig. 3F), with ribosome biogenesis, complement
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activation cascade, and coagulation cascade being the
most prominently associated.

Protein interaction network topology analysis identi-
fied CFHRS5, CFP, and C9 as central network hubs (degree
centrality > 15), with MBL2 and other complement com-
ponents forming dense interaction modules (Fig. 3G).

Integrated metabolomics and proteomics analysis of HCC
patients

The previous results showed significant changes in serum
metabolome and proteome in HCC patients compared
with healthy controls. To further analyze the association
between these changes, we performed integrative path-
way analyses using 246 annotated DEMs and 1,810 DEPs
as input sets. Pathway analysis was performed at both
protein and metabolite levels with KEGG annotation. A
Venn plot showed 101 shared pathways across the two
omics layers (Fig. 4A). The KEGG bubble map displays

Cholesterol rr

|
Central carbon metabolism in cancer 1

—— B Proteins
Aminoacy-tRNA biosynthesis | | — Metabolites
j

Efferocytosis | n——
0 1 2 3
-log10(Pvalue)

s RS A e
I SRS | -

Fig. 4 Integrated Analysis of Metabolomics and Proteomics. (A) Venn diagram showing shared KEGG pathways between metabolomic and proteomic
enrichment results (101 shared pathways). (B) Bubble plot of the top 20 shared pathways. (C) Prioritized four pathways with nominal enrichment in both
omics layers (raw p <0.05 in proteomic and metabolomic enrichment): cholesterol metabolism, central carbon metabolism in cancer, aminoacyl-tRNA
biosynthesis, and efferocytosis. (D) Representative co-mapping of proteins and metabolites in central carbon metabolism in cancer (red, up-regulated;

green, down-regulated)
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Fig. 5 Multi-omics Signature Associated with INR-Defined Coagulation Abnormality in HCC. (A) Correlation heatmap of key molecules and clinical pa-
rameters. Red indicates positive correlation, blue indicates negative correlation. (B) Volcano plot of molecules in the INR-defined coagulation abnormality
vs. normal coagulation groups. (C) Box plots of the top four differential molecules (IDH1, TGFB1, D-glutamine, Ornithine) between the two groups. (D)
LASSO regression analysis for feature selection, identifying an 8-molecule signature. (E) ROC curve analysis of the 8-molecule signature for distinguishing

INR-defined coagulation abnormality

the top 20 shared pathways (Fig. 4B). For biological prior-
itization, we focused on four pathways showing nominal
enrichment in both layers (raw p <0.05 in proteomic and
metabolomic enrichment) and clear biological relevance:
cholesterol metabolism, central carbon metabolism in
cancer, aminoacyl-tRNA biosynthesis, and efferocytosis
(Fig. 4C). The KEGG pathway diagram further illustrates
core protein and metabolite alterations in central carbon
metabolism in cancer (Fig. 4D).

Derivation of an INR-associated multi-omics signature

To systematically investigate the association between
key molecules identified from the integrated analysis
and clinical phenotypes of HCC, we first generated a
correlation heatmap of these molecules against hemato-
logical parameters (Fig. 5A). The results revealed that the
molecular profiles exhibited complex clustering patterns
with the clinical indices. Notably, a subset of metabo-
lites (e.g., kynurenine, tryptophan) and proteins (e.g.,
MAPK14, PFKL) displayed strong positive correlations
(red clusters) with markers of liver injury (ALT, AST) and
coagulation (INR, PT), whereas other molecules showed
negative correlations (blue clusters). This finding suggests
that systemic alterations in the proteome and metabo-
lome are intimately linked to the clinicopathological
status of HCC patients, particularly INR-defined coagu-
lation abnormality.

Prompted by these findings, we focused on INR-
defined coagulation abnormality. We stratified the
cohort of 52 HCC patients into an INR-defined coagu-
lation abnormality group (INR>1.2, n=21) and a nor-
mal coagulation group (INR<1.2, n=31) based on INR.
Clinical characteristics of the two groups are summa-
rized in Table 2. After collapsing BCLC stages into early
stage (A) versus intermediate/advanced stages (B-D), the
INR>1.2 group showed a higher proportion of interme-
diate/advanced disease than the INR<1.2 group (61.9%
vs. 29.0%, Fisher exact P=0.024). Volcano plot analysis
revealed that, at the defined threshold (p<0.05, [log2FC|
> 0.5), protein IDH1 was the sole molecule exhibiting
statistically significant upregulation in the INR-defined
abnormality group (Fig. 5B). To further explore poten-
tial markers, we visualized the top four molecules ranked
by p-value; box plots illustrated the expression levels of
protein IDHI, protein TGFB1, D-glutamine, and orni-
thine between the two groups (Fig. 5C). The results con-
firmed the significant elevation of IDHI1 and revealed a

consistent upward trend for the other three molecules,
suggesting their association with this phenotype.

To derive a multi-molecule INR-associated signature,
we employed the LASSO regression algorithm to select
the most informative feature set from the high-dimen-
sional data at the optimal lambda value (Fig. 5D). The
LASSO cross-validation ultimately identified a signature
comprising eight molecules: four proteins (CAMK2B,
TGFB1, IDH1, LDHA) and four metabolites (DL-
tryptophan, ornithine, D-glutamine, lysine). A logistic
regression model constructed based on this 8-molecule
signature discriminated INR-defined coagulation abnor-
mality (AUC=0.859; Fig. 5E). As this was an internal
derivation cohort without independent external serum
validation, this AUC is interpreted as internal apparent
performance.

WGCNA identifies coagulation and complement modules
in HCC serum

WGCNA analysis of the serum proteome identified 12
distinct co-expression modules (Fig. 6A). Sample clus-
tering confirmed the absence of significant outliers, and
a soft-thresholding power of 14 was selected to ensure
scale-free topology (Supplementary Figure S1). While
module eigengenes showed modest linear correlations
with INR (Fig. 6B), we prioritized three modules heavily
populated by the previously identified DEPs. The brown
module (containing 210 DEPs) was enriched for comple-
ment activation (e.g., C9, C8A, MBL2; Fig. 6C). The black
module (42 DEPs) focused on coagulation regulation,
clustering fibrinogens (FGA, FGB, FGG), coagulation
factors (F7, F11), and plasminogen (Fig. 6D). The blue
module (323 DEPs) reflected broad immune and extracel-
lular matrix responses, including C3, C1Q complex, and
properdin (Fig. 6E). A focused heatmap of coagulation-
and complement-related DEPs from the black, brown
and blue modules demonstrated coordinated expression
changes in fibrinogen chains, coagulation factors and
complement components between HCC and HCs and
across INR strata (Fig. 6F). All these findings provided a
network-level view of the coagulation—complement axis
in this cohort.

Transcriptomic concordance of the core gene components
in the TCGA-LIHC cohort

To explore tissue-level concordance of the four core pro-
teins (CAMK2B, TGFB1, IDH1, LDHA) derived from the
eight-molecule signature, we analyzed RNA-sequencing
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Table 2 Clinical characteristics of HCC patients stratified by INR

(2026) 23:29

Characteristic INR<1.2(n=31) INR>1.2(n=21) P
value

Sample size, n 31 21

Sex: Male, n (%) 25 (80.6%) 15 (71.4%) 0.512

Sex: Female, n (%) 6 (19.4%) 6 (28.6%)

BCLC: Early stage 22 (71.0%) 8 (38.1%) 0.024

(A), n (%)

BCLC: Intermedi- 9 (29.0%) 13 (61.9%)

ate/Advanced

stages (B-D), n (%)

AFP, median [IQR] 948 [2.77,97.45] 745 [2.40, 280.75] 0.764

Age, median [IQR] 5850 [53.25,61.00] 60.00 [52.00, 68.00] 0314

WBC, median [IQR] 3.56 [2.96, 5.06] 4.03[1.81,6.00] 0.852

RBC, median [IQR]  3.80 [3.07,4.17] 2.7912.68,3.81] 0.024

Hb, median [IQR] 120.00 [94.00, 92.00[70.00,117.00] 0.016
131.00]

PLT, median [IQR] ~ 88.00 [57.00, 67.00 [47.00,82.00]  0.088
135.50]

NH3, median [IQR]  66.50 [47.50, 83.25] 71.00[42.00,93.50]  0.820

ALT, median [IQR]  29.00 [16.50, 38.00] 28.00 [18.00, 43.00] 1.000

AST, median [IQR]  34.00 [23.50,44.50] 37.00 [25.00, 71.00] 0.318

TBIL, median [IQR]  23.50 [16.85,30.35] 29.70[20.70,56.40]  0.023

ALB, median [IQR]  36.00 [32.95,39.75] 30.80 [27.60, 35.60] 0.001

GGT, median [IQR]  42.00 [25.50, 44,00 [26.00, 106.00]  0.970
124.50]

CHE, median [IQR]  4045.00 [2786.00,  2045.00 [1452.00, 0.004
6047.50] 3566.00]

CREA, median 70.00 [61.50, 86.50] 57.00 [54.00, 67.00] 0.022

[IQR]

PT, median [IQR] 10.05[9.62,1047] 1230[11.60,15.70]  <0.001

PTA, median [IQR]  75.60 [69.70, 79.25] 56.20 [45.00, 59.10] <0.001

INR, median [IQR] ~ 1.10[1.06, 1.14] 1.33[1.26,1.55] <0.001

APTT, median [IQR] 37.80 [34.40,40.15] 45.80[40.00,51.40]  <0.001

FIB, median [IQR] 2.58[2.29,3.08] 1.76[1.29,2.21] <0.001

Dimer, median 1.00[0.20, 2.10] 2.30[1.40,4.10] 0.009

[IQR]

FDP, median [IQR]  4.67 [0.68, 10.08] 8.24[5.39,12.51] 0.097

ATIII, median [IQR]  70.20 [61.15,78.15] 46.10 [35.20, 54.20] <0.001

AFP missing, n (%)

1(3.2%)

5(23.8%)

Data are presented as n (%) or median [IQR]. For BCLC stage, categories were
collapsed into Early stage (A) versus Intermediate/Advanced stages (B-
D); P value was calculated by Fisher exact test (2x2). Continuous variables
were compared using the Mann-Whitney U test. Categorical variables were
compared using Chi-square/Fisher exact test as appropriate

and clinical data from the TCGA-LIHC cohort. Com-
parison of 374 primary liver tumors and 50 normal liver
tissues revealed that CAMK2B, LDHA and TGFB1 were
significantly dysregulated in tumor tissues (Fig. 7A).
Further, the prognostic value and tumor—normal dis-
crimination of these genes were evaluated by univariate
Kaplan—Meier analysis and ROC analysis. The results
showed that high expression of LDHA was significantly
associated with shorter overall survival, whereas the
other three genes displayed non-significant trends (Sup-
plementary Figure S2). A multivariable Cox model com-
bining all four genes yielded a composite risk score that
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stratified patients into high- and low-risk groups with
highly divergent overall survival (Fig. 7B). In tumor—
normal discrimination, CAMK2B exhibited the highest
single-gene performance (AUC=0.831; Supplementary
Figure S3), and a multivariable logistic regression model
integrating all four genes achieved an AUC of 0.811 for
distinguishing tumor from normal tissues in the TCGA-
LIHC cohort (Fig. 7C).

To evaluate whether the 4-gene signature captures
INR-associated biology, we leveraged an enhanced TCGA
clinical dataset containing INR values for 294 HCC
patients. Patients were stratified into an INR-defined
coagulation abnormality group (INR>1.2, n=113) and
a normal coagulation group (INR<1.2, n=181). Expres-
sion levels of IDH1, CAMK2B and LDHA were signifi-
cantly increased in the INR-defined abnormality group
(Fig. 7D). A logistic regression model based on the 4-gene
signature achieved an AUC of 0.668 for distinguishing
INR-defined coagulation abnormality from normal coag-
ulation status (Fig. 7E), indicating partial concordance
across matrices.

Discussion

This study combined non-targeted serum proteomics
with metabolomics to characterise the molecular
landscape of HCC and to derive an INR-associated
multi-omics signature of coagulation abnormality. By
integrating protein and metabolite profiles, we identi-
fied an eight-molecule serum panel comprising four
proteins (CAMK2B, TGFB1, IDH1, LDHA) and four
metabolites (DL-tryptophan, ornithine, D-glutamine,
lysine) that discriminated INR-defined groups with good
accuracy (AUC=0.859). These findings highlight serum
multi-omics as a mechanistic window into INR-defined
coagulation abnormality in HCC rather than a definitive
diagnostic test.

Independent omics analyses revealed significant molec-
ular alterations in HCC patients. Metabolomics data
indicated that tumors induce systemic metabolic repro-
gramming characterized by the overlap of impaired liver
function and tumor metabolic demands. For instance,
glycocholic acid levels increased 116-fold, reflecting
severe dysfunction in hepatic bile acid handling and sug-
gesting that accumulated bile acids may act as pro-cancer
signaling molecules that drive tumor proliferation and
invasion [24]. Notably, our finding of elevated glycocholic
acid is consistent with a large multicenter study involving
nearly 1,500 participants, which identified glycocholic
acid and phenylpyruvate as effective metabolic biomark-
ers for early-stage HCC [25]. Concurrently, activation of
pathways such as choline metabolism and aminoacyl-
tRNA biosynthesis indicates increased demand for mem-
brane and protein synthesis substrates to support rapid
tumor-cell proliferation [26]. Proteomics analysis further
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Fig. 6 Co-expression Network Analysis of the HCC Serum Proteome. (A) Dendrogram of 2,402 serum proteins based on topological overlap, with 12
WGCNA modules indicated by color bars. (B) Heatmap of correlations between module eigengenes and coagulation indices (INR, PT, APTT, FIB, D-dimer,
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Fig. 7 Transcriptomic concordance of the 4-gene signature in the TCGA-LIHC cohort. (A) Box plots showing differential expression of CAMK2B, IDH1,
LDHA and TGFB1 between tumour (n=374) and normal (n=50) liver tissues in TCGA-LIHC. (B) Kaplan—-Meier curves for overall survival in TCGA-LIHC
patients stratified by the composite 4-gene risk score (high- vs. low-risk groups). (C) ROC curve for a multivariable 4-gene logistic regression model
distinguishing tumour from normal tissues. (D) Box plots comparing expression of the four genes between HCC patients with INR-defined coagulation
abnormality (INR> 1.2, n=113) and those with normal coagulation (INR< 1.2, n=181) in the INR-annotated subset. (E) ROC curve for the 4-gene model in
distinguishing INR-defined coagulation abnormality status (INR>1.2 vs.<1.2) in TCGA-LIHC

revealed adaptive changes in host response. Upregula-
tion of coagulation-related proteins such as fibrinogen
(FGG, FGB) and disruption of the complement sys-
tem (e.g., CFP) pointed to chronic inflammation and a
hypercoagulable state in HCC patients [27]. Crucially,
WGCNA showed that these were coordinated dysregula-
tions rather than isolated events; identification of distinct
coagulation modules supports the coagulation-comple-
ment axis. This axis involves key proteins such as SER-
PIND], F12, and KNGI, and was confirmed as a critical
enriched pathway in HCC [14, 28].

The key innovation of this study lies in applying multi-
omics integration in a clinically anchored, INR-oriented
framework within HCC, rather than only reporting
generic HCC-vs-HC differences. A recent review indi-
cates that multi-omics strategies have successfully
mapped over ten key pathways in HCC [29, 30]. We
identified 101 pathways co-disturbed at both the protein
and metabolite levels, demonstrating that the observed
changes represent a highly synergistic systemic dysregu-
lation. A prominent example is the complement and
coagulation cascade pathway. Our integrated analysis
revealed significant alterations in this pathway at both
the proteomic and metabolomic levels. This finding
aligns with another multi-omics study, which similarly
demonstrated that proteomics and metabolomics data
collectively point to activation of this pathway, provid-
ing a molecular-level explanation for the INR-defined
coagulation phenotype observed in HCC patients [31].
Furthermore, alteration in central carbon metabolism in
cancer exemplifies this phenomenon. We observed not
only upregulation of key enzymes involved in glycoly-
sis and the tricarboxylic acid cycle (e.g., LDHA, IDH1),
but also concurrent alterations in the concentrations of
their downstream metabolites (e.g., D-glutamine). This
synchronized change in proteins and metabolites demon-
strates activation of the Warburg effect in HCC, revealing
how protein expression changes ultimately lead to meta-
bolic phenotype remodeling [32].

Coagulation dysfunction is a critical issue affecting
HCC patient prognosis, yet traditional indicators like
INR provide limited mechanistic insight [33]. Our study
shows that the identified differentially expressed mol-
ecules correlate with clinical coagulation markers (INR,
PT), supporting biologically relevant links. Consider-
ing the limitations of single biomarkers, we used LASSO
regression to identify an optimal molecular combination

from integrated protein-metabolite data. The final panel
of eight molecular biomarkers encompasses core patho-
logical pathways revealed in prior analyses: IDH1 and
LDHA represent dysregulated central carbon metabo-
lism [34, 35]; TGFB1 and CAMK2B involve liver fibrosis
and signal transduction [36, 37]; while ornithine, D-glu-
tamine, lysine, and DL-tryptophan reflect disturbances in
amino acid metabolism, the urea cycle, and the immune
microenvironment [38, 39]. In TCGA-LIHC, core genes
were dysregulated and a gene-based score stratified
overall survival; the INR-annotated subset showed mod-
est discrimination (AUC 0.668), consistent with partial
cross-matrix concordance and emphasizing the need for
external serum validation.

This study employed an integrated proteomics and
metabolomics strategy to reveal key molecular networks
associated with INR-defined coagulation abnormal-
ity in HCC serum. Limitations include the single-center
cohort, modest sample size, and the lack of independent
serum validation and targeted assays; TCGA provides
only tissue-level concordance. In addition, healthy-con-
trol metadata were limited to age/sex in this retrospec-
tive dataset, which constrained investigation of potential
residual heterogeneity (including the apparent HC sub-
grouping pattern in unsupervised projections). Further-
more, as all enrolled HCC patients were HBV-related
and had underlying cirrhosis and our study lacked an
independent, non-HCC cirrhosis control group, the cur-
rent 8-molecule signature is specifically an indicator of
coagulopathy within HCC, and its utility for discriminat-
ing benign cirrhosis from HCC cannot be determined. In
addition, because molecule-level feature screening ini-
tially used raw p values in combination with effect-size
criteria, residual false-positive findings may remain at the
individual-molecule level; therefore, these results should
be interpreted as exploratory and hypothesis-generating
pending independent external validation. Future studies
should validate this signature in external serum cohorts
and by targeted proteomics/metabolomics, and clarify
causal mechanisms through functional experiments.
Nevertheless, these results provide a mechanistic frame-
work and candidate markers for further evaluation.

Conclusions

Integrated serum proteomics and metabolomics identi-
fied an INR-associated multi-omics signature that reflects
coordinated metabolic and immune-coagulation network
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remodeling in HCC. These findings provide mechanistic
insight and candidate serum markers that require valida-
tion in independent external cohorts.
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