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A B S T R A C T

Background: The intratumoral heterogeneity and immunosuppressive microenvironment of hepatocellular car
cinoma (HCC) significantly limit therapeutic efficacy. Although efferocytosis is fundamental for tissue homeo
stasis, its impact on the spatial architecture of the tumor microenvironment (TME) and patient prognosis in HCC 
remains uncharacterized.
Methods: We integrated single-cell RNA sequencing, spatial transcriptomics, and large-scale bulk datasets to 
construct an Efferocytosis-Related Scoring System (ERG score). We identified molecular subtypes and traced key 
cell subsets driving high-efferocytosis features. A robust prognostic model was established via large-scale ma
chine learning screening (101 algorithms) and validated by in vitro experiments (qRT-PCR/Western Blot).
Results: The ERG score indicates a specific immunosuppressive state driven by the High_ERGs_SPP1_Mac sub
population. Spatially, this subpopulation physically co-localizes with malignant cells, potentially mediated by the 
MDK-SDC2 axis. The machine learning-derived risk score serves as a reliable quantitative indicator of High_
ERGs_SPP1_Mac abundance, effectively predicting "cold tumor" phenotypes and immune checkpoint upregula
tion (e.g., PD-1, CTLA4). Additionally, experimental validation confirmed the upregulation of the core gene TPI1 
(triosephosphate isomerase 1), aligning with the high glycolytic features of the high-risk subtype.
Conclusion: The ERG scoring system offers a novel perspective for deconvoluting HCC heterogeneity. Our findings 
suggest that SPP1+ macrophages spatially reshape the TME, providing a theoretical basis for optimizing prog
nostic stratification and personalized immunotherapy.

Introduction

Hepatocellular carcinoma (HCC) ranks among the leading causes of 
cancer-related mortality worldwide, characterized by high incidence, 
insidious onset, and significant heterogeneity [1]. Although surgical 
resection, liver transplantation, and ablation are effective interventions 
for early-stage HCC, the majority of patients are diagnosed at advanced 
stages, thereby missing the optimal window for curative surgery [2,3]. 

In recent years, systemic therapies represented by immune checkpoint 
inhibitors (ICBs) have achieved notable progress in advanced HCC. 
However, constrained by the complex tumor microenvironment (TME), 
only a fraction of patients derive durable clinical benefit, while resis
tance and recurrence remain severe challenges [4,5]. Given the current 
lack of specific molecular biomarkers to accurately predict prognosis 
and immunotherapy response, the overall clinical outcome for HCC 
patients remains suboptimal. Therefore, deeply characterizing the 
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molecular features of HCC and identifying novel prognostic indicators 
and therapeutic targets are of great significance for improving patient 
stratification and optimizing treatment strategies.

Efferocytosis orchestrates a pivotal homeostatic framework within 
the tumor microenvironment (TME). As an evolutionarily conserved 
physiological phenomenon, it entails the systematic recognition, inter
nalisation, and subsequent catabolism of apoptotic debris by profes
sional phagocytes, most notably macrophages [6]. Within a steady-state 
physiological milieu, this cascade is rigorously governed by an interplay 
between "find-me" molecules (e.g., ATP and CX3CL1) and "eat-me" li
gands, particularly externalized phosphatidylserine (PtdSer) [7,8]. The 
ligation of these cues to cognate phagocytic surface receptors, including 
the TAM kinase family (Tyro3, AXL, and MERTK), precipitates an 
immunologically quiescent clearance pathway [9]. Divergent from the 
inflammatory phagocytosis triggered by exogenous pathogens, effer
ocytosis is intrinsically non-immunogenic. It actively attenuates 
pro-inflammatory signaling (e.g., NF-κB) while augmenting the secre
tion of pro-resolving factors like IL-10 and TGF-β, thereby safeguarding 
against autoimmunity [10,11]. Nevertheless, in malignant settings, this 
homeostatic machinery is frequently sequestered by the tumor, espe
cially when extensive cell death is driven by hypoxia, metabolic depri
vation, or iatrogenic anti-tumor interventions [12].

Efficient efferocytosis within the TME acts as a "double-edged 
sword": while it prevents secondary necrosis and the release of auto
antigens, the continuous engulfment of apoptotic tumor cells induces 
profound functional reprogramming of tumor-associated macrophages 
(TAMs) [13]. Mechanistically, efferocytic signaling not only drives 
macrophage polarization toward a pro-tumorigenic M2-like phenotype 
but also induces metabolic adaptations (e.g., upregulation of glycolysis 
and lipid metabolism) to handle the massive influx of cellular cargo [14,
15]. Recent milestone studies indicate that metabolites derived from 
efferocytosis (such as lactate) can further suppress anti-tumor immunity 
and promote angiogenesis [16]. Accumulating evidence highlights the 
clinical significance of this process across various malignancies. In 
non-small cell lung cancer (NSCLC), high expression of efferocytosis 
receptors (e.g., AXL, MERTK) has been confirmed as a potent predictor 
of shortened survival and resistance to EGFR-targeted therapy [17,18]. 
Similarly, in breast cancer, efferocytosis-driven signaling has been found 
to promote tissue remodeling and metastasis by upregulating 
wound-healing-associated cytokines [19]. Furthermore, pan-cancer an
alyses suggest a significant negative correlation between 
efferocytosis-related gene signatures and cytotoxic T-cell infiltration, 
underscoring its potential as a universal marker of immune exclusion 
[20]. Although aberrant expression of efferocytosis-related genes 
(ERGs) has been linked to poor prognosis in multiple cancers, their 
specific expression landscape in HCC, their role in reshaping the spatial 
architecture of the TME, and their clinical value as prognostic bio
markers remain systematically underexplored.

To address these gaps, we established and validated an efferocytosis- 
related gene (ERG) score for HCC. Here, “ERG” refers specifically to 
efferocytosis-related genes and should be distinguished from the ETS- 
related gene ERG oncogene. By integrating single-cell RNA sequencing 
(scRNA-seq), spatial transcriptomics (ST), and bulk transcriptomic 
datasets, we characterized the HCC immune landscape and assessed its 
prognostic relevance. Unsupervised clustering identified molecular 
subtypes with distinct efferocytic activity. Integrating single-cell and 
spatial data further enabled the identification of key cell subsets driving 
high-efferocytosis features and their interactions with malignant cells. 
We then developed a prognostic model and nomogram based on signa
ture genes. Overall, this study clarifies the role of efferocytosis in HCC 
progression and provides a basis for risk stratification, microenviron
ment profiling, and personalized treatment.

Materials and methods

Data acquisition

This study comprehensively utilized multi-omics data for analysis. 
First, three scRNA-seq datasets (GSE149614, GSE151530, and 
GSE156625) were retrieved and downloaded from the GEO database 
(https://www.ncbi.nlm.nih.gov/geo/). From these datasets, HCC tumor 
tissues and adjacent non-tumor tissues were filtered for downstream 
analysis. Second, large-scale bulk transcriptome sequencing data were 
included, comprising the TCGA-LIHC cohort (containing 374 HCC tis
sues and 50 normal tissues) obtained from the UCSC Xena platform (htt 
ps://xena.ucsc.edu), as well as two external validation cohorts from 
GEO (GSE14520 [Platform: GPL3921] and GSE116174). Furthermore, 
to elucidate the spatial structural characteristics of the tumor, ST data of 
HCC (Sample IDs: VISDS000512, VISDS000516) were acquired from the 
CROST database (https://ngdc.cncb.ac.cn/crost/). Genes associated 
with efferocytosis were based on previously published studies (Table S1) 
[6,11].

Consensus clustering

In the present work, we determined a set of 29 phagocytosis- 
associated genes possessing significant prognostic value. To stratify 
HCC patients into two distinct molecular clusters, an unsupervised 
consensus clustering analysis was implemented utilizing the "Con
sensusClusterPlus" R Bioconductor package [21]. Analysis across two 
independent cohorts revealed that these identified subgroups exhibited 
substantial disparities in terms of clinical manifestations and prognostic 
outcomes.

Assessment of immune infiltration and checkpoints in HCC

To quantify the immunological landscape, the ESTIMATE algorithm 
was applied to the TCGA transcriptional profiles for calculating immune 
cell infiltration across various cohorts. We utilized the "IOBR" R package 
[22] to further refine the assessment of immune infiltration within the 
HCC patient population from TCGA. Concurrently, the Single-Sample 
Gene Set Enrichment Analysis (ssGSEA) [23] was implemented to 
characterize the enrichment levels of immune cell subsets within the 
HCC TME. Following this, we explored the expression heterogeneity of 
immune checkpoints across distinct HCC molecular subgroups, with 
visualization and statistical analysis facilitated by the "ggplot2", 
"immuneeconv", and "pheatmap" R environments.

Somatic mutation analysis

Genomic alteration profiles for HCC patients were retrieved from the 
TCGA database, encompassing Single Nucleotide Variations (SNVs) and 
Copy Number Variations (CNVs) generated from Whole Exome 
Sequencing (WES) and high-density SNP arrays (Affymetrix Genome- 
Wide Human SNP Array 6.0). Integrated clinical annotations corre
sponding to these samples were also acquired. For the subsequent 
analysis and visualization of the somatic mutational landscape, we 
implemented the "maftools" (v2.14.0) [24] and "GISTIC2.0" [25] R 
packages to generate comprehensive summary statistics and identify 
recurrently altered regions.

scRNA-seq data processing

Single-cell transcriptomic data were processed and analyzed 
leveraging the Seurat R library (v4.4.0) [26]. To ensure data integrity, a 
stringent quality control pipeline was implemented, exclusively retain
ing cells that harbored over 200 detected features (nFeature) and a 
mitochondrial gene fraction (percent.mt) below 20%. For downstream 
analysis, the filtered expression matrix underwent normalization 
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through the LogNormalize technique (scaling factor = 10,000). We 
subsequently identified the top 2000 highly variable genes (HVGs) using 
the FindVariableFeatures function, followed by centered scaling via 
ScaleData to minimize technical artifacts. Dimensionality reduction was 
executed through Principal Component Analysis (PCA), with the leading 
30 principal components selected as the basis for further computation. 
To rectify potential batch effects inherent in multi-sample datasets (refer 
to Fig. S3A, B for sample distribution), the Harmony algorithm was in
tegrated into the workflow for batch correction [26]. Seurat was used for 
downstream single-cell processing and visualization [27]. Cellular 
connectivity was modeled by establishing a Shared Nearest Neighbor 
(SNN) graph. Subsequently, unsupervised clustering was performed at a 
resolution of 1 to delineate distinct cell populations (Fig. S3C). For 
low-dimensional representation and visual exploration, Uniform Mani
fold Approximation and Projection (UMAP) was utilized to project the 
high-dimensional clusters onto a 2D coordinate system.

Identification of CNVs in scRNA-seq data

To estimate chromosomal copy number variations (CNVs) within the 
epithelial compartments of each HCC specimen, the InferCNV R library 
(v1.4.0) was utilized [28]. The analytical workflow initiated with the 
extraction of the raw count matrix from the processed Seurat object as 
the input dataset. To establish a reliable baseline for normal genomic 
profiles, T cells and NK cells isolated from adjacent non-malignant tis
sues were designated as the reference control. The inferential process 
was executed with a defined cut-off threshold of 0.1, whereas all sup
plementary parameters remained consistent with the manufacturer’s 
default configurations.

Construction of cell-cell communication networks

To systematically analyze signaling communication and metabolic 
characteristics between different cell types, we employed the CellChat 
tool [29]. Intercellular communication between different cell clusters 
was explored to identify potential ligand-receptor pairs, which were 
then projected onto a protein-protein interaction (PPI) network to 
calculate intercellular communication probabilities. The structure of the 
communication network and signal strength between cell clusters were 
visualized using functions such as netVisual_circle and netVisual_bubble.

Pseudotime trajectory and cell stemness analysis

To elucidate the dynamic transitions between cellular states, we 
conducted pseudotime trajectory reconstruction based on the scRNA-seq 
profiles employing the Monocle2 algorithm (v2.16.0) [30]. Further
more, the differentiation capacity and developmental stemness of indi
vidual cells were computationally predicted via the implementation of 
the CytoTRACE framework (v0.3.3) [31].

ST data processing

The processing and visual exploration of ST datasets were conducted 
within the Seurat R environment. For data normalization, the 
SCTransform (SCT) framework was implemented. To harmonize dispa
rate spatial datasets, a systematic integration pipeline was executed, 
encompassing the SelectIntegrationFeatures, PrepSCTIntegration, Fin
dIntegrationAnchors, and IntegrateData functions. Subsequently, an 
unsupervised clustering approach was adopted to group spatial spots 
with shared transcriptomic profiles. The taxonomic annotation of these 
clusters was facilitated by a comparative analysis of Hematoxylin and 
Eosin (H&E) histological images alongside cluster-specific highly vari
able genes. Finally, the spatial distribution and expression patterns 
across the tissue sections were visualized leveraging the SpatialDimPlot 
and SpatialFeaturePlot utilities.

Cell type deconvolution of ST data

To project the transcriptomic identities from the scRNA-seq refer
ence onto the ST landscape, we implemented the Robust Cell Type 
Decomposition (RCTD) algorithm [32]. Prior to decomposition, 
lineage-specific marker genes were characterized via the Seurat Fin
dAllMarkers utility, specifically filtering for genes with positive 
log2-transformed fold changes. Adhering to the established RCTD 
computational pipeline, the deconvolution was executed by integrating 
the reference profiles with the Visium ST datasets, utilizing the 'full' 
parameter configuration (doublet mode) to ensure comprehensive 
cell-type assignment.

Construction of spatial interaction patterns

MISTy (Multiview Intercellular SpaTial modeling) functions as an 
interpretable analytical framework designed to decipher intercellular 
crosstalk by integrating diverse spatial contexts, termed "views." This 
methodology facilitates a holistic exploration of the spatial architecture 
and communicative networks within the tissue microenvironment. In 
this study, we implemented the MISTyR library (v1.6.1) [33] to char
acterize distinct spatial microenvironments within the ST datasets, uti
lizing intercellular spatial proximity as the fundamental metric for 
modeling.

Neighborhood network analysis

To quantify cellular organization patterns and interaction charac
teristics in space, we analyzed spatial neighborhood structures using 
functions from the STUtility package. The GetSpatNet function was used 
to calculate homotypic neighborhood scores for each spatial spot. 
Observed spatial aggregation patterns were then compared with random 
distributions within the sample to determine whether specific cell types 
exhibited aggregation trends higher than random expectation. A higher 
homotypic score indicates stronger spatial organization and aggregation 
of that cell type in local regions. Furthermore, to quantify heterotypic 
interactions between different cell types, the RegionNeighbors function 
was used to calculate the frequency with which spatial spots of one cell 
type were adjacent to spots of another cell type.

Identification of differentially expressed genes (DEGs)

To determine differentially expressed genes (DEGs) between HCC 
specimens and normal controls within the TCGA-LIHC cohort, we 
applied linear modeling via the limma R package. To ensure statistical 
stringency and minimize both false positive and false discovery rates, 
the significance thresholds were established at an absolute log2- 
transformed fold change |log2FC| > 1 along with an adjusted P-value 
< 0.05.

Enrichment analysis and gene set scoring

To investigate biological functions, gene set enrichment analysis 
(GSEA) [33] and subsequent functional characterization were executed 
leveraging the clusterProfiler library [34] (v4.6.2). For the quantifica
tion of specific biological signatures, gene set scores were calculated via 
the AddModuleScore utility within the Seurat framework. The requisite 
KEGG gene sets utilized for these analyses were retrieved from the 
Molecular Signatures Database (MSigDB).

Construction of the prognostic model

Gene expression matrices and complete clinical survival data for 
HCC patients were systematically obtained from three cohorts: TCGA- 
LIHC, GSE14520, and GSE116174. To ensure data quality, samples 
with high missing value rates or incomplete clinical information were 
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excluded, and data were standardized. The TCGA-LIHC cohort was 
designated as the training set, while GSE14520 and GSE116174 served 
as external validation sets. To identify candidate genes with prognostic 
value, the scope was narrowed to key feature genes of the High_
ERGs_SPP1_Mac subpopulation. Univariate Cox regression analysis was 
performed to screen for genes significantly associated with Overall 
Survival (OS) (p < 0.05). Based on this, an integrated machine-learning 
strategy was adopted, constructing 101 combination models using 10 
classical machine-learning algorithms. The 10 algorithms included 
Lasso, Ridge, Elastic Net, Stepwise Cox, CoxBoost, Random Survival 
Forest (RSF), Gradient Boosting Machine (GBM), survival-SVM, 
SuperPC, and plsRcox, which were selected to represent complemen
tary survival-modeling strategies for comprehensive comparison. To 
evaluate model prediction performance and generalizability, the 
Concordance Index (C-index) was calculated for all models across the 
training set and both validation sets. Through systematic screening and 
comparison, Lasso + GBM was determined as the optimal predictive 
model, identifying 10 core feature genes: SPP1, FABP5, TPI1, LDHA, 
TREM1, S100A9, IL1RN, SLC2A1, ANGPTL4, and MIF.

Prediction of immunotherapy response

To evaluate potential immune escape mechanisms, the Tumor Im
mune Dysfunction and Exclusion (TIDE) metric, alongside scores for T- 
cell dysfunction and exclusion, were quantified through the TIDE 
computational framework (http://tide.dfci.harvard.edu/). This algo
rithmic approach facilitated the assessment of therapeutic response and 
immune evasion patterns across the patient cohorts.

Cell lines and cell culture

The human HCC cell lines (Huh7 and SMMC-7721) and the immor
talized human hepatocyte line MIHA were procured from Procell Life 
Science & Technology Co., Ltd. (Wuhan, China). Standard culture con
ditions involved the use of Dulbecco's Modified Eagle Medium (DMEM; 
Procell) enriched with 10% fetal bovine serum (FBS; Procell) and 1% 
penicillin-streptomycin. All experimental cell populations were sus
tained within a humidified atmosphere containing 5% CO2 at a constant 
temperature of 37 ◦C.

Western blotting analysis

To evaluate protein expression, total cellular protein was harvested 
from MIHA, Huh7, and SMMC-7721 lines utilizing RIPA lysis buffer 
enriched with protease and phosphatase inhibitors. Subsequent to 
quantification via a BCA Protein Assay Kit, equivalent protein masses 
were resolved on 10% SDS-PAGE gels and electroblotted onto poly
vinylidene fluoride (PVDF) membranes. Nonspecific binding sites were 
occluded by incubating membranes in 5% non-fat milk for 1 h at 
ambient temperature, followed by a primary antibody incubation at 4 ◦C 
overnight. After thorough rinsing with TBST, the blots were exposed to 
horseradish peroxidase (HRP)-conjugated secondary antibodies for 1 h 
at room temperature. Protein signals were developed using an Enhanced 
Chemiluminescence (ECL) detection system and digitized via a gel im
aging platform. Densitometric analysis was performed using ImageJ 
software (NIH, Bethesda, MD, USA), with the target protein (TPI1) 
expression normalized against the internal loading control (GAPDH). 
The specific primary antibodies implemented were anti-TPI1 (1:1000, 
10,713-1-AP; Proteintech, China) and anti-GAPDH (1:5000, 60,004-1- 
Ig; Proteintech, China). Correspondingly, HRP-linked goat anti-rabbit 
(1:5000, DY60202; Diyibio, China) and goat anti-mouse IgG (1:5000, 
DY60203; Diyibio, China) were utilized as secondary detection reagents.

RNA extraction and quantitative real-time PCR (RT-qPCR)

To evaluate transcript levels, total RNA was isolated from MIHA, 

Huh7, and SMMC-7721 cell lines utilizing TRIzol reagent (Invitrogen, 
USA), with its concentration and purity determined via a NanoDrop 
spectrophotometer. Subsequently, 1 μg of the extracted RNA was 
reverse-transcribed into cDNA using the PrimeScript RT Master Mix 
(Takara, Japan). The quantitative real-time PCR (RT-qPCR) assays were 
executed on an ABI 7500 Real-Time PCR System, employing TB Green 
Premix Ex Taq II (Takara, Japan) for fluorescence detection. The 
amplification utilized specific primer sets (5′-3′): TPI1 forward 
(TGGCATGATCAAAGACTGC) and reverse (CCCAATCAGCTCATCT
GAC). The thermal cycling profile consisted of an initial denaturation 
phase at 95 ◦C for 30 s, followed by 40 amplification cycles (95 ◦C for 5 s 
and 60 ◦C for 34 s). All biological assays were conducted in triplicate, 
and the 2− ΔΔCt method was implemented to calculate the relative 
abundance of TPI1 mRNA.

Statistical analysis

Computational processing and statistical evaluations were executed 
within the R environment (version 4.3.1). To assess prognostic di
vergences between identified patient clusters, Kaplan-Meier survival 
curves alongside the log-rank test were generated for each dataset. For 
continuous variables that deviated from a normal distribution, the 
Wilcoxon rank-sum test or Kruskal-Wallis H-test was implemented to 
ensure analytical accuracy. All statistical assessments were two-tailed, 
and a threshold of P < 0.05 was defined as the criterion for statistical 
significance.

Results

Identification of efferocytosis-related prognostic genes in HCC

Through a systematic literature review, a total of 167 ERGs were 
curated, among which univariate Cox regression analysis identified 37 
candidates significantly correlated with overall survival (OS) (Fig. 1A). 
Genomic analysis revealed prevalent DNA copy number variations 
(CNVs) across these prognostic ERGs. Notably, widespread CNV ampli
fications were observed in genes such as FCER1G, S100A9, NCF2, 
FABP4, and FABP5, whereas other ERGs predominantly exhibited CNV 
deletions (Fig. 1B); their specific chromosomal distribution is visualized 
in Fig. 1C. In parallel, somatic mutation profiling indicated that ERGs 
(including PER1, CYP27A1, and ODC1) were altered in 7.07% (26/368) 
of the HCC cohort (Fig. 1D). Furthermore, an investigation into the 
expression profiles within the TCGA cohort demonstrated that the ma
jority of these 37 prognostic genes were significantly dysregulated in 
tumor tissues relative to normal controls (Fig. S1A).

Consensus clustering identifies two molecular subtypes in HCC

To establish a resilient molecular classification, we prioritized 29 
ERGs shared between the TCGA-LIHC and GSE14520 cohorts. Utilizing 
the expression landscapes of these conserved genes, unsupervised 
consensus clustering was implemented to delineate novel endocytosis- 
associated subtypes in HCC. An optimal cluster stability at k = 2 facil
itated the stratification of the TCGA cohort into Cluster 1 (n = 194) and 
Cluster 2 (n = 180) (Fig. 2A, B). Assessment of cumulative gene 
expression revealed that Cluster 2 possessed a significantly elevated ERG 
score relative to Cluster 1 (Fig. 2C). In alignment with this tran
scriptomic profile, Kaplan-Meier analysis demonstrated that Cluster 2 
patients exhibited a substantially inferior survival outcome compared to 
their Cluster 1 counterparts (P < 0.001) (Fig. 2D). These prognostic 
discrepancies were successfully recapitulated in the GSE14520 valida
tion set (Fig. S1B–E). At the single-gene level, Cluster 2 was character
ized by the robust upregulation of pivotal ERGs, including SPP1, MMP9, 
MMP14, and S100P (Fig. 2E). To decipher the biological underpinnings 
of these subtypes, GSEA was conducted across Hallmark and KEGG 
frameworks. We observed that Cluster 2 was predominantly 
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characterized by the activation of oncogenic and immunoinflammatory 
cascades, such as the Epithelial-Mesenchymal Transition (EMT), 
glycolysis, and inflammatory signaling. Conversely, metabolic signa
tures intrinsic to mature hepatocytes, including bile acid, fatty acid, and 
xenobiotic metabolism, alongside the PPAR signaling pathway, were 
markedly attenuated in Cluster 2 (Fig. 2F). This divergent landscape 
implies that while Cluster 1 maintains a more differentiated hepatocyte- 
like phenotype, Cluster 2 is defined by aggressive malignant traits and 
metabolic reprogramming. Ultimately, univariate and multivariate Cox 
proportional hazards models identified the cluster assignment as a 
robust, independent prognostic indicator for HCC (Fig. 2G, H).

Somatic variation analysis and immune infiltration landscape of the two 
subtypes

To investigate the genomic alterations associated with the two sub
types, we analyzed the somatic mutation profiles of HCC patients. 
Analysis of SNVs revealed that missense mutations were the predomi
nant variant type in both groups, primarily consisting of cytosine to 
thymine (C > T) transitions (Fig. 3A, B). We displayed the mutation 

types of the top 25 most frequently mutated genes. Genes such as TTN, 
MUC16, and ALB were common mutation targets in both groups. 
Notably, CTNNB1 mutations were observed in 31% of patients in Cluster 
1 (compared to 26% in Cluster 2). Conversely, TP53 mutations were 
more prevalent in Cluster 2, with a frequency of 35% (compared to 22% 
in Cluster 1) (Fig. 3C, D). This suggests that distinct driver gene muta
tions may govern the biological behaviors of the different subtypes. To 
further explore genomic instability, we evaluated somatic CNVs using 
GISTIC2 software and calculated G-scores for each genomic locus based 
on the frequency and amplitude of copy number changes. By selecting 
regions with a false discovery rate (FDR) q-value < 0.05, we obtained 
the global CNV profiles for each subtype. Although both subtypes 
exhibited widespread chromosomal instability, they displayed signifi
cant specificity in focal amplifications: the dominant event unique to 
Cluster 1 was the specific amplification of 11q13.3, whereas the high- 
risk Cluster 2 was synergistically driven by dual high-frequency ampli
fications at 8q24.21 and 1q21.3. Regarding deletions, Cluster 1 alter
ations were concentrated at 13q14.2, while those in Cluster 2 shifted to 
13q13.1 (Fig. S2). These results indicate that specific amplifications at 
8q and 1q may serve as the critical genetic basis maintaining the 

Fig. 1. Identification of prognosis-associated endocytosis genes within the TCGA dataset. (A) Forest plot of the 37 prognostic efferocytosis-related genes 
(ERGs) with P < 0.05. (B) Recurrence of CNVs among ERGs in HCC; column height correlates with the specific alteration frequency. (C) Genomic topography 
illustrating the chromosomal distribution of CNV events in ERGs. (D) Mutational landscape and prevalence of ERG alterations across the TCGA-LIHC cohort.
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malignant phenotype of Cluster 2.
Subsequently, to explore the roles of these subtypes within the HCC 

TME, we first utilized the ESTIMATE algorithm to evaluate overall im
mune infiltration between the two subgroups, including stromal, esti
mate, and immunity scores (Fig. 3E). Using the CIBERSORT algorithm, 
we found that the Cluster 1 subgroup exhibited immune-active features, 
being significantly enriched in cytotoxic activated NK cells and mono
cytes. In sharp contrast, although the Cluster 2 subgroup presented a 
high immune score, it was dominated primarily by resting or undiffer
entiated cell populations. Cluster 2 was significantly enriched in abun
dant M0 macrophages and regulatory T cells (Tregs), suggesting that this 
subtype is in a state of immune stagnation or suppression (Fig. S1F, 

Fig. 3F). Furthermore, immune checkpoint analysis revealed that key 
molecules such as CD47, CTLA4, and PDCD1 were significantly upre
gulated in Cluster 2 (Fig. 3G). TIDE analysis further demonstrated that 
Cluster 2 had significantly higher TIDE scores, T cell dysfunction scores, 
and T cell exclusion scores (Fig. S1G, Fig. 3H), suggesting that the 
Cluster 2 subgroup is more prone to immune escape, whereas the Cluster 
1 subgroup may derive greater benefit from immunotherapy.

Single-cell atlas landscape of HCC

To further investigate the specific cellular localization and activity of 
ERGs within the HCC tumor TME, we analyzed scRNA-seq data derived 

Fig. 2. Molecular stratification of HCC patients into divergent subtypes via consensus clustering. (A) Consensus clustering matrix of HCC patients based on 29 
ERGs with k = 2. (B) Indication that k = 2 is the optimal cluster number. (C) Discrepancies in the global expression profiles of ERGs across the identified molecular 
subtypes. (D) Kaplan-Meier curves demonstrating superior overall survival outcomes for patients in Cluster 1. (E) Hierarchical clustering heatmap illustrating the 
divergent expression patterns of ERGs between the two subgroups. (F) Gene Set Enrichment Analysis (GSEA) utilizing HALLMARK and KEGG libraries, highlighting 
signaling cascades significantly upregulated in Cluster 2 relative to Cluster 1. (G) Univariate Cox regression assessing the prognostic impact of clinicopathological 
parameters and ERG-based subtypes. (H) Multivariate Cox regression identifying independent prognostic indicators among clinicopathological variables and 
ERG subtypes.
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from tumor and adjacent non-tumor tissues of HCC patients. After 
rigorous quality control and doublet removal, a total of 133,239 high- 
quality single cells were obtained. Based on the expression profiles of 
canonical marker genes, we identified these cells into nine major clus
ters: T cells (CD3D, CD3E), B cells (MS4A1, CD79A), NK cells (NKG7, 
GNLY), myeloid cells (LYZ, CD14), endothelial cells (PECAM1, VWF), 
fibroblasts (COL1A1, DCN), pericytes (RGS5, HIGD1B), plasma cells 
(JCHAIN, IGHG2), and epithelial cells (ALB, KRT8) (Fig. 4A, B). Cell 
proportion analysis revealed distinct cellular compositional differences 
between tissues; notably, compared to normal tissues, the proportions of 
myeloid cell and T cell populations were significantly expanded in HCC 

tissues, whereas endothelial cells were reduced (Fig. 4C). We further 
utilized CellChat analysis to explore intercellular interactions. Results 
showed that myeloid cells served as the primary communication hubs in 
HCC tissues. Compared to the normal group, myeloid cells in HCC 
exhibited the highest strength in both incoming and outgoing signaling 
interactions (Fig. 4D), highlighting their pivotal role in orchestrating 
TME signaling networks. Subsequently, we employed inferCNV to re- 
cluster epithelial cells into normal epithelial cells and malignant cells 
(Fig. 4E, F, Fig. S3D-F) and utilized CytoTRACE to infer their differen
tiation states. As expected, the CytoTRACE scores of malignant cells 
were significantly higher than those of normal epithelial cells, indicating 

Fig. 3. Somatic mutational landscape and immune infiltration profiles across distinct molecular subtypes. (A-B) Overview of variant classifications, counts, 
types, and SNV categorization for Cluster 1 (n = 194) (A) and Cluster 2 (n = 180) (B) cohorts. (C-D) Comprehensive mutational architecture of the top 25 recurrently 
altered genes in Cluster 1 (C) and Cluster 2 (D). Corresponding mutational frequencies and specific variant types for each gene are delineated on the right panel. (E) 
Comparative assessment of Stromal, Immune, and ESTIMATE scores between the identified molecular subtypes. (F) Heterogeneity in immune cell infiltration levels 
among patients within Cluster 1 and Cluster 2. (G) Differential expression of immune checkpoints between Cluster 1 and Cluster 2 patients. (H) Comparison of TIDE, 
T-cell dysfunction, and T-cell exclusion scores between Cluster 1 and Cluster 2 patients.
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that malignant cells reside in a less differentiated, stem-like state asso
ciated with aggressive proliferative characteristics. Next, we evaluated 
the expression profiles of the identified ERGs across all cell types. 
Notably, ERG scores were preferentially enriched in myeloid cells 
(Fig. 4G). This specific localization suggests that ERGs are not ubiqui
tously expressed but are intrinsically linked to the actively interacting 
myeloid cells.

Elevated efferocytic activity characterizes the SPP1+ macrophage subset

Given the observed enrichment of ERGs in myeloid cells within the 
global landscape, we re-clustered the myeloid cell population to pre
cisely pinpoint the specific cell subpopulations driving this phenotype. 
Utilizing UMAP dimensionality reduction and clustering, and based on 

the top 10 specific marker genes identified via the FindAllMarkers 
function, we identified eight distinct myeloid subtypes: SPP1+ macro
phages, TREM2+ macrophages, CXCL10+ macrophages, CCL3+ mac
rophages, MARCO+ macrophages, monocyte-derived DC-like cells, 
dendritic cells (DCs), and monocytes. Tissue distribution analysis 
revealed significant heterogeneity: SPP1_Mac and TREM2_Mac were 
primarily enriched in HCC tumor tissues, whereas monocytes were more 
abundant in normal tissues (Fig. 5A, Table S2). Each subtype exhibited 
unique marker gene expression patterns, as illustrated in the heatmap 
(Fig. 5B).

To investigate the dynamic changes of ERGs during myeloid differ
entiation, we mapped ERG scores onto the pseudotime trajectory and 
performed stratified analysis based on tissue origin (Fig. 5C). The results 
showed that ERG scores were significantly upregulated in the HCC 

Fig. 4. Single-cell landscape of liver samples from HCC patients. (A) UMAP projection visualizing the spatial distribution of nine principal cellular lineages. (B) 
Heatmap illustrating the transcriptional signatures of canonical markers across the identified cell populations. (C) Fractional composition of sample origins within 
each of the nine major cell clusters. (D) Dot plot illustrating the differences in cellular communication activity of each cell type across different tissue types. (E) UMAP 
plot delineating the segregation of malignant cells from normal epithelial counterparts. (F) Differences in stemness indices between malignant cells and normal 
epithelial cells. (G) Bubble plot demonstrating the preferential enrichment of ERGs within the myeloid compartment.
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tumor group: throughout the differentiation trajectory, myeloid cells 
derived from HCC tissues exhibited consistently higher ERG expression 
levels compared to those from normal tissues (Fig. 5D). To determine the 
specific cell subpopulations responsible for this upregulation, we further 
analyzed the expression dynamics of different subtypes along the 
pseudotime. The results indicated that this tumor-specific high ERG 
score was primarily driven by SPP1+ macrophages, with partial 
involvement of TREM2+ macrophages. With the progression of pseu
dotime, SPP1+ macrophages displayed the most significant and robust 
increasing trend in ERG scores; although TREM2+ macrophages also 
showed a certain degree of score upregulation, the magnitude of 

induction in SPP1+ macrophages was more prominent at the end of the 
trajectory (Fig. 5E, F). This suggests that the activation of the ERG 
signaling pathway is a key feature of macrophage maturation and 
function, particularly for the SPP1+ subset, within the TME.

To further dissect the functional heterogeneity inherent in this 
pivotal subpopulation, SPP1_Mac cells were stratified into High_
ERGs_SPP1_Mac and Low_ERGs_SPP1_Mac cohorts, utilizing the median 
ERG score as the classification threshold (Fig. 5G). Gene Set Enrichment 
Analysis (GSEA) delineated divergent biological landscapes between 
these two subgroups. Specifically, the Low_ERGs_SPP1_Mac cluster 
exhibited an enrichment of pathways associated with immune activation 

Fig. 5. Evaluation of macrophage involvement in efferocytic activity. (A) Subclustering of myeloid cells into 8 subpopulations and their proportional distri
bution differences across samples. (B) Expression patterns of the top 3 characteristic marker genes across each myeloid subset. (C) Pseudotime developmental 
trajectory analysis of myeloid subtypes. (D-E) Dynamic expression changes of ERGs across different samples (D) and different myeloid subtypes (E) along the tra
jectory. (F) UMAP projection illustrating the transcriptomic distribution of ERGs within the myeloid population. (G) UMAP plot delineating the segregation and 
spatial distribution of High_ERGs_SPP1_Mac and Low_ERGs_SPP1_Mac clusters. (H-I) GSEA functional enrichment analysis revealing differential pathway activities in 
High_ERGs_SPP1_Mac (H) and Low_ERGs_SPP1_Mac (I).
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and metabolic homeostasis, notably the interferon response and bile 
acid metabolism (Fig. 5H). Conversely, the High_ERGs_SPP1_Mac subset 
manifested a significant predilection for aggressive, pro-tumorigenic 
signatures, including Hypoxia, Angiogenesis, Epithelial-Mesenchymal 
Transition (EMT), and the IL6-JAK-STAT3 signaling axis (Fig. 5I). 
Collectively, these results suggest that elevated ERG expression iden
tifies a specialized niche of SPP1+ macrophages; their pronounced 
hypoxic adaptation and pro-angiogenic orientation indicate a functional 
synergy with malignant cells within the tumor microenvironment.

Integrated spatial and single-cell analysis reveals close interaction between 
High_ERGs_SPP1_Mac and malignant cells

To investigate the functional role of High-ERG SPP1+ macrophages 
in the TME, we first utilized CellChat to analyze the intercellular 
communication network at the single-cell level. The analysis revealed 
that High_ERGs_SPP1_Mac acts as a core "communication hub" within 
the TME, exhibiting extremely high incoming and outgoing interaction 
strengths across all cell types. Notably, interaction count heatmaps and 
network plots consistently confirmed that, compared to other cell types, 
High_ERGs_SPP1_Mac established robust signaling crosstalk with 

Fig. 6. Intercellular communication network between High_ERGs_SPP1_Mac and malignant cells. (A) Cellular signaling networks reconstructed via CellChat. 
The scatter plot delineates the incoming and outgoing signaling intensities across various lineages, while the heatmap provides a quantitative assessment of 
interaction frequencies between SPP1_Mac subsets and other cellular components. (B, C) Visualization of the in situ spatial distribution of High_ERGs_SPP1_Mac (B) 
and Low_ERGs_SPP1_Mac (C) on tissue sections, along with neighborhood analysis indicating the intensity of their spatial co-localization with malignant cells. (D, E) 
Spatial microenvironments and intercellular interactions identified by MISTy analysis based on sample VISDS000512, revealing that High_ERGs_SPP1_Mac and 
malignant cells form a specific spatial niche. (F) Dot plot showing specific ligand-receptor pairs mediating the crosstalk between SPP1_Mac subpopulations and 
malignant/normal epithelial cells. (G) Spatial expression distribution of MDK and SDC2 molecules on tissue sections. (H) Violin plots depicting the divergent 
expression of MDK and SDC2 within identified SPP1_Mac subpopulations.
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malignant cells, a feature significantly more pronounced than in the 
Low_ERGs_SPP1_Mac group (Fig. 6A). To validate the findings from 
single-cell analysis at the in situ tissue level, we performed ST analysis 
on HCC tumor tissues (samples VISDS000512 and VISDS000516). First, 
we applied rigorous filtering and normalization to the spatial 
sequencing data using standard quality control metrics (Fig. S4A, B). 
Combined with unsupervised clustering analysis, we identified spatial 
regions with distinct transcriptional signatures (Fig. S4C, D). To sys
tematically map the single-cell-defined cell identities to spatial loca
tions, we applied the RCTD algorithm to deconvolute the ST data 
(Fig. S5A–D). Subsequently, to explore the spatial neighborhood 

relationships between macrophage subpopulations and tumor cells, we 
conducted cellular neighborhood network analysis. The results revealed 
that High_ERGs_SPP1_Mac formed a tighter heterotypic cellular network 
with malignant cells and exhibited significant co-localization signals 
(Fig. 6B, C). MistyR spatial dependency analysis further confirmed that, 
compared to Low_ERGs_SPP1_Mac, High_ERGs_SPP1_Mac displayed 
stronger spatial interaction potential, with particularly prominent 
interaction strength with malignant cells (Fig. 6D, E; Fig. S5E, F). To 
uncover the molecular mechanisms maintaining this specific spatial 
distribution, we focused on comparing the signaling characteristics of 
interactions with malignant cells between High_ERGs_SPP1_Mac and 

Fig. 7. Construction of an HCC prognostic model based on High_ERGs_SPP1_Mac. (A) Heatmap illustrating the C-indices of 101 integrative models across the 
TCGA-LIHC, GSE14520, and GSE116174 datasets. The color spectrum from red to green denotes a gradient from high to low predictive accuracy. The Lasso-GBM 
ensemble was identified as the optimal configuration for model assembly. (B) Kaplan-Meier survival curves depicting overall survival (OS) probabilities across all 
cohorts. (C) Time-dependent ROC curves visualizing AUC values for 1-, 2-, and 3-year survival forecasting across datasets. (D) Construction of a clinical nomogram 
based on the risk score, T stage, and clinical stage. (E, F) Correlations between the risk score and ERGs (E), as well as High_ERGs_SPP1_Mac infiltration (F). (G, H) 
Differences in immune checkpoint expression (G) and immune cell infiltration (H) between the high- and low-risk score groups. (I) Variations in TIDE and T-cell 
exclusion metrics across the high- and low-risk score categories.
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Low_ERGs_SPP1_Mac. The analysis results suggested a distinct differ
ence in the activity of the MDK signaling pathway between the two 
subgroups: compared to the relatively weak signaling activity in the 
Low_ERGs_SPP1_Mac group, this pathway showed significantly greater 
enrichment in the communication directed from High_ERGs_SPP1_Mac 
to malignant cells (Fig. 6F; Fig. S5G). Network centrality analysis further 
delineated this functional divergence, indicating that High_
ERGs_SPP1_Mac appeared to assume a more dominant role as an MDK 
signal "sender" compared to the Low group, suggesting a stronger po
tential for this subpopulation to modulate malignant cells (Fig. S5H).

To further investigate the molecular details behind this difference, 
we evaluated the relative contributions of specific ligand-receptor pairs. 
The results showed that the MDK–SDC2 interaction pair exhibited a high 
interaction probability in the communication between High_
ERGs_SPP1_Mac and malignant cells (Fig. S5I). Subsequently, we visu
alized the in situ distribution of the ligand and receptor. Spatial feature 
plots revealed extensive overlapping expression of MDK and SDC2 
within the tumor tissue, confirming the physical basis for their inter
action within the spatial neighborhood (Fig. 6G). To clarify the specific 
cellular source of this spatial signal, subsequent gene expression analysis 
demonstrated that the expression level of the ligand MDK was signifi
cantly higher in High_ERGs_SPP1_Mac than in Low_ERGs_SPP1_Mac 
(Fig. 6H). Coupled with the specific upregulation of MDK in the High 
group, this spatial gene co-expression pattern implies that the High-ERG 
subpopulation may more effectively establish connections with malig
nant cells via the MDK–SDC2 axis, whereas the Low group fails to form 
similar interactions due to the lack of key ligand expression.

Construction of a prognostic model based on High_ERGs_SPP1_Mac related 
genes

To develop a robust prognostic framework, we first identified 148 
characteristic genes of High_ERGs_SPP1_Mac through the FindMarkers 
utility (Table S3). An expansive machine learning integration strategy, 
encompassing 10 distinct algorithms, was subsequently deployed to 
construct 101 predictive candidates. These models were rigorously 
benchmarked based on their mean concordance index (C-index) across 
the TCGA-LIHC discovery cohort and two external validation sets 
(GSE14520, GSE116174). Ultimately, the Lasso and GBM combination 
emerged as the optimal signature due to its superlative predictive sta
bility (Fig. 7A). Kaplan-Meier survival analysis demonstrated that the 
resulting risk score effectively stratified patients into divergent prog
nostic groups across all cohorts (P < 0.01) (Fig. 7B). Time-dependent 
ROC analysis further validated this efficacy; in the training cohort, 
AUC values reached 0.882, 0.859, and 0.874 at 1, 2, and 3 years, 
respectively. The model exhibited consistent performance in GSE14520 
(AUC: 0.613–0.672) and GSE116174 (AUC: 0.658–0.762) (Fig. 7C). 
Clinical utility was further substantiated by a meta-analysis of univariate 
Cox regression, identifying the risk score as a potent independent 
prognosticator (Combined HR > 3, P < 0.003) (Fig. S6A). Subsequent 
screening of clinicopathological features confirmed that only T stage and 
Pathological Stage maintained significant prognostic relevance (P <
0.001), while demographic factors such as age and gender showed no 
association (Fig. S6B). Consequently, a visual Nomogram was con
structed by integrating the risk score with these validated clinical pa
rameters, achieving high-precision multivariate survival forecasting 
(Fig. 7D). To decipher the biological underpinnings of this model, we 
explored the intrinsic relationship between the risk score and High_
ERGs_SPP1_Mac attributes. Correlation analysis within the TCGA cohort 
revealed positive associations between the risk score and both ERGs 
scores (R = 0.26) and High_ERGs_SPP1_Mac density (R = 0.21) (Fig. 7E, 
F). These findings were corroborated by external validation, where high- 
risk patients consistently displayed elevated ERGs signatures and 
High_ERGs_SPP1_Mac infiltration (P < 0.05) (Fig. S6C, D). Compre
hensive immunoprofiling unveiled a profound immunosuppressive 
landscape in the high-risk group. Specifically, inhibitory checkpoints 

including PDCD1 (PD-1), CTLA4, CD47, and LGALS9 were markedly 
upregulated, signaling potential immune exhaustion (Fig. 7G). 
Conversely, MCP-counter analysis indicated that cytotoxic lymphocytes 
and NK cells were significantly sequestered in the low-risk group but 
depleted in the high-risk group (Fig. 7H). This "cold" immune phenotype 
was further supported by elevated TIDE and immune exclusion scores in 
the high-risk cohort (Fig. 7I, Fig. S6E). Collectively, the prognostic 
utility of our model reflects the immunosuppressive TME driven by the 
High_ERGs_SPP1_Mac subpopulation, characterized by checkpoint- 
mediated evasion and effector cell exclusion.

Screening and validation of the key core gene TPI1 from prognostic models

To discern the primary molecular drivers of dismal prognosis and 
identify viable clinical biomarkers, we evaluated the selection frequency 
of candidate genes across the 101 integrated machine learning frame
works. Data revealed that TPI1, together with SPP1, S100A9, and LDHA, 
emerged as the most frequently selected features (Frequency > 15), 
underscoring their pivotal roles in maintaining model predictive sta
bility (Fig. 8A). Subsequent univariate Cox regression analysis was 
implemented to prioritize the clinical relevance of these high-frequency 
candidates. TPI1 exhibited the most substantial Hazard Ratio (HR =
1.672, 95% CI: 1.278–2.188, P < 0.001), establishing it as a preeminent 
risk factor for mortality (Fig. 8B). Based on these findings, TPI1 was 
selected as the focal point for downstream investigation. Comparative 
expression profiling within the TCGA-LIHC and GSE14520 cohorts 
confirmed a significant upregulation of TPI1 in HCC malignancies 
relative to adjacent normal liver tissues (Fig. 8C). To further ascertain its 
independent prognostic significance, patients were stratified by TPI1 
expression levels. Kaplan-Meier analysis demonstrated that elevated 
TPI1 expression was associated with markedly curtailed overall survival 
(OS) across both discovery and validation cohorts (P < 0.01) (Fig. 8D). 
To complement these in silico findings with cellular evidence, we 
quantified TPI1 expression in the immortalized hepatocyte line MIHA 
alongside HCC-derived Huh7 and SMMC-7721 lines. RT-qPCR assays 
demonstrated that TPI1 mRNA abundance was significantly higher in 
HCC cell lines compared to MIHA (P < 0.01) (Fig. 8E). This trend was 
corroborated by Western blotting, which revealed a distinct enrichment 
of TPI1 protein in HCC cells relative to the normal hepatocyte control (P 
< 0.01) (Fig. 8F). These in vitro observations are highly congruent with 
our bioinformatic insights, collectively validating the overexpression 
and oncogenic potential of TPI1 in HCC.

Discussion

The pronounced intratumoral heterogeneity of HCC and its intricate 
immunosuppressive microenvironment constitute primary obstacles 
limiting clinical therapeutic efficacy. Although the advent of ICIs has 
revolutionized HCC treatment, the highly heterogeneous nature of the 
TME results in significantly variable clinical benefits for patients [20]. 
Traditional tumor staging systems often fail to capture these complex 
microenvironmental features, thereby hindering the implementation of 
precision medicine. To address this gap, we constructed a robust ERG 
scoring system. Unlike traditional single-gene biomarkers, this system 
integrates multi-omics features to quantify the biological heterogeneity 
of HCC. Our findings suggest that the ERG score is not merely a statis
tical prognostic marker, but also a functional indicator of a specific 
immunosuppressive state.

The ERG scoring system demonstrates unique biological utility in 
resolving the TME landscape. A high ERG score defines a molecular 
subtype with distinct malignant features. Metabolically, this subtype 
exhibits significant upregulation of glycolysis and hypoxia pathways. 
Immunologically, it is characterized by an immunosuppressive micro
environment dominated by M0 macrophages and Tregs, together with 
high expression of checkpoint molecules such as PD-1 and CTLA4. This 
finding is consistent with the immunometabolic framework of 
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efferocytosis. Previous studies have shown that the clearance of 
apoptotic cells in the TME promotes the release of anti-inflammatory 
mediators by phagocytes and is accompanied by the accumulation of 
metabolites such as lactate [35,36]. We therefore speculate that this 
metabolic reprogramming may create a nutrient-restricted microenvi
ronment that suppresses effector T-cell activity and contributes to 
checkpoint upregulation and immune exclusion.

At cellular resolution, the biological basis of the ERG score is further 
anchored to a specific cell subpopulation—High_ERGs_SPP1_Mac. Our 
analysis identifies this subpopulation as the core driver of high ERG 

scores. Recent single-cell sequencing studies have defined SPP1+ mac
rophages as a major pro-tumorigenic population in HCC, closely asso
ciated with poor prognosis [37]. While existing literature has linked 
them to hypoxia or angiogenesis, the specific contribution of endocytic 
activity in shaping their functional heterogeneity remains underex
plored. Our results suggest that this pro-tumorigenic phenotype may be 
linked to high efferocytic activity. This is consistent with the view that 
the metabolic adaptation of macrophages within specific microenvi
ronments dictates their functional polarization [38]. We speculate that 
High_ERGs_SPP1_Mac may represent a terminally differentiated 

Fig. 8. Identification and multi-level validation of TPI1 as a pivotal prognostic driver. (A) Lollipop chart showing the selection frequency of feature genes 
across 101 machine learning models, identifying TPI1 as a high-frequency core gene. (B) Univariate Cox regression analysis of candidate genes; TPI1 exhibited the 
most substantial Hazard Ratio (HR), characterizing it as a preeminent risk factor. (C) Expression profiling of TPI1 across malignant versus paracancerous tissues 
within the TCGA-LIHC discovery cohort (upper) and GSE14520 validation cohort (lower). (D) Kaplan-Meier overall survival curves comparing patients with high and 
low TPI1 expression in the TCGA-LIHC (top) and GSE14520 (bottom) cohorts. (E) Relative mRNA expression levels of TPI1 in the immortalized human hepatocyte 
line (MIHA) and HCC cell lines (Huh7, SMMC-7721) determined by RT-qPCR. (F) Representative Western blot images (left) and densitometric quantification (right) 
of TPI1 protein levels in MIHA, Huh7, and SMMC-7721 cells. GAPDH served as the internal loading control. Data are expressed as mean ± SD. **P < 0.01, ***P 
< 0.001.
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macrophage state shaped by sustained efferocytic activity, with 
enhanced capacity to produce pro-angiogenic and immunosuppressive 
signals.

Evidence from ST further elucidates the spatial mechanisms under
lying this scoring system. The risk reflected by a high ERG score spatially 
corresponds to a significant physical co-localization between High_
ERGs_SPP1_Mac and malignant cells. The MDK-SDC2 axis was identified 
as a potential mechanism mediating this cellular neighborhood inter
action. MDK is a heparin-binding growth factor that has been widely 
reported to promote tumor growth, metastasis, and chemotherapy 
resistance in multiple cancers [39]. SDC2, in turn, has been implicated 
in cell adhesion and signal transduction [40]. This tight spatial de
pendency suggests that high-endocytic macrophages may directly sup
port tumor cells via paracrine MDK signaling, echoing findings 
regarding macrophage-derived factors supporting the tumor survival 
niche [41]. However, this interaction remains computationally inferred 
and spatially supported, and future co-culture, blocking, or knockdown 
experiments will be needed for direct functional validation.

To bridge the gap between single-cell biological insights and clinical 
utility, the present study orchestrated a large-scale integrative machine- 
learning framework. By systematically evaluating 10 distinct algorithms 
and their 101 combinatorial iterations, the Lasso-GBM ensemble was 
identified as the superlative predictive architecture. This rigorous 
computational selection underscores the robust generalizability of the 
ERG-related risk score across diverse, multicenter cohorts. Furthermore, 
meta-analytical evidence established the score as a potent independent 
prognosticator, which effectively complements traditional T-staging and 
pathological frameworks to facilitate the construction of a high- 
precision nomogram.

Crucially, the prognostic fidelity of this model is intrinsically teth
ered to its underlying biological connotation. Our correlation analysis 
reveals that the ERG-related risk score essentially serves as a "digital 
surrogate" for the infiltration density of High_ERGs_SPP1_Mac within the 
TME. High-risk patients not only manifested a pronounced enrichment 
of these specific macrophages but also exhibited a systemic upregulation 
of inhibitory checkpoints (PDCD1, CTLA4, CD47, and LGALS9) along
side a profound depletion of cytotoxic lymphocytes. Consequently, this 
"cold tumor" architecture, characterized by elevated TIDE and immune 
exclusion metrics, concurs with our hypothesis that immune evasion 
orchestrated by high-efferocytic macrophages constitutes the funda
mental driver of dismal survival. To further support this interpretation, 
we validated the overexpression of the hub gene TPI1 in HCC by RT- 
qPCR and confirmed increased TPI1 protein levels by Western blot
ting. As a key glycolytic enzyme, TPI1 may reflect tumor-cell metabolic 
adaptation within an immunosuppressive microenvironment and may 
contribute to poor clinical outcome. Our findings concur with previous 
reports identifying TPI1 as a catalyst for malignant progression in gastric 
[42] and lung carcinomas [43]. Collectively, the integration of compu
tational and experimental data strongly supports the role of TPI1 as a 
critical metabolic-immune node, linking glycolytic reprogramming to 
the establishment of an immunosuppressive landscape.

Despite these findings, several limitations should be acknowledged. 
First, the present study was primarily based on retrospective public 
cohorts, and prospective validation will be needed to further support its 
clinical applicability. Second, although our transcriptomic and spatial 
analyses strongly supported an efferocytosis-related phenotype of 
High_ERGs_SPP1_Mac, direct functional assays confirming its efferocytic 
capacity were not performed in the present study. Third, the MDK-SDC2 
interaction was inferred computationally and supported by spatial co- 
localization, but was not directly validated experimentally. Finally, 
although TPI1 was validated in HCC cell lines, additional validation in 
clinical tissue samples would further strengthen the translational rele
vance of our findings.
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