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Abstract

Background: Tumor-associated macrophages (TAMs) are key components of the hepa-
tocellular carcinoma (HCC) microenvironment, but their spatial heterogeneity remains
incompletely characterized. We aimed to assess the biological and prognostic relevance of
a BAG3-associated TAM program in HCC. Methods: Public single-cell RNA sequencing
(scRNA-seq) datasets were analyzed to characterize TAM heterogeneity, and an integrated
validation scRNA-seq dataset was used to assess reproducibility. Spatial transcriptomics
was used to provide spatial context in a small treatment-exposed cohort. Pseudotime,
regulatory network, and cell–cell communication analyses were performed to character-
ize state transitions and microenvironmental interactions. Survival modeling evaluated
the prognostic relevance of the BAG3-associated program. Results: Five TAM subsets
were identified, including MARCO+, MT+ RTM−, MMP9+, UBE2C+, and BAG3+ TAMs.
Among them, BAG3+ TAMs, a less well-characterized subset, exhibited coordinated stress-
adaptive, proteostasis-related, and matrix-remodeling programs that were reproduced in
the validation dataset. Pseudotime analysis suggested a continuum of TAM states, with
BAG3+ TAM stress-remodeling features enriched toward late pseudotime. Communication
analysis centered on BAG3+ TAMs suggested crosstalk between inflammatory stress cues
and angiogenic, stromal-remodeling, and immunomodulatory programs; this pattern was
primarily supported by HBV-derived samples and recurrently involved the MIF–CD74
axis. Spatial mapping further supported BAG3+ TAM-enriched niches with elevated AP-1,
EGR1, and NFKB1 activity. A BAG3-associated risk score derived from a 10-gene signature
remained an independent prognostic factor for overall survival after clinical adjustment.
Conclusions: These findings characterize a BAG3-associated TAM program with spatial,
immunoregulatory, and prognostic relevance in HCC, and support its further evaluation in
biomarker and mechanistic studies.
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1. Introduction
Hepatocellular carcinoma (HCC), the most common primary liver cancer, is the third

leading cause of cancer-related death worldwide, with advanced-stage disease showing a
three-year overall survival rate below 40% [1,2]. HCC remains resistant to conventional
therapies and tyrosine kinase inhibitors such as sorafenib [3–5], and responds poorly to
PD-1/PD-L1 blockade. This limited efficacy largely reflects the profound heterogeneity of
the HCC tumor microenvironment (TME) [6]. Among TME components, tumor-associated
macrophages (TAMs) are the dominant innate immune population and are increasingly
recognized as therapeutic targets, given that their high infiltration was consistently as-
sociated with poor prognosis in HCC [7]. TAMs promote tumor progression through
metabolic reprogramming, angiogenesis, and T cell suppression [7,8]. Recent single-cell
RNA sequencing (scRNA-seq) studies have revealed substantial TAM heterogeneity be-
yond the classical M1 (anti-tumor)/M2 (tumor-promoting) polarization framework [8–10]
and identified macrophage-surface targets such as MARCO and TREM1 [11,12].

However, the functional and spatial heterogeneity of TAM states in native HCC tissue
remains incompletely understood, particularly regarding stress-adaptive macrophage pro-
grams linked to proteostasis imbalance [13,14] and their spatial roles in extracellular matrix
remodeling and immune suppression [10,15,16]. This gap likely limits the development of
effective macrophage-targeted therapies in HCC [11,12,17]. While spatial transcriptomics
(ST) offers new opportunities to study immune processes in intact tissue by preserving
spatial context [18], the resolution of ST platforms varies, and widely used sequencing-
based methods such as 10x Visium platform (10x Genomics, Pleasanton, CA, USA) do
not provide single-cell resolution. Conversely, scRNA-seq captures cellular states but fails
to provide spatial information [9,18,19]. Integrating these complementary modalities is
therefore critical for linking cell identity, functional state, and spatial localization, and for
advancing spatially informed therapeutic strategies in HCC.

In this study, we integrated single-cell and spatial transcriptomic analyses to charac-
terize TAM heterogeneity in HCC. We identified five TAM subclusters, and focused on a
less well-characterized BAG3+ TAMs with a coordinated transcriptional program involv-
ing stress adaptation, proteostasis, and matrix remodeling. Regulatory and intercellular
communication analyses further suggested its association with an immunosuppressive
microenvironment in HCC. Finally, we derived a BAG3-associated risk score that served as
an independent prognostic factor in HCC and was associated with immune contexture and
drug-response patterns. Together, our study provides an integrated single-cell and spatial
atlas of TAM states in HCC and further characterizes a BAG3-associated TAM program in
the HCC context, providing a basis for future mechanistic and biomarker studies.

2. Materials and Methods
2.1. scRNA-Seq Datasets and Analysis

Two publicly available scRNA-seq datasets, comprising 41 samples from 20 patients
in total, were used in this study for discovery and validation analyses. The discovery
dataset, reported by Lu et al. [7], comprised 21 samples from 10 patients with HCC across
multiple tissue sites, including primary tumor, adjacent non-tumor liver, lymph-node
metastasis, and portal vein tumor thrombus (PVTT), and was used for cellular landscape
characterization and TAM heterogeneity analysis. The second dataset, reported by Giraud
et al. [20], comprised 20 paired tumor-adjacent samples from 10 patients and was used
for validation. Raw sequencing data were processed using Cell Ranger (10x Genomics,
Pleasanton, CA, USA) and analyzed in R (v4.4.0) with Seurat (v5.1.0) [21]. Myeloid-lineage
cells were further subsetted, and an integrated validation dataset for paired tumor-adjacent
analyses was generated. Detailed procedures are provided in Supplementary Note S1.
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2.2. Inference of Copy-Number Variations and Classification of Malignant Cells

Large-scale copy-number variations (CNVs) were inferred from scRNA-seq data using
inferCNV (v1.22.0) [22,23] to distinguish malignant from non-malignant hepatocytes using
immune and stromal cells as references. Malignancy was determined using a reference-
anchored CNV amplitude score to control false positives among non-tumor cell types.
Detailed inferCNV procedures are provided in Supplementary Note S2.

2.3. Differential Expression, Functional Enrichment, and Metabolic Activity Analyses

Differentially expressed genes (DEGs) were identified using Seurat’s FindAllMarkers
or FindMarkers functions, and genes with an absolute log2 fold change (|log2FC|) ≥ 1
and a false discovery rate (FDR) < 0.05 were considered significant. For the comparison
between malignant and non-malignant hepatocytes, differential expression was performed
using a descriptive Wilcoxon rank-sum test without explicit adjustment for viral or etiologic
covariates. Functional enrichment analyses, including Gene Ontology Biological Process
(GO-BP) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses, were performed
using clusterProfiler (v4.12.6) [24], with human gene annotation from org.Hs.eg.db (v3.19.1).
Metabolic activity of five TAM subsets was quantified using scMetabolism (v0.2.1) [19].

2.4. TAM Context Preference and Pseudotime Trajectory Inference

The preference of TAM subsets for HCC etiologies and tissue sites was quantified
using the STARTRAC-dist index, as described by Zhang et al. [25]. Pseudotime analysis was
performed in hepatitis B virus (HBV)-derived myeloid cells using Monocle2 (v2.32.0) [26],
with VCAN+ monocytes designated as the root state. MMP9+ TAMs were excluded be-
cause of their underrepresentation in HBV samples. Pseudotime-associated genes were
grouped into temporal modules using ClusterGVis (v0.1.4) and further annotated by GO-
BP enrichment analysis. For sensitivity analysis, pseudotime inference was additionally
performed in non-HBV-derived TAMs, including HCV and NBNC samples, using the same
Monocle2-based workflow. Detailed procedures are provided in Supplementary Note S3.

2.5. Regulatory and Cell–Cell Communication Analyses

Gene regulatory activity in TAMs was quantified using the Single-Cell Regulatory Net-
work Inference and Clustering (SCENIC) framework proposed by Aibar et al. [27], imple-
mented in version 1.3.1. Cell–cell communication was inferred using CellChat (v2.2.0) [28]
based on Seurat-normalized expression values, curated cell-type annotations, and the
built-in human ligand-receptor database. Downstream transcriptional coupling was further
assessed using cellcall (v1.0.7) [29], which links receptor-side signaling to transcription
factor (TF) activity. Additional details are provided in Supplementary Note S3.

2.6. Spatial Transcriptomics Analysis and Multi-Algorithm Spatial Scoring

Spatial transcriptomics data were retrieved from the NCBI Gene Expression Omnibus
(GEO; GSE238264), as previously reported by Zhang et al. [30], and included four immune-
enriched HCC sections derived from patients treated with neoadjuvant cabozantinib plus
nivolumab, comprising three responder sections (ST01-R, ST02-R, and ST03-R) and one
non-responder section (ST04-NR). For gene-set activity estimation, AUCell (v1.26.0) [27],
UCell (v2.9.0) [31], and Seurat AddModuleScore [21] were applied, and their outputs
were integrated by robust z-score normalization followed by equal-weight averaging to
generate a composite metaZ score. Cells or spatial spots were stratified into high- and low-
score groups using percentile-based cutoffs, and between-group differences were assessed
using two-sided Wilcoxon tests with FDR correction. Additional details are provided in
Supplementary Note S4.
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2.7. Bulk RNA-Seq Processing, Prognostic Modeling, and Downstream Analyses

Bulk RNA sequencing (RNA-seq) expression profiles and clinical annotations for The
Cancer Genome Atlas Liver Hepatocellular Carcinoma cohort (TCGA-LIHC) [32] were
downloaded via the Genomic Data Commons portal, and the external International Cancer
Genome Consortium Liver Cancer–Riken, Japan cohort (ICGC-LIRI-JP) [33] was obtained
from the ICGC data portal. Analyses were restricted to primary tumors with complete
survival information, and expression values quantified as transcripts per million (TPM)
were transformed as log2(TPM + 1). To construct a BAG3-associated prognostic signature,
candidate genes were first screened using univariate Cox proportional hazards models im-
plemented with survival (v3.5-8), and an elastic-net Cox model implemented with glmnet
(v4.1-8) was then applied to define a 10-gene signature. Four survival models were fitted,
including a multivariable Cox model using survival (v3.5-8), a random survival forest (RSF)
model constructed with randomForestSRC (v3.4.1), an Extreme Gradient Boosting (XG-
Boost) survival model fitted with xgboost (v1.7.11.1), and a survival support vector machine
(SVM) model using survivalsvm (v0.0.6). Patients were stratified by the median risk score
(RS), and model performance was evaluated using Kaplan–Meier analysis with survival
(v3.5-8) and survminer (v0.5.0), Harrell’s concordance index (C-index), and time-dependent
receiver operating characteristic (ROC) curves with the corresponding areas under the
curve (AUCs) using timeROC (v0.4). Immune infiltration was estimated using Cell-type
Identification By Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) [34], im-
mune checkpoint activity was quantified using single-sample gene set enrichment analysis
(ssGSEA) [35] implemented in GSVA (v1.52.3), drug sensitivity was predicted using on-
coPredict (v1.2) [36], and pathway activity was quantified using Reactome and Hallmark
gene sets obtained through msigdbr (v25.1.1). All the above-mentioned R packages are
conducted on R (v4.4.0). Additional details are provided in Supplementary Note S4.

3. Results
3.1. Single-Cell and Spatial Transcriptomic Profiling of Hepatocellular Carcinoma

To establish a comprehensive single-cell transcriptomic landscape of HCC, we an-
alyzed a discovery scRNA-seq dataset comprising 21 tissue samples from 10 patients,
including primary tumors, adjacent non-tumor liver, PVTT, and lymph-node metas-
tases, and representing major etiologic groups such as HBV, hepatitis C virus (HCV),
and non-viral (NBNC) cases (Figure 1a; Supplementary Table S1). After quality control,
70,749 high-quality cells and 25,479 genes were retained for downstream analysis
(Supplementary Figure S1a,b). These cells resolved into seven major cell types based
on canonical marker expression, including hepatocytes, fibroblasts, endothelial cells,
myeloid cells, T cells, natural killer (NK) cells, and B cells, and were visualized on a
t-distributed stochastic neighbor embedding (t-SNE) projection (Figure 1b). Canonical
marker genes showed consistent lineage-specific patterns which supported the assigned
identities (Figure 1c,d; Supplementary Figure S1c). Among recovered high-quality cells,
hepatocytes showed marked inter-patient variability and were relatively underrepresented
in adjacent non-tumor samples while being more abundant in tumor-related sites, including
primary tumors, PVTT, and lymph-node metastases (Figure 1e). In contrast, T and NK
cells were more abundant in adjacent non-tumor liver but reduced in tumor-related sites,
whereas myeloid cells were increased in primary tumors and PVTT. Together, these patterns
suggest an immunosuppressive microenvironment across tumor sites, consistent with the
role of myeloid lineages in promoting T cell dysfunction and tumor progression [37,38].
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Figure 1. Integrated single-cell and spatial transcriptomic landscape of HCC and myeloid hetero-
geneity. (a) Schematic overview of study design and data modalities. (b) The t-SNE plot showing
the distribution of major cell types. (c) Feature plots of representative marker genes of major cell
types on the t-SNE. A more complete marker-gene panel is provided in Supplementary Figure S1c.
(d) Heatmap of top marker genes of the annotated cell types. (e) Major cell-type composition stratified
by patient and tissue sites, based on major cell-type annotation. Proportions are shown among high-
quality cells retained after quality control. (f) Spatial maps with spot-level annotations, including
hepatocyte-related domains (e.g., ALB, CYP1A2 and AKR1B10), a cholangiocyte-like compartment
(e.g., KRT7 and DKK1), and surrounding immune/stromal regions. Insets show the corresponding
H&E images. (g) t-SNE of the myeloid compartment showing myeloid subsets. (h) Bubble plot of
marker gene expression across myeloid subsets.

To assess reproducibility, we next analyzed an integrated validation dataset comprising
36 tissue samples from 18 patients with HCC (Supplementary Table S1). After quality con-
trol, 139,081 high-quality cells and 30,654 genes were retained (Supplementary Figure S2).
The major cell lineages and marker-defined populations were consistently recapitulated,
supporting the robustness of the overall cellular landscape. To complement the single-cell

https://doi.org/10.3390/genes17050562

https://doi.org/10.3390/genes17050562


Genes 2026, 17, 562 6 of 25

atlas with spatial context, we further analyzed four immune-enriched HCC sections from
an independent spatial transcriptomics dataset (Supplementary Table S2). Major spatial
domains were annotated using marker frameworks consistent with the scRNA-seq analysis,
and representative markers are shown for selected hepatocyte-related domains and the
cholangiocyte-like compartment (Figure 1f; Supplementary Note S4). Given the myeloid-
enriched immune niche surrounding tumor hepatocytes identified by single-cell and spatial
analyses, we next characterized the myeloid compartment to dissect its heterogeneity and
immune regulatory functions.

3.2. Myeloid Cell Heterogeneity in HCC

To delineate macrophage heterogeneity in HCC, we reclustered myeloid-lineage
cells from the major cell atlas (Figure 1b), which identified five TAM subsets, includ-
ing MARCO+, MT+ resident tissue macrophage-like (MT+ RTM−), MMP9+, UBE2C+,
and BAG3+ TAMs, as well as three dendritic cell (DC) subsets (CLEC9A+ cDC1,
CD1E+ cDC2, and LILRA4+ pDC), monocytes, and mast cells (Figures 1g,h and 2a;
Supplementary Figure S3a,b). Full differential expression results for the five TAM sub-
sets are provided in Supplementary Data S1. For comparison with previously reported
macrophage states [10,39], representative known TAM subtype markers, including SPP1,
SEPP1, TREM2, and APOE, are shown in Supplementary Figure S3b,c. GO-BP enrichment
analysis highlighted a stress-adaptive, proteostasis-related, and remodeling-associated pro-
gram in BAG3+ TAMs (Figure 2b; Supplementary Data S2), alongside distinct functional en-
richments across the other four TAM subsets (Figure 2c; Supplementary Data S2). MARCO+

TAMs showed elevated Kupffer-cell markers [10] (CD5L, MARCO, and C1QA/B/C)
(Figure 1h), and were enriched for complement activation and leukocyte-mediated im-
munity, consistent with a homeostatic resident-like program [40]. In contrast, MT+ RTM−
TAMs co-expressed metallothioneins (MT1X/G/E) and residency markers [41] (TREM2)
(Figure 1h), with top enriched GO-BP terms involving mitochondrial, detoxification, toxic-
response, and lipid/steroid-related metabolic processes, consistent with metallothionein-
high macrophage states [42]. MMP9+ TAMs displayed a pro-inflammatory profile with
elevated MMP9/12 and chemokines CXCL2/3/8 (Figure 1h), reflecting stromal-remodeling
TAM programs reported across solid tumors, including gastric cancer [43], and showed
enrichment of glycolytic, intrinsic apoptotic, pyridine/nicotinamide nucleotide metabolic,
secretion-related, and wound-healing-associated processes, consistent with an inflam-
matory matrix remodeling program. UBE2C+ TAMs exhibited a proliferative program,
marked by UBE2C together with cell-cycle regulators [10] (CDK1, MKI67, TOP2A, and PLK1)
(Figure 1h), with enrichment for mitotic pathways including chromosome segregation, nu-
clear division, and organelle fission (Figure 2c), consistent with cycling macrophage subsets
across multiple cancers [44,45]. The BAG3+ TAMs were characterized by the expression of
stress-adaptive genes (BAG3, HSPH1, HSPD1, HSPE1, and DNAJB6) and matrix-regulatory
factors (SPARC, SPARCL1, COL4A1, and COL4A2) (Figure 1h). Representative GO-BP
terms highlighted heat-response and chaperone-related pathways (Figure 2b), while the top
enriched pathways further supported cytokine/TNF-related and vasculature-associated
features (Supplementary Data S2). While their chaperone-mediated protein-folding signa-
ture overlapped with BAG3+ TAM programs reported in colorectal cancers [46] and gastric
cancers [47], a BAG3-centered TAM program has not been well characterized in HCC.
This subset further showed increased mitochondrial-stress modules (MT-CYB, MT-ND3,
and MT-CO3) and enrichment for TNF-α/NF-κB signaling involving NFKB1 and REL
(Figure 2b), consistent with adaptation to metabolic and oxidative stress within the HCC
microenvironment. In parallel with TAM specialization, the myeloid compartment also
contained CLEC9A+ cDC1, CD1E+ cDC2, and LILRA4+ pDC subsets, corresponding to anti-
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gen cross-presentation, CD4+ T-cell immunity, and type I interferon-mediated antiviral and
antitumor responses [48,49]. VCAN+ monocytes showed a chemokine-rich phenotype [39],
whereas sparse mast cells may contribute to protease-dependent immunomodulation and
stromal remodeling [50] (Figure 1g,h).

Figure 2. Heterogeneity of distinct TAMs in HCC. (a) Distribution of significantly upregulated marker
genes across myeloid subsets from one-versus-rest differential expression analysis. Red dots represent
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individual genes positioned by average log2 fold change; labeled genes indicate representative mark-
ers. Gray background columns visually group each subset. (b,c) GO-BP enrichment analysis of path-
ways enriched among marker genes upregulated in BAG3+ TAMs (b) and in MARCO+, MT+ RTM−,
MMP9+, and UBE2C+ TAMs (c). The top GO-BP terms are provided in Supplementary Data S2.
(d,e) Heatmaps showing log2Ro/e of TAM subset enrichment across etiologies (d) and tissue sites
(e). Red, blue, and white indicate enrichment log2Ro/e > 0, depletion log2Ro/e < 0, and no clear
preference log2Ro/e ≈ 0, respectively. Asterisks indicate significance after Benjamini–Hochberg
correction of chi-squared test p values (* FDR < 0.05, *** FDR < 0.001). (f) KEGG pathway analysis
highlighting the top five differentially enriched pathways across TAM subsets. Full KEGG results are
provided in Supplementary Data S2. (g) Spatial mapping of the BAG3+ TAM-related metaZ scores
in H&E-stained sections, quantified as integrated metaZ scores of the top 50 marker genes, show-
ing preferential localization of this BAG3-centered program within immune regions. (h) Metabolic
pathway analysis highlighting the top five differentially enriched metabolic pathways across TAM
subsets, based on the KEGG and Reactome databases. (i) SCENIC analysis showing subset-specific
regulon activity across TAM subsets.

3.3. Functional Specialization of TAM Subsets

We first characterized TAM distributions across etiologic groups and tissue sites
in the discovery dataset. STARTRAC-dist [25] analysis showed that five TAM subsets
were not uniformly distributed across HBV-, HCV-, and NBNC-HCC (Figure 2d). In
particular, MMP9+ TAMs were predominantly enriched in NBNC-HCC, consistent with
their inflammatory and matrix-remodeling features [43,51], whereas MT+ RTM− and
UBE2C+ TAMs were detected across all etiologies but were relatively more abundant
in HCV-related HCC. BAG3+ TAMs appeared increased in HBV-associated tumors, al-
though this trend requires validation in independent HBV-enriched cohorts. Across
tissue sites, Kupffer cell-like (MARCO+) TAMs predominated in adjacent non-tumor
liver but were scarce in PVTT and lymph nodes, consistent with their sinusoidal resi-
dency [52]. By contrast, MMP9+ and BAG3+ TAMs were preferentially enriched in pri-
mary tumors, whereas MT+ RTM− and UBE2C+ TAMs showed relative enrichment in
PVTT (Figure 2e). To assess the reproducibility of the BAG3-associated program, we an-
alyzed the integrated validation scRNA-seq dataset comprising paired tumor-adjacent
samples (see validation dataset assembly and preprocessing in Supplementary Figure S2;
myeloid cell subcluster analysis in Supplementary Figure S4) and performed myeloid-
specific re-clustering. This analysis identified a distinct BAG3-enriched cluster (C7) with
stress-chaperone and monocyte/macrophage features (Supplementary Figure S4a–d).
C7 was detectable across etiologies and in both tumor and matched adjacent tissues, al-
though its abundance varied substantially between individuals (Supplementary Figure S4b,e).
Functional analysis showed enrichment of protein homeostasis, antigen processing and lyso-
somal activity, MAPK signaling, and lipid metabolism (Supplementary Figure S4f,g). These
features recapitulated the GO-BP and KEGG patterns observed for BAG3+

TAMs in the discovery dataset (Figure 2b,f), supporting cross-dataset reproducibility of
the core stress-response program. In contrast, extracellular matrix-related signals showed
lower stability in the integrated analysis and warrant verification in expanded cohorts
(Supplementary Figure S4h,i). Spatial transcriptomic mapping showed preferential local-
ization of this BAG3-centered program within immune regions. This pattern was consistent
with the myeloid and immune associated context of the BAG3 program identified in the
single-cell analysis, thereby providing supportive spatial context for the single-cell results
in a small treatment-exposed cohort (Figure 2g).

KEGG enrichment of subset markers (Figure 2f; Supplementary Data S2) together with
scMetabolism [19] quantification (Figure 2h) indicated a five-part metabolic division of
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labor across TAM subsets. MARCO+ TAMs occupied a homeostatic end of the spectrum,
with low global metabolic flux and complement/coagulation features [10,53]. BAG3+ and
MMP9+ TAMs both showed enrichment of inflammatory pathways, including TNF and
IL-17 signaling, but with different dominant functional orientations.
BAG3+ TAMs were linked more closely to MAPK-associated stress responses and
stress-chaperone/proteostasis-related immunoregulation, whereas MMP9+ TAMs were
characterized more by chemokine signaling, carbohydrate metabolism, and matrix-
/wound-healing-associated remodeling programs. UBE2C+ TAMs showed prolifera-
tive programs supported by one-carbon and nucleotide metabolism [10]. MT+ RTM−
TAMs were enriched for liver-centric detoxification, including lipid handling, bile-acid
metabolism, and cytochrome P450-mediated xenobiotic clearance [54]. Together, these
results define multi-axis TAM specialization spanning homeostasis, stress/proteostasis,
matrix-inflammation, proliferation, and detoxification.

SCENIC analysis further identified subset-specific master regulons (Figure 2i). Stress-
responsive transcription factors [55–57] (ATF1, ATF4, and ATF5) were enriched in
BAG3+, MMP9+, and MT+ RTM− TAM subsets (Figure 2i; Supplementary Data S3),
linking these states to adaptation against hypoxia, oxidative stress, and metabolic
stress. Regulons linked to immune homeostasis [58,59] (STAT2, SPIC, and NFATC2)
and cell cycle regulation (MYBL2, TFDP1, and EZH2) were preferentially enriched in
MARCO+ TAMs and UBE2C+ TAMs, respectively (Figure 2i; Supplementary Data S3).
In addition, MAZ, FOSL1, RELB, and MXI1 were enriched in BAG3+ and MMP9+

TAMs, suggesting roles in pro-inflammatory signaling and stress adaptation which may
contribute to an immunosuppressive milieu [60,61].

3.4. Malignant Hepatocytes Show a Shift from Metabolism to Proliferation

We delineated hepatocyte states within the tumor microenvironment by applying
inferCNV [22,23] (as detailed in Section 2), using multiple non-parenchymal cell types
as reference populations. Hepatocytes were classified as malignant or non-malignant
based on widespread copy number alterations, which were summarized by CNV scores
(Figure 3a; Supplementary Data S4). Using a Wilcoxon test with thresholds of FDR < 0.05
and |log2FC| ≥ 1 (Figure 3b), comparative transcriptomic analysis between the two groups
identified 266 upregulated and 95 downregulated genes in malignant hepatocytes, indi-
cating substantial transcriptional reprogramming. Upregulated genes were enriched for
cell-cycle, DNA replication, and extracellular matrix-related pathways (e.g., DKK1, and
TMPRSS3), consistent with proliferative and remodeling features commonly observed in
cancer [62]. In contrast, the downregulated genes were enriched for metabolic functions
(e.g., FABP1 and APOC family), indicating reduced tissue-specific metabolic activity in
line with metabolic rewiring observed across cancers and in HCC [63]. GO-BP analysis
supported this pattern, showing coordinated activation of proliferation pathways together
with suppression of metabolic pathways (Figure 3c). The t-SNE embedding showed malig-
nant hepatocytes distributed across adjacent neighborhoods, indicating gradual deviation
from mature states, paralleled by increased CNV burden and transcriptomic reprogram-
ming, consistent with hepatocyte dedifferentiation in liver disease and cancer progression
(Figure 3d) [64].
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Figure 3. CNV-based identification of malignant hepatocytes and TAMs trajectories with the
T/NK immune context in HCC. (a) inferCNV heatmap classifying hepatocytes as malignant or
non-malignant using non-parenchymal cells as references; the feature strip indicates the most vari-
able genes used. (b) Volcano plot of DEGs between malignant and non-malignant hepatocytes
(Wilcoxon test; FDR < 0.05; |log2FC|≥ 1 ); top 10 upregulated and downregulated genes are labeled.
(c) GO-BP enrichment of genes upregulated or downregulated in malignant hepatocytes. (d) t-SNE
of hepatocytes colored by malignant status. (e,f) Pseudotime trajectories of myeloid cells colored by
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https://doi.org/10.3390/genes17050562


Genes 2026, 17, 562 11 of 25

inferred states (e) and TAM subsets (f), with arrows indicating differentiation from VCAN+ monocytes.
(g,h) Branch-wise expression patterns (g) and pseudotime trends (h) of selected genes (BAG3, MARCO,
MT1X, UBE2C and VCAN). (i) Heatmap of pseudotime-associated genes grouped into four modules
(C1–C4) with representative GO terms. (j) t-SNE of T/NK cells colored by subsets (CD8+ T, CD4+

T, Treg and NK cells), with a sidebar indicating subset sizes; a subset of initial annotated NK cells
was reassigned to T-cell lineages based on transcriptomic profiles. (k) Dot plot of signature and
checkpoint genes across T/NK subsets.

3.5. Pseudotime Dynamics of TAMs in a Representative HCC Subset

To examine transcriptional continuity under comparable sampling conditions, we
inferred pseudotime using a subset with dense coverage across TAM states (predominantly
from HBV samples). The trajectory was rooted in VCAN+ monocytes (Figure 3e,f) and
bifurcated after a shared transitional region into a resident branch progressing through
MT+ RTM− states to MARCO+ TAMs and a stress-remodeling branch advancing toward
BAG3+ TAMs. This topology is consistent with myeloid fate bifurcations reported pre-
viously [37,65,66], although the trajectory observed here showed distinct branch-specific
features. Within this trajectory, UBE2C+ TAMs were observed at low frequency and did not
form a stable terminal state. Gene dynamics followed the branching structure (Figure 3g,h):
VCAN declined from the root; MARCO and C1QA/B/C increased along the resident branch.
By contrast, the branch leading toward BAG3+ TAMs, hereafter referred to as the stress-
remodeling branch, showed a late increase in BAG3, co-expressed HSP chaperones (HSPH1,
HSPD1, HSPE1, and DNAJB1), together with ECM/adhesion genes (SPARC, COL4A1/2,
PLVAP, and IGFBP7). Meanwhile, MT family genes (e.g., MT1X and MT1G) decreased over
pseudotime, and UBE2C attenuated early. To further characterize the temporal progres-
sion, pseudotime-associated genes were grouped into four temporal modules (Figure 3i),
capturing a continuum from chemotaxis/inflammatory recruitment and glycolysis (e.g.,
VCAN and S100A8/A9), through antigen processing with metallothionein buffering (e.g.,
MT1G/MT1X), to complement/lipid-handling tolerance states (e.g., C1QA/B/C), and finally
to chaperone-mediated stress responses coupled with ECM/adhesion pathways (BAG3-
HSP-ECM module), consistent with increasing immune–stromal coupling [67]. Notably,
C1Q genes peaked at mid-to-late stages along the resident path, whereas CD5L and the
BAG3-HSP-ECM module accumulated later; MARCO and C5AR1 increased in a transitional
window between clearance/tolerance and stress remodeling. As an exploratory sensitivity
analysis, we also inferred pseudotime in non-HBV-derived TAMs, including HCV and
NBNC samples, where MMP9+ TAMs were more represented. This analysis showed that
MMP9+ TAMs were mainly located outside the MARCO+-enriched branch and partially
overlapped with other TAM subsets, without forming a clearly separated terminal branch
(Supplementary Figure S5).

3.6. BAG3+ TAMs Are Associated with Stress-Related Immunoregulatory Signaling

To investigate the immunoregulatory features and cellular interactome associated
with BAG3+ TAMs, we first performed high-resolution re-clustering of T and NK cells,
which identified CD8+ T cells, CD4+ T cells, regulatory T (Tregs), and NK cells (Figure 3j),
with marker gene profiles that matched those established in multimodal PBMC refer-
ence atlases [68] (Figure 3k). CellChat [28] analysis at the major cell-type level showed
extensive communication between myeloid cells and hepatocytes, endothelial cells, and
fibroblasts, with the myeloid–hepatocyte axis among the strongest lineage-level interac-
tions (Figure 4a,b). To further resolve this communication landscape, we next examined
the network at subcluster resolution, in which malignant and non-malignant hepato-
cytes, multiple TAM subsets, and other finer stromal and immune populations were
analyzed separately. At this level, BAG3+ TAMs displayed particularly high incoming
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and outgoing communication across parenchymal, stromal, and immune compartments,
suggesting a highly connected position in the inferred HCC communication network
(Figure 4c–e; Supplementary Data S5; Supplementary Note S5). Because BAG3+ TAMs
were relatively sparse in non-HBV tumors, the detailed BAG3+ TAM-centered CellChat
analyses below focus primarily on HBV-derived samples, with corresponding non-HBV
results shown in Supplementary Figures S6a–e and S7. Incoming signals to BAG3+ TAMs
included apolipoprotein-related cues engaging the TREM2–TYROBP complex, consis-
tent with lipid handling and immunomodulatory signaling [12], as well as MIF–CD74-
related signaling, linked to inflammatory survival programs [60,69,70], and PPIA–BSG,
which has been associated with extracellular matrix remodeling and vascular permeabil-
ity [71,72]. Outgoing signaling from BAG3+ TAMs was enriched for VEGFA–KDR/FLT1
and integrin-/collagen-associated interactions toward endothelial and fibroblast com-
partments, consistent with proangiogenic and stromal-remodeling functions, whereas
communication toward lymphocytes prominently involved CXCL12–CXCR4 and HLA-
E–CD94/NKG2A, suggesting roles in lymphocyte recruitment, retention, and effector
regulation [70–72]. Notably, MIF–CD74 and HLA-II–CD4 axes also recurred across multiple
immune sender–receiver configurations, indicating that these pathways are broadly used
within the local immune compartment (Supplementary Figure S6f). Across malignant and
non-malignant hepatocyte states, the major BAG3+ TAM-centered interaction themes were
largely shared. The non-malignant compartment nevertheless showed a somewhat broader
repertoire, including additional CXCL12–CXCR4, APOA1–ABCA1, GDF15–TGFBR2,
and ANXA1–FPR3 interactions, whereas malignant hepatocytes uniquely displayed
ICAM1 − (ITGAX + ITGB2) (Figure 4e; Supplementary Figure S6f; Supplementary Data S5).
This pattern may reflect broader homeostatic and paracrine signaling in non-malignant hep-
atocytes and a more reprogrammed communication state in malignant hepatocytes. These
inferred patterns are consistent with an association between BAG3+ TAMs, stress-related
microenvironmental cues, and stromal or immune niche remodeling.

CellCall [29] analysis further linked these ligand–receptor interactions to downstream
transcriptional responses (see Supplementary Note S5 for additional details). BAG3+

TAMs showed increased activity of target genes associated with EGR1, NFKB1, and AP-1
(JUN/FOS), together with additional enrichment of FOXO3 and JUNB, consistent with
coordinated stress and inflammatory responses [73] (Figure 4f,g). Sankey-based visualiza-
tion further linked BAG3+ TAM signaling to transcriptional circuits centered on NF-κB,
AP-1, and FOXO3 (Figure 4h–k; Supplementary Data S6). As receivers, BAG3+ TAMs
were associated with chemotactic, survival, and inflammatory cues through CCL3/4/5–
CCR1, CSF1–CSF1R, IFNG–IFNGR1/2, and TGFβ–TGFBR1/2; as senders, they showed
potential proangiogenic, matrix-remodeling, and immunoregulatory signals via VEGFA–
KDR/FLT1, TGFβ–TGFBR1/2, MIF–CD74-related signaling, CXCL12–CXCR4, and HLA-E–
CD94/NKG2A. Notably, malignant and non-malignant hepatocytes shared a chemokine
input centered on CCR1 in BAG3+ TAMs but differed in selected axes associated with
hepatocyte state. CCL26–CCR1 was observed in malignant hepatocyte circuits toward
BAG3+ TAMs (Figure 4h), suggesting inflammatory cues related to the tumor state, whereas
EDN1–EDNRB was observed in non-malignant hepatocyte circuits toward BAG3+ TAMs
(Supplementary Figure S6g), consistent with tissue stress or remodeling cues from the
tumor-bearing liver. Together, these findings suggest BAG3+ TAMs are associated with
a stress-adaptive and immunoregulatory signaling program linked to vascular remod-
eling, matrix reorganization, and immune regulation, particularly in the HBV-derived
analysis subset.
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Figure 4. BAG3+ TAMs show enriched signaling interactions across multicellular circuits.
(a,b) CellChat networks showing (a) the number and (b) the interaction strength of significant ligand–
receptor pairs among major cell types; hepatocytes are shown here as a combined lineage-level
compartment. (c,d) Outgoing (c) and incoming (d) communication patterns at subcluster resolution,
showing inferred outgoing and incoming communication patterns involving BAG3+ TAMs across
malignant and non-malignant hepatocytes, multiple TAM subsets, and other finer stromal and immune
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populations. (e) Bubble plot of representative ligand–receptor interactions involving BAG3+ TAMs,
including interactions with malignant hepatocytes; corresponding interactions with non-malignant
hepatocytes are shown in Supplementary Figure S6f. (f,g) TF activity in BAG3+ TAMs, shown by
(f) ridge plots of key TFs scores (EGR1, AP-1, NFKB1, FOXO3) and (g) a representative GSEA plot for
a TF regulon. (h–k) CellCall Sankey diagrams mapping representative ligand–receptor–TF circuits,
including signaling from malignant hepatocytes to BAG3+ TAMs (h), from CD8+ T cells to BAG3+

TAMs (i), from BAG3+ TAMs to endothelial cells (j), and from BAG3+ TAMs to fibroblasts (k).
(l) Representative spatial activity maps of AP-1, EGR1, NFKB1, and FOXO3 in ST04-NR are shown to
visualize the spatial patterns; complete four-section statistics are provided in Supplementary Table S3.

3.7. Spatial Mapping of TF Activity Profiles in BAG3+ TAMs

In spatial transcriptomic analyses, immune regions were stratified by the BAG3+

TAM metaZ score, and inferred TF activity was compared between BAG3+ TAM-
high and -low groups across all four ST sections, with complete statistics provided in
Supplementary Table S3 and Supplementary Note S6. Across the four sections, AP-1 and
EGR1 showed the most consistent increases in BAG3+ TAM-high regions, with patterns
generally consistent across upper-quantile cutoffs, whereas NFKB1 and FOXO3 showed
supportive but more variable increases, and RB1 showed no consistent association. In
ST01-R and ST03-R, both AP-1 and EGR1 remained significant across the 75th, 80th, and
85th percentile cutoffs, whereas in ST02-R, EGR1 remained consistently significant and
AP-1 reached significance under selected cutoffs. Representative spatial activity maps
from ST04-NR are shown in Figure 4l to visualize these patterns. In ST04-NR under the
75th-percentile cutoff, AP-1 and EGR1 were both significantly increased in BAG3+ TAM-
high regions (mean/median difference = 0.343/0.279, FDR = 4.9 × 10−3; and 0.382/0.406,
FDR = 1.0 × 10−4, respectively; Supplementary Table S3). NFKB1 also remained signif-
icant in ST04-NR under the 75th and 85th percentile cutoffs (FDR = 1.39 × 10−4 and
8.42 × 10−5, respectively). Together with the representative ST04-NR violin plots and bar
plot (Figure 5a,b), these spatial metaZ differences support a coordinated BAG3-associated
stress and inflammatory remodeling axis mainly involving AP-1, EGR1, and NFKB1, with
additional contribution from FOXO3. These observations motivated the subsequent prog-
nostic analyses and risk modeling.

3.8. BAG3-Associated Prognostic Modeling in HCC

Starting from 50 candidate marker genes of BAG3+ TAMs, we first fitted univariable
Cox proportional hazards models with overall survival as the endpoint in the TCGA-LIHC
cohort. After quality control, 319 patients were retained, and 13 genes showed significant
associations with overall survival (p < 0.05; Supplementary Table S4). These genes were
entered into an elastic-net Cox model (α = 0.5) with 10-fold cross-validation, yielding a
10-gene BAG3-associated signature with non-zero coefficients (Figure 5c). Kaplan–Meier
analyses confirmed the prognostic relevance of these genes (Supplementary Figure S8a).
Based on coefficient directions and expression patterns (Supplementary Figure S8b,c), the
signature was further divided into risk-associated genes (BAG3, ARL5B, HES4, WDR45B,
and IGFBP3) and protective genes (KLF2, PLPP1, ACTA2, IGF1, and DNAJA4).

Using these 10 genes, we trained four survival models in TCGA-LIHC: a multivari-
able Cox model, RSF, XGBoost, and SVM. Their performance was compared using time-
dependent AUCs at 1, 3, and 5 years (Figure 5d). In TCGA-LIHC, XGBoost (AUC = 0.867)
and RSF (AUC = 0.859) outperformed the multivariable Cox model (AUC = 0.753) at
1 year, whereas SVM showed the lowest discrimination (AUC = 0.623). However, when
evaluated in ICGC-LIRI-JP, the machine-learning models showed reduced discrimination,
whereas the multivariable Cox-based RS remained more stable across cohorts. Consis-
tently, C-index identified the multivariable Cox-based RS as the most robust model in both
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TCGA-LIHC and ICGC-LIRI-JP (0.700 and 0.694, respectively; Supplementary Figure S8d).
Given its more stable cross-cohort C-index and explicit coefficient-based interpretability,
the multivariable Cox model was selected for final RS construction. Feature-importance
analyses further showed that BAG3, ARL5B, and HES4 ranked among the top contributors
in the multivariable Cox model, RSF, and XGBoost (Figure 5e; Supplementary Figure S8e,f;
Supplementary Table S5).

Figure 5. Prognostic evaluation of BAG3+ TAM-related TF activity and risk model. (a) Representative
ST04-NR violin plots of TF activity (AP-1, EGR1, NFKB1, and FOXO3) between BAG3+ TAM-high and
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-low immune regions. (b) Representative ST04-NR horizontal bar plot showing metaZ differences for
the indicated TFs. BAG3+ TAM-high regions were defined as the top 15% spots, and BAG3+ TAM-low
regions as the remaining 85% spots. Complete statistics across all four ST sections are provided in
Supplementary Table S3. ** FDR < 0.01, *** FDR < 0.001. (c) Elastic-net Cox cross-validation curve of
partial-likelihood deviance across log(λ); the dashed line and red point indicate lambda.min, and the
value of the minimum cross-validated deviance used to select the final 10-gene signature, respectively.
Coefficient paths below show shrinkage, with gene labels shown on the left. (d) Time-dependent
receiver operating characteristic curves comparing 1-, 3-, and 5-year overall survival prediction across
four models (multivariable Cox, RSF, XGBoost, and SVM) in TCGA-LIHC (training data) and the
ICGC-LIRI-JP cohort (validation data); AUCs are shown in the faceted bar-plots below. (e) Heatmap
of normalized feature importance of the BAG3-associated signature (10 genes) across the multivariable
Cox, RSF, and XGBoost models, quantified using the model-specific feature importance measures.
(f) Kaplan–Meier curves for high- and low-risk groups stratified by the risk score in TCGA-LIHC and
ICGC-LIRI-JP (shaded areas: 95% confidence intervals).

We therefore derived the final RS from the multivariable Cox model (see Methods for
the formula). Patients were dichotomized at the cohort-specific median RS, and Kaplan–
Meier analyses showed significant survival separation between the high- and low-RS
groups in both TCGA-LIHC and ICGC-LIRI-JP (Figure 5f). In multivariable Cox models
adjusted for age, tumor grade, and American Joint Committee on Cancer (AJCC) stage, RS
remained independently associated with overall survival, with a hazard ratio (HR) of 2.992
for the high-RS group relative to the low-RS group (95% CI, 1.941–4.613; p = 6.88 × 10−7;
Figure 6a). A nomogram integrating age, grade, AJCC stage, and dichotomized RS pre-
dicted 1-, 3-, and 5-year overall survival, with RS contributing the widest point range
(Figure 6b). Calibration curves showed good agreement between predicted and observed
survival, particularly at 3 years (Figure 6c), and decision curve analysis indicated net clini-
cal benefit across a broad range of threshold probabilities (Figure 6d). Subgroup analyses
stratified by age, grade, and AJCC stage further supported the robustness of the RS-based
risk stratification (Supplementary Figure S8g,h).

After establishing the prognostic robustness of the RS, we further assessed the cellular
context of the final signature genes in the discovery scRNA-seq dataset. At the broad
cell-type level, most of these genes showed relatively high scaled expression in BAG3+

TAMs, although a few genes were also prominent in endothelial cells or fibroblasts. Within
the myeloid compartment, the signature genes were largely enriched in BAG3+ TAMs
compared with other myeloid subsets (Supplementary Figure S9a,b). Together, these
patterns indicate that the final signature has a BAG3+ TAM-enriched but non-exclusive
cellular context.

We further examined whether the BAG3-associated signal was tumor-enriched or
also present in adjacent liver using 50 paired TCGA-LIHC tumor and adjacent non-tumor
bulk RNA-seq samples. Tumor tissues showed higher BAG3 expression and BAG3+ TAM
marker-program scores than paired adjacent non-tumor liver, whereas the coefficient-
weighted 10-gene RS formula score did not differ significantly between the two tissue types
(Supplementary Figure S9c). In an etiology-adjusted sensitivity analysis using available
TCGA-LIHC liver disease risk-factor annotations, the final Cox-based RS remained signifi-
cantly associated with overall survival after additional adjustment for etiology/risk-factor
category, with an HR of 2.929 for the high-RS group relative to the low-RS group (95% CI,
1.878–4.570; p = 2.17 × 10−6; Supplementary Table S6).
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Figure 6. Multi-dimensional characterization of the BAG3-associated risk score. (a) Multivariable Cox
regression showing hazard ratios and 95% confidence intervals for age, tumor grade, AJCC stage, and
risk group. (b) Nomogram predicting 1-, 3-, and 5-year overall survival probabilities. (c) Calibration

https://doi.org/10.3390/genes17050562

https://doi.org/10.3390/genes17050562


Genes 2026, 17, 562 18 of 25

curves comparing predicted versus observed 1-, 3-, and 5-year overall survival probabilities.
(d) Decision curve analysis comparing the nomogram with treat-all and treat-none strategies. (e) Vio-
lin plots of CIBERSORT-inferred immune cell fractions in high- and low-risk groups. (f) Heatmap of
Spearman correlations between expression of the BAG3-associated (10 genes) and immune checkpoint
molecules. (g) Violin plots of predicted drug sensitivity for the top 20 differential compounds between
two risk groups. (h) Heatmap of Spearman correlations between expression of the BAG3-associated
and drug sensitivity. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001.

3.9. Immune and Therapeutic Associations of the BAG3-Associated Risk Score

Using CIBERSORT [34], we deconvoluted bulk RNA-seq data from the TCGA-LIHC
cohort to estimate immune-cell fractions and compared them between high- and low-
RS groups (Figure 6e). High-RS tumors showed higher inferred fractions of M0-like
macrophages and regulatory T cells (Tregs) (M0: p < 0.0001; Tregs: p < 0.01), whereas the
M1 polarization index [M1/(M1 + M2)] did not differ significantly between high- and
low-RS groups (p = 0.88; Supplementary Figure S10a). Consistently, risk-associated genes
(BAG3, HES4, ARL5B, WDR45B, and IGFBP3) were positively correlated with myeloid
or regulatory populations, whereas protective genes (KLF2, IGF1, PLPP1, and ACTA2)
showed the opposite trend and were positively associated with naïve B cells and memory
CD4+ T cells (Supplementary Figure S10b). Together, these findings link higher RS to a
myeloid- and regulatory-enriched immune context rather than to a classical M2-skewed
macrophage shift.

We next correlated the 10 signature genes with 47 immune checkpoint molecules
and ssGSEA-derived pathway activity scores for Hallmark and Reactome gene sets
(Figure 6f). Risk-associated genes showed broad positive correlations with inhibitory
and exhaustion-related checkpoints, including CD276/B7-H3, ENTPD1/CD39, TIGIT, and
PD-1, whereas several protective genes showed weaker or opposite associations. High-RS
tumors were enriched for proliferative programs, including G2M checkpoint, E2F targets,
and MYC/MTORC1 signaling, whereas low-RS tumors were enriched for metabolic and
homeostatic pathways linked to preserved hepatic function, including bile acid metabolism,
xenobiotic metabolism, complement/coagulation pathways, and the KRAS signaling down
signature (Supplementary Figure S10c,d).

To explore potential drug-response associations, we applied oncoPredict [36] to es-
timate the half-maximal inhibitory concentration (IC50) of 198 anticancer compounds in
TCGA-LIHC tumors using Genomics of Drug Sensitivity in Cancer 2 [74] training data
(Figure 6g,h; Supplementary Figure S10e). Low-RS tumors showed lower predicted IC50
values for several agents, including PAK inhibitors, paclitaxel, and DNA damage response
inhibitors, whereas high-RS tumors exhibited higher predicted IC50 values for MDM2 and
IAP inhibitors as well as selected JAK/PI3K/MTOR pathway inhibitors [75–77]. Gene–drug
correlation analyses showed the same directionality, with BAG3 and WDR45B correlating
with higher predicted IC50 values, whereas KLF2, ACTA2, PLPP1, and IGF1 were associated
with lower predicted IC50 values for growth factor- and angiogenesis-related inhibitors.

4. Discussion
By integrating multiple datasets, we constructed a comprehensive single-cell and

spatial atlas of HCC that identified major hepatic lineages and, through re-clustering of
myeloid cells, identified five functionally distinct TAM subsets involved in immune modu-
lation and matrix remodeling within the TME. Consistent with prior studies, four subsets
broadly corresponded to established TAM phenotypes: MARCO+ TAMs showed homeo-
static Kupffer-like features [10,45]; MT+ RTM− TAMs were enriched for lipid handling and
xenobiotic detoxification [41,42,52]; MMP9+ TAMs displayed inflammatory and matrix-
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remodeling features [7,43]; and UBE2C+ TAMs represented a proliferative state [10,39]. In
contrast, BAG3+ TAMs remain less well characterized in HCC [10], despite being noted in
a pan-cancer myeloid cell atlas [39] and in colorectal cancer [46] based on heat shock chap-
erone expression. Functional enrichment analysis suggested that BAG3+ TAMs in HCC
exhibit a BAG3-centered stress-remodeling program, characterized by enhanced chaperone-
mediated proteostasis together with coordinated inflammatory and ECM/adhesion signa-
tures, potentially contributing to an immunosuppressive microenvironment.

Pseudotime analysis traced TAMs to a VCAN+ monocyte origin that passed through a
transitional state before diverging into two branches, with MARCO+ and BAG3+ TAMs
enriched toward the terminal ends of their respective lineages. Because this analysis was
based on cross-sectional scRNA-seq data and MMP9+ TAMs were underrepresented in
the HBV-derived subset, the inferred trajectory should be interpreted as a representative
transcriptional continuum rather than a complete lineage map of all TAM states in HCC.
An exploratory non-HBV sensitivity analysis including MMP9+ TAMs showed that these
cells did not form a clearly separated terminal branch, although interpretation remains
limited by etiologic heterogeneity and sparse BAG3+ TAM representation. TAM states
also varied across disease etiologies and tissue sites, with implications for therapeutic
targeting. MARCO+ TAMs were mainly localized to adjacent non-tumor liver and were
underrepresented in metastatic sites [52,64], suggesting that MARCO-directed interventions
may preferentially act outside tumor sites and incompletely engage tumor-infiltrating
TAMs [11]. In contrast, BAG3+ TAMs were enriched in tumor samples and were particularly
prominent in HBV-related cases. These patterns suggest that tumor-enriched programs
such as the BAG3+ TAM state may be particularly relevant to the immunosuppressive
tumor niche, especially in HBV-associated HCC.

At the intercellular communication level, BAG3+ TAMs occupied a highly connected
position in the inferred crosstalk network among parenchymal, stromal, and immune
compartments. These cells showed relatively high inferred connectivity, particularly along
the myeloid–hepatocyte axis, and integrated stress- and lipid-associated signals consistent
with enhanced proteostasis and tissue remodeling. These differences related to hepato-
cyte state suggest that BAG3+ TAMs may integrate inflammatory inputs derived from
malignant cells with stress or remodeling cues from the surrounding tumor bearing liver
parenchyma, providing a plausible microenvironmental basis for their stress adaptive
and immunoregulatory features. Among upstream stress-sensing cues converging on
BAG3+ TAMs, the MIF–CD74 axis is particularly notable. Prior studies have implicated
this pathway in immune regulation across multiple solid tumors [70,78,79] and in HCC
progression through inflammatory macrophage populations in the liver [79], supporting its
relevance in hepatic disease. In our analysis, receiver-side mapping suggested convergence
on stress-responsive transcriptional circuits involving EGR1, NFKB1, AP-1, and FOXO3.
This interpretation was further supported by SCENIC-inferred regulons, including ATF
family members and MAZ, which connect stress-associated programs to angiogenic and im-
munomodulatory signaling. Exploratory spatial analyses provided contextual support for
this framework, as BAG3+ TAM-enriched niches showed directionally concordant activity
of these stress-responsive programs across tissue sections, supporting a spatially localized
BAG3-centered remodeling niche rather than a diffuse global signal. Because the current
ST data are spot-based rather than single-cell-resolved, they provide supportive spatial
context but do not directly resolve specific sender–receiver pairs or proximal interaction pat-
terns, or the exact cellular composition of BAG3-associated high-score spots. However, the
spatial transcriptomics cohort was small and treatment-exposed, comprising four immune-
enriched HCC sections obtained after neoadjuvant cabozantinib plus nivolumab, which
may influence the observed macrophage states and inferred signaling patterns. Therefore,
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the observed BAG3-associated spatial patterns, inferred ligand–receptor interactions, and
TF activity should be interpreted as supportive and hypothesis-generating rather than as
definitive validation across HCC. These observations remain inferential and do not estab-
lish causal or directional signaling. CellChat and CellCall infer potential ligand–receptor
and receptor–TF links from transcriptomic profiles, rather than directly demonstrating
physical ligand–receptor engagement or functional signaling activity. Functional and spa-
tial validation studies, such as macrophage-specific BAG3 perturbation, macrophage–T cell
co-culture assays, multiplex spatial profiling, and myeloid-targeted in vivo models, will be
required to determine whether BAG3-associated stress programs contribute mechanistically
to macrophage-mediated immune regulation in HCC. If validated, these pathways may
provide a basis for future biomarker development and mechanistic studies.

To further evaluate the clinical associations of this program, we developed a BAG3-
associated RS that showed stable prognostic discrimination. The reduced external perfor-
mance of more flexible machine-learning models suggested possible cohort-specific fitting,
whereas the Cox-based RS provided a more interpretable and stable formulation across
the two bulk cohorts. The RS distinguished tumors with an immunosuppressive, hyper-
proliferative microenvironment enriched for M0-like macrophages, Tregs, and inhibitory
checkpoints from tumors with a more metabolically balanced and T cell-competent niche.
Because these immune-cell estimates were derived from bulk transcriptomic deconvolution,
they should be interpreted as associations between the BAG3-associated risk score and
immune contexture rather than evidence that BAG3+ TAMs directly induce T-cell sup-
pression or macrophage polarization. The RS also aligned with predicted drug-response
patterns, with low-RS tumors showing greater predicted sensitivity to cytoskeleton- and
DNA repair-targeting agents and high-RS tumors showing reduced predicted sensitivity.
Genes with positive RS coefficients were associated with stress adaptation, angiogene-
sis, ECM remodeling, and immune regulation, whereas genes with negative coefficients
aligned with vascular quiescence, anti-inflammatory signaling, and matrix homeostasis.
Because bulk tumor transcriptomes contain mixed cellular signals, the RS should not be
interpreted as a direct measure of BAG3+ TAM abundance. Consistent with the scRNA-seq
expression analysis, the final signature showed a BAG3+ TAM-enriched but non-exclusive
cellular context, supporting its interpretation as a BAG3-associated program-level score.
By capturing key transcriptional and microenvironmental features associated with the
BAG3-associated TAM program, the RS remained independently associated with survival
after adjustment for clinical covariates. Although BAG3+ TAMs showed preferential en-
richment in primary tumors in the discovery dataset, the BAG3-associated program should
not be interpreted as tumor-exclusive and may partly reflect background liver injury or
inflammatory stress. Further validation in independent cohorts with matched tumor-
adjacent bulk, single-cell or spatial profiles and detailed etiologic, metabolic, treatment, and
histopathologic annotations will be required to more definitively separate tumor-associated
and background-liver components.

5. Conclusions
In conclusion, our study delineates a BAG3+ TAM-associated program within the

heterogeneous TAM landscape of HCC, characterized by stress adaptation, proteostasis
dysregulation, stromal remodeling, and immunoregulatory features. These features are
reflected in a BAG3-associated risk score with prognostic relevance. Together, our findings
provide an integrated characterization of this myeloid-associated program in HCC and
support its further evaluation in biomarker and mechanistic studies.
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Supplementary Note S5: Expanded BAG3+ TAM-centered intercellular communication and down-
stream transcriptional circuits; Supplementary Note S6: Expanded spatial analyses of BAG3+ TAM-
associated transcription factor activity; Supplementary Figure S1: Global structure and preprocess-
ing overview of the discovery scRNA-seq dataset; Supplementary Figure S2: Construction and
overview of the integrated validation scRNA-seq dataset: QC, integration, clustering, and annotation;
Supplementary Figure S3: Myeloid subclustering and marker validation in the discovery scRNA-seq
dataset; Supplementary Figure S4: Myeloid re-clustering and functional profiling in the integrated
validation scRNA-seq dataset, highlighting the BAG3-enriched C7 cluster; Supplementary Figure S5:
Exploratory pseudotime analysis of non-HBV-derived TAM subsets; Supplementary Figure S6:
Panoramic view of cell communication and the BAG3+ TAM-centered network; Supplementary Figure S7:
Bubble plot of ligand–receptor interactions involving BAG3+ TAMs in the non-HBV condition;
Supplementary Figure S8: Extended multi-model evaluation of the 10-gene prognostic signature in
HCC; Supplementary Figure S9: Cell-type expression patterns of the final BAG3-associated prognostic
signature genes; Supplementary Figure S10: Immune, pathway and drug response correlates of the
BAG3-associated risk score; Supplementary Table S1: Overview of discovery and integrated validation
HCC scRNA-seq datasets; Supplementary Table S2: Spatial transcriptomic QC metrics for four HCC
samples (GSE238264); Supplementary Table S3: Differential transcription factor activity in high and
low BAG3+ TAM groups across multiple quantile thresholds; Supplementary Table S4: Prognostic
association of 13 BAG3+ TAM marker genes identified by univariable Cox analysis (TCGA-LIHC);
Supplementary Table S5: Feature importance comparison across three survival prediction models;
Supplementary Table S6: Sensitivity analysis of the association between the final Cox-based RS and
overall survival after adjustment for available etiology/risk-factor category; Supplementary Data S1:
Differential expression results for five TAM subsets; Supplementary Data S2: Functional enrichment
results for TAM subset marker genes; Supplementary Data S3: SCENIC regulon activity results across
TAM subsets; Supplementary Data S4: inferCNV-based CNV scores and malignant-cell classification
results; Supplementary Data S5: CellChat ligand–receptor interaction results; Supplementary Data S6:
CellCall ligand–receptor–transcription factor analysis results.

Author Contributions: R.Z. contributed to study conception and design, bioinformatics analysis, and
original draft preparation; Y.W. contributed to bioinformatics analysis and original draft preparation;
J.Y. contributed to study design and result interpretation; Y.L., Z.Y. and C.X. contributed to the
literature review and results validation; S.X. and J.Z. contributed to manuscript review and editing,
project administration, and supervision. All authors have read and agreed to the published version
of the manuscript.

Funding: This work was supported by the National Natural Science Foundation of China (grant
numbers 82574202 and 82173619) and the Hainan Province Science and Technology Special Fund
(grant number ZDYF2025SHFZ046).

Institutional Review Board Statement: Not applicable. This study used only publicly available,
de-identified datasets (GSE149614, GSE245906, GSE238264, TCGA-LIHC, and ICGC-LIRI-JP) and did
not involve direct recruitment of human participants.

Informed Consent Statement: Not applicable. The study was based exclusively on publicly avail-
able, de-identified data generated in previous studies, where informed consent had been obtained
when applicable.

Data Availability Statement: The datasets analyzed in this study are publicly available. scRNA-seq
data are available in GEO (https://www.ncbi.nlm.nih.gov/geo/, accessed on 30 September 2024)
with accession numbers GSE149614 and GSE245906, and spatial transcriptomics data are available
in GEO with accession number GSE238264. Bulk RNA-seq and clinical data were obtained from

https://doi.org/10.3390/genes17050562

https://www.mdpi.com/article/10.3390/genes17050562/s1
https://www.mdpi.com/article/10.3390/genes17050562/s1
https://www.ncbi.nlm.nih.gov/geo/
https://doi.org/10.3390/genes17050562


Genes 2026, 17, 562 22 of 25

TCGA-LIHC (https://portal.gdc.cancer.gov, accessed on 30 September 2024) and ICGC-LIRI-JP
(https://dcc.icgc.org, accessed on 30 September 2024). Processed supporting results are provided in
the article and its Supplementary Materials.

Acknowledgments: We thank the investigators who generated and made publicly available the
scRNA-seq, spatial transcriptomics, and bulk RNA-seq datasets used in this study. We also thank the
contributors to the GEO, TCGA, and ICGC repositories for data sharing.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Bray, F.; Laversanne, M.; Sung, H.; Ferlay, J.; Siegel, R.L.; Soerjomataram, I.; Jemal, A. Global cancer statistics 2022: GLOBOCAN

estimates of incidence and mortality worldwide for 36 cancers in 185 countries. Ca. Cancer J. Clin. 2024, 74, 229–263. [CrossRef]
2. Abou-Alfa, G.K.; Lau, G.; Kudo, M.; Chan, S.L.; Kelley, R.K.; Furuse, J.; Sukeepaisarnjaroen, W.; Kang, Y.-K.; Van Dao, T.; De

Toni, E.N.; et al. Tremelimumab plus durvalumab in unresectable hepatocellular carcinoma. NEJM Evid. 2022, 1, EVIDoa2100070.
[CrossRef]

3. Gordan, J.D.; Kennedy, E.B.; Abou-Alfa, G.K.; Beal, E.; Finn, R.S.; Gade, T.P.; Goff, L.; Gupta, S.; Guy, J.; Hoang, H.T.; et al.
Systemic therapy for advanced hepatocellular carcinoma: ASCO guideline update. J. Clin. Oncol. Off. J. Am. Soc. Clin. Oncol.
2024, 42, 1830–1850. [CrossRef]

4. Elleithi, Y.; El-Gayar, A.; Amin, M.N. Autophagy modulation attenuates sorafenib resistance in HCC induced in rats. Cell Death
Dis. 2024, 15, 595. [CrossRef]

5. Vogel, A.; Chan, S.L.; Dawson, L.A.; Kelley, R.K.; Llovet, J.M.; Meyer, T.; Ricke, J.; Rimassa, L.; Sapisochin, G.; Vilgrain, V.; et al.
Hepatocellular carcinoma: ESMO clinical practice guideline for diagnosis, treatment and follow-up. Ann. Oncol. 2025, 36, 491–506.
[CrossRef]

6. El-Khoueiry, A.B.; Trojan, J.; Meyer, T.; Yau, T.; Melero, I.; Kudo, M.; Hsu, C.; Kim, T.-Y.; Choo, S.-P.; Kang, Y.-K.; et al. Nivolumab
in sorafenib-naive and sorafenib-experienced patients with advanced hepatocellular carcinoma: 5-year follow-up from CheckMate
040. Ann. Oncol. 2024, 35, 381–391. [CrossRef]

7. Lu, Y.; Yang, A.; Quan, C.; Pan, Y.; Zhang, H.; Li, Y.; Gao, C.; Lu, H.; Wang, X.; Cao, P.; et al. A single-cell atlas of the multicellular
ecosystem of primary and metastatic hepatocellular carcinoma. Nat. Commun. 2022, 13, 4594. [CrossRef]

8. Li, D.; Zhang, T.; Guo, Y.; Bi, C.; Liu, M.; Wang, G. Biological impact and therapeutic implication of tumor-associated macrophages
in hepatocellular carcinoma. Cell Death Dis. 2024, 15, 498. [CrossRef]

9. Gulati, G.S.; D’Silva, J.P.; Liu, Y.; Wang, L.; Newman, A.M. Profiling cell identity and tissue architecture with single-cell and
spatial transcriptomics. Nat. Rev. Mol. Cell Biol. 2025, 26, 11–31. [CrossRef]

10. Ma, R.-Y.; Black, A.; Qian, B.-Z. Macrophage diversity in cancer revisited in the era of single-cell omics. Trends Immunol. 2022, 43,
546–563. [CrossRef]

11. Zheng, H.; Peng, X.; Yang, S.; Li, X.; Huang, M.; Wei, S.; Zhang, S.; He, G.; Liu, J.; Fan, Q.; et al. Targeting tumor-associated
macrophages in hepatocellular carcinoma: Biology, strategy, and immunotherapy. Cell Death Discov. 2023, 9, 65. [CrossRef]

12. Binnewies, M.; Pollack, J.L.; Rudolph, J.; Dash, S.; Abushawish, M.; Lee, T.; Jahchan, N.S.; Canaday, P.; Lu, E.; Norng, M.; et al.
Targeting TREM2 on tumor-associated macrophages enhances immunotherapy. Cell Rep. 2021, 37, 109844. [CrossRef] [PubMed]

13. Mercier, R.; LaPointe, P. The role of cellular proteostasis in antitumor immunity. J. Biol. Chem. 2022, 298, 101930. [CrossRef]
14. Lv, X.; Lu, X.; Cao, J.; Luo, Q.; Ding, Y.; Peng, F.; Pataer, A.; Lu, D.; Han, D.; Malmberg, E.; et al. Modulation of the Proteostasis

Network Promotes Tumor Resistance to Oncogenic KRAS Inhibitors. Science 2023, 381, eabn4180. [CrossRef]
15. Puttock, E.H.; Tyler, E.J.; Manni, M.; Maniati, E.; Butterworth, C.; Burger Ramos, M.; Peerani, E.; Hirani, P.; Gauthier, V.; Liu, Y.;

et al. Extracellular matrix educates an immunoregulatory tumor macrophage phenotype found in ovarian cancer metastasis. Nat.
Commun. 2023, 14, 2514. [CrossRef]

16. Hu, Q.; Zhu, Y.; Mei, J.; Liu, Y.; Zhou, G. Extracellular matrix dynamics in tumor immunoregulation: From tumor microenviron-
ment to immunotherapy. J. Hematol. Oncol. 2025, 18, 65. [CrossRef]

17. Rannikko, J.H.; Hollmén, M. Clinical landscape of macrophage-reprogramming cancer immunotherapies. Br. J. Cancer 2024, 131,
627–640. [CrossRef]

18. Ståhl, P.L.; Salmén, F.; Vickovic, S.; Lundmark, A.; Navarro, J.F.; Magnusson, J.; Giacomello, S.; Asp, M.; Westholm, J.O.; Huss,
M.; et al. Visualization and analysis of gene expression in tissue sections by spatial transcriptomics. Science 2016, 353, 78–82.
[CrossRef] [PubMed]

19. Wu, Y.; Yang, S.; Ma, J.; Chen, Z.; Song, G.; Rao, D.; Cheng, Y.; Huang, S.; Liu, Y.; Jiang, S.; et al. Spatiotemporal Immune
Landscape of Colorectal Cancer Liver Metastasis at Single-Cell Level. Cancer Discov. 2022, 12, 134–153. [CrossRef] [PubMed]

https://doi.org/10.3390/genes17050562

https://portal.gdc.cancer.gov
https://dcc.icgc.org
https://doi.org/10.3322/caac.21834
https://doi.org/10.1056/EVIDoa2100070
https://doi.org/10.1200/JCO.23.02745
https://doi.org/10.1038/s41419-024-06955-5
https://doi.org/10.1016/j.annonc.2025.02.006
https://doi.org/10.1016/j.annonc.2023.12.008
https://doi.org/10.1038/s41467-022-32283-3
https://doi.org/10.1038/s41419-024-06888-z
https://doi.org/10.1038/s41580-024-00768-2
https://doi.org/10.1016/j.it.2022.04.008
https://doi.org/10.1038/s41420-023-01356-7
https://doi.org/10.1016/j.celrep.2021.109844
https://www.ncbi.nlm.nih.gov/pubmed/34686340
https://doi.org/10.1016/j.jbc.2022.101930
https://doi.org/10.1126/science.abn4180
https://doi.org/10.1038/s41467-023-38093-5
https://doi.org/10.1186/s13045-025-01717-y
https://doi.org/10.1038/s41416-024-02715-6
https://doi.org/10.1126/science.aaf2403
https://www.ncbi.nlm.nih.gov/pubmed/27365449
https://doi.org/10.1158/2159-8290.CD-21-0316
https://www.ncbi.nlm.nih.gov/pubmed/34417225
https://doi.org/10.3390/genes17050562


Genes 2026, 17, 562 23 of 25

20. Giraud, J.; Chalopin, D.; Ramel, E.; Boyer, T.; Zouine, A.; Derieppe, M.-A.; Larmonier, N.; Adotevi, O.; Le Bail, B.; Blanc, J.-F.;
et al. THBS1+ myeloid cells expand in SLD hepatocellular carcinoma and contribute to immunosuppression and unfavorable
prognosis through TREM1. Cell Rep. 2024, 43, 113773. [CrossRef]

21. Hao, Y.; Stuart, T.; Kowalski, M.H.; Choudhary, S.; Hoffman, P.; Hartman, A.; Srivastava, A.; Molla, G.; Madad, S.; Fernandez-
Granda, C.; et al. Dictionary learning for integrative, multimodal and scalable single-cell analysis. Nat. Biotechnol. 2024, 42,
293–304. [CrossRef] [PubMed]

22. Tirosh, I.; Izar, B.; Prakadan, S.M.; Wadsworth, M.H.; Treacy, D.; Trombetta, J.J.; Rotem, A.; Rodman, C.; Lian, C.; Murphy, G.; et al.
Dissecting the multicellular ecosystem of metastatic melanoma by single-cell RNA-seq. Science 2016, 352, 189–196. [CrossRef]
[PubMed]

23. Patel, A.P.; Tirosh, I.; Trombetta, J.J.; Shalek, A.K.; Gillespie, S.M.; Wakimoto, H.; Cahill, D.P.; Nahed, B.V.; Curry, W.T.; Martuza,
R.L.; et al. Single-cell RNA-seq highlights intratumoral heterogeneity in primary glioblastoma. Science 2014, 344, 1396–1401.
[CrossRef]

24. Wu, T.; Hu, E.; Xu, S.; Chen, M.; Guo, P.; Dai, Z.; Feng, T.; Zhou, L.; Tang, W.; Zhan, L.; et al. clusterProfiler 4.0: A universal
enrichment tool for interpreting omics data. Innovation 2021, 2, 100141. [CrossRef]

25. Zhang, L.; Yu, X.; Zheng, L.; Zhang, Y.; Li, Y.; Fang, Q.; Gao, R.; Kang, B.; Zhang, Q.; Huang, J.Y.; et al. Lineage tracking reveals
dynamic relationships of T cells in colorectal cancer. Nature 2018, 564, 268–272. [CrossRef] [PubMed]

26. Qiu, X.; Mao, Q.; Tang, Y.; Wang, L.; Chawla, R.; Pliner, H.A.; Trapnell, C. Reversed graph embedding resolves complex single-cell
trajectories. Nat. Methods 2017, 14, 979–982. [CrossRef]

27. Aibar, S.; González-Blas, C.B.; Moerman, T.; Huynh-Thu, V.A.; Imrichova, H.; Hulselmans, G.; Rambow, F.; Marine, J.-C.; Geurts,
P.; Aerts, J.; et al. SCENIC: Single-cell regulatory network inference and clustering. Nat. Methods 2017, 14, 1083–1086. [CrossRef]

28. Jin, S.; Plikus, M.V.; Nie, Q. CellChat for systematic analysis of cell–cell communication from single-cell transcriptomics. Nat.
Protoc. 2025, 20, 180–219. [CrossRef]

29. Zhang, Y.; Liu, T.; Hu, X.; Wang, M.; Wang, J.; Zou, B.; Tan, P.; Cui, T.; Dou, Y.; Ning, L.; et al. CellCall: Integrating paired
ligand–receptor and transcription factor activities for cell–cell communication. Nucleic Acids Res. 2021, 49, 8520–8534. [CrossRef]

30. Zhang, S.; Yuan, L.; Danilova, L.; Mo, G.; Zhu, Q.; Deshpande, A.; Bell, A.T.F.; Elisseeff, J.; Popel, A.S.; Anders, R.A.; et al.
Spatial transcriptomics analysis of neoadjuvant cabozantinib and nivolumab in advanced hepatocellular carcinoma identifies
independent mechanisms of resistance and recurrence. Genome Med. 2023, 15, 72. [CrossRef]

31. Andreatta, M.; Carmona, S.J. UCell: Robust and scalable single-cell gene signature scoring. Comput. Struct. Biotechnol. J. 2021, 19,
3796–3798. [CrossRef]

32. Ally, A.; Balasundaram, M.; Carlsen, R.; Chuah, E.; Clarke, A.; Dhalla, N.; Holt, R.A.; Jones, S.J.M.; Lee, D.; Ma, Y.; et al.
Comprehensive and integrative genomic characterization of hepatocellular carcinoma. Cell 2017, 169, 1327–1341.e23. [CrossRef]

33. Hudson, T.J.; Anderson, W.; Artez, A.; Barker, A.D.; Bell, C.; Bernabé, R.R.; Bhan, M.K.; Calvo, F.; Eerola, I.; Gerhard, D.S.; et al.
International network of cancer genome projects. Nature 2010, 464, 993–998. [CrossRef]

34. Newman, A.M.; Liu, C.L.; Green, M.R.; Gentles, A.J.; Feng, W.; Xu, Y.; Hoang, C.D.; Diehn, M.; Alizadeh, A.A. Robust enumeration
of cell subsets from tissue expression profiles. Nat. Methods 2015, 12, 453–457. [CrossRef]

35. Xu, W.-X.; Zhang, J.; Hua, Y.-T.; Yang, S.-J.; Wang, D.-D.; Tang, J.-H. An integrative pan-cancer analysis revealing LCN2 as an
oncogenic immune protein in tumor microenvironment. Front. Oncol. 2020, 10, 605097. [CrossRef]

36. Maeser, D.; Gruener, R.F.; Huang, R.S. oncoPredict: An R package for predicting In Vivo or cancer patient drug response and
biomarkers from cell line screening data. Brief. Bioinf. 2021, 22, bbab260. [CrossRef] [PubMed]

37. Veglia, F.; Sanseviero, E.; Gabrilovich, D.I. Myeloid-derived suppressor cells in the era of increasing myeloid cell diversity. Nat.
Rev. Immunol. 2021, 21, 485–498. [CrossRef]

38. Ringelhan, M.; Pfister, D.; O’Connor, T.; Pikarsky, E.; Heikenwalder, M. The immunology of hepatocellular carcinoma. Nat.
Immunol. 2018, 19, 222–232. [CrossRef] [PubMed]

39. Mulder, K.; Patel, A.A.; Kong, W.T.; Piot, C.; Halitzki, E.; Dunsmore, G.; Khalilnezhad, S.; Irac, S.E.; Dubuisson, A.; Chevrier,
M.; et al. Cross-tissue single-cell landscape of human monocytes and macrophages in health and disease. Immunity 2021, 54,
1883–1900.e5. [CrossRef]

40. Bennett, H.; Troutman, T.D.; Zhou, E.; Spann, N.J.; Link, V.M.; Seidman, J.S.; Nickl, C.K.; Abe, Y.; Sakai, M.; Pasillas, M.P.; et al.
Discrimination of cell-intrinsic and environment-dependent effects of natural genetic variation on kupffer cell epigenomes and
transcriptomes. Nat. Immunol. 2023, 24, 1825–1838. [CrossRef] [PubMed]

41. Ganguly, S.; Rosenthal, S.B.; Ishizuka, K.; Troutman, T.D.; Rohm, T.V.; Khader, N.; Aleman-Muench, G.; Sano, Y.; Archilei, S.;
Soroosh, P.; et al. Lipid-associated macrophages’ promotion of fibrosis resolution during MASH regression requires TREM2. Proc.
Natl. Acad. Sci. USA 2024, 121, e2405746121. [CrossRef]

42. Coulton, A.; Murai, J.; Qian, D.; Thakkar, K.; Lewis, C.E.; Litchfield, K. Using a pan-cancer atlas to investigate tumour associated
macrophages as regulators of immunotherapy response. Nat. Commun. 2024, 15, 5665. [CrossRef]

https://doi.org/10.3390/genes17050562

https://doi.org/10.1016/j.celrep.2024.113773
https://doi.org/10.1038/s41587-023-01767-y
https://www.ncbi.nlm.nih.gov/pubmed/37231261
https://doi.org/10.1126/science.aad0501
https://www.ncbi.nlm.nih.gov/pubmed/27124452
https://doi.org/10.1126/science.1254257
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1038/s41586-018-0694-x
https://www.ncbi.nlm.nih.gov/pubmed/30479382
https://doi.org/10.1038/nmeth.4402
https://doi.org/10.1038/nmeth.4463
https://doi.org/10.1038/s41596-024-01045-4
https://doi.org/10.1093/nar/gkab638
https://doi.org/10.1186/s13073-023-01218-y
https://doi.org/10.1016/j.csbj.2021.06.043
https://doi.org/10.1016/j.cell.2017.05.046
https://doi.org/10.1038/nature08987
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.3389/fonc.2020.605097
https://doi.org/10.1093/bib/bbab260
https://www.ncbi.nlm.nih.gov/pubmed/34260682
https://doi.org/10.1038/s41577-020-00490-y
https://doi.org/10.1038/s41590-018-0044-z
https://www.ncbi.nlm.nih.gov/pubmed/29379119
https://doi.org/10.1016/j.immuni.2021.07.007
https://doi.org/10.1038/s41590-023-01631-w
https://www.ncbi.nlm.nih.gov/pubmed/37735593
https://doi.org/10.1073/pnas.2405746121
https://doi.org/10.1038/s41467-024-49885-8
https://doi.org/10.3390/genes17050562


Genes 2026, 17, 562 24 of 25

43. Liu, L.; Ye, Y.; Zhu, X. MMP-9 secreted by tumor associated macrophages promoted gastric cancer metastasis through a
PI3K/AKT/snail pathway. Biomed. Pharmacother. 2019, 117, 109096. [CrossRef]

44. Ji, T.; Fu, H.; Wang, L.; Chen, J.; Tian, S.; Wang, G.; Wang, L.; Wang, Z. Single-cell RNA profiling reveals classification and
characteristics of mononuclear phagocytes in colorectal cancer. PLoS Genet. 2024, 20, e1011176. [CrossRef] [PubMed]

45. Durante, M.A.; Rodriguez, D.A.; Kurtenbach, S.; Kuznetsov, J.N.; Sanchez, M.I.; Decatur, C.L.; Snyder, H.; Feun, L.G.; Livingstone,
A.S.; Harbour, J.W. Single-cell analysis reveals new evolutionary complexity in uveal melanoma. Nat. Commun. 2020, 11, 496.
[CrossRef] [PubMed]

46. Che, L.-H.; Liu, J.-W.; Huo, J.-P.; Luo, R.; Xu, R.-M.; He, C.; Li, Y.-Q.; Zhou, A.-J.; Huang, P.; Chen, Y.-Y.; et al. A single-cell
atlas of liver metastases of colorectal cancer reveals reprogramming of the tumor microenvironment in response to preoperative
chemotherapy. Cell Discov. 2021, 7, 80. [CrossRef] [PubMed]

47. Sathe, A.; Grimes, S.M.; Lau, B.T.; Chen, J.; Suarez, C.; Huang, R.J.; Poultsides, G.; Ji, H.P. Single-cell genomic characterization
reveals the cellular reprogramming of the gastric tumor microenvironment. Clin. Cancer Res. 2020, 26, 2640–2653. [CrossRef]

48. Böttcher, J.P.; Reis e Sousa, C. The role of type 1 conventional dendritic cells in cancer immunity. Trends Cancer 2018, 4, 784–792.
[CrossRef]

49. Reizis, B. Plasmacytoid dendritic cells: Development, regulation, and function. Immunity 2019, 50, 37–50. [CrossRef]
50. Komi, D.E.A.; Redegeld, F.A. Role of mast cells in shaping the tumor microenvironment. Clin. Rev. Allergy Immunol. 2020, 58,

313–325. [CrossRef]
51. Pfister, D.; Núñez, N.G.; Pinyol, R.; Govaere, O.; Pinter, M.; Szydlowska, M.; Gupta, R.; Qiu, M.; Deczkowska, A.; Weiner, A.; et al.

NASH limits anti-tumour surveillance in immunotherapy-treated HCC. Nature 2021, 592, 450–456. [CrossRef]
52. Guilliams, M.; Scott, C.L. Liver macrophages in health and disease. Immunity 2022, 55, 1515–1529. [CrossRef]
53. MacParland, S.A.; Liu, J.C.; Ma, X.-Z.; Innes, B.T.; Bartczak, A.M.; Gage, B.K.; Manuel, J.; Khuu, N.; Echeverri, J.; Linares, I.; et al.

Single cell RNA sequencing of human liver reveals distinct intrahepatic macrophage populations. Nat. Commun. 2018, 9, 4383.
[CrossRef]

54. Wang, X.; Rao, J.; Tan, Z.; Xun, T.; Zhao, J.; Yang, X. Inflammatory signaling on cytochrome P450-mediated drug metabolism in
hepatocytes. Front. Pharmacol. 2022, 13, 1043836. [CrossRef]

55. He, B.; Gao, R.; Lv, S.; Chen, A.; Huang, J.; Wang, L.; Feng, Y.; Feng, J.; Liu, B.; Lei, J.; et al. Cancer cell employs a microenviron-
mental neural signal trans-activating nucleus-mitochondria coordination to acquire stemness. Signal Transduct. Target. Ther. 2023,
8, 275. [CrossRef] [PubMed]

56. Kreß, J.K.C.; Jessen, C.; Hufnagel, A.; Schmitz, W.; Xavier Da Silva, T.N.; Ferreira Dos Santos, A.; Mosteo, L.; Goding, C.R.;
Friedmann Angeli, J.P.; Meierjohann, S. The integrated stress response effector ATF4 is an obligatory metabolic activator of NRF2.
Cell Rep. 2023, 42, 112724. [CrossRef]

57. Sears, T.K.; Angelastro, J.M. The transcription factor ATF5: Role in cellular differentiation, stress responses, and cancer. Oncotarget
2017, 8, 84595–84609. [CrossRef] [PubMed]

58. Lo, U.-G.; Chen, Y.-A.; Cen, J.; Deng, S.; Luo, J.; Zhau, H.; Ho, L.; Lai, C.-H.; Mu, P.; Chung, L.W.K.; et al. The driver role of
JAK-STAT signalling in cancer stemness capabilities leading to new therapeutic strategies for therapy- and castration-resistant
prostate cancer. Clin. Transl. Med. 2022, 12, e978. [CrossRef]

59. Hong, J.; Lee, J.H.; Zhang, Z.; Wu, Y.; Yang, M.; Liao, Y.; de la Rosa, R.; Scheirer, J.; Pechacek, D.; Zhang, N.; et al. PRC2-mediated
epigenetic suppression of type I IFN-STAT2 signaling impairs antitumor immunity in luminal breast cancer. Cancer Res. 2022, 82,
4624–4640. [CrossRef] [PubMed]

60. Mussbacher, M.; Derler, M.; Basílio, J.; Schmid, J.A. NF-κB in monocytes and macrophages—An inflammatory master regulator in
multitalented immune cells. Front. Immunol. 2023, 14, 1134661. [CrossRef]

61. Hannemann, N.; Cao, S.; Eriksson, D.; Schnelzer, A.; Jordan, J.; Eberhardt, M.; Schleicher, U.; Rech, J.; Ramming, A.; Uebe, S.; et al.
Transcription factor fra-1 targets arginase-1 to enhance macrophage-mediated inflammation in arthritis. J. Clin. Invest. 2019, 129,
2669–2684. [CrossRef]

62. Hanahan, D. Hallmarks of Cancer: New Dimensions. Cancer Discov. 2022, 12, 31–46. [CrossRef] [PubMed]
63. Pavlova, N.N.; Zhu, J.; Thompson, C.B. The hallmarks of cancer metabolism: Still emerging. Cell Metab. 2022, 34, 355–377.

[CrossRef]
64. Li, L.; Cui, L.; Lin, P.; Liu, Z.; Bao, S.; Ma, X.; Nan, H.; Zhu, W.; Cen, J.; Mao, Y.; et al. Kupffer-cell-derived IL-6 is repurposed for

hepatocyte dedifferentiation via activating progenitor genes from injury-specific enhancers. Cell Stem Cell 2023, 30, 283–299.e9.
[CrossRef] [PubMed]

65. Lin, J.-D.; Nishi, H.; Poles, J.; Niu, X.; Mccauley, C.; Rahman, K.; Brown, E.J.; Yeung, S.T.; Vozhilla, N.; Weinstock, A.; et al.
Single-cell analysis of fate-mapped macrophages reveals heterogeneity, including stem-like properties, during atherosclerosis
progression and regression. JCI Insight 2019, 4, e124574. [CrossRef] [PubMed]

https://doi.org/10.3390/genes17050562

https://doi.org/10.1016/j.biopha.2019.109096
https://doi.org/10.1371/journal.pgen.1011176
https://www.ncbi.nlm.nih.gov/pubmed/38408082
https://doi.org/10.1038/s41467-019-14256-1
https://www.ncbi.nlm.nih.gov/pubmed/31980621
https://doi.org/10.1038/s41421-021-00312-y
https://www.ncbi.nlm.nih.gov/pubmed/34489408
https://doi.org/10.1158/1078-0432.CCR-19-3231
https://doi.org/10.1016/j.trecan.2018.09.001
https://doi.org/10.1016/j.immuni.2018.12.027
https://doi.org/10.1007/s12016-019-08753-w
https://doi.org/10.1038/s41586-021-03362-0
https://doi.org/10.1016/j.immuni.2022.08.002
https://doi.org/10.1038/s41467-018-06318-7
https://doi.org/10.3389/fphar.2022.1043836
https://doi.org/10.1038/s41392-023-01487-4
https://www.ncbi.nlm.nih.gov/pubmed/37463926
https://doi.org/10.1016/j.celrep.2023.112724
https://doi.org/10.18632/oncotarget.21102
https://www.ncbi.nlm.nih.gov/pubmed/29137451
https://doi.org/10.1002/ctm2.978
https://doi.org/10.1158/0008-5472.CAN-22-0736
https://www.ncbi.nlm.nih.gov/pubmed/36222718
https://doi.org/10.3389/fimmu.2023.1134661
https://doi.org/10.1172/JCI96832
https://doi.org/10.1158/2159-8290.CD-21-1059
https://www.ncbi.nlm.nih.gov/pubmed/35022204
https://doi.org/10.1016/j.cmet.2022.01.007
https://doi.org/10.1016/j.stem.2023.01.009
https://www.ncbi.nlm.nih.gov/pubmed/36787740
https://doi.org/10.1172/jci.insight.124574
https://www.ncbi.nlm.nih.gov/pubmed/30830865
https://doi.org/10.3390/genes17050562


Genes 2026, 17, 562 25 of 25

66. Real, F.; Zhu, A.; Huang, B.; Belmellat, A.; Sennepin, A.; Vogl, T.; Ransy, C.; Revol, M.; Arrigucci, R.; Lombès, A.; et al.
S100A8-mediated metabolic adaptation controls HIV-1 persistence in macrophages In Vivo. Nat. Commun. 2022, 13, 5956.
[CrossRef]

67. Wei, C.; Ma, Y.; Wang, M.; Wang, S.; Yu, W.; Dong, S.; Deng, W.; Bie, L.; Zhang, C.; Shen, W.; et al. Tumor-associated macrophage
clusters linked to immunotherapy in a pan-cancer census. npj Precis. Onc. 2024, 8, 176. [CrossRef]

68. Hao, Y.; Hao, S.; Andersen-Nissen, E.; Mauck, W.M.; Zheng, S.; Butler, A.; Lee, M.J.; Wilk, A.J.; Darby, C.; Zager, M.; et al.
Integrated analysis of multimodal single-cell data. Cell 2021, 184, 3573–3587.e29. [CrossRef]

69. Bozzi, F.; Mogavero, A.; Varinelli, L.; Belfiore, A.; Manenti, G.; Caccia, C.; Volpi, C.C.; Beznoussenko, G.V.; Milione, M.; Leoni, V.;
et al. MIF/CD74 axis is a target for novel therapies in colon carcinomatosis. J. Exp. Clin. Cancer Res. 2017, 36, 16. [CrossRef]

70. Liu, L.; Wang, J.; Wang, Y.; Chen, L.; Peng, L.; Bin, Y.; Ding, P.; Zhang, R.; Tong, F.; Dong, X. Blocking the MIF-CD74 axis augments
radiotherapy efficacy for brain metastasis in NSCLC via synergistically promoting microglia M1 polarization. J. Exp. Clin. Cancer
Res. 2024, 43, 128. [CrossRef]

71. Huang, J.; Zhang, L.; Wan, D.; Zhou, L.; Zheng, S.; Lin, S.; Qiao, Y. Extracellular matrix and its therapeutic potential for cancer
treatment. Signal Transduct. Target. Ther. 2021, 6, 153. [CrossRef]

72. Li, R.; Strobl, J.; Poyner, E.F.M.; Balbaa, A.; Torabi, F.; Mazin, P.V.; Chipampe, N.-J.; Stephenson, E.; Ramírez-Suástegi, C.;
Shanmugiah, V.B.M.; et al. Cutaneous T cell lymphoma atlas reveals malignant TH2 cells supported by a B cell-rich tumor
microenvironment. Nat. Immunol. 2024, 25, 2320–2330. [CrossRef]

73. Young, M.R.; Yang, H.-S.; Colburn, N.H. Promising molecular targets for cancer prevention: AP-1, NF-kB and Pdcd4. Trends Mol.
Med. 2003, 9, 36–41. [CrossRef]

74. Iorio, F.; Knijnenburg, T.A.; Vis, D.J.; Bignell, G.R.; Menden, M.P.; Schubert, M.; Aben, N.; Gonçalves, E.; Barthorpe, S.; Lightfoot,
H.; et al. A Landscape of Pharmacogenomic Interactions in Cancer. Cell 2016, 166, 740–754. [CrossRef] [PubMed]

75. Holohan, C.; Van Schaeybroeck, S.; Longley, D.B.; Johnston, P.G. Cancer drug resistance: An evolving paradigm. Nat. Rev. Cancer
2013, 13, 714–726. [CrossRef] [PubMed]

76. Alzahrani, A.S. PI3K/akt/mTOR inhibitors in cancer: At the bench and bedside. Semin. Cancer Biol. 2019, 59, 125–132. [CrossRef]
[PubMed]

77. Browne, I.M.; Okines, A.F.C. Resistance to targeted inhibitors of the PI3K/AKT/mTOR pathway in advanced oestrogen-receptor-
positive breast cancer. Cancers 2024, 16, 2259. [CrossRef]

78. Ren, F.; Meng, L.; Zheng, S.; Cui, J.; Song, S.; Li, X.; Wang, D.; Li, X.; Liu, Q.; Bu, W.; et al. Myeloid cell-derived apCAFs promote
HNSCC progression by regulating proportion of CD4+ and CD8+ T cells. J. Exp. Clin. Cancer Res. 2025, 44, 33. [CrossRef]

79. Xu, X.; Li, H.; Lin, H.; Li, Q.; Liu, Y.; Huang, W.; Yang, J.; Li, N.; Gao, Z.; Wang, S.; et al. MIF-mediated crosstalk between THRSP+
hepatocytes and CD74+ lipid-associated macrophages in hepatic periportal zone drives MASH. Hepatology 2025, 83, 868–887.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/genes17050562

https://doi.org/10.1038/s41467-022-33401-x
https://doi.org/10.1038/s41698-024-00660-4
https://doi.org/10.1016/j.cell.2021.04.048
https://doi.org/10.1186/s13046-016-0475-z
https://doi.org/10.1186/s13046-024-03024-9
https://doi.org/10.1038/s41392-021-00544-0
https://doi.org/10.1038/s41590-024-02018-1
https://doi.org/10.1016/S1471-4914(02)00009-6
https://doi.org/10.1016/j.cell.2016.06.017
https://www.ncbi.nlm.nih.gov/pubmed/27397505
https://doi.org/10.1038/nrc3599
https://www.ncbi.nlm.nih.gov/pubmed/24060863
https://doi.org/10.1016/j.semcancer.2019.07.009
https://www.ncbi.nlm.nih.gov/pubmed/31323288
https://doi.org/10.3390/cancers16122259
https://doi.org/10.1186/s13046-025-03290-1
https://doi.org/10.1097/HEP.0000000000001429
https://doi.org/10.3390/genes17050562

	Introduction 
	Materials and Methods 
	scRNA-Seq Datasets and Analysis 
	Inference of Copy-Number Variations and Classification of Malignant Cells 
	Differential Expression, Functional Enrichment, and Metabolic Activity Analyses 
	TAM Context Preference and Pseudotime Trajectory Inference 
	Regulatory and Cell–Cell Communication Analyses 
	Spatial Transcriptomics Analysis and Multi-Algorithm Spatial Scoring 
	Bulk RNA-Seq Processing, Prognostic Modeling, and Downstream Analyses 

	Results 
	Single-Cell and Spatial Transcriptomic Profiling of Hepatocellular Carcinoma 
	Myeloid Cell Heterogeneity in HCC 
	Functional Specialization of TAM Subsets 
	Malignant Hepatocytes Show a Shift from Metabolism to Proliferation 
	Pseudotime Dynamics of TAMs in a Representative HCC Subset 
	BAG3+ TAMs Are Associated with Stress-Related Immunoregulatory Signaling 
	Spatial Mapping of TF Activity Profiles in BAG3+ TAMs 
	BAG3-Associated Prognostic Modeling in HCC 
	Immune and Therapeutic Associations of the BAG3-Associated Risk Score 

	Discussion 
	Conclusions 
	References

