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Abstract
Background  Neutrophil extracellular traps (NETs) facilitate hepatocellular carcinoma (HCC) progression, but the 
upstream cellular organizers and the histopathological correlates of NETosis-prone niches remain poorly defined. 
We aimed to build a pathology-to-single-cell framework to (i) quantify NETs-associated risk from routine whole-slide 
images (WSI) and (ii) nominate candidate organizer cells and mechanisms, focusing on SPP1+ M2 macrophages.

Methods  We integrated WSI, bulk transcriptomics, single-cell RNA-seq, spatial transcriptomics, and germline 
association data. NETs activity was quantified using gene-set scoring and aligned with WSI-derived morphology 
features (e.g. texture, stromal boundary disruption, and tumor–stroma interface complexity) to train and validate a 
prognostic model using regularized feature selection and survival machine learning. A 26,928-cell single-cell atlas 
was constructed to annotate macrophage states and neutrophil subsets, followed by trajectory inference to model 
macrophage polarization dynamics. Cell–cell communication was evaluated by ligand–receptor co-expression 
networks, and pathway/metabolic programs were inferred using multi-method enrichment and flux estimation. 
Spatial co-localization and neighborhood effects were assessed by deconvolution and spatial interaction modeling. 
Finally, network-based target prioritization was performed to highlight druggable nodes and candidate intervention 
pathways.

Results  The WSI-derived NETs risk score stratified overall survival in training and validation cohorts (HR ≈ 8.48 and 
≈6.44; AUC > 0.78). Multi-omics integration prioritized SPP1 as a central hub. SPP1+ M2 macrophages and NETs+ 
neutrophils preferentially localized at the tumor–stroma interface, where inferred communication converged on 
OPN(SPP1)–CD44/integrins and ICAM1–β2-integrin axes with downstream FAK–PI3K–Akt and NF-κB/MAPK signaling. 
Metabolic inference suggested a shared hypoxia/glycolysis–lactate–glutathione/antioxidant program in SPP1+ 
M2 macrophages mirrored by NETs+ neutrophils, consistent with a NETosis-permissive niche. Germline mapping 
indicated an antagonistic association pattern for the SPP1+ M2 program. Network prioritization highlighted SRC, AKT1, 
and CEBPB and pathways including ECM–receptor interaction, FAK/PI3K–Akt, MAPK, and TNF/IL-17.
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Introduction
HCC remains a leading cause of cancer burden world-
wide, with marked heterogeneity, frequent recurrence, 
and poor prognosis despite advances in locoregional 
and systemic therapies [1, 2]. Beyond classical oncogenic 
drivers and an immunosuppressive microenvironment, 
NETs have been implicated in tumor cell capture/adhe-
sion, invasion, and cancer-associated thrombosis [3, 4], 
underscoring an inflammatory ecology in which immu-
nity, coagulation, and metabolism are tightly coupled.

Clinically, late-stage diagnosis and microvascular inva-
sion or portal vein tumor thrombus markedly increase 
the risks of recurrence and metastasis. Current local and 
systemic therapies—such as TACE, ablation, and TKI/
ICI combinations—provide only limited and heteroge-
neous benefits across patients [5]. Mechanistically, NETs 
can trap circulating tumor cells, initiate coagulation cas-
cades and endothelial inflammation [6], and remodel 
immunosuppressive niches that enhance tumor plasticity 
and resistance to treatment [7]. This variability motivates 
biomarkers that are both prognostically informative and 
mechanistically interpretable from routinely available 
specimens such as H&E slides.

Consequently, the NETosis–adhesion/inflammation/
metabolism axis represents a plausible vulnerability; 
however, three key gaps remain. First, the upstream cell 
populations and signaling programs that organize and 
amplify NETosis within the HCC microenvironment are 
not systematically defined. Second, spatial co-localization 
does not equate to functional interaction: proximity and 
ligand–receptor co-expression are inferential and may be 
confounded by sampling, batch effects, and cellular state 
heterogeneity. Third, NETosis is not directly quantifiable 
on routine H&E, and a unified framework linking histo-
morphology to molecular NETs programs and patient 
outcomes is lacking. Recent work in computational 
pathology supports that H&E morphology can encode 
molecular programs and prognosis [8–10], but how to 
anchor such signals to specific immune ecologies (e.g., 
NETs-permissive niches) and resolve their cellular orga-
nizers remains underdeveloped.

To address these gaps, we developed a pathology-
to-single-cell multimodal pipeline.We extracted WSI 

features and anchored them to NETs gene-set activ-
ity to derive an interpretable pathology risk score, and 
then integrated scRNA-seq and spatial transcriptomics 
to resolve candidate organizer populations. We focused 
on SPP1+ M2 macrophages, motivated by accumulat-
ing evidence that SPP1+ tumor-associated macrophage 
programs expand in hypoxic lesions and shape malig-
nant behavior across cancers [11] and in HCC [12–14]. 
We further inferred putative communication and meta-
bolic coupling—including OPN(SPP1)–CD44/integrin 
and ICAM-1–β2-integrin adhesion axes—and evaluated 
whether multiple independent evidence streams (WSI, 
single-cell, spatial, pathway, and metabolism) converge 
on a consistent mechanistic model. Because our study 
is predominantly observational, we frame directionality 
(cause vs. consequence) as hypothesis-generating and 
highlight future perturbation experiments as necessary 
for causal validation.

Finally, we discuss the therapeutic implications of 
the nominated axes. Integrin/FAK–PI3K–Akt signal-
ing is druggable in oncology [14, 15], and NET-targeting 
concepts such as DNase-based disruption have shown 
preclinical promise in cancer-associated thrombosis 
models [16]. Together, our framework provides a test-
able mechanistic map linking histomorphology to SPP1+ 
M2–associated NETs-prone niches in HCC and proposes 
concrete future directions for functional validation and 
intervention.

Methods
Data sources and preprocessing
Whole-slide images (WSIs), matched bulk transcrip-
tomic data, and clinical information for hepatocellular 
carcinoma (HCC) were directly sourced from the GDC 
Data Portal [17]. Samples were excluded if they lacked 
paired bulk data, survival outcomes (follow-up time or 
vital status), or had WSIs with low resolution or severe 
artifacts that compromised image quality. In total, 336 
eligible samples were obtained.The NETs gene set was 
curated from a recently published study [18].

We analyzed GEO dataset GSE282701, which 
includes four HBV-negative primary tumor sam-
ples (GSM8649020, GSM8649022, GSM8649024, 
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GSM8649028) and one HBV-negative peritumoral sam-
ple (GSM8649029). Additionally, two primary tumor 
samples (GSM5076749, GSM5076750) from GSE166635 
were incorporated. Spatial transcriptomics data were 
obtained from the CNCB/NGDC GSA-Human database 
(accession HRA000437) [19].

For genetic associations, summary statistics for HCC 
were retrieved from FinnGen R12 (phenotype C3_HEPA-
TOCELLU_CARC; analysis set EXALLC). Cell type–
level enrichment of germline risk signals was assessed 
using scPagwas [20].

A schematic summary of the full analytical workflow 
is illustrated in Fig. 1, providing an integrated view of all 
methodological components.

Multiscale pathology feature extraction with ResNet-50 
and CellProfiler
Raw WSIs were divided into non-overlapping 512 × 512-
pixel tiles [21]. To minimize inter-sample staining 
variability and ensure feature comparability, stain nor-
malization was performed using the Macenko method 
[22]. Tiles with less than 80% tissue content were 
excluded to remove low-information regions.

For deep feature extraction, we applied an ImageNet-
pretrained ResNet-50 (PyTorch implementation) [23]. 
Tiles were first normalized using ImageNet standards 
and then resized to 224 × 224 pixels. The resulting 
2048-dimensional vector from the global average pooling 
layer served as the tile-level representation.

For handcrafted features, we used CellProfiler v4.2.8 
[24]. Specifically, UnmixColors (optical-density decon-
volution) separated the hematoxylin and eosin channels. 
Nuclei were segmented from the hematoxylin channel 
using IdentifyPrimaryObjects (size range: 5–50 pixels). 
Subsequently, multiscale descriptors—capturing tex-
ture, intensity, pixel distribution, and morphology—were 
extracted to characterize cytologic and histologic varia-
tion [24, 25].

Feature–gene-set association and feature selection
Within the aligned cohort (n = 336), we constructed a 
pathology-omics feature matrix by combining ResNet-50 
deep features and CellProfiler-derived handcrafted fea-
tures. We then calculated GSVA scores for a NETs-
related gene set.

To prevent information leakage, only overlapping 
samples were included. These were randomly split into a 
training set (n = 252) and a hold-out validation set (n = 84) 
using a fixed seed (123). All feature extraction and model 
training were performed solely within the training set, 
while the validation set was reserved for independent 
assessment.

In the training set, we initially screened features by 
computing two-sided Spearman rank correlations with 

the NETs GSVA scores. Correlation coefficients and 
p-values were calculated, with multiple-testing correc-
tion applied using both Benjamini–Hochberg FDR and 
Bonferroni methods. Features that passed predefined 
significance thresholds constituted the “correlation can-
didate set.”

Next, we evaluated each retained feature using univari-
able Cox regression for overall survival in the training set. 
The same procedure was applied to the validation set for 
consistency.

Using this filtered feature space, we built prognostic 
models under the Mime1 (v0.0.0.9000) framework [26]. 
The main evaluation metrics included time-dependent 
AUC and C-index, both cross-validated in training and 
independently assessed in validation. The final model 
combined stepwise Cox regression (forward selection) 
with a gradient boosting machine (GBM), from which 
feature importance and risk scores were derived for 
downstream analysis.

Single-cell RNA-seq processing
Single-cell data were processed using Seurat v5.0, encom-
passing data import, quality control, normalization, fea-
ture selection, dimensionality reduction, and clustering.

Cells were filtered according to the following criteria: 
300–7000 detected genes per cell; UMI count > 1,000, 
with cells in the top 3% of UMI counts (per sample) 
excluded; mitochondrial gene percentage < 10%; and 
erythrocyte gene percentage < 3% [27, 28]. To further 
eliminate extreme outliers, cells with mitochondrial 
content > 20% or erythrocyte content > 5% were also 
removed.

Following quality control, the top 2000 highly variable 
genes were selected for downstream analysis.

scPagwas analysis
We applied scPagwas v2.0.0 to integrate GWAS sum-
mary statistics with single-cell RNA-seq data, aiming to 
uncover the genetic architecture underlying cellular dif-
ferentiation and tumor progression [29]. Specifically, 
using the finngen_R12_C3_HEPATOCELLU_CARC_
EXALLC dataset in conjunction with annotated scRNA-
seq profiles, we quantified cell type–specific germline 
risk associations, including antagonistic (protective) sig-
nals, both across the entire dataset and within macro-
phage subtypes.

Pseudotime and gene-trajectory inference with Monocle3 
and GeneTrajectory
We performed pseudotime analysis on macrophage sub-
clusters using Monocle3 v1.3.7 [30]. After preprocessing 
with highly variable genes, we applied dimensionality 
reduction and learned a principal graph in UMAP space. 
M0 macrophages were set as the biological root, and 
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Fig. 1  Overview of analytical pipeline. schematic overview of the analytical pipeline integrating pathology image features, bulk transcriptomics, single-
cell and spatial transcriptomics, and network pharmacology analyses. Pathology-based risk scores were derived from H&E whole-slide images and aligned 
to NETs activity (GSVA). Single-cell and spatial data were used to identify SPP1+ M2 macrophages and their interactions with neutrophils. Network analy-
ses highlighted key adhesion, inflammatory, and metabolic axes converging on actionable targets
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pseudotime was computed accordingly. Branch-asso-
ciated genes were identified via statistical testing with 
FDR < 0.05.

To independently validate this trajectory, we applied 
GeneTrajectory v1.0.0 [19] to the same expression 
matrix. We first computed an optimal transport (OT) 
distance matrix, followed by manifold learning using Dif-
fusion Map, and then extracted the principal trajectory 
(GT-time) to derive gene-level temporal dynamics across 
subclusters. Key NETs marker genes were projected onto 
the UMAP embedding to assess concordance between 
pseudotime and GT-time inferences.

CommPath analysis
To infer ligand–receptor (L–R) communication events, 
we applied CommPath v1.0.0 to the scRNA-seq dataset 
[31]. Cell groups containing ≥ 30 cells were designated as 
sender or receiver units. Genes were retained if they were 
expressed in at least 20% of cells in any group and had 
a mean expression ≥ 0.2 within that group. Based on the 
human L–R reference database, interaction scores were 
computed for all ligand–receptor pairs. Statistical signifi-
cance was assessed via 10,000 permutations and adjusted 
using the Benjamini–Hochberg method (FDR < 0.05). 
Significant L–R pairs were mapped to KEGG and GO 
pathways, followed by pathway-level enrichment test-
ing using the hypergeometric test with FDR correc-
tion (FDR < 0.05), yielding a functional communication 
network.

Inference of metabolic pathway activity with decoupleR
We used decoupleR v2.8.0 to estimate metabolic pathway 
activities at the single-cell level [32]. The input consisted 
of a Seurat-normalized expression matrix, retaining 
genes expressed in ≥ 10% of cells in any group with an 
average within-group expression ≥ 0.1. Only clusters 
with at least 30 cells were included in downstream analy-
ses. Metabolic gene sets were sourced from KEGG and 
Reactome via msigdbr v7.5.1 (species: Homo sapiens). To 
ensure adequate coverage and reduce pathway sparsity, 
we excluded pathways containing fewer than 10 genes or 
with < 20% gene coverage relative to the original set.

Single-cell metabolic flux estimation with scFEA
Metabolic flux was estimated using scFEA on filtered 
gene expression matrices, retaining genes expressed in ≥ 
10% of cells per group with a mean expression ≥ 0.1, and 
clusters containing ≥ 30 cells. We used the official scFEA 
human metabolic network [33], discarding modules with 
< 10 genes or < 20% effective coverage. Models were 
trained per sample using default parameters (seed = 123) 
and repeated across three seeds; median flux values were 
used for analysis. Quality control steps included removal 
of near-zero-variance modules (variance < 1e − 6), 

evaluation and correction of sequencing depth coupling, 
and inclusion of UMI count, mitochondrial percent-
age, and cell cycle scores as covariates. Batch and sam-
ple effects were adjusted using Harmony and/or linear 
mixed-effects models.

Spatial transcriptomics processing, deconvolution, and 
mistyR analysis
For 10x Visium data, we constructed a Seurat object 
and retained only on-tissue spots. We calculated mito-
chondrial gene percentages, removed mitochondrial/
ribosomal genes and genes detected in ≤ 10 spots, and 
recalculated per-spot counts. High-quality spots were 
selected based on spatial features (nFeature_Spatial_
filt > 300; nCount_Spatial_filt > 500). Data normalization 
was performed using SCTransform, with the SCT assay 
used for downstream dimensionality reduction.

Spatial deconvolution was carried out with RCTD 
(spacexr v2.2.1) [34], using a normalized, annotated 
scRNA-seq reference to estimate cell-type proportions 
per spot via constrained regression. Multiscale spatial 
dependencies were modeled with MistyR v1.10.0, incor-
porating both RCTD-derived cell proportions and pro-
portion-weighted gene expression profiles. Three spatial 
views were defined: intra-spot (local), juxta-spot (neigh-
bor mean, ~50–100 μm), and para-spot (ring mean, 
~100–200 μm).

Network analysis from gene set to prescriptions with 
TCMNP
We performed network pharmacology using TCMNP 
v0.1.0, with the NETs gene set as disease targets. Targets 
were standardized to HGNC symbols [35], and highly 
promiscuous proteins (degree > 95th percentile) were 
removed to reduce network bias. Herb/compound–tar-
get associations were evaluated using tcm_prescription 
via hypergeometric enrichment. p values were adjusted 
using Benjamini–Hochberg correction (FDR < 0.05).

We calculated two prioritization metrics: richFac-
tor (hit targets/annotated targets) and a composite 
score (–log₁₀(FDR) × richFactor). Significant items were 
assembled into Herb–Compound–Target networks. 
Centrality metrics—including degree, betweenness, and 
PageRank—were computed to identify key nodes. Target 
genes were further subjected to KEGG and GO enrich-
ment analysis (q < 0.05) to infer potential mechanisms of 
action.

Statistical analysis and data handling
Statistical analyses and visualizations were performed 
using R v4.3.3. Correlations between continuous vari-
ables were evaluated using Spearman’s method, while cat-
egorical comparisons were made using the χ2 test. Group 
differences were assessed with either the Wilcoxon 
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rank-sum test or Student’s/Welch’s t-test, depending on 
the distributional assumptions of the data.

For high-dimensional analyses, such as gene, pathway, 
or module testing, multiple comparisons were corrected 
using the Benjamini–Hochberg procedure (FDR < 0.05). 
In cases where empirical null distributions were required, 
such as for network, spatial, or pathway activity models, 
significance was determined by label permutation or spa-
tial rewiring (n = 10,000), followed by Benjamini–Hoch-
berg correction.

Longitudinal trends along pseudotime or GT-time 
were examined using Cuzick’s trend test or generalized 
additive models (GAMs).Unless otherwise specified, all 
statistical tests were two-sided with significance defined 
as p < 0.05 or FDR < 0.05. All random operations were 
performed with a fixed seed (set.seed(123)) to ensure 
reproducibility.

Results
Construction and validation of a pathology-omics–based 
NETs prognostic risk score
We constructed a pathology-omics–based risk score 
by integrating handcrafted and deep features extracted 
from diagnostic whole-slide images (WSIs). TCGA cases 
(n = 336) were randomly split into a training set (n = 252) 
and a hold-out validation set (n = 84) using a 75%/25% 
split, a commonly adopted ratio that ensures suffi-
cient sample size for model construction while retain-
ing an independent dataset for unbiased performance 
evaluation. NETs activity was quantified using GSVA on 
matched bulk RNA-seq profiles.

In the training set, we computed Spearman correla-
tions between features and NETs GSVA scores, apply-
ing an FDR threshold of < 0.05. Significant associations 
were visualized (Fig. 2A). Next, z-scored features were 
tested using univariable Cox regression for overall sur-
vival (Fig. 2B). Several deep features were associated 
with worse prognosis (HR > 1; 95% CI excluding 1), while 
Total_Granularity_1–Hematoxylin, a handcrafted fea-
ture, showed a protective effect (HR < 1). These variables 
were retained as candidates for multivariable modeling.

Using the Mime1 framework, we evaluated 101 
machine learning models via cross-validation. Tree-based 
and Cox-type models demonstrated the highest stability. 
A combined stepwise Cox regression (forward selection) 
and gradient boosting machine (GBM) achieved optimal 
discrimination with minimal overfitting and was selected 
for downstream analysis (Fig. 2C).

Risk scores from the final model, dichotomized at 
the median, produced clear Kaplan–Meier separa-
tions in both training (HR ≈ 8.48) and validation cohorts 
(HR ≈ 6.44; both p < 0.001; Fig. 2D–E). Time-dependent 
ROC curves showed high predictive performance, with 
AUCs > 0.78 at 1, 3, and 5 years in both sets (Fig. 2F–H).

In multivariable Cox regression models including age, 
sex, stage, and risk score, both stage and the pathology-
omics risk score emerged as independent prognostic 
factors. The risk score remained significant in a reduced 
model excluding other covariates (Fig. 2I–J).

Reanalysis of FDR-adjusted NETs correlations among 
candidate features revealed that most deep features were 
positively associated with NETs GSVA scores, whereas 
the handcrafted feature showed a negative correlation 
(Fig. 2K). A unified network integrating deep, hand-
crafted, and transcriptomic NETs signals identified cen-
tral hubs, including SPP1 (Fig. 2 L). Stratification by SPP1 
expression revealed significantly worse survival in the 
high-expression group (Fig. 2 M).

Single-cell atlas and scPagwas reveal antagonistic 
germline association in SPP1+ M2 macrophages
Following stringent quality control, we used canonical 
marker genes to annotate major cellular lineages. UMAP 
embeddings revealed eight principal cell types within the 
tumor and its microenvironment: B cells, T cells, den-
dritic cells, endothelial cells, cancer-associated fibroblasts 
(CAFs), macrophages, neutrophils, and malignant epi-
thelial cells (Fig. 3A). Cluster-level expression heatmaps 
and pathway enrichment analysis (Fig. 3B) confirmed lin-
eage-appropriate biological programs, including immune 
responses, angiogenesis, neutrophil chemotaxis, and epi-
thelial polarity and adhesion.

We next focused on the hub gene SPP1, whose expres-
sion was highly cell type–specific and strongly enriched 
in macrophages (Fig. 3C). To explore the genetic under-
pinnings of this distribution, we applied scPagwas across 
all single cells to estimate polygenic burden at single-cell 
resolution. Based on gPAS and TRS scores, malignant 
epithelial cells exhibited the highest germline susceptibil-
ity, whereas multiple immune lineages—notably macro-
phages—displayed broadly antagonistic associations with 
germline risk (Figs. 3D–F). This suggests that tumor cells 
more directly reflect inherited and somatic oncogenic 
signals, while immune cell states are largely shaped by 
paracrine or environmental cues.

To further resolve the myeloid compartment underly-
ing SPP1 biology, we performed a two-stage stratification 
within macrophages (Fig. 3 G). Kupffer cells were identi-
fied by canonical markers (CLEC4F, MARCO, VSIG4), 
and monocyte-derived macrophages (MDMs) by FCN1, 
LST1, S100A8/S100A9. Within MDMs, cells were strati-
fied into M0, M1, and M2 subsets based on polarization 
markers. M2 cells were further divided by SPP1 expres-
sion into SPP1+ M2 and SPP1− M2 subsets (threshold: 
SPP1 > 0).

Applying scPagwas to these macrophage subtypes 
(M0, M1, SPP1+ M2, SPP1− M2) revealed that M0 cells 
retained relatively stronger germline association, while 
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Fig. 2  Construction and validation of a pathology-omics–based NETs risk score. (A) Spearman correlations between pathology features and NETs GSVA 
(FDR < 0.05); node size = centrality, edge width = correlation. (B) univariable Cox (z-scored features); deep features predict poor outcome (HR > 1), hand-
crafted feature is protective (HR < 1). (C) model cross-validation within Mime1; stepwise Cox + GBM selected for low overfitting. (D–E) Kaplan–meier 
curves by median risk score: clear separation in training and validation. (F–H) ROC at 1/3/5 years: AUC > 0.78. (I–J) multivariable Cox shows stage and risk 
score are independent predictors. (K) Spearman correlations between candidate features and NETs gene set. (L) integrated network highlighting SPP1 as 
a hub. (M) survival by SPP1 expression
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SPP1+ M2 macrophages demonstrated the most pro-
nounced antagonistic signal (Fig. 3 H–J). This finding 
aligns with the immunosuppressive and tissue-remod-
eling phenotype of SPP1+ M2 cells and supports the 
hypothesis that their activation state is primarily driven 
by microenvironmental instruction rather than germline 
predisposition.

Monocle3–GeneTrajectory concordance defines a single 
MDM polarization axis
Within the monocyte-derived macrophage (MDM) com-
partment, single-cell visualization revealed marked het-
erogeneity in SPP1 expression (Fig. 4A). Preserving the 
canonical M0/M1/M2 functional stratification, we fur-
ther subdivided M2 cells based on SPP1 expression into 

SPP1+ M2 and SPP1− M2 subsets, using a threshold of 
SPP1 > 0.

To explore dynamic transitions among macrophage 
states, we conducted pseudotime analysis using Mon-
ocle3, with root assignment to the M0-enriched region. 
The inferred trajectory showed a progressive increase in 
pseudotime from M0 toward M2, terminating in a region 
enriched for SPP1+ M2 cells (Fig. 4B–C).

To independently validate this progression, we applied 
GeneTrajectory inference based on diffusion map geom-
etry. The analysis recovered a single principal trajectory 
(Fig. 4D), indicating that MDMs in this dataset follow a 
dominant linear polarization axis.

We divided this trajectory into five equidistant 
bins (localBin1–5) to assess dynamic changes in gene 

Fig. 3  Single-cell mapping of SPP1+ M2 and germline association. (A) UMAP of 26,928 cells showing eight major lineages. (B) Heatmap and enrichment 
pathways per cluster. (C) SPP1 expression concentrated in macrophages. (D–F) scPagwas shows gPAS peak in tumor cells, antagonistic (downTRS) signals 
in immune lineages. (G) macrophages subdivided into Kupffer and MDM; MDM into M0/M1/M2. (H–J) within macrophages: M0 shows strongest gPAS; 
SPP1+ M2 shows strongest downTrs
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expression. SPP1 expression increased monotonically 
along the pseudotemporal axis and peaked in the termi-
nal segments (Fig. 4E–I).

Taken together, these findings consistently support the 
presence of a continuous MDM polarization trajectory, 
with SPP1 upregulation marking a terminal, immuno-
suppressive activation state corresponding to SPP1+ M2 
macrophages.

A SPP1+ M2–NETs+ neutrophil–centered communication 
network and pathway cascades
To embed macrophage subclusters and neutrophil NETs 
phenotypes within a unified communication frame-
work, we stratified neutrophils into NETs-positive and 

NETs-negative subsets based on a NETs-related gene 
signature. These labels were projected back onto the sin-
gle-cell atlas and analyzed using CommPath to quantify 
cell–cell interactions (Fig. 5A).

At the pathway level, SPP1+ M2 macrophages exhib-
ited high activity across a broad spectrum of signaling 
categories, including extracellular matrix remodeling, 
cytoskeletal organization, angiogenesis, inflammatory 
signaling, and innate immune functions such as phago-
cytosis (Fig. 5B). These profiles point to a composite 
phenotype involved in matrix dynamics, chemotaxis, 
and immune modulation. Communication intensity was 
particularly elevated between SPP1+ M2 and malignant 
epithelial cells, CAFs, endothelial cells, and NETs-positive 

Fig. 4  SPP1 increases along macrophage pseudotime trajectory. (A) SPP1 expression in MDM. (B–C) Monocle3 pseudotime from M0 to SPP1+ M2. (D) 
GeneTrajectory confirms a single trajectory. (E–I) SPP1 increases from localBin1 to Bin5, peaking in late segments
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Fig. 5  Communication network between SPP1+ M2 and NETs+ neutrophils. (A) Refined labels projected to UMAP. (B) CommPath: SPP1+ M2 enriched 
in adhesion, chemotaxis, immune signaling. (C) chord diagram shows SPP1+ M2 connects strongly with tumor, endothelium, CAFs, and NETs+. (D–E) 
ligand–receptor–pathway mapping from SPP1+ M2. (F–G) analogous analysis for NETs+ neutrophils: key inflammatory and adhesion pathways identified
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neutrophils (Fig. 5C), highlighting SPP1+ M2 as a key 
node in the multicellular crosstalk network.

We next dissected ligand–receptor interactions ema-
nating from SPP1+ M2 macrophages (Fig. 5D). A domi-
nant adhesion axis was observed, involving osteopontin 
(encoded by SPP1) engaging CD44 and multiple integrin 
complexes, including those with ITGAV and ITGB1/3/5. 
Additional signaling routes included transforming 
growth factor beta (TGF-β), CCL-family chemokines 
such as CCL2 and CCL5 acting on CCR2/CCR5, and vas-
cular endothelial growth factor (VEGF) targeting canoni-
cal VEGF receptors. These interactions converged on 
downstream programs involving ECM–receptor engage-
ment, focal adhesion signaling, PI3K–Akt activation, 
TGF-β modulation, and chemokine pathways (Fig. 5E).

Parallel analysis of NETs-positive neutrophils revealed 
complementary signaling modules (Fig. 5F–G). Che-
mokine signaling was driven by CXCL8 and CXCL2 
engaging CXCR1 and CXCR2. Inflammatory signals 
prominently featured TNF and IL1B, acting through 
their respective receptor families. Adhesion signaling 
was mediated via ICAM1 in combination with integrin 
binding. These upstream cues connected to downstream 
networks involving NF-κB and MAPK cascades, NOD-
like receptor signaling, and migration-related adhesion 
pathways—molecular signatures consistent with inflam-
matory amplification and immune remodeling during 
NETosis.

Finally, a receptor-centric network centered on SPP1+ 
M2 macrophages (Fig. 6A) showed that tumor cells, 
CAFs, endothelial cells, and dendritic cells serve as key 
upstream signal providers. These inputs funneled into 
functional programs such as phagosome formation and 
HIF-1 signaling, indicative of phagocytic activation and 
hypoxic stress adaptation. Notably, lipid metabolic and 
mechanotransduction-related pathways—such as those 
associated with atherosclerosis and fluid shear stress—
were also prominent, suggesting that SPP1+ M2 cells 
respond to dynamic mechanical and metabolic cues in 
the tumor microenvironment.

NF-κB–Driven metabolic rewiring in SPP1+ M2 
macrophages shapes a pro–NETosis microenvironment
We quantified pathway-level activity across macro-
phage subpopulations using decoupleR and visualized 
z-scored gene-set scores (Fig. 6B). Among all subgroups, 
SPP1+ M2 macrophages showed markedly elevated 
activity across inflammatory and stress-related signal-
ing modules, including tumor necrosis factor signal-
ing and nuclear factor kappa B (NF-κB) activation. 
They also demonstrated upregulation in hypoxia-asso-
ciated and glycolytic programs. In contrast, M0 and 
M1 subsets showed lower overall activity. A represen-
tative spatial projection of the TNF–NF-κB signature 

(HALLMARK_TNFA_SIGNALING_VIA_NFKB; Fig. 
6C) displayed a spatially continuous high-expression 
domain that was confined to the monocyte-derived 
macrophage population, reinforcing the interpretation 
that SPP1+ M2 exhibit an activated, NF-κB–dominated 
inflammatory state.

To further explore metabolic alterations, we applied 
scFEA to estimate reaction-level fluxes at single-cell reso-
lution. SPP1+ M2 macrophages showed upregulated flux 
across a range of key biochemical processes (Fig. 6D), 
particularly in glycolysis, redox buffering, and purine 
degradation. Distribution plots (Fig. 6E) demonstrated a 
rightward shift in flux intensity in the SPP1+ M2 group, 
with clear separation from other macrophage states. 
Heatmaps (Fig. 6F) further highlighted a discrete band 
of elevated metabolic activity, distinguishing SPP1+ M2 
from M0, M1, and SPP1− M2 subtypes. These patterns 
are consistent with a reprogramming signature charac-
terized by lactate generation and glutathione biosynthe-
sis—key features of an antioxidant-adapted macrophage 
phenotype.

We next asked whether neutrophil metabolism par-
allels NETosis status. Using the NETs gene-set score, 
we stratified neutrophils into NETs-positive and NETs-
negative states and assessed their metabolic flux profiles 
(Fig. 6 G–I). Compared with their NETs− counterparts, 
NETs-positive neutrophils exhibited higher flux through 
glycolytic and antioxidant pathways—mirroring the met-
abolic profile of SPP1+ M2 macrophages. This alignment 
suggests a reciprocal relationship: NETs-forming neu-
trophils may rely on lactate-rich, redox-favorable niches, 
while SPP1+ M2 macrophages establish such environ-
ments by enhancing glycolysis and antioxidant output. 
Together, these findings support a model of metabolic 
cooperation that reinforces NETosis within the tumor 
microenvironment.

Spatial transcriptomics: SPP1+ M2 enrichment and 
multiscale interactions
Following rigorous quality control of spatial transcrip-
tomics data, we applied RCTD to integrate single-cell 
annotations with spatial spots. The resulting cell-type 
compositions included Kupffer cells, M0/M1/SPP1−/
SPP1+ M2 macrophages, malignant epithelial cells, endo-
thelial cells, CAFs, B and T cells, as well as NETs-positive 
and NETs-negative neutrophils. Spatial abundance maps 
revealed a band-like accumulation of SPP1+ M2 macro-
phages along the tumor–stroma interface (Fig. 7A).

To investigate local cellular dependencies, we con-
structed a three-scale multiview spatial model using 
mistyR. The three views captured intra-spot (intra), near-
neighbor (juxta_5), and broader-ring (para_15) relation-
ships. Model results showed that SPP1+ M2 was among 
the most neighborhood-predictable cell types, with 



Page 12 of 20Li et al. Journal of Translational Medicine          (2026) 24:443 

explained variance dominated by intra and juxta_5 scales 
(Fig. 7B–C).

At the intra-spot level (Fig. 7D–E), SPP1+ M2 abun-
dance strongly co-occurred with malignant epithelial 
cells, CAFs, and NETs-positive neutrophils. This pattern 
suggests co-localized adhesion and inflammatory cues 
within the same microenvironmental unit. At the juxta_5 
scale (Fig. 7F–G), short-range coupling intensified 

between SPP1+ M2 and malignant epithelium or NETs-
positive neutrophils, and new interactions emerged with 
Kupffer and M1 macrophages. At the para_15 scale 
(Fig. 7 H–I), longer-range spatial associations appeared 
between SPP1+ M2 and T cells, indicating potential adap-
tive immune influences on macrophage polarization 
beyond the immediate niche.

Fig. 6  Metabolic reprogramming in SPP1+ M2 and NETs+ neutrophils. (A) L–R network centered on SPP1+ M2. (B) decoupleR: SPP1+ M2 high on NF-κB, 
glycolysis, hypoxia axes. (C) TNFA/NF-κB expression localized to SPP1+ M2. (D–F) scFEA shows elevated glycolysis, GSH synthesis, and purine metabolism 
in SPP1+ M2. (G–I) NETs+ neutrophils show similar flux patterns
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To formally evaluate spatial co-occurrence between 
SPP1+ M2 and NETs-positive neutrophils, we constructed 
a heterotypic interaction network. An edge was defined 
when a central spot had > 50% SPP1+ M2 content and 
its adjacent region had > 30% NETs-positive neutrophils. 
These cell pairs consistently formed stable spatial clusters 
across tissue slices (Fig. 7J), with slice-level enrichment 
visualized in Fig. 7K.

Taken together, these findings position SPP1+ M2 mac-
rophages at the center of a tumor–stroma–inflamma-
tory axis. Their state is strongly shaped by neighboring 
cell types and local microenvironments. Moreover, the 
spatial coupling between SPP1+ M2 and NETs-positive 
neutrophils supports a model in which matrix remodel-
ing and inflammatory amplification jointly stabilize pro-
tumor NETosis niches.

Construction of TCM prescriptions and analysis of the hit 
target gene set
Using the NETs gene set as the input disease signa-
ture, we applied tcm_prescription to identify candi-
date herbal formulations. Hypergeometric enrichment 
was conducted with Benjamini–Hochberg correction 
(FDR < 0.05), and prescriptions were prioritized using 
a composite score: the negative logarithm of the FDR 
multiplied by the richFactor. This yielded a panel of 
high-ranking herbs, including Tinglizi (Semen Lepidii), 
Huzhang (Polygonum cuspidatum), Qinghao (Artemisia 
annua), Kuxingren (Semen Armeniacae amarum), Mabi-
ancao (Verbena officinalis), Gancao (Glycyrrhiza spp.), 
Mahuang (Ephedra spp.), and Guanghuoxiang (Pogoste-
mon cablin).

To refine functional interpretation, we filtered the 
NETs gene set to retain only those targets mapped to at 
least one selected prescription. This subset of “hit tar-
gets” was used for downstream enrichment and network 

Fig. 7  Spatial localization and neighborhood interactions. (A) RCTD deconvolution: SPP1+ M2 enriched at tumor–stroma interface. (B–C) variance ex-
plained across intra/juxta/para scales; SPP1+ M2 highly predictable. (D–I) neighborhood-level interactions with tumor, CAFs, NETs+ neutrophils, T cells. 
(J–K) heterotypic SPP1+ M2–NETs+ network: spatial projection and enrichment
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construction. Gene Ontology (GO) analysis (Fig. 8A) 
highlighted biological processes related to wound heal-
ing, oxidative stress response, and regulation of inflam-
mation. Cellular component enrichment pointed to 
extracellular matrix structures and adhesion-related 
elements, while molecular functions included cyto-
kine receptor and integrin binding, as well as kinase 
regulation.

Pathway-level insights from KEGG (Fig. 8B) revealed 
activation of ECM–receptor interaction, focal adhesion, 
actin cytoskeleton regulation, PI3K–Akt and MAPK 

signaling, IL-17 and TNF pathways, complement/coagu-
lation cascades, and leukocyte migration. These results 
converge on a composite mechanism involving matrix 
remodeling, immune–inflammatory modulation, and 
survival signaling—aligned with pathways implicated in 
tumor progression and therapy resistance.

To bridge herbal composition and functional effects, 
we constructed a four-layer network linking drugs, 
active ingredients, molecular targets, and downstream 
pathways (Fig. 8C). Network centrality analysis (Fig. 8F) 

Fig. 8  NETs-targeted TCM prescriptions and mechanistic links. (A–B) GO and KEGG enrichment of hit-targets. (C) Sankey diagram: drug → ingredient → 
target → Pathway. (D–E) Herb properties and pathway alignment: predominance of cold/bitter herbs and liver/spleen targeting. (F) Drug–ingredient–tar-
get network showing SRC, AKT1, CEBPB as hubs in inflammation and adhesion pathways
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identified SRC, AKT1, and CEBPB as high-betweenness 
hubs coordinating multiple key axes.

Moreover, TCM property annotation revealed a domi-
nance of herbs with “cold” and “bitter” attributes, and 
meridian association primarily with the liver and spleen 
(Fig. 8D). This profile aligns with traditional therapeu-
tic principles such as “heat-clearing and detoxification” 
and “spleen harmonization with dampness resolution.” 
A property–mechanism chord diagram (Fig. 8E) further 
illustrated co-occurrence patterns between frequently 
co-used herb pairs and core biological modules.

Discussion
Within the tumor microenvironment, tumor-derived 
G-CSF and extracellular vesicles can prime neutrophils, 
enhancing their propensity to undergo NETosis [36–38]. 
Upon activation, neutrophils generate reactive oxygen 
species (ROS) via NADPH oxidase, initiating PAD4-
mediated histone citrullination and chromatin decon-
densation [39, 40]This cascade culminates in the rupture 
of nuclear and granule membranes, releasing extracellu-
lar DNA webs decorated with granule enzymes—collec-
tively known as NETs [41, 42].

NETs exert multifaceted pro-tumorigenic effects. 
For instance, NET-associated enzymes such as neutro-
phil elastase (NE) and MMP9 remodel the extracellular 
matrix, modifying laminin structures and activating α3β1 
integrin signaling, which can awaken dormant tumor 
cells and promote recurrence. NET-derived DNA can be 
sensed by the tumor-cell surface receptor CCDC25 [43], 
triggering the ILK–β-parvin signaling cascade to enhance 
cell migration and metastatic dissemination [44]. In addi-
tion, the NET scaffold impedes the infiltration of effec-
tor lymphocytes and contributes to T cell exhaustion [7, 
45], facilitating the formation of an immunosuppressive 
niche. In circulation, NETs serve as scaffolds for coagula-
tion and platelet adhesion, thereby linking cancer-associ-
ated thrombosis with metastatic progression [46, 47].

Interestingly, recent studies have also highlighted 
PAD4-independent pathways of NETosis, particularly 
those driven by mitochondrial ROS. These observations 
point to the idea that NET formation occurs within a con-
text-dependent threshold. Such a threshold is likely influ-
enced by a combination of metabolic and inflammatory 
signals present in the surrounding microenvironment.

SPP1 encodes osteopontin (OPN), a secreted phos-
phoglycoprotein that engages CD44 and a range of 
integrins—including α_vβ₃, α_vβ₅, α₄β₁, and α₉β₁—to ini-
tiate intracellular signaling cascades. These interactions 
activate FAK–PI3K–Akt and NF-κB/MAPK pathways, 
thereby promoting epithelial–mesenchymal transition 
(EMT), invasion, angiogenesis, and enhanced glycoly-
sis in tumor cells [48–50]. Notably, cleavage of OPN by 
thrombin exposes the SVVYGLR motif, which selectively 

binds α₄β₁ and α₉β₁ integrins, further amplifying inflam-
matory adhesion and migratory programs within the 
tumor microenvironment.

While much of this literature has centered on tumor-
intrinsic effects, our findings suggest that SPP1+ mac-
rophages may hijack similar adhesion and signaling 
modules to coordinate inflammation, matrix remodel-
ing, and metabolic adaptation. This expands the func-
tional relevance of the OPN axis from tumor cells to 
key immune subsets that structure the tumor–stroma 
interface.

By integrating pathology imaging, single-cell resolution 
data, spatial deconvolution, cell–cell communication, and 
metabolic-flux modeling within a unified framework, our 
study identifies an SPP1+ M2 macrophage–orchestrated 
microenvironment that is tightly associated with NETo-
sis in HCC. Importantly, the evidence presented here is 
primarily correlative, and therefore does not, by itself, 
prove direct causality. Nevertheless, multiple indepen-
dent evidence streams (pathology-derived risk features, 
single-cell state programs, spatial co-localization, ligand–
receptor inference, and metabolic-flux convergence) 
collectively support a coherent mechanistic model in 
which a macrophage-organized niche lowers the NETosis 
threshold and maintains its spatial persistence.

Importantly, deep image features emerged as strong 
adverse prognostic markers not simply due to increased 
immune-cell infiltration, but because they captured 
nuanced morphological changes—such as texture 
coarsening, stromal boundary disruption, and fibrotic 
remodeling—at the tumor–stroma interface. These 
macro-morphological patterns are biologically plausible 
readouts of NET-associated processes. NETs can pro-
mote microvascular occlusion and immunothrombo-
sis (which can manifest histologically as microthrombi, 
ischemic injury, and interface disruption) [47], and NET-
derived components can drive fibroblast activation and 
collagen production, providing a mechanistic bridge 
to stromal remodeling and coarse texture patterns [51]. 
Consistently, collagen architecture and stromal remod-
eling can be quantified from routine histopathology and 
are known to shape texture/boundary features in digital 
pathology analyses [52]. Thus, image-derived features 
offer a macroscopic signature of a NETosis-prone and 
pro-thrombotic tumor ecology.

In contrast, the classic handcrafted granularity fea-
ture, which was associated with better prognosis, likely 
reflects preserved nuclear structure and minimal necro-
inflammation—traits inversely correlated with histo-
logical NETosis. This convergence of morphological and 
molecular signals may explain the ability of whole-slide 
imaging–based risk scores to stratify outcomes even 
across visually similar H&E slides.
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Within the monocyte-derived macrophage lineage, 
both Monocle3 and GeneTrajectory consistently revealed 
a single polarization trajectory from M0 to SPP1+ M2, 
with a gradual increase in SPP1 expression along pseu-
dotime.The gene set we have constructed to capture the 
NETs-related processes reflects the dynamic nature of 
NET formation. Notably, the progressive emergence 
of the SPP1+ M2 state, which occurs upstream of the 
NETs-high ecology, lends weight to a specific hypoth-
esis: the polarization of SPP1+ M2 is likely more integral 
to initiating and organizing conditions conducive to NET 
formation, rather than merely acting as a downstream 
consequence. This suggests that SPP1+ M2 polarization 
may play a crucial role in the sequence leading to NET 
formation. Our trajectory and spatial analyses support 
this model, indicating that SPP1+ M2 polarization might 
not simply follow but rather precede and actively facili-
tate NET formation. However, while these observations 
are compelling, the establishment of a definitive causal 
link will still require further functional perturbation 
experiments.

At the communication level, SPP1 (osteopontin) 
secreted by SPP1+ M2 binds CD44 and integrins such as 
αvβ3, α4β1, and α9β1, thereby activating adhesion-asso-
ciated FAK–PI3K–Akt and inflammatory NF-κB/MAPK 
cascades [48]. In parallel, ICAM-1, expressed on stro-
mal and endothelial surfaces, interacts with β2-integrins 
(LFA-1 and Mac-1) on neutrophils, increasing neutrophil 
arrest, dwell time, and transendothelial migration [53, 
54]. These dual axes reinforce adhesion and inflamma-
tion, creating a microenvironment that facilitates sus-
tained neutrophil recruitment and activation.

Tumor cells, endothelial cells, and CAFs cooperate 
with SPP1+ M2 by secreting CXCL8, TNF, IL-1, CCL2, 
CCL5, TGFB1, and VEGFA. These ligands engage their 
respective receptors—CXCR1/2, TNFR, IL-1 R, CCR2/5, 
TGFBR, and FLT1—to amplify chemotaxis, pro-inflam-
matory signaling, and adhesion, thus lowering the activa-
tion threshold for NETosis [55, 56]. Beyond association, 
prior functional studies provide precedent that macro-
phage-derived inflammatory cues can directly trigger 
NETosis, including IL-1β–dependent macrophage–neu-
trophil crosstalk that promotes NET formation [57, 58]. 
These reports lend external mechanistic plausibility to 
our proposed macrophage toNETosis directionality.

These interactions converge on a NETs-enriched, 
spatially clustered, high-risk microenvironment. NET-
derived DNA is sensed by CCDC25 on tumor cells, 
activating ILK–β-parvin signaling to promote transen-
dothelial migration [59]. Meanwhile, neutrophil elastase 
(NE) and MMP9 degrade laminins in the extracellular 
matrix, reactivating dormant tumor cells and fueling 
recurrence. These mechanisms align with our observed 
pro-tumor spatial architecture, in which NETs and SPP1+ 

M2 macrophages are colocalized at the tumor–stroma 
interface.

Emerging evidence further implicates SPP1 in NETosis 
during HCC lung metastasis [60]. Specifically, tumor-
derived SPP1 acts on alveolar epithelial CD44 to induce 
CXCL1 expression, thereby recruiting neutrophils and 
forming a NETs-dominant pre-metastatic niche; in that 
model, CXCR2 blockade or NET dismantling with DNase 
I attenuates metastasis [60]. More broadly, NETs have 
also been shown to fuel HCC metastasis and tumor-asso-
ciated inflammation, supporting the clinical relevance 
of NET targeting in HCC [3]. Outside the tumor con-
text, osteopontin has been reported to possess intrin-
sic pro-NETotic potential in experimental settings [61], 
further supporting the plausibility that an SPP1-high 
macrophage niche can be upstream of NET-permissive 
conditions.

Spatially, we observed consistent co-clustering of 
SPP1+ M2 macrophages and NETs+ neutrophils at the 
tumor–stroma interface, suggesting that four condi-
tions—adhesion, chemotaxis, inflammation, and metab-
olism—are simultaneously fulfilled within the same 
microenvironmental niche.(i) The OPN–CD44/integrin 
and ICAM-1–β2-integrin axes form a mechanical scaf-
fold that promotes neutrophil adhesion, retention, and 
localization within the niche, effectively anchoring these 
otherwise highly motile cells [62]. (ii) Paracrine inputs 
from tumor cells, endothelial cells, and CAFs—together 
with SPP1+ M2—activate and reinforce FAK–PI3K–Akt 
and NF-κB/MAPK signaling cascades, establishing a 
local chemotactic and inflammatory amplification loop.
(iii) Metabolic inference by decoupleR and scFEA reveals 
a glycolysis–lactate–glutathione program in SPP1+ M2 
that closely mirrors the profile of NETs+ neutrophils, 
thereby extending the duration of pro-inflammatory sig-
naling and reducing the redox threshold required to trig-
ger NETosis [63].

From a metabolic standpoint, SPP1+ M2 macrophages 
exhibit heightened glycolysis and lactate accumulation, 
alongside increased activity in glutathione and purine 
metabolic pathways. Interestingly, neutrophils exhibiting 
active NETs phenotypes show similar metabolic flux pat-
terns. This shared “lactate–antioxidant” metabolic land-
scape not only sustains inflammatory signaling through 
local acidification and redox buffering but also works 
synergistically with HIF-1 signaling, endothelial activa-
tion, and shear stress to destabilize the microvascular 
beds. Together, these factors reduce the PAD4-depen-
dent threshold for chromatin decondensation, extend-
ing the process of NETosis even in the absence of strong 
upstream stimuli. In essence, this integrated ecosystem 
provides a stable, pro-inflammatory environment that 
may promote metastasis and contribute to therapeutic 
resistance.
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The progressive spatial aggregation and functional cou-
pling of these processes offer an explanation for why deep 
pathology features consistently identify high-risk biol-
ogy. These features capture key morphologic hallmarks—
such as texture coarsening, boundary disruption, and 
stromal remodeling—that define the NETs-permissive 
microdomain.

In exploring the TCM-derived prescription–target 
network, we find that its mechanisms align closely with 
our three principal axes, extending beyond a simple 
drug–gene matching approach. First, at the pathway 
level, enrichment in extracellular matrix–receptor inter-
actions, the FAK/PI3K–Akt cascade, MAPK, and TNF/
IL-17 signaling mirrors the adhesion, chemotaxis, and 
inflammatory circuits activated by SPP1-positive M2 
macrophages. For instance, the matrix and FAK–PI3K–
Akt pathways mirror the effects of OPN binding to CD44 
and integrins, as well as ICAM-1 signaling via β2 integ-
rins. These inflammatory signals generate the ROS-rich 
and cytokine-driven environment necessary for NET 
formation.

Next, network topology highlights important pharma-
cologic hubs, particularly SRC, AKT1, and CEBPB. SRC 
and AKT1 are well-established effectors downstream 
of integrin-mediated adhesion, playing a critical role in 
cytoskeletal remodeling and inflammatory survival sig-
naling. Meanwhile, CEBPB functions as a transcriptional 
integrator of inflammation and myeloid differentiation, 
complementing the NF-κB and MAPK modules that reg-
ulate neutrophil priming and NETosis.

Finally, from an ecological perspective, the physico-
chemical properties of certain herbs—especially those 
linked to oxidative stress response, wound healing, and 
anti-inflammation—reflect the redox-rich microenviron-
ment shaped by SPP1+ M2 macrophages. In this envi-
ronment, where lactate accumulates and antioxidant 
pressure rises, the threshold for NETosis is lowered, mak-
ing clearance more challenging. Thus, compounds tar-
geting ROS, adhesion, and inflammatory signaling could 
effectively disrupt this organizer–effector spatial loop.

In sum, pharmacologic nodes—such as SRC–FAK–
AKT, NF-κB/MAPK, and antioxidant pathways—map 
directly onto the adhesion, inflammation, and meta-
bolic axes that sustain the SPP1+ M2–orchestrated NETs 
microenvironment.

These findings also highlight clinically tractable inter-
vention points along the SPP1+ M2–NETs axis. NET 
dismantling via recombinant DNase I (dornase alfa) is 
already clinically used in other indications and is concep-
tually aligned with preclinical anti-metastatic NET strat-
egies in HCC [60]. Upstream of NET release, CXCR2/
CXCR1–2 blockade is clinically advanced in oncology 
(e.g., navarixin and reparixin trials) [64, 65], providing a 
feasible path to reduce neutrophil recruitment/activation 

in NET-high tumors. IL-8 (CXCL8) neutralization has 
also been tested clinically in solid tumors [66], support-
ing the druggability of the CXCL8–CXCR1/2 module 
emphasized in our communication network. Finally, 
although cancer-specific evidence is still emerging, osteo-
pontin/SPP1 neutralization has been demonstrated as 
clinically feasible in humans (safety/PK/PD) in a random-
ized study [67], suggesting that SPP1-directed strategies 
could be explored as part of a combinatorial approach in 
NET-high HCC contexts.

This study retrospectively integrates heterogeneous 
public datasets. Variability in sample composition, tis-
sue processing, staining, and image acquisition may lead 
to cross-modal inconsistencies—potentially undermin-
ing threshold generalizability and model calibration; 
additionally, both NETs gene-set activation and adverse 
histologic features may share upstream drivers such as 
hypoxia, necrosis, vascular remodeling, infection/inflam-
mation status, or treatment exposure. Methodologically, 
our NETs classification is transcriptome-derived, denot-
ing a transcriptionally primed but not necessarily fully 
executed NETosis state; spatial transcriptomics is limited 
by spot resolution and deconvolution uncertainty (partic-
ularly for short-lived neutrophils); ligand–receptor infer-
ence based on co-expression does not prove secretion, 
diffusion, receptor occupancy, or biological activity; and 
scFEA provides steady-state flux estimates without direct 
metabolite/ROS quantification or temporal dynamics. 
Although pseudotime and spatial concordance support 
a directional hypothesis (SPP1+ M2 → NET-permissive 
niche), trajectory inference cannot establish causality. 
Therefore, future studies should include functional val-
idation—e.g., (i) macrophage–neutrophil co-culture or 
ex vivo slice assays testing whether SPP1+ M2 (or OPN, 
IL-1β/CXCL8) directly induces NETosis (CitH3/MPO–
DNA), (ii) perturbation of SPP1/OPN, CXCR2, IL-1 R/
TNFR, or PAD4 pathways, (iii) multiplex spatial imag-
ing/IMC to validate physical interaction and activation 
states at the tumor–stroma interface, and (iv) targeted 
metabolomics and redox measurements to confirm the 
lactate–antioxidant program and its impact on NETosis 
thresholds.

Conclusions
In this study, we integrated digital pathology with sin-
gle-cell and spatial transcriptomics to define a NETo-
sis-associated, high-risk ecosystem in hepatocellular 
carcinoma. Across independent modalities, an SPP1+ 
M2 macrophage program consistently co-enriched with 
NETs-related neutrophil signatures at the tumor–stroma 
interface and aligned with adhesion-, inflammation-, and 
metabolism-linked signaling circuits. Pseudotime and 
spatial concordance supported a directional model in 
which SPP1+ M2 polarization precedes and promotes a 
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NET-permissive niche, although our evidence remains 
primarily inferential and requires functional validation. 
Clinically, these findings highlight tractable interven-
tion points—NET dismantling (DNase I) and inhibition 
of neutrophil recruitment/activation (e.g., CXCR1/2–
CXCL8 axis)—and provide a multi-omic rationale for 
targeting the SPP1+ M2–NETs axis to disrupt high-risk 
microenvironmental states in HCC.
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