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Abstract

Background/Objectives: Cell-cell communication (CCC) is a critical process within the
tumor microenvironment, governing regulatory interactions between cancer cells and other
cellular subpopulations. Aiming to improve the accuracy and completeness of intercellular
gene-regulatory network inference, we constructed a novel spatial-resolved gene-regulatory
network framework (spGRN). Methods: Firstly, the spatial multi-omics data of colorectal
cancer (CRC) patients were analyzed. We precisely located the tumor boundaries and then
systematically constructed the spGRN framework to study the network regulation. Subse-
quently, the key signaling molecules obtained by the spGRN were identified and further
validated by the spatial-proteomics dataset. Results: Through the constructed spatial gene
regulatory network, we found that in the communication with malignant cells, the highly
expressed ligands LIF and LGALS3BP and receptors IL65ST and ITGBI in fibroblasts can
promote tumor proliferation, and the highly expressed ligands S100A8/S100A9 in plasma
cells play an important role in regulating inflammatory responses. Further, validation of
the key signaling molecules by the spatial-proteomics dataset highlighted the role of these
genes in mediating the regulation of boundary-related cells. Furthermore, we applied the
spGRN to publicly available single-cell and spatial-transcriptomics datasets from three
other cancer types. The results demonstrate that ITGB1 and its target genes FOS/JUN
were commonly expressed in all four cancer types, indicating their potential as pan-cancer
therapeutic targets. Conclusion: the spGRN was proven to be a useful tool to select signal
molecules as potential biomarkers or valuable therapeutic targets.

Keywords: spatial transcriptomics; spatial proteomics; single-cell transcriptomics; spatial-
resolved gene regulatory network; tumor boundary

1. Introduction

The tumor microenvironment (TME) comprises diverse cell types whose coordinated
interactions drive cancer progression [1]. Intercellular communication is fundamental to
key biological processes, including metabolism, development, and immune responses [2,3].
Disruptions in these communication pathways can lead to disease. Thus, decoding in-
tercellular communication networks is essential for understanding disease mechanisms
and progression.
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Single-cell RNA-seq enables high-resolution analysis of cellular heterogeneity but
lacks spatial context, which is crucial given the localized nature of cell signaling [4,5]. Spa-
tial transcriptomics overcomes this by mapping gene expression within tissue architecture,
enabling improved analysis of cell-cell communication (CCC) [6]. Tools including Cell-
PhoneDB [7], Giotto [8], and CellChat [9] could infer CCC networks with single-cell and
spatial-transcriptomics data, yet they often neglect downstream transcriptional responses,
limiting prediction accuracy [10]. An integrated pipeline is, thus, essential for constructing
complete and reliable spatial gene regulatory networks.

In previous work, we developed the cIGRN, an integrative pipeline for construct-
ing scRNA-seg-based intercellular gene regulatory networks, validated with spatial
transcriptomics [11,12]. To leverage the unique features of spatial multi-omics data
and optimize key signaling molecule screening, here, in this work, we expanded this
process into a new spatial-resolved gene-regulatory network pipeline (spGRN) (https:
//github.com/duyiwen026/spGRN, accessed on 11 July 2025). The spGRN fully retains
spatial information by integrating multiple intercellular communication tools, and it en-
compasses not only ligand-receptor interactions but also systematically incorporates down-
stream transcription factors and target gene regulation, significantly enhancing the interpre-
tation of intercellular communications [13-15]. Given that the tumor boundary represents
the interface between the tumor and adjacent normal tissue, this area is very active in
tumor invasion and metastasis [16]. We locate the tumor boundaries and study the network
regulation. There is increasing evidence that fibroblasts are involved in direct communica-
tion, affecting the entire tissue microenvironment and influencing disease outcomes [17,18].
Meanwhile, plasma cells play a significant role in creating the chronic inflammatory milieu
that is characteristic of CRC, thereby influencing both tumor promotion and anti-tumor
immunity [19,20]. Therefore, in addition to the immune cell subsets with strong interactions
in solid tumors, we also conducted an in-depth analysis of the regulatory network between
fibroblasts and malignant cells.

Proteins, as the primary effectors of cellular function, directly participate in biological
processes and serve as the core molecules through which regulatory networks exert their
ultimate effects [21,22], thereby providing a more accurate representation of the functional
state of genes [23]. Transcriptomics and proteomics inherently represent interconnected
upstream/downstream molecular layers [24]. Their integration exploits complementary
features to comprehensively reconstruct biological networks and uncover multi-level tumor
progression mechanisms [25]. Therefore, we combined key signaling molecules from regu-
latory network analysis with spatial-proteomics data to precisely delineate the molecular
landscape of tumor-boundary regions.

In this study, we analyzed the spatial multi-omics data of colorectal cancer pa-
tients. Furthermore, we applied a spGRN to publicly available single-cell and spatial-
transcriptomics datasets from three other cancer types. This study provides an effective
method for screening key regulatory signals in the tumor microenvironment, and the
selected signaling molecules identified by the spGRN might be potential biomarkers for
mechanistic studies or pan-cancer therapeutic targets.

2. Materials and Methods
2.1. Single-Cell and Spatial-Transcriptomics Data Collection

Publicly available single-cell and spatial-transcriptomics data were collected for this
study. The scRNA-seq datasets for colorectal cancer (CRC) were obtained from GEO
under accession numbers GSE161277 [26], GSE231559 [27], and GSE231993 [28]. The
scRNA-seq datasets of the CRC samples obtained from GSE205506 [29] were treated as
an independent validation cohort. Spatial-transcriptomics (ST) datasets for colorectal
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cancer were sourced from the scCRLM Atlas (http:/ /www.cancerdiversity.asia/scCRLM/,
accessed on 22 November 2023) [30] and 10 x Genomics (Pleasanton, CA, USA). Expanded
application analyses were performed on three other cancer types. For breast cancer, scRNA-
seq datasets were obtained from GSE161529 [31] and GSE176078 [32]. The scRNA-seq
datasets for ovarian cancer were acquired from GSE184880 [33]. The scRNA-seq dataset
for lung cancer was downloaded from CodeOcean (https:/ /codeocean.com/capsule/8321
305/tree/v1, accessed on 7 March 2024) [34]. The spatial-transcriptome data for the three
cancer types were obtained from the 10x Genomics website. Detailed information can be
found in the data availability statement section.

2.2. Dimension Reduction and Clustering Analysis of Single-Cell Transcriptome Data

Single-cell transcriptomics data analysis was performed with Seurat (v4.3.0) [35]. Cells
with a mitochondrial gene content >20%, unique molecular identifiers (UMIs) <200 or
>60,000, and detected genes <200 were excluded during quality control. Data normal-
ization and scaling were performed using the NormalizeData and ScaleData functions,
respectively. Principal component analysis (PCA) was conducted on highly variable genes,
followed by the construction of a shared nearest neighbor graph (FindNeighbors) and
unsupervised clustering analysis (FindClusters). Uniform manifold approximation and
projection (UMAP) was used for dimensionality reduction and visualization. Batch effects
were corrected using Harmony (v1.1.0) [36]. Marker genes were identified using Find All-
Markers, and cell types were annotated using SingleR [37] (v2.2.0), leveraging annotations
from the CellMarker database [38] and curated marker genes.

2.3. Identification of Malignant Cells from scRNA-Seq Data

To distinguish malignant from normal epithelial cells, we calculated somatic large-scale
chromosome copy number variation (CNV) scores using inferCNV (v1.16.0). A raw counts
matrix, annotation file, and gene/chromosome position file were prepared. Epithelial cells
from normal samples served as the reference group, while tumor epithelial cells composed
the observation group. Cells with significantly elevated CNV scores compared with the
reference group were classified as malignant.

2.4. Spatial-Transcriptomics Data Analysis

Spatial-transcriptomics data were generated using the 10x Genomics Visium plat-
form following the standard protocol and processed with Space Ranger v1.1. Gene-spot
matrices were analyzed in Seurat, filtering for spots with >200 detected genes and genes
expressed in >3 spots with >10 counts. Cell-type distributions from the scRNA-seq were
projected onto the ST data using AddModuleScore, estimating the cell-type proportions
per spot. SpatialFeaturePlot was used to visualize the spatial expression patterns across
tissue sections.

2.5. Spatial Cell Communication Strength Analysis

Cell—ell communication was analyzed using CellChat v2, with CellChatDB.human as
the reference [39]. To emphasize local interactions, distant communications were excluded
by setting distance.use = FALSE. Communication probabilities for each signaling pathway
were computed using computeCommunProbPathway. Integrated communication among
cell types was summarized with aggregateNet and visualized using netVisual_heatmap.

2.6. Definition of Tumor-Boundary-Based Spatial-Transcriptome Data

STInferCNV and STCNVScore in Cottrazm [40] were used to define the highest CNV
score as the core tumor spot. The BoundaryDefine function was used to determine the
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malignant, tumor-boundary, and non-malignant regions. Finally, the BoundaryPlot function
was employed to visualize the annotation results of the regions.

2.7. Flow for Constructing Spatial Gene Regulatory Networks

To construct a spatially resolved gene regulatory network (spGRN) within the tu-
mor microenvironment, we applied a multi-step integrative pipeline that systematically
combines spatial-transcriptomics data with cell-cell communication and gene-regulatory
network inference tools. First, SpaTalk [41] was used to perform a spot-level analysis of
spatially resolved cell-cell communication. This step enabled the identification of spatially
proximal cell types and prediction of active ligand-receptor interactions, with malignant
cells designated as the sender population to investigate their influence on the surround-
ing microenvironment. Next, stLearn [42] was employed to refine ligand-receptor pair
identification by integrating spatial coordinates with gene expression and histological
features, thereby enhancing the spatial specificity of predicted interactions. All analyses
were performed using human-specific default reference databases, as outlined below. We
applied stringent filtering criteria, retaining only the top 200 ligand—receptor pairs with ad-
justed p-values < 0.05 (pval_adj_cutoff = 0.05 and n_pairs = 200) to ensure high-confidence
interactions. To further dissect the downstream regulatory effects within malignant cells,
we used pySCENIC (v0.11.2) [43]. pySCENIC identifies transcription factors (TFs) and
their target genes and prunes indirect interactions through motif enrichment analysis,
yielding high-confidence regulons within the malignant cell population. Finally, differ-
entially expressed genes (DEGs) were identified by the FindMarkers function in Seurat.
The pruned gene regulatory networks were, ultimately, integrated as cell-interaction-based
microenvironmental gene regulatory networks, serving as the final version for subsequent
analyses. The cIGRN strategy, previously published by our group, was updated in this
study as well. The method of the spatial regulation network is currently embedded in the
pipeline spGRN constructed in this work.

2.8. Spatial-Proteomic Profiling Analysis

Spatial-proteomics data for colorectal cancer (CRC) were obtained from the iProX
database (project number: IPX0007407000) [44]. Raw mass spectrometry (MS) data were
processed using MaxQuant (v2.4.7.0) following standard workflows for MS-based pro-
teomics analysis. Subsequent statistical analysis was conducted with Perseus (v2.6.0), where
contaminant proteins, reverse hits, and peptides with non-unique sequences (peptide count
>1) were removed to ensure data quality and specificity. Differential protein expression
analysis was performed using the R package DEP (v1.22.0), enabling robust identification
of significantly altered proteins across spatial regions. To further explore the biological
relevance of these proteins, a protein—protein interaction (PPI) network was constructed
using high-confidence interactions from the STRING database (https://cn.string-db.org,
accessed on 18 march 2024) [34]. This network facilitated the identification of key functional
modules and biological pathways associated with spatial-proteomic alterations in CRC.
Finally, Cytoscape (v3.10.3) was used to plot the PPI network diagram.

2.9. Enrichment Analysis and Survival Analysis

Survival analyses of target genes were conducted using GEPIA2 [45] and Kaplan—
Meier plotter [46]. For enrichment analysis, gene IDs were converted using Annota-
tionDbi and clusterProfiler, followed by GO and KEGG enrichment analyses. Pathways
from the MSigDB hallmark gene sets with an adjusted p-value < 0.05 were considered
statistically significant.
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3. Results
3.1. Single-Cell and Spatial-Transcriptome Profiles of Colorectal Cancer

To comprehensively characterize the single-cell landscape of CRC, we integrated
scRNA-seq data of 105,316 cells from 10 normal colorectal samples and 18 colorectal cancer
patient samples for analysis. All cells were classified into the following eight cell types based
on their marker genes: mast cells (MS4A2, KIT), fibroblast cells (LUM, DCN), T cells (CD3D,
CD3E), epithelial cells (ECAM1, KRT19), B cells (CD79B, MS4A1), plasma cells (MZB1,
SDC1), macrophage cells (CD68, C1QA), and endothelial cells (PCAM1, VWF) (Figure 1A,B).
It should be noted that with the progression of CRC, a higher proportion of epithelial cells
was observed in the tumor samples (Figure 1D and Figure S1A). Since CRC originates from
colorectal epithelial cells, primarily driven by DNA copy number variations (CNVs), we
performed CNV analysis on the single-cell transcriptome data to identify malignant cells
within the dataset (Figure S1B). In addition, in order to clarify the tumor microenvironment
of colorectal cancer, we collected six colorectal cancer spatial-transcriptome samples (CRC1-
CRC6). The spatial distances among cells were inferred (Figures 1C and S1C), and the
spatial distribution of the cells was estimated (Figures 1E and S2). These results indicate
that immune cells are mainly concentrated around epithelial cells and fibroblasts. This
spatial distribution strongly suggests that there are complex intercellular interactions
among these three different cell types.
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Figure 1. Single-cell and spatial-transcriptomic profiles of colorectal cancer: (A) UMAP plot showing
cell populations in colorectal cancer; (B) violin plots with markers for eight cell types showing the
gene expression distributions; (C) CellTrek-generated boxplots revealing the intercellular distances
between epithelial and other cell types; (D) proportions of cell types in normal vs. tumor groups
highlighting the compositional differences; (E) unbiased clustering of spatial-transcriptomics (ST)
points showing the spatial localization of the major cell types.
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3.2. Tumor-Boundary Cell Interactions

Tumor tissues have complex spatial architecture, and the rigorous analysis of the spa-
tial microenvironment is critical to understanding tumorigenesis, progression mechanisms,
and discovery of therapeutic targets [47]. To address this, spatial-transcriptomics data of
six colorectal cancer samples were analyzed (CRC1-CRC6). Each spatial slice was classified
into the following three regions: malignant (Mal), boundary (Bdy), and non-malignant
(nMal) (Figure 2A) [36]. Differential expression analysis was performed between Bdy and
Mal regions to identify differentially expressed genes (DEGs) (adjusted p-value < 0.05).
Functional enrichment analysis for the DEGs reveals that the Mal region was primarily
enriched for biological processes associated with cellular respiration, oxidative phospho-
rylation, and other common tumor-related bioactivities (Figure S3). In contrast, the Bdy
region exhibited significant enrichment in biological processes associated with cell growth,
proliferation, and signal transduction. This finding implies that this area is highly active in

tumor cell invasion and intercellular interactions (Figure 2B). Thus, the spatial heterogene-
ity, composition, and cellular interactions within the tumor boundary might play critical
roles in cancer progression.
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Figure 2. Tumor microenvironment in colorectal cancer spatial transcriptomics: (A) spots from six
CRC samples annotated as malignant (Mal, red), boundary (Bdy, blue), and non-malignant (nMal,
orange) regions; (B) GO enrichment analysis of boundary spots (Bdy); (C) UMAP plot of fibroblast
subpopulations; (D) heatmap of the intercellular interaction intensity; (E) cell-type proportions across
malignant, boundary, and non-malignant regions.

To further investigate the cellular composition and intercellular interactions at the
tumor boundary, we performed a detailed cell proportion analysis by integrating single-
cell transcriptomic data. Given the pronounced heterogeneity of fibroblasts, we con-
ducted a more refined clustering analysis, identifying six distinct fibroblast subpopulations
(Figure 2C). Cell interaction analysis identified fib0, fib2, and plasma cells as having the
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strongest boundary interactions with malignant cells (Figure 2D); this echoes the significant
changes in their proportions (Figure 2E). These findings suggest that fibroblasts and plasma
cells engage in cellular interactions and network regulation within the tumor microenviron-
ment, potentially influencing subpopulation dynamics and malignant cell proliferation. To
further elucidate the signaling molecules involved in these boundary-specific interactions,
we plan to construct a spatial cellular regulatory network for deeper mechanistic insights.

3.3. Spatial-Resolved Gene-Regulatory Network Construction at the Cell Tumor Boundary

In order to understand the complex and dynamic mutual regulatory relationships
among subpopulations at spatial boundaries, we constructed a spatial-based cell regulatory
network. First, we used Spatalk to reveal spatially resolved intercellular communication
from single-cell and spot-based ST data, obtain spatial signal transduction networks, and
construct ligand-receptor—TF-target connections (Network 1.0); then, stLearn was used
with the spatial information and gene expression profiles to determine tissues with high
ligand-receptor interaction activity and retain overlapping ligand-receptor pairs and their
downstream signals (Network 2.0); then, pySCENIC was used to verify the transcription
factors in cells and prune the gene regulatory networks (Network 3.0). Finally, differentially
expressed genes (DEGs) were used for screening to filter important signals for Network 3.0
(Network 4.0) (Figure 3A). After multiple screenings of the regulatory network, the signal
molecules were reduced, which means that overlapping common filters derived from the
analysis of multiple communication tools can reduce false-positive results using a single
tool. For example, after the four-layer network analysis of plasma cells and malignant
cells by the spGRN, the signal decreased from 258 to 98 (Figure 3B). The advantage of this
process is the accuracy of the screening signal molecules. Idle data usually have high noise
and heterogeneity, and multiple spatial tools were employed in the spGRN pipeline to
reduce false positives at each node and improve the accuracy and reliability of the results
through multi-omics-integrated analysis. In this study, we focused on the construction of a
spatial-resolved gene regulatory network between plasma cells/fibroblasts and malignant
cells at the tumor boundary based on previous findings.
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Figure 3. Construction of the spatially resolved gene regulatory network at tumor boundaries: (A) work-
flow for the spGRN’s construction; (B) changes in signal quantities during the spGRN’s construction.

3.4. spGRN Analysis of Plasma/Fibroblast Cells and Malignant Cells at the Spatial Boundary

Based on the above findings, we focused on fibroblast subsets (fib0 and fib2) and
plasma cells to explore the molecular mechanisms by which these cell populations may
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mediate tumor cell alterations at the tumor boundary. First, we performed KEGG pathway
enrichment analysis on these three cell subsets. The results show that fib0 was primarily
enriched in the cytokine—cytokine receptor interaction and IL-17 signaling pathway, while
fib2 was enriched in the NF-kappa B signaling pathway and focal adhesion pathway. In
contrast, plasma cells were significantly enriched in the HIF-1 signaling pathway and
TNF signaling pathway (Figure 4A). To further identify key molecules involved in tumor
microenvironment remodeling within these pathways, spatial-resolved gene regulatory
networks were constructed with the spGRN.
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Figure 4. Spatially resolved gene regulatory networks from the spGRN: (A) KEGG pathways enriched
in fibroblast subsets (fib0 and fib2) and plasma cells at tumor boundaries; (B-D) spatially resolved
gene regulatory networks of malignant cells interacting with fib0 (B), fib2 (C), and plasma cells (D).
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In the interaction network between fib0 and malignant cells, we identified a key
axis involving LIF/CLCF1-IL6ST-JUN/FOS-ICAM1. Notably, IL6ST plays crucial roles
in maintaining immune homeostasis, inflammatory responses, and metabolic regulation
within the tumor microenvironment [48]. Within the IL-17 signaling pathway, the inter-
action between IL-17 and IL-6 triggers inflammatory responses, consistent with previous
findings that IL-6 activity is essential downstream of IL-17 signaling (Figure 4B) [49]. In
the interaction network between fib2 and malignant cells, we identified a key axis involv-
ing LGALS3BP-ITGB1-JUN/FOS-TGEF[31 (Figure 4C), which is primarily associated with
tumor migration, cell adhesion, and angiogenesis. A positive correlation was observed
between LGALS3BP and TGFf1 levels, with LGALS3BP directly binding to integrins and
facilitating the release of TGF-31 [50]. The released TGF-{31 subsequently activates the JUN
transcription factor, reinforcing a positive feedback loop that promotes tumor progression.

Similarly, we constructed a gene regulatory network between plasma cells and ma-
lignant cells. Through the spGRN analysis, we identified 98 signaling molecules involved
in this network. Combining these findings with our enrichment analysis, we identified
the S100A8/S100A9-TLR4-HIF1A-IL1B axis as a key mediator of plasma cell-malignant
cell interactions (Figure 4D). TLR4 is a key receptor for SI00A8 in regulating macrophage
function. When S100A8 and S100A9 are secreted into the extracellular space, they act as
pro-inflammatory danger signals and have been shown to play a pivotal role in tumorigen-
esis by influencing inflammation, proliferation, invasion, and metastasis of tumor cells [51].
In the HIF-1 signaling pathway, hypoxia-inducible factor HIF1A is produced under hypoxic
conditions, which drives the secretion of IL1B to enhance tumor cell proliferation, migra-
tion, and invasion [52,53]. These findings suggest that the identified signaling molecules
could serve as potential prognostic markers and therapeutic targets in cancer.

3.5. Independent Validation of Main Signaling Molecules in CRC

To validate our gene-regulatory network (GRN) screening and key signaling molecules,
we utilized an independent validation cohort of colorectal cancer scRNA-seq and spatial
transcriptomics (CRC7, CRC8) (Figure 5A, Figures 54 and S5), processed identically to
the experimental cohort. Subsequent spGRN-based regulatory network analysis further
supports the robustness of our findings, as several key signaling axes identified in the experi-
mental cohort were also detected in the validation cohort. For instance, within the fibroblast—
malignant cell interaction network, the LIF/CLCF1-IL6ST-JUN /FOS-ICAM]1 axis and
the LGALS3BP-ITGB1-JUN/FOS-TGFB1 axis were consistently observed (Figure 5B).
Similarly, within the plasma cell-malignant cell interaction network, the SI00A8/S100A9-
TLR4-HIF1A-IL1B axis was identified again (Figure 5C), reinforcing the validity of the
spGRN method. To further evaluate the clinical relevance of the identified key signaling
molecules both in the experimental and validation groups, we conducted a prognostic
analysis of the genes LGALS3BP and LIF. We found that the high expression of these
two genes is significantly associated with a poorer survival outcome in colorectal cancer
patients (Figure 5D). These results emphasize the potential of these signaling molecules as
biomarkers and therapeutic targets.
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Figure 5. Spatially resolved gene regulatory networks validated using an independent CRC dataset:
(A) annotated spots in the validation dataset; (B—C) spatially resolved gene regulatory networks of
malignant cells interacting with fibroblasts (B) and plasma cells (C); (D) Kaplan—-Meier estimates of
overall survival (OS) for LGALS3BP and LIF from the TCGA CRC RNA-seq dataset.

3.6. Validation of the spGRN Results Using Spatial-Proteomics Data

Given the hierarchical relationship between transcriptomics and proteomics in biolog-
ical regulation, their integrative analysis leverages complementary insights to achieve a
more comprehensive understanding of molecular mechanisms.

The results show that, compared with the tumor area, the protein abundance in the
tumor-adjacent tissues is higher, and there is a significant difference in the protein expres-
sion profile (Figure 6A). To explore the functional implications of these differentially ex-
pressed proteins, we performed an enrichment analysis of the Gene Ontology (GO) biologi-
cal process (BP) for the highly expressed proteins in the cancer-adjacent tissues (Figure 6B).
The analysis highlighted a significant enrichment of tumor-boundary-associated biological
processes, predominantly involving cell migration and signal transduction. These findings
underscore the crucial role of tumor-adjacent tissues in regulating the tumor microen-
vironment. Further examination of the DEPs revealed that several signaling molecules
previously identified at the tumor boundary, including ITGB4, COL1A2, and VIM, were
significantly upregulated in the cancer-adjacent tissue (p.adjust < 0.05). The observation
that the gene expression profiles in the tumor-boundary regions closely resembled those of
the tumor-adjacent tissues may reflect the dynamic infiltrative nature of the tumor microen-
vironment. Genes such as COL1A2, VIM, and TGFB1/TGFB4, which are associated with
tumor cell invasiveness and tissue remodeling, were not only expressed in infiltrative tumor
cells but also broadly present in the surrounding peritumoral tissues influenced by the
tumor milieu (Figure 6C). Subsequently, we performed a PPI analysis on the differentially
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expressed proteins with high expression and the key signaling molecules identified in the
boundary regulatory network (Figure 6D). The results demonstrate significant interactions
between these proteins and the ITGB family, forming tightly connected nodes within multi-
ple signaling pathways, further confirming the ITGB integrin family as key regulators of
colorectal cancer.
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Figure 6. Key proteins validated from the spatial proteomics: (A) differentially expressed proteins
in colorectal cancer and adjacent tissues; (B) GO biological process enrichment analysis for the top
DEPs; (C) KM estimate of the overall survival (OS) for ITGB4 from the TCGA CRC RNA-seq dataset;
(D) PPI network of the DEPs.

3.7. Reproducible Regulatory Networks Identified in Pan-Cancer Using the spGRN

To extend our findings, we applied the spGRN framework to a pan-cancer analysis
integrating single-cell and spatial-transcriptomic datasets from lung (122,148 cells), breast
(96,794 cells), and ovarian (85,698 cells) cancers (Figures 7A and S6-58). Focusing on the
critical role of fibroblasts in the tumor microenvironment, we systematically constructed
fibroblast-malignant cell regulatory networks across these cancers. This revealed key sig-
naling molecules and pathways associated with progression, including angiogenesis, prolif-
eration, survival, immune evasion, and inflammation, for example, VEGFA /VEGEFB [54,55],
FOXQO3 [56], and PDGFRB [57] in lung cancer angiogenesis (Figure 7B); CCL2 [58] and
CXCL12 [59] chemokines modulating CAF activity in breast cancer invasion/metastasis
(Figure 7C); and MFGES [60] and MYC [61] promoting survival, EMT, and phagocytosis in
ovarian cancer (Figure 7D). Notably, conserved overexpression of JUN/FOS (AP-1 com-
plex) [62] and ITGB1 [63] was observed across all three cancer types and colorectal cancer
(Figure 7B-D), underscoring their roles as shared molecular drivers. JUN/FOS regulate
proliferation, differentiation, apoptosis, and inflammation, with aberrant activation promot-
ing tumor growth and invasion, while ITGB1 critically mediates cell adhesion, migration,
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Figure 7. Spatially resolved gene regulatory networks across cancer types: (A) spots from lung,
breast, and ovarian cancer samples, annotated; (B-D) spatially resolved gene regulatory networks of
malignant cells interacting with fibroblasts in lung (B), breast (C), and ovarian (D) cancers.

This systematic analysis not only verified the versatility of the spGRN method across
different cancer types but also revealed the high complexity and dynamics of tumor-
boundary regions. These results provide strong support for further exploring the diversity
and spatial regulation mechanisms of the tumor microenvironment and, at the same time,
establish the reliability of the spGRN in the spatial regulation network.

4. Discussion

In this study, we conducted a comprehensive analysis of the tumor microenvironment
(TME) at tumor boundaries by integrating scRNA-seq and spatial-transcriptomics (ST)
datasets with spatial-resolved gene regulatory networks (spGRN). At the same time, spatial
mass spectrometry data were introduced for verification. This approach enabled us to
uncover spatially resolved intercellular gene regulatory networks and identify plausible
signaling pathways at the spatial level. By combining these methodologies, our spatial
multi-omics-based analysis mitigates the limitations of individual approaches [25].
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Intercellular communication influences cell phenotype and function. Currently, most
intercellular communication is ligand-receptor based, and analysis methods for different
intercellular communication tools result in different scores that are difficult to compare
and evaluate, making it challenging to validate the results [64,65]. To better capture the
dynamics of these interactions, we developed and refined a pipeline for constructing spatial-
resolved gene regulatory networks (spGRNs). While scRNA-seq captures ligand-receptor
gene expression, which is critical for CCC detection, it lacks spatial context and ignores key
constraints of potential interactions. The spGRNs use multiple CCC tools for integration,
minimize false positives, and integrate spatial localization, retaining the advantages of
ST data. Unlike traditional CCC methods that focus primarily on intercellular signaling,
spGRN’s incorporate downstream cellular responses. By analyzing the ligand-receptor—
transcription factor—target gene cascade, spGRNs provide a more comprehensive view of
intercellular communication, enhancing its completeness and biological relevance.

Malignant cells at tumor boundaries are highly invasive and play a pivotal role in
reshaping the tumor microenvironment [66]. Spatial multi-omics data analysis of colorectal
cancer (CRC) revealed strong interactions among fibroblasts, plasma cells, and malignant
cells at the boundary. As regions transition from non-malignant to malignant, immune and
fibroblast proportions decline, while malignant cell abundance increases, underscoring
their role in cell-cell communication. Using spGRNs, we identified key boundary-specific
regulatory axes, including LIF/CLCF1-IL6ST-JUN/FOS-ICAM1 and LGALS3BP-ITGB1-
JUN/FOS between malignant cells and fibroblasts, as well as ST00A8/S100A9-TLR4-HIF1A-
IL1B between malignant cells and plasma cells. The key regulatory molecules identified
in the CRC validation datasets exhibit similar expression patterns and are associated with
poor prognosis, confirming the reliability and consistency of the spGRN-based analysis.

In addition, we also collated the expression data of spatial proteins at the spatial
level. The data from taking the spatial positioning as the tumor site and the normal part
of the tumor boundary were analyzed. By integrating the key signaling molecules from
the regulatory network, we sought to gain deeper insights into the functional patterns of
critical genes across different regulatory levels. Through protein—protein interaction (PPI)
analysis, we further confirmed the central role of the ITGB family within the regulatory
network, revealing that it may mediate dynamic changes in the tumor microenvironment
by synergistically regulating other signaling molecules. Finally, we applied the spGRN
pipeline to lung cancer, breast cancer, and ovarian cancer, systematically constructing and
analyzing the regulatory networks between fibroblasts and malignant cells to explore cross-
cancer commonalities in their regulatory patterns. Interestingly, we identified the JUN/FOS
and ITGB families as key regulators in tumor biology. Therefore, further investigation into
the signaling pathways mediated by JUN/FOS and ITGB may offer new directions for
developing pan-cancer precision therapies.

In this study, we integrated single-cell transcriptomics, spatial transcriptomics, and
spatial proteomics to construct a multi-dimensional view of the tumor microenvironment.
Meanwhile, by synergistically leveraging single-cell and spatial multi-omics perturbation
screening, we aim to provide more comprehensive insight into cell states and intercellu-
lar communication within spatial contexts, thereby bridging the gap between molecular
profiles and tissue-level organization. With the continuous advancement of spatial tech-
nology, cutting-edge tools have become increasingly powerful in exploring organizational
structures. Our upcoming research will apply advanced spatial proteome image analysis
techniques to gain a deeper understanding of the spatial location distribution of proteins.
Notably, the selected signal molecules hold great promise as potential biomarkers for mech-
anism research or valuable therapeutic targets. Future studies could primarily concentrate
on delving into the specific functions and application prospects of these molecules in the
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realm of cancer treatment. The spGRN described in this work may potentially shed light
on developing new approaches for cancer therapy.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/ genes16070821/s1, Figure S1: Cell-type proportions, epithelial
cell copy number changes, and cellular spatial distance analysis: (A) proportions of eight cell
types in 28 colorectal cancer samples; (B) heatmap of CNV profiles across epithelial cell clusters,
where red/blue shades indicate elevated/reduced CNVs compared with normal epithelial cells;
(C) CellTrek-assessed boxplot of intercellular distances between fibroblasts and other cell types.
Figure S2: Spatial-transcriptomic profiles for colorectal cancer. Figure S3: GO enrichment analysis
of malignant (Mal) regions. Figure 54: Malignant region enrichment and independent CRC dataset
profiles: (A) violin plots with markers for eight cell types; (B) UMAP plot showing distinct cell-type
populations; (C) heatmaps of intercellular interaction number (left) and intensity (right). Figure S5:
Spatial distance analysis in two independent CRC datasets: (A) unbiased clustering of ST points
depicts spatial localization of major cell types, with red/blue indicating high/low group-specific
expression (CRC7-8); (B) CellTrek-assessed boxplot of intercellular distances between epithelial
and other cell types; (C) spatial-transcriptome cell colocalization analysis. Figure S6: Single-cell
and spatial-transcriptomic profiles for lung cancer: (A) violin plots with markers for seven cell
types; (B) UMAP plot showing distinct cell-type populations; (C) heatmap of CNV profiles across
epithelial cell clusters, with red/blue shades indicating elevated /reduced CNVs compared with
normal epithelial cells; (D) unbiased clustering of ST points revealing spatial localization of the
major cell types; (E) Kaplan-Meier estimates of overall survival (OS) for VEGFA from the TCGA
lung cancer RNA-seq dataset. Figure S7: Single-cell and spatial-transcriptomic profiles for breast
cancer: (A) violin plots with markers for eight cell types; (B) UMAP plot showing distinct cell-
type populations; (C) heatmap of CNV profiles across epithelial cell clusters, with red /blue shades
indicating elevated /reduced CNVs compared with normal epithelial cells; (D) unbiased clustering
of ST points revealing spatial localization of the major cell types; (E) Kaplan-Meier estimates of
overall survival (OS) for FN1 from the TCGA breast cancer RN A-seq dataset. Figure S8: Single-cell
and spatial-transcriptomic profiles for ovarian cancer: (A) violin plots with markers for six cell
types; (B) UMAP plot showing distinct cell-type populations; (C) heatmap of CNV profiles across
epithelial cell clusters, with red/blue shades indicating elevated /reduced CNVs compared with
normal epithelial cells; (D) unbiased clustering of ST points revealing spatial localization of the major
cell types; (E) Kaplan-Meier estimates of overall survival (OS) for MMP2 from the TCGA ovarian
cancer RNA-seq dataset. Figure S9: Survival analysis of the key molecules: (A-B) Kaplan—-Meier
estimate of overall survival (OS) for ITGB1 (A) and FOS (B) from the TCGA CRC RNA-seq dataset.
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