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Background: The epidermal growth factor receptor (EGFR)-mutated lung adenocarcinoma (LUAD) exhibits significant stage-
dependent molecular and spatial heterogeneity, which remains incompletely characterized. Elucidating stage-associated differ-
ences in gene expression, signaling pathways, and immune landscapes is critical for developing stage-stratified precision therapy
for EGFR-mutated LUAD.
Methods: This study integrated bulk transcriptome profiling and digital spatial profiling (DSP) to investigate pathological stage-
associated differences. DSP was applied to 23 EGFR-mutated LUAD patients (18 early-stage and 5 late-stage) to elucidate spatial
heterogeneity across three tissue compartments: tumor cells, immune cells, and macrophages. Public bulk RNA sequencing data
from 38 patients with EGFR-mutated LUAD, including 29 early-stage (I+II) and 9 late-stage (III+IV) cases, were analyzed.
Results: Bulk RNA sequencing identified 580 differentially expressed genes between early- and late-stage EGFR-mutated LUAD.
Late-stage tumors exhibited enhanced proliferation, marked by elevated E2F, G2M checkpoint, and MYC activities, alongside
activated cell cycle, DNA replication, and DNA repair pathways. Notable metabolic reprogramming was also observed, includ-
ing upregulated serine and purine metabolism. Spatial transcriptomic analysis confirmed increased proliferative, oncogenic,
metastatic, and glycolytic signatures in late-stage tumor cells, consistent with findings from bulk RNA sequencing. Pathway
enrichment analysis across distinct compartments revealed six stage and compartment specific modules, with modules related
to cell cycle, DNA repair, invasion, and metabolism significantly upregulated in the late-stage tumor cell segment. Moreover,
late-stage tumors displayed an increase in exhausted CD8+ T cells and elevated expression of immune checkpoints (PD-L2, PVR
in tumor cells; B7-H3, LAG3 in immune cells), contributing to an immunosuppressive microenvironment.
Conclusions: These findings delineate stage-specific transcriptional, metabolic, and spatial immune reprogramming during the
progression of EGFR-mutated LUAD. These results may provide new insights into the molecular mechanisms underlying tumor
progression and identify potential targets for stage-stratified precision therapy in EGFR-mutated LUAD.
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Introduction

Lung adenocarcinoma (LUAD) represents the pre-
dominant histological subtype of lung cancer, responsible
for roughly 40% of global lung cancer incidence [1,2].
Among the LUAD patient population, mutations in the epi-
dermal growth factor receptor (EGFR) gene stand among
the most prevalent oncogenic drivers, with particularly high
frequencies observed in Asian individuals, never-smokers,
and female patients [1,3,4,5]. The clinical implementa-
tion of EGFR tyrosine kinase inhibitors (EGFR-TKIs) has
dramatically prolonged progression-free survival (PFS) and
overall survival (OS) in patients harboring EGFR-mutated
LUAD, thereby reshaping the therapeutic landscape of this

malignancy [6,7,8]. Despite these advances, the clinical
outcome of patients with late-stage EGFR-mutated LUAD
remains unsatisfactory, as nearly all patients eventually de-
velop acquired resistance to TKIs and experience disease
progression [9,10,11]. By comparison, patients with early-
stage EGFR-mutated LUAD generally exhibit more favor-
able outcomes following surgical resection; nevertheless, a
substantial subset still suffers from tumor recurrence and
distant metastasis [12,13,14]. The biological mechanisms
underlying the starkly divergent clinical behaviors between
early and late-stage EGFR-mutated LUAD remain incom-
pletely understood.

The tumor microenvironment (TME) constitutes a
complexmulticellular ecosystem comprising immune cells,
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stromal components, extracellular matrix, and a diverse ar-
ray of soluble mediators [15,16]. It exerts a pivotal regu-
latory function in tumor initiation, malignant progression,
metastatic dissemination, and therapeutic responsiveness
[16,17,18]. In the context of EGFR-mutated LUAD, ac-
cumulating evidence has linked the TME to TKI resistance
and clinical prognosis [19,20,21]. However, most previ-
ous investigations into the immune microenvironment of
EGFR-mutated LUAD have relied on bulk tissue profiling,
which integrates signals across heterogeneous cell popula-
tions and spatial compartments, thus masking the spatial
heterogeneity inherent to the tumor immune microenviron-
ment.

Digital Spatial Profiling (DSP) represents a cutting-
edge spatial multi-omics platform that allows for high-plex,
spatially resolved quantification of proteins and RNA tar-
gets in formalin-fixed, paraffin-embedded (FFPE) speci-
mens [22]. In contrast to conventional approaches such
as immunohistochemistry (IHC) and immunofluorescence
(IF), which are restricted to a limited number of biomarkers,
DSP permits simultaneous whole-transcriptome or high-
plex protein profiling, enabling a holistic dissection of cel-
lular composition and functional states within the TME.
Additionally, DSP facilitates precise microdissection of
predefined regions of interest (ROIs), including tumor
cores, invasive fronts, stromal zones, and immune cell ag-
gregates, enabling direct comparative analyses of molecu-
lar signatures across distinct spatial domains. These unique
advantages establish DSP as a powerful tool for elucidating
spatial immune heterogeneity in solid tumors.

To date, systematic investigations comparing the spa-
tial immune architecture of the TME between early and
late EGFR-mutated LUAD remain scarce. Elucidating the
dynamic immune alterations throughout disease progres-
sion may uncover critical immune regulators driving ma-
lignant progression and reveal novel therapeutic vulnera-
bilities in late-stage disease. Accordingly, the present study
employed DSP technology to conduct an in-depth, spatially
resolved analysis of protein expression profiles within the
TME of early-stage and late-stage EGFR-mutated LUAD
specimens. The objectives were threefold: (1) to delineate
disparities in immune cell composition and spatial distribu-
tion between early and late EGFR-mutated LUAD; (2) to
identify key immune-associated molecules exhibiting dif-
ferential spatial expression across disease stages; and (3)
to evaluate potential associations between these spatial im-
mune features and clinical outcomes. These findings are
expected to provide new mechanistic insights into the pro-
gression ofEGFR-mutated LUAD and facilitate the rational
design of improved therapeutic strategies for patients with
late-stage disease.

Methods

Study Population and Sample Collection
A total of 23 FFPE tissue specimens were included

in this study. All samples were obtained from patients di-
agnosed with LUAD)carrying EGFR mutations, consisting
of either the L858R point mutation or exon 19 deletion
(19Del). These specimens were prospectively collected at
the First Affiliated Hospital of Soochow University from
August 2025 to December 2025. Patients with a history
of previous anti-tumor therapies were excluded from the
study. All patients enrolled in this study provided written
informed consent prior to participation. Ethical approval
was granted by the Ethics Committee of the First Affil-
iated Hospital of Soochow University (approval number:
[2025]480).

Sample Processing and ROI Annotation for GeoMx
DSP Analysis

FFPE blocks were generated from the 23 EGFR-
mutated LUAD specimens included in the DSP analysis,
and a tissue microarray (TMA) was subsequently con-
structed. For each patient, 2–3 tumor tissue cores with a
diameter of 3 mm were selected to guarantee sufficient rep-
resentation of tumor histomorphology. Subsequently, 5-
µm-thick sections were prepared from the FFPE TMA and
processed following a standardized experimental protocol
[22]. Slides were then loaded onto the GeoMx Digital Spa-
tial Profiler for region of interest (ROI) selection, guided by
immunofluorescence staining.

For automated segmentation, customized UV illumi-
nation masks were applied to define three distinct morpho-
logically relevant areas of illumination (AOIs): PanCK+ tu-
mor cells, CD45+ immune cells, and CD68+ macrophages.
These AOIs were targeted for photocleavable tag release.
The cleaved oligonucleotide barcodes from each AOI were
then collected, extracted, and quantitatively analyzed via
next-generation sequencing.

DSP Data Processing and Bioinformatic Analysis
Sequenced FASTQ files were processed using the Ge-

oMx NGS Pipeline (version 2.2.0.2, NanoString Technolo-
gies, Inc., Seattle, WA, USA) to generate digital count con-
version (DCC) files. Subsequent data quality control (QC)
was performed to assess key technical metrics, including
technical signal intensity, background noise levels, probe
efficiency, and normalization parameters, in strict accor-
dance with previously established guidelines [22]. Prior
to initiating downstream analytical workflows, high-quality
datasets were subjected to Quantile 3 (Q3) normalization
[23] to ensure data consistency and reliability.

Initially, the filterByExpr function (with default pa-
rameters) was employed to exclude lowly expressed genes
that could introduce noise into the analysis. Subsequently,
the estimateGLMCommonDisp, estimateGLMTrended-
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Disp, and estimateGLMTagwiseDisp functions (all run
with default settings) were utilized to calculate common,
trended, and tagwise dispersions, respectively. A negative
binomial model was then fitted for each individual gene
using the glmFit function. Finally, the glmLRT function,
a tool that performs a likelihood ratio test to compare the
goodness of fit between the experimental model and the null
model, was used to determine the statistical significance of
differential gene expression.

Differentially expressed genes (DEGs) were identified
using stringent thresholds: a false discovery rate (FDR)
of <0.05 and an absolute log2 fold change (|log2 FC|) of
> 1. Gene Ontology (GO) enrichment analysis was con-
ducted with the R package clusterProfiler, where statisti-
cal significance was defined as an FDR-corrected p-value
of <0.05. Signature scores were calculated using the for-
mula: n

√
(X1 + 1) . . . (Xi + 1)...(Xn + 1), where Xᵢ rep-

resents the normalized expression value of genes associ-
ated with the target cell population, and n denotes the to-
tal number of genes in the signature [24]. To evaluate in-
tergroup differences in various signatures, single-sample
gene set enrichment analysis (ssGSEA) [25] was applied
to the normalized gene expression matrix. The DSP data
generated in this study have been deposited in the GSA-
Human repository under the accession number HRA011725
(https://ngdc.cncb.ac.cn/gsa-human/browse/HRA011725).

Acquisition and Bioinformatic Analysis of Public
Transcriptomic Datasets

Publicly available transcriptomic profiles and corre-
sponding clinical metadata for 38 patients with EGFR-
mutated LUAD, including those harboring L858R or 19Del,
were retrieved from The Cancer Genome Atlas (TCGA)
database. The detailed clinicopathological features of these
38 LUAD patients are summarized in Supplementary Ta-
ble 1.

Raw read count data were processed and analyzed us-
ing the edgeR package (v3.34.0) to identify DEGs. Genes
with a p-value < 0.05 and an absolute log2 fold change
(|log2 FC|) >1 were defined as significantly differentially
expressed. Volcano plots and heatmaps were generated us-
ing the ggpubr and ComplexHeatmap packages in R, re-
spectively. Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analysis was performed using
the KOBAS-i online tool [26,27,28], with statistical signif-
icance defined as a Benjamini-Hochberg adjusted p-value
< 0.05. Intergroup differences in multiple biological sig-
natures, were evaluated using ssGSEA [25] based on the
normalized gene expression matrix.

Functional and Immune Profiling by Single-Sample
Gene Set Enrichment Analysis

To comprehensively evaluate metabolic status and
hallmark signaling pathway activity, ssGSEA (imple-
mented in the GSVA R package) [25] was applied to both

theDSP dataset and the public transcriptomic data. Immune
cell composition across groups was calculated by Immune-
CellAI [29].

The log2-transformed normalized gene expression
matrix was used for ssGSEA analysis with gene sets
obtained from the WikiPathways database [30]. Non-
redundant biological pathways appropriate for ssGSEA
were extracted from WikiPathways [31], with analyti-
cal procedures adapted from previously published studies
[31,32]. Specifically, all curated pathways were classi-
fied into seven functional clusters following a previously
published study [31]. One cluster covered biological pro-
cesses associated with cell proliferation and DNA damage
repair, two clusters were linked to mitochondrial function
and lipidmetabolism, and one cluster was enriched in signa-
tures related to tumor progression. Another cluster mainly
contained immune-related signaling cascades that are fre-
quently dysregulated during tumorigenesis. The remain-
ing two clusters comprised transforming growth factor-β
(TGF-β) receptor signaling, focal adhesion, matrix metal-
loproteinase activity, and neovascularization pathways, all
of which promote malignant progression of tumors.

Hallmark signaling pathway scores were calculated
using the hallmark gene sets from the Molecular Signa-
tures Database (MSigDB). Finally, enrichment scores for
immune cell populations within the tumor microenviron-
ment were estimated using ssGSEA with a previously es-
tablished gene signature [33].

Statistical Analysis
Between-group comparisons were performed using

the Wilcoxon rank-sum test. Heatmaps were visualized us-
ing the R package “ComplexHeatmap” (v2.8.0) [34]. The
“complete” agglomeration method was adopted to gener-
ate the heatmap. Statistical significance for screening gene
signatures, WikiPathways pathways, immune cell subsets
and immune checkpoint molecules was determined using
adjusted p values < 0.05 after Benjamini–Hochberg multi-
ple testing correction.

Results

Dissection of Pathological Stage-Associated
Differences in Gene Expression and Signatures in
EGFR-Mutated LUAD Using Bulk Transcriptome
Profiling

To dissect the molecular distinctions between early-
stage and late-stage tumors, publicly available RNA-
sequencing datasets were analyzed (clinical information
is provided in Supplementary Table 1). Transcriptomic
profiles from lung samples of 38 patients with EGFR-
mutated LUAD (harboring L858R or 19Del) were exam-
ined, comprising 29 early-stage and 9 late-stage cases. This
analysis identified a total of 580 DEGs between the two
stage groups, with 268 genes upregulated and 312 genes
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downregulated in late-stage tumors (Fig. 1A; Supplemen-
tary Table 2). Functional enrichment analysis revealed
that genes upregulated in late-stage (III+IV) tumors were
significantly enriched in biological processes associated
with mesodermal cell fate determination and commitment,
mesoderm formation and morphogenesis, as well as regula-
tion of the RIG-I-like receptor signaling pathway and viral
transport (all adjusted p-value < 0.05; Fig. 1B, left panel).
In contrast, genes upregulated in early-stage (I+II) tumors
were predominantly enriched for cilium/flagellum structure
and motility, along with terms related to immunoglobulin
production and extracellular transport (all adjusted p-value
< 0.05; Fig. 1B, right panel). These findings highlight
two functionally distinct programs: one focused on antivi-
ral defense and mesodermal lineage specification (III+IV)
and another centered on ciliary dynamics and associated im-
mune/transport functions (I+II).

Characterization of cancer-related cellular functions,
signaling pathways, and metabolic signatures in EGFR-
mutated LUAD, particularly in a stage-specific context,
remains underexplored. Compared to early-stage tumors
(stages I+II), late-stage tumors (stages III+IV) exhibited
significantly elevated activity across multiple proliferation-
related signatures, including E2F targets, G2M checkpoint,
MYC targets V1, and MYC targets V2 (all p < 0.05; Fig.
1C,D, Supplementary Fig. 1A,B). With respect to signal-
ing pathways, late-stage tumors demonstrated significantly
increased activity of MTORC1 signaling and unfolded pro-
tein response, while IL2-STAT5 signaling was significantly
downregulated (all p < 0.05; Fig. 1C,D, Supplementary
Fig. 1A,B). Additionally, the glycolytic metabolic pathway
exhibited significant upregulation in late-stage tumors (p <
0.05; Fig. 1C,D, Supplementary Fig. 1A,B). These find-
ings indicate that the progression of EGFR-mutated LUAD
from early to late stages is accompanied by distinct molec-
ular alterations, including elevated proliferative potential,
aberrant signaling activity, inhibited immune pathways,
and a metabolic shift toward glycolysis. These molecular
changes are closely associated with malignant progression
and potential therapeutic resistance.

Stage-Specific Pathways in EGFR-Mutated LUAD
Revealed by Bulk Transcriptome Profiling

To comprehensively evaluate pathway differences
across clinical stages, pathway enrichment analysis was
conducted using a curated dataset from the WikiPathways
database [29]. This analysis identified seven distinct path-
way clusters (C1-C7) that distinguished early-stage from
late-stage tumors (Fig. 2A). pathways in the C2 cluster,
associated with immune-related signatures, were predom-
inantly active in the early-stage group (Fig. 2A,B, Sup-
plementary Fig. 2A,B). In contrast to late-stage tumors,
early-stage tumors exhibited significantly higher activity
scores for the B cell receptor signaling pathway, compo-
nents involved in local acute inflammatory response, and

complement activation (all p < 0.05; Fig. 2B and Supple-
mentary Fig. 2B). These findings indicate a more robust
immune surveillance and acute inflammatory response in
early-stage disease, reflecting the host’s attempt to restrict
tumor initiation and progression via humoral immunity, in-
nate immune activation, and complement-mediated tumor
clearance. Conversely, C5-clustered pathways showed ele-
vated activity scores in the late-stage group, including those
related to cell cycle progression, DNA replication, G1 to S
cell cycle control, and multiple DNA repair pathways (all
p < 0.05; Fig. 2B and Supplementary Fig. 2B). This
indicates a profound rewiring of proliferative and genome
maintenance networks to support uncontrolled growth and
genomic instability in late-stage disease. Additionally,
pathways related to metabolic and nucleotide biosynthesis
were significantly upregulated in late-stage tumors (all p
< 0.05; Fig. 2B and Supplementary Fig. 2B). Specifi-
cally, serine metabolism and purine metabolism exhibited
markedly higher estimated scores in late-stage tumors com-
pared with early-stage tumors (both p < 0.05; Fig. 2B and
Supplementary Fig. 2B), highlighting an increased re-
liance on de novo serine synthesis and purine biosynthe-
sis to support rapid proliferation and biomass accumulation
in the later disease stages. Concomitantly, metabolic re-
programming was also significantly elevated in the III+IV
group (p < 0.05; Fig. 2B and Supplementary Fig. 2B),
consistent with the Warburg effect and metabolic adapta-
tion to the tumor microenvironment (TME).

Stage-Stratified Spatial Transcriptomic
Characterization of Intratumoral Regions in
EGFR-Mutated LUAD via DSP

Bulk RNA-sequencing approaches inherently mask
intratumoral complexity and fail to resolve the spatial ar-
chitecture of the tissue microenvironment. To address this
critical limitation, the spatial heterogeneity of tumor cells
and the TME in EGFR-mutated LUAD was dissected, with
a specific focus on their associations with pathological
stages, utilizing a previously established spatially resolved
multiplexed digital spatial profiling (DSP) dataset [35]. A
total of 23 patients with EGFR-mutated LUAD were in-
cluded for DSP analyses, comprising 18 early-stage cases
(15 stage I and 3 stage II) and 5 late-stage cases (4 stage III
and 1 stage IV) (Supplementary Table 3). Three molecu-
larly distinct tissue compartments were identified and an-
alyzed based on fluorescent co-localization patterns, in-
cluding PanCK+ tumor cells (PanCK+/CD45-/SYTO13+),
CD45+ immune cells (PanCK-/CD45+/CD68-/SYTO13+),
and CD68+ macrophages (PanCK-/CD68+/SYTO13+) (Fig.
3A). Details of ROIs and AOIs are summarized in Supple-
mentary Fig. 3A.

First, DEGs and enriched biological processes in spa-
tially distinct compartments were identified between early-
stage and late-stage patients. In the PanCK+ tumor cell
compartment, 351 DEGs were detected between late-stage
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Fig. 1. Stage-related gene expression profiles and functional enrichment inEGFR-mutatedLUAD. (A)Volcano plot of differentially
expressed genes between early and late stages. Red and blue points represent genes that are significantly upregulated in late-stage and
early-stage tumors, respectively. Genes with no significant changes are shown in gray. (B) Enriched Gene Ontology (GO) biological
processes for genes upregulated in late-stage (left) and early-stage (right) tumors, respectively. (C) Heatmap showing enrichment levels
of signatures associated with proliferation, signaling, and metabolic activity across early (n = 29) and late (n = 9) stages. (D) Boxplots
comparing the enrichment scores of proliferation, signaling, and metabolic signatures between early (n = 29) and late (n = 9) stages.
EGFR, epidermal growth factor receptor; LUAD, lung adenocarcinomas; GO, gene ontology. *p < 0.05, **p < 0.01, ***p < 0.001,
****p < 0.0001.

and early-stage cohorts, comprising 230 upregulated and
121 downregulated genes in late-stage tumors (Fig. 3B, left
panel; Supplementary Table 4A). GO enrichment anal-
ysis within the PanCK+ tumor cell segment revealed two
distinct epithelial programs. Genes upregulated in the late
stage were enriched for processes related to immune tol-
erance induction, cell adhesion, and nucleosome assembly
(Supplementary Fig. 3B; left panel). In contrast, genes
upregulated in the early stage were predominantly asso-

ciated with antigen processing and presentation via MHC
class II, T cell activation, and extracellular matrix organi-
zation (Supplementary Fig. 3B; right panel). These find-
ings highlight functionally distinct states: one oriented to-
ward immune tolerance (late stage) and another focused on
antigen presentation and immunostimulation (early stage).
Within the CD45+ immune cell segment, 213 DEGs were
identified between late-stage and early-stage patients, with
61 genes highly expressed in late-stage patients and 152
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Fig. 2. Key biological pathways associated with tumor stage. (A) Heatmap of unsupervised clustering based on ssGSEA scores
derived from gene sets in the WikiPathways database. Major clusters of dysregulated pathways are indicated by white horizontal lines.
I+II stage (n = 29); III+IV stage (n = 9). (B) Boxplots showing pathways that are significantly associated with tumor stage. ssGSEA,
single sample gene set enrichment. I+II stage (n = 29); III+IV stage (n = 9). *p < 0.05, **p < 0.01, ****p < 0.0001.

genes in early-stage patients (Fig. 3B, middle panel; Sup-
plementary Table 4B). In the CD68+ macrophage com-
partment, 465 genes exhibited significant expression dif-
ferences with 150 upregulated and 315 downregulated in
late-stage compared to early-stage tumors (Fig. 3B, right
panel; Supplementary Table 4C). GO biological process

enrichment analysis revealed that the top enriched terms in
the CD45+ immune cell and CD68+ macrophage segment
of late-stage patients were both linked to extracellular ma-
trix organization (Supplementary Fig. 3C,D), a biologi-
cal process known to influence various hallmarks of cancer
[36,37,38].
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Fig. 3. Spatial transcriptomic profiling identifies stage-associated gene expression and functional signatures across distinct tis-
sue compartments in EGFR-mutated LUAD. (A) Representative regions of interest (ROIs) and areas of illumination (AOIs). AOIs
were defined for DSP analysis based on immunofluorescence staining for PanCK (green), CD45 (yellow), CD68 (red), and SYTO13
(blue). Scale bar = 500 μm. (B) Volcano plots showing differentially expressed genes between early- and late-stage AOIs across distinct
compartments: PanCK+ tumor cell compartment (left), CD45+ immune cell compartment (middle), and CD68+ macrophage compart-
ment (right). Red and blue points represent genes significantly upregulated in late-stage and early-stage groups, respectively. Genes
with no significant differences are shown in gray. (C) Boxplots comparing enrichment scores of proliferation, signaling, developmental,
and metabolic signatures between early-stage (35 AOIs) and late-stage (10 AOIs) groups within the PanCK+ tumor cell compartment.
(D) Heatmap showing expression levels of signatures associated with proliferation, signaling, developmental processes, and metabolic
activity between early-stage (35 AOIs) and late-stage (10 AOIs) groups. EGFR, epidermal growth factor receptor; LUAD, lung adeno-
carcinomas; DSP, digital spatial profiling; ROIs, regions of interest; AOIs, areas of illumination; PanCK, pan-cytokeratin. *p < 0.05,
**p < 0.01, ***p < 0.001, ****p < 0.0001.

The spatial characterization of cancer-associated cel-
lular functions, signaling pathways, and metabolic signa-

tures in EGFR-mutated LUAD remains largely unexplored,
particularly in the context of clinical staging. In the PanCK+
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tumor cell compartment, the late-stage subgroup exhib-
ited significantly elevated enrichment scores across multi-
ple oncogenic pathways compared with the early-stage sub-
group (Fig. 3C,D, Supplementary Fig. 4A,B). Specif-
ically, proliferation-related signatures, including E2F tar-
gets, G2M checkpoint, mitotic spindle, and MYC targets
V1/V2, were markedly activated in the late-stage subgroup
(all p < 0.05; Fig. 3C,D, Supplementary Fig. 4A,B). Con-
currently, oncogenic signaling pathways such as MTORC1
signaling and hypoxia were significantly upregulated in
late-stage tumors (both p < 0.05; Fig. 3C,D, Supplemen-
tary Fig. 4A,B). Furthermore, signatures associated with
tumor development and metastasis, namely angiogenesis
and epithelial-mesenchymal transition (EMT), displayed
strikingly higher activity in the late subgroup (both p < 0.05;
Fig. 3C,D, Supplementary Fig. 4A,B). Metabolically,
the glycolysis pathway, a well-recognized hallmark of can-
cer, was also significantly enhanced in late-stage EGFR-
mutated LUAD (p < 0.05; Fig. 3C,D, Supplementary Fig.
4A,B). These spatially resolved findings were consistent
with the transcriptional profiles obtained from public bulk
RNA sequencing datasets (Fig. 1C,D, and Supplementary
Fig. 1). These results indicate that the late-stage group is
characterized by a more aggressive phenotypic state, de-
fined by enahnced proliferative capacity, metabolic repro-
gramming, and increased metastatic potential relative to the
early-stage group.

Distinct Biological Processes Associated With
Pathological Stages in Each Compartment

To characterize the spatial and stage-dependent reg-
ulation of oncogenic pathways in EGFR-mutated LUAD,
pathway enrichment analysis was performed across three
distinct tissue segments (PanCK+ tumor cells, CD45+ im-
mune cells, and CD68+ macrophages), stratified by clini-
cal stage (I+II vs. III+IV). Unsupervised hierarchical clus-
tering of enrichment scores identified six functionally dis-
tinct modules, each exhibiting unique spatial distribution
and stage-specific activation patterns (Fig. 4A). Modules
1, 2, and 3, which encompass metabolic, immunoregula-
tory, and inflammatory programs, were primarily active in
the CD45+ immune cell and/or CD68+ macrophage com-
partments. In contrast, Modules 4 and 5, including key
drivers of tumor progression (e.g., VEGFA/VEGFR2 sig-
naling, TGFβ receptor signaling, EMT, focal adhesion)
and genomic stability (e.g., cell cycle, DNA replication,
DNA repair), displayed a striking specificity for PanCK+

tumor cell, with maximal activation observed in late-stage
samples. Module 6, represented by alanine and aspartate
metabolism, showed negligible variation across all seg-
ments and stages.

A focused analysis of the PanCK+ tumor cell com-
partment confirmed that stage III+IV tumors exhibited
significant upregulation of pathways governing cell cy-
cle progression (e.g., cell cycle, G1 to S cell cycle con-

trol, DNA replication), DNA damage repair (e.g., base
excision repair, DNA mismatch repair, ATR-mediated
DNA damage response), and cell migration/invasion (e.g.,
p75NTR-mediated migration, focal adhesion, Integrin sig-
naling), conjunction with enhanced metabolic activity (e.g.,
NAD metabolism, metabolic reprogramming) (Fig. 4B).
Most of these spatially resolved findings were consistent
with the transcriptional profiles derived from bulk RNA-
seq analyses (Fig. 2B and Supplementary Fig. 2B).
These data illustrate a highly compartmentalized and stage-
dependent activation of oncogenic programs, wherein late-
stage EGFR-mutated LUAD is defined by the coordinated
upregulation of proliferative, invasive, and metabolic path-
ways within the tumor epithelial compartment.

Immune-Related Differences Associated With
Pathological Stages

To characterize the immune landscape and checkpoint
regulation across pathological stages in EGFR-mutated
LUAD, the immune cell composition and expression of im-
munomodulatory molecules were analyzed in a spatially re-
solved manner. Unsupervised clustering of immune cell
subset abundances revealed distinct immune profiles be-
tween early and late stages within the CD45+ immune cell
compartment (Fig. 5A). Notably, late-stage tumors exhib-
ited a significant increase in exhausted CD8+ T cells (Fig.
5B), an established hallmark of impaired anti-tumor immu-
nity. Conversely, early-stage samples displayed higher pro-
portions of naïve CD8+ T cells andmonocytes in the CD45+
immune cell compartment (Fig. 5B), which are critical for
initiating and sustaining effective anti-tumor immune re-
sponses.

Analysis of immunoregulatory gene expression across
tissue segments identified a stage-dependent upregulation
of multiple immune checkpoints (Fig. 5C). Key molecules,
including PDCD1LG2 (PD-L2) and PVR, were signifi-
cantly elevated in the PanCK⁺ tumor cell compartment of
late-stage samples. In contrast, CD47 was upregulated in
the PanCK⁺ tumor cell compartment of early-stage sam-
ples, while CD276 (B7-H3) and LAG3 expression levels
were increased in the CD45+ immune cell compartment of
late-stage samples (Fig. 5D and Supplementary Fig. 5A–
C). Notably, these molecules are known to mediate critical
inhibitory signals: CD47 and PVR function as “don’t eat
me” signals that evade phagocytosis, while PD-L2, B7-H3,
and LAG3 directly suppress T cell effector function. These
findings highlight a compartmentalized and stage-specific
immune suppression program, wherein late-stage EGFR-
mutated LUAD is characterized by both T cell exhaustion
and the upregulation of multiple inhibitory checkpoint sig-
nals, collectively creating a robust immunosuppressive mi-
croenvironment that facilitates immune evasion and disease
progression.
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Fig. 4. Dysregulated signaling pathways associated with tumor stage in distinct tissue compartments. (A) Heatmap of unsupervised
clustering based on ssGSEA scores derived from WikiPathways gene sets. Major clusters of dysregulated pathways are labeled with
white horizontal lines. AOIs are grouped and ordered by tissue compartment and tumor stage. (B) Boxplots illustrating pathways that are
significantly associated with stage within the PanCK+ tumor cell compartment. I+II stage (35 AOIs); III+IV stage (10 AOIs). ssGSEA,
single sample gene set enrichment; AOIs, areas of illumination. *p < 0.05, **p < 0.01, ***p < 0.001.

Discussion

EGFR-mutated LUAD remains a major cause of
cancer-related death, with marked clinical heterogeneity
between early and late stages that directly affect treat-
ment efficacy and prognosis [19,34,39]. Although EGFR-
targeted therapies have greatly improved clinical manage-
ment, acquired resistance and disease progression remain
unresolved challenges [40,41]. This study combined bulk
and spatial transcriptomics to characterize the molecular,
spatial, and immune landscapes of early-stage (I+II) versus
late-stage (III+IV) EGFR-mutated LUAD, revealing stage-
specific molecular reprogramming, spatial compartmental-
ization of oncogenic signaling, and immune suppression
mechanisms underlying disease progression.

Pathway and metabolic analyses confirmed that late-
stage tumors displayed enhanced proliferative activity,
marked by E2F, G2M,MYC signatures, along with upregu-
latedMTORC1 signaling and an unfolded protein response,
as well as a glycolytic metabolic shift consistent with the
Warburg effect. Furthermore, based on the WikiPathways
clustering results, the biological significance of the iden-
tified metabolic alterations was further elaborated. The
pathway analysis revealed that late-stage tumors are char-
acterized by activated programs related to proliferative,
DNA repair, and metabolism, particularly highlighting en-
riched serine and purine metabolism, which clearly sep-
arates late-stage metabolic rewiring from early immune-
dominant pathways. These stage-specific metabolic adap-
tations are functionally critical: enhanced serine and purine

https://www.discovmed.com/


2629

Fig. 5. Immune cell infiltration and immunomodulatory gene expression patterns across tumor stages in different compartments.
(A) Heatmap of immune cell subpopulations inferred by the ImmuneCellAI algorithm, comparing early- and late-stage groups within the
CD45+ immune cell compartment. I+II stage (35 AOIs); III+IV stage (10 AOIs). (B) Boxplots showing immune cell types with signif-
icantly differential infiltration levels between the two stage groups in the CD45+ immune cell compartment. (C) Heatmaps illustrating
the expression of immunomodulatory genes across distinct compartments between early- and late-stage groups. The Wilcoxon rank-sum
test (Mann-Whitney U test) was used for statistical comparisons. (D) Boxplots of log2-transformed and normalized expression levels of
immunomodulatory genes in the PanCK+ tumor cell and CD45+ immune cell compartments, respectively, between the two stage groups.
*p < 0.05, **p < 0.01.

metabolism provides essential nucleotide precursors and
one-carbon units to sustain rapid tumor cell proliferation
and genomic stability, enabling malignant cells to adapt
to the harsh late-stage TME. Moreover, these metabolic
dependencies are not merely passive byproducts of tumor
progression but represent promising, targetable vulnerabil-

ities [42,43]. Using DSP, three distinct tissue compart-
ments were resolved: tumor cells (PanCK+), immune cells
(CD45+), and macrophages (CD68+). Late-stage tumor
cells exhibited stronger activation of oncogenic pathways
related to proliferation, MTORC1 signaling, hypoxia, an-
giogenesis, and EMT, consistent with bulk transcriptomic
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results. Unsupervised pathway clustering demonstrated
clear spatial and stage-specific modular activation: the
tumor compartments drove progression-related signaling
(VEGFA/VEGFR2, TGFβ, EMT, cell cycle, DNA repair),
while immune and macrophage compartments dominated
immunoregulatory and inflammatory programs. These
findings suggest that tumor cell-autonomous molecular re-
programming is a key driver of late-stage progression.

Spatial immune profiling revealed a progressive im-
mune suppression during disease progression. Late-stage
tumors showed increased exhausted CD8+ T cells, whereas
early tumors contained more naïve CD8+ T cells and mono-
cytes. We also observed stage- and compartment-specific
upregulation of immune checkpoints: PDCD1LG2 (PD-
L2) and PVR (CD155) were elevated in tumor cells, indicat-
ing that these cells actively secrete immunosuppressive sig-
nals to mediate immune evasion via multiple pathways. In
contrast, CD276 (B7-H3) and LAG3 were increased in the
immune compartment, suggesting that these molecules are
induced by the TME and serve as markers of functionally
exhausted immune cells. Thesemolecules cooperatively in-
hibit phagocytosis and T cell function, thereby establishing
an immunosuppressive TME. The binding of CD47 on tu-
mor cells to SIRPα on macrophages inhibits macrophage-
mediated phagocytosis [44,45,46]. PD-L2, a second ligand
for PD-1, also inhibits T-cell activation [47,48,49]. PVR
(CD155) emerges as a promising therapeutic target, espe-
cially in combination with anti-PD-1/PD-L1 blockade [50].
CD155 interacts with T cell immunoglobulin and ITIM do-
main (TIGIT), exerting immunosuppressive effects [51,52].
Additionally, B7-H3 can diminished the anti-tumor activity
of T cells [53,54], while LAG3 is known to inhibit CD8+ T
cell function [55,56,57] and enhance the immunosuppres-
sive behavior of regulatory T cells (Tregs) [58,59].

This study identified stage-specific molecular and im-
mune signatures with potential prognostic and therapeu-
tic implications. Metabolic and proliferative markers may
help stratify high-risk patients, while the spatially com-
partmentalized oncogenic and immune pathways support
combinatorial strategies targeting both tumor-intrinsic sig-
naling (e.g., MTORC1, glycolysis) and immune check-
points (e.g., PVR/TIGIT). Limitations include the relatively
small size of the late-stage DSP sample, the focus on com-
mon EGFR mutations, and the observational nature of the
study. Future investigations involving larger cohorts, ad-
ditional mutation subtypes, and functional validation are
needed to confirm causal mechanisms and therapeutic ef-
ficacy. DSP permitted the delineation of distinct compart-
ments for tumor, immune, and macrophage compartments
in EGFR-mutated LUAD across different stages. Although
DSP technology limits direct analysis of inter-compartment
interactions, the spatial expression data enable inference
of potential tumor-immune and immune-stromal crosstalk.
Specifically, upregulated exhausted CD8+ T cell signatures
and immune checkpoint molecules in late-stage tumors sug-

gest a tumor-immune interplay related to immune escape.
Follow-up studies using advanced single-cell spatial omics
(e.g., CosMx Spatial Molecular Imaging) are planned to ad-
dress the limitations of DSP and verify these interactions.

Conclusions

Integrated bulk and spatial transcriptomics reveal sig-
inificant stage-dependent molecular, spatial, and immune
alterations in EGFR-mutated LUAD. Early-stage tumors
display active anti-tumor immunity, whereas late-stage tu-
mors undergo extensive reprogramming toward prolifera-
tion, invasion, metabolic activation, and coordinated im-
mune suppression characterized by T cell exhaustion and
the upregulation of inhibitory checkpoints. These findings
deepen the understanding of progression mechanisms and
may provide candidate prognostic biomarkers and thera-
peutic targets for EGFR-mutated LUAD.
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