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Abstract 

Background: Ground-glass nodules (GGNs) frequently represent early-stage lung adenocarcinoma (LUAD), but current 
histopathological and radiological modalities cannot reliably distinguish indolent precursor lesions from those likely to 
progress to invasive tumors. Robust cell-subcluster-specific biomarkers are therefore needed to improve risk stratification 
at this early stage of disease. 
Methods: To define the malignant epithelial subcluster associated with invasive progression, four single-cell RNA 
sequencing (scRNA-seq) datasets and one spatial transcriptomic dataset were integrated, yielding 621,778 cells and 53,492 
spatial spots from precursor lesions, invasive tumors, metastatic lung cancers, and multiple primary LUADs. 
Results: Across independent datasets, C1 emerged as a conserved malignant epithelial subcluster marked by pronounced 
proliferative activity and enhanced glycolytic metabolism. Its representation increased sharply with tumor progression, from 
relative scarcity in preinvasive lesions to prominent enrichment in invasive adenocarcinoma and further expansion in 
metastatic LUAD. C1 also exhibited subcluster-dependent crosstalk with immunosuppressive SPP1+ macrophages through 
the PPIA-BSG axis. This interaction was selectively enriched in invasive tumors and was independently confirmed by spatial 
transcriptomics and multiplex immunohistochemistry. Notably, spatial proximity between C1 cells and SPP1+ macrophages 
was likewise concentrated in invasive adenocarcinoma, suggesting that this metabolic-immune interaction may be associated 
with progression toward invasive disease. 
Conclusions: These findings define a conserved glycolytic malignant epithelial subcluster whose abundance may improve 
recurrence risk stratification in early-stage disease. PPIA-BSG-mediated communication between C1 cells and SPP1+ 
macrophages further identifies a metabolic-immune interaction associated with invasive progression at the GGN stage. 
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Introduction 
Lung cancer remains a leading cause of cancer-

related mortality worldwide. Ground-glass nodules 
(GGNs) are a common radiological presentation of 
early lung adenocarcinoma histological subtype of 
lung cancer [1,2]. Despite their similar imaging 
appearance, GGNs encompass lesions with markedly 

different biological behavior, ranging from atypical 
adenomatous hyperplasia (AAH) and 
adenocarcinoma in situ (AIS) to minimally invasive 
adenocarcinoma (MIA) and invasive adenocarcinoma 
(IA) [3]. Preinvasive lesions are associated with 
excellent outcomes after surgical resection, whereas 
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prognosis declines substantially after invasion 
develops [4,5]. A central challenge in early LUAD is 
therefore to distinguish indolent GGNs from lesions 
already acquiring features associated with invasive 
progression. Molecular markers that capture this 
transition could improve risk stratification and 
support more appropriate selection between 
surveillance or early intervention [3,4]. 

Single-cell RNA sequencing (scRNA-seq) has 
substantially advanced understanding of the cellular 
architecture and immune landscape of LUAD across 
disease stages and has implicated distal alveolar 
epithelial lineages in malignant transformation [4–12]. 
Studies of GGNs have further revealed prominent 
immune alterations, including accumulation of 
regulatory T cells and immunosuppressive SPP1+ 
macrophages [10,13]. However, malignant epithelial 
compartments have often been considered 
collectively, potentially obscuring discrete cell 
subclusters associated with invasive behavior [10]. 
This limitation is particularly important in the context 
of metabolic reprogramming. Aerobic glycolysis and 
related metabolic adaptations emerge early during 
carcinogenesis, but their distribution among 
individual malignant epithelial subclusters and their 
relationship to invasive progression remain poorly 
resolved [9,14–16]. Consequently, the epithelial 
subclusters associated with basement-membrane 
invasion, and the interactions between metabolically 
distinct malignant cells and the surrounding tumor 
microenvironment, remain incompletely defined. 
Resolving this heterogeneity at single-cell and spatial 
resolution is therefore important for identifying 
biological features that distinguish low-risk precursor 
lesions from GGNs associated with invasive 
progression. 

To resolve the malignant epithelial subclusters 
associated with early LUAD progression, scRNA-seq 
and spatial transcriptomic datasets encompassing 
precursor lesions, invasive tumors, metastatic lung 
cancer, and multiple primary LUADs were analyzed 
jointly. Multi-stage comparisons were used to define 
epithelial subclusters associated with invasion, their 
metabolic programs, and their cell-cell communication 
with macrophage populations during the transition 
from precursor lesions to IA. This approach identified 
a distinct malignant epithelial subcluster that became 
progressively enriched with invasive progression and 
showed preferential PPIA-BSG-mediated 
communication with immunosuppressive SPP1+ 
macrophages, identifying a candidate metabolic-
immune interaction associated with invasive 
progression in LUAD. 

Results 
Single-cell transcriptomics identifies a 
malignant epithelial subcluster enriched in IA 

Five independent datasets were assembled to 
define cellular heterogeneity across LUAD and 
precursor lesions, comprising four scRNA-seq 
datasets and one spatial transcriptomic dataset. 
Together, these datasets encompassed 621,778 cells 
from 129 samples and 53,492 spots from 17 samples 
(Figure 1A and Table S1). To avoid conflating 
biological variation with differences in experimental 
design, the two GGN datasets were analyzed 
independently of the remaining three datasets. 
Following quality control and data processing, 267,885 
high-quality cells from the GGN datasets were 
retained and assigned to nine major cell types (Figure 
1B, S1A–B, and Table S2). The cellular landscape of 
GGNs was dominated by epithelial, T-cell, and 
myeloid cells (Figure S1C). Although cellular 
composition varied markedly among samples, 
progression to invasive tumor was consistently 
accompanied by lower T-cell representation and 
higher proportions of myeloid and epithelial cells, 
suggesting progressive remodeling of the tumor 
microenvironment toward an immunosuppressive 
subcluster. 

Malignant epithelial cells were identified by 
inferCNV analysis [17] and subsequently resolved into 
seven transcriptionally distinct subclusters (Figure 1C, 
S1D–E). Among these populations, C1, C3, and C7 
were strongly enriched in the IA stage (Figure 1D). To 
determine whether these IA-associated subclusters 
carried prognostic information, the relative 
abundances of C1, C3, and C7 were inferred in two 
bulk RNA-seq cohorts [18,19] using CIBERSORT 
deconvolution [20]. After adjustment for age, sex, and 
smoking status, multivariate Cox regression analysis 
identified high C1 abundance as an independent 
adverse prognostic factor (Figure 1E). This association 
was reproduced in the TCGA-LUAD cohort (Figure 
S1F, S2A). Consistent with these findings, patients 
with high C1 abundance had shorter overall survival 
(OS) and recurrence-free survival (RFS), with 
comparable hazard ratios observed across the bulk 
transcriptomic cohorts (Figure 1F and Table S3). 

Additional analyses were performed to exclude 
technical or biological confounding factors as an 
explanation for the C1 phenotype. C1 cells were 
represented across all cell-cycle phases, showed 
mitochondrial transcript proportions comparable to 
those of other malignant epithelial subclusters, and 
were consistently detected across individual samples 
(Figure S2B–D). These analyses indicate that the C1 
subcluster is unlikely to have resulted from cell-cycle 
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variation, dissociation-related bias, or sample-specific 
batch effects. 

Together, these results identify C1 as a 
reproducible malignant epithelial subcluster 
preferentially associated with tumor invasion and 
adverse clinical outcomes, supporting its potential 
utility for stratifying biologically aggressive early-
stage LUAD. 

Malignant epithelial subcluster C1 exhibits a 
highly proliferative and glycolysis-enriched 
phenotype 

Transcriptomic profiling distinguished C1 from 
other malignant epithelial subclusters by coordinated 
expression of genes associated with proliferation and 
metabolic reprogramming, including GAPDH, 
STMN1, CDKN2A, PGK1, TMSB10, TXN, IFI27, 
MARCKSL1, CLDN3, and ENO1 (Figure 2A and Table 
S4). Consistent with this expression pattern, Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analyses showed 
prominent enrichment of pathways involved in 
mitosis and cellular metabolism (Figure S2E–F and 
Table S5). Metabolic pathway activity was further 
examined using HALLMARK gene-set scoring and 
scMetabolism [21], both of which identified glycolytic 
activity as a defining metabolic feature of this 
subcluster (Figure 2B–C and Table S6), accompanied 
by increased expression of key glycolytic enzymes, 
including PFKL, GPI, and PGK1 (Figure 2D). These 
findings are consistent with recent metabolic evidence 
showing significant accumulation of glycolysis-related 
metabolites during progression from early-stage 
lesions to IA [15] (Figure 2E). 

Copy-number profiles inferred by inferCNV 
were then used to examine evolutionary relationships 
among malignant epithelial subclusters from multiple 
lesions within individual patients. Phylogenetic 
reconstruction revealed branched evolutionary 
trajectories, with C1 occupying relatively late positions 
along the inferred lineages (Figure S3), consistent with 
emergence during tumor progression and an 
association with more advanced malignant 
subclusters and greater invasive potential. 

Transcription factor enrichment analysis was 
performed to identify regulatory programs associated 
with the C1 phenotype. E2F1, a key regulator of the 
G1/S-phase transition, showed the strongest 
predicted regulatory association with C1 (Figure 2F), 
while the broader set of enriched transcription factors 
mapped predominantly to cell-cycle checkpoint 
control and DNA replication (Figure 2G). Multiplex 
immunohistochemistry (mIHC) provided orthogonal 
validation of the C1 subcluster in tissue, 
demonstrating spatial colocalization of representative 

C1 markers at the protein level (Figure 3A–C, S4A–B, 
and Table S7). Quantitative image analysis further 
revealed a marked increase in C1 abundance in IA 
relative to AIS, providing histological support for 
expansion of this malignant epithelial subcluster 
during invasive progression. 

Collectively, these analyses define C1 as a 
proliferative, glycolysis-enriched malignant epithelial 
subcluster that becomes increasingly prominent 
during LUAD progression and is associated with 
adverse clinical outcomes. 

Cell-cell communication analysis implicates 
PPIA-BSG signaling between C1 cells and 
SPP1+ macrophages 

Cell-cell communication analysis revealed 
extensive remodeling of interactions between C1 and 
immune populations during progression to IA, with 
the strongest changes involving myeloid and T-cell 
compartments (Figure S5A). Re-clustering of these 
populations showed divergent shifts in immune 
composition. Although total macrophage abundance 
declined with disease progression, the SPP1+ 
macrophage population increased progressively 
(Figure 4A, S5B–F). In parallel, cytotoxic CD8 T cells 
became progressively less abundant, consistent with 
increasing immunosuppression in the tumor 
microenvironment. SPP1+ macrophages have 
previously been associated with immunosuppressive 
tumor subclusters and unfavorable outcomes in lung 
cancer [22,23]. In the present datasets, communication 
between C1 and SPP1+ macrophages was particularly 
prominent in the IA stage (Figure 4B, S6A). Signaling 
through several ligand-receptor pairs implicated in 
tumor progression, including MIF-CD74 and APP-
CD74 [24–26], increased along the pathological 
progression axis (Figure 4C and Table S8). Notably, 
PPIA-BSG signaling was detected specifically at the IA 
stage and showed comparatively strong predicted 
interaction strength. 

BSG (CD147) is a transmembrane glycoprotein 
involved in immune regulation and tumor 
progression, and elevated expression has been 
associated with tumor invasion and poor prognosis 
[27,28]. Clinically, BSG positivity has also been linked 
to higher pathological grade and lymph node 
metastasis [29]. Within C1, PPIA was highly 
expressed, while BSG was also detected, with a 
substantial fraction of cells co-expressing both genes 
(Figure 4D, S6B). PPIA+BSG+ cells were also 
characterized by stronger hypoxia and glycolytic 
signatures, together with a higher epithelial-
mesenchymal transition (EMT) score, although the 
difference in EMT did not reach statistical significance 
(Figure 4E, S6C). 
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Figure 1. Single-cell transcriptomic characterization of ground-glass nodules and identification of invasive disease-associated malignant epithelial 
subclusters. A, Summary of sample characteristics across the five datasets. B, UMAP representation of single cells from dataset 4. C, Copy number variation profiles of 
malignant epithelial cells with hierarchical clustering. D, Bar plot showing relative proportions of identified malignant epithelial subclusters across pathological groups. E, Forest 
plot showing multivariable Cox regression results for the discovery cohort from Zhang et al [19]. Statistical significance: *P < 0.05; **P < 0.01; ***P < 0.001. F, Kaplan-Meier 
curves for overall survival (OS) and recurrence-free survival (RFS). Left (OS) and middle (RFS) panels show data derived from the Zhang et al [19] cohort, while the right panel 
(OS) shows data obtained from the TCGA-LUAD cohort. 
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Figure 2. Malignant epithelial subcluster C1 exhibits coordinated proliferative and glycolytic programs associated with LUAD progression. A, Heatmap 
showing the five most highly expressed subcluster-specific genes for each malignant epithelial subcluster. B, Heatmap of Hallmark gene-set scores across malignant epithelial 
subclusters. C, Dot plot showing expression of glycolysis- and proliferation-related genes across subclusters. D, Heatmap of metabolic gene-set scores across subclusters. E, 
Dot plot showing glycolysis-related metabolites across pathological groups in the metabolomics dataset. F, Heatmap showing the five transcription factors with the highest 
inferred activity in each subcluster. G, Bar plot showing significantly enriched GO terms for target genes associated with transcription factors identified in C1. Black dashed 
line indicates an adjusted P value of 0.05. 

 
The relationship between BSG expression and the 

immunoregulatory phenotype of SPP1+ macrophages 
was further assessed by correlation analysis. BSG 
expression was positively correlated with most M2-
associated immunosuppressive markers (Figure 4F), 
supporting an association between BSG and an M2-
like transcriptional program within this macrophage 
population. The regulatory role of PPIA in C1 was 
additionally explored using scTenifoldKnk [30], which 
models virtual gene knockout within single-cell gene 
regulatory networks. Predicted downstream targets 
most strongly affected by PPIA deletion included 

multiple members of the MCM family (Figure S6D), 
with functional enrichment centered on cell-cycle 
regulation and DNA replication (Figure S6E). 

Together, these analyses identify PPIA-BSG 
signaling as a candidate communication axis between 
the proliferative, glycolysis-enriched C1 subcluster 
and immunosuppressive SPP1⁺ macrophages. Its 
selective detection in IA, together with the associated 
metabolic and immunoregulatory features, supports 
further functional evaluation of this interaction in 
invasive progression. 
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Figure 3. Multiplex immunohistochemical validation of the C1 phenotype in lung adenocarcinoma. A, Representative multiplex immunohistochemistry images of 
lung tumor tissue showing the indicated markers, including nuclear staining (DAPI), epithelial markers (PanCK and EPCAM), proliferation marker Ki67, and glycolysis-related 
protein GLUT1. B, Representative images highlighting epithelial cells co-expressing Ki67 and GLUT1, together with merged fluorescence channels. C, Quantitative analysis of 
the C1-associated phenotype. Box plots show proportion of Ki67⁺GLUT1⁺ epithelial cells in AIS and IA samples. Scatter plots show relationship between GLUT1 and Ki67 
expression (z-scores) in IA (left) and AIS (right) samples. Spearman correlation coefficients are shown in each panel. Data are presented as box-and-whisker plots, with statistical 
significance indicated. 
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Figure 4. Cell-cell communication between malignant epithelial subclusters and myeloid populations. A, UMAP representation of myeloid cell subtypes. B, 
Circos plot showing cell-cell communication between malignant epithelial and myeloid subtypes, with line thickness indicating interaction strength. C, Dot plot showing ligand-
receptor interactions between C1 and Mac_SPP1, with either population designated as the signaling source. Dot color indicates interaction strength, and dot size represents 
the P value. D, Bar plot showing the proportions of PPIA⁺BSG⁺ and PPIA⁻BSG⁻ cells across malignant epithelial subtypes and pathological groups. E, Heatmap of gene-set scores. 
F, Heatmap showing correlations between BSG expression in Mac_SPP1 and M2 macrophage markers. Correlations were assessed using Spearman analysis, and asterisks 
indicate statistical significance. G, Spatial transcriptomic maps from two representative IA samples showing the distribution of the C1 score, PPIA expression, Mac_SPP1 score, 
and BSG expression. Color scales indicate the corresponding module score or expression level. 

 

Spatial transcriptomics and mIHC support 
spatial association between C1 and 
macrophages in invasive tumors 

Spatial transcriptomic data were used to assess 
whether the C1-associated transcriptional signature 
and SPP1+ macrophage signature localized to 
overlapping tissue regions. Spatial mapping of 
subcluster-specific module scores (Table S9) revealed 
minimal C1-associated signal in AIS and MIA but 
marked enrichment in IA (Figure 4G, S7A–D, S8). 
Across spatial spots, C1 and SPP1+ macrophage 
module scores were positively correlated, indicating 

preferential localization of these transcriptional 
programs within the same tissue regions. Spot-level 
cellular composition was further estimated with 
spacexr [31] using the scRNA-seq dataset as a 
reference (Table S10). However, the spatial resolution 
of the 10× Visium platform, together with the limited 
number of confidently assigned spots in several 
samples, precluded robust neighborhood analysis and 
therefore did not permit reliable inference of direct 
cell-cell adjacency. 

Spatial mapping further revealed overlapping 
PPIA and BSG expression in regions enriched for the 
C1-associated malignant epithelial signature and 
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myeloid cells, consistent with the PPIA-BSG 
interaction inferred from cell-cell communication 
analysis (Figure 4B–C). This association was evaluated 
independently at the protein level by mIHC staining, 
with PPIA assessed in tumor epithelial cells and 
CD147 in CD68⁺ macrophages. PPIA expression in 
tumor cells was significantly higher in IA than in AIS 
(Figure 5A–B, S9A–B, and Table S11), while Spearman 
correlation analysis showed a positive association 
between tumor-cell PPIA and macrophage CD147 
expression (Figure 5C, S9C). 

Overall, the spatial transcriptomic data 
demonstrated tissue-level overlap between the C1-
associated transcriptional signature and SPP1⁺ 
macrophages in invasive tumors, while mIHC 
independently showed a corresponding association 
between epithelial PPIA and macrophage CD147 at the 
protein level. These complementary findings provide 
spatial and histological support for the inferred PPIA-
BSG interaction between C1 cells and the macrophage 
compartment. 

Cell-cell communication analysis predicts an 
association between SPP1⁺ macrophages and 
emerging CD8⁺ T-cells dysfunction in invasive 
LUAD 

Transcription factor analysis was used to 
examine regulatory features associated with the SPP1+ 
macrophage phenotype. Computational inference of 
transcription factor activity identified predicted target 
genes enriched in pathways related to myeloid and T-
cell differentiation (Figure S10A–B), suggesting a 
possible association between SPP1+ macrophages and 
T cells. Cell-cell communication analysis revealed 
extensive signaling between myeloid cells and T-cell 
subclusters, with particularly strong interactions 
between SPP1+ macrophages and cytotoxic CD8+ T 
cells (CD8_CTLs). In IA, predicted signaling through 
SPP1-CD44 and MIF-(CD74/CXCR4) ligand-receptor 
pairs was markedly increased (Figure S10C–D). 
Previous studies have shown that MIF can actively 
recruit cytotoxic CD8+ T cells into the tumor lesion 
through the CD74/CXCR4 axis [32,33], whereas SPP1 
engagement of CD44 can induce exhaustion-
associated markers, including PDCD1, LAG3, and 
HAVCR2, suppress IFN-γ production, and directly 
impair cytotoxic function in a dose-dependent manner 
[34]. Functional scoring further showed that 
CD8_CTLs retained appreciable cytotoxic activity but 
simultaneously exhibited features of exhaustion, with 
the clearest shift observed in IA (Figure S10E).  

Thus, enhanced SPP1-CD44 and MIF-(CD74/ 
CXCR4) signaling between SPP1+ macrophages and 
CD8_CTLs coincided with emerging CD8+ T-cell 

dysfunction in IA, consistent with an 
immunosuppressive microenvironment that may 
favor malignant progression. 

C1-SPP1⁺ macrophage interaction via the 
PPIA-BSG axis is reproduced across 
independent cohorts 

The reproducibility of the C1 subcluster was 
further evaluated in three independent scRNA-seq 
datasets representing distinct clinical settings, 
including multiregional tumors, multiple primary 
lung cancers, and metastatic lesions (Figure 6A, S11–
S13). The C1 subcluster was consistently recovered in 
all three cohorts together with enrichment of SPP1⁺ 
macrophages in the tumor microenvironment. In 
matched samples, metastatic lesions contained a 
substantially higher proportion of C1 cells than 
primary tumors, suggesting an association between 
this cell subcluster and disease progression (Figure 
6B). Within the multiregional cohort, C1 cells were 
detected in the tumor center, invasive edge, and 
distant lung tissue, indicating persistence across 
spatially separated compartments. C1 was also 
independently identified in distinct primary lesions 
from the same patients with multiple primary lung 
cancers. Detection across spatial gradients, metastatic 
sites, and independent primary tumors therefore 
supports C1 as a reproducible malignant epithelial 
subcluster rather than a transient, cohort-specific 
transcriptional artifact. 

Cell-cell communication analysis across the three 
validation scRNA-seq datasets further showed that 
PPIA-BSG signaling remained one of the strongest 
predicted interactions between C1 cells and SPP1⁺ 
macrophages (Figure 6C, S14–S16). The 
reproducibility of this interaction across clinically and 
spatially distinct datasets supports the possibility that 
C1-SPP1⁺ macrophage communication is maintained 
during LUAD progression and recurrence. The clinical 
relevance of C1 abundance was further examined in an 
independent bulk RNA-seq cohort [35]. Results 
showed that higher inferred C1 abundance was 
significantly associated with shorter RFS (Figure 
S17A–B). After adjustment for age and sex, 
multivariate Cox regression retained C1 as an 
independent predictor of tumor recurrence (Figure 
S17C), whereas conventional clinical variables were 
not significantly associated with RFS.  

Collectively, these findings demonstrate that 
both the C1 malignant subcluster and the PPIA-BSG 
interaction with SPP1+ macrophages are reproducible 
across independent cohorts and that increased C1 
abundance is associated with metastatic lesion and 
unfavorable clinical outcome. 
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Figure 5. Multiplex immunohistochemical characterization of PPIA and CD147 in tumor epithelial cells and macrophages. A, Representative multiplex 
immunohistochemistry images of IA tissues showing nuclear staining (DAPI), epithelial marker PanCK, glycolysis marker GLUT1, macrophage marker CD68, and interaction-
related proteins PPIA and CD147. B, Representative multiplex immunohistochemistry images of AIS tissue stained with the same antibody panel as in A. C, Quantitative 
analysis of marker expression. Box plots show (i) PPIA expression in tumor epithelial cells (PanCK⁺), (ii) GLUT1 expression in tumor epithelial cells, and (iii) CD147 expression 
in macrophages (CD68⁺) in IA and AIS samples. Scatter plot shows the relationship between PPIA expression in tumor cells and CD147 expression in macrophages across 
samples. Spearman correlation coefficients and P values are indicated (ρ = 0.6, P < 0.01). 
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Figure 6. Cross-cohort distribution of C1 and preservation of C1-SPP1+ macrophage communication across distinct LUAD contexts. A, UMAP representation 
showing transfer of the previously defined malignant epithelial subcluster annotations to three independent single-cell datasets. B, Bar plot showing the relative proportions of 
malignant epithelial subclusters across multiregional tumors, metastatic lesions, and multiple primary lung cancers. C, Dot plot showing predicted ligand-receptor interactions 
between C1 and Mac_SPP1 across the three independent datasets. 

 

Discussion 
Integration of scRNA-seq and spatial 

transcriptomic datasets spanning precursor lesions, 
invasive adenocarcinoma, metastatic tumors, and 
multiple primary LUADs identified C1 as a recurrent 
malignant epithelial subcluster with pronounced 
proliferative and glycolytic activity. C1 became 
progressively more abundant with advancing disease, 
from early GGN lesions to invasive and metastatic 
tumors, and higher inferred abundance was 
consistently associated with unfavorable outcomes in 
independent bulk RNA-seq cohorts. These findings 
identify C1 as a reproducible epithelial subcluster 
associated with invasive progression and adverse 
prognosis across distinct clinical settings. 

Previous single-cell studies of GGNs have largely 
emphasized changes in the tumor microenvironment. 
Lee & Lee identified multicellular ecotypes associated 
with progression from ground-glass opacity to 
advanced LUAD [36], whereas Ren et al. characterized 
interactions between CXCL9+ and TREM2+ tumor-
associated macrophages during GGN invasion and 
metastasis [37]. However, far less is known about 
heterogeneity within the malignant epithelial 
compartment itself, particularly before overt invasion. 
The present study revealed that this compartment is 
already transcriptionally diverse at the precursor stage 
and identified C1 as a distinct population in which 
proliferative and glycolytic programs are coordinately 
activated during invasive progression. The 
progressive enrichment of C1 in invasive and 
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metastatic lesions suggests that epithelial subclusters 
associated with aggressive behavior may be 
established before histological evidence of invasion 
becomes apparent. The metabolic phenotype of C1 
provides additional insight into this early epithelial 
divergence. Increased expression of key glycolytic 
enzymes, including PFKL, PGK1, and GPI, together 
with predicted E2F1 regulatory activity, is consistent 
with previous metabolomic evidence of early 
Warburg-like metabolic reprogramming in GGNs. 
This epithelial-subcluster-specific glycolytic 
phenotype also accords with spatial multi-omics 
studies showing regional lactate accumulation in 
LUAD, where elevated lactate has been linked to 
histone lactylation and mitochondrial sirtuin signaling 
that can stabilize pro-metastatic transcriptional 
subclusters and facilitate metabolic adaptation [38–
40]. Unlike bulk-level metabolomic approaches, which 
capture these metabolic changes at the tissue level, the 
present analysis resolves the underlying glycolytic 
program at single-cell resolution and maps it to a 
defined malignant epithelial subpopulation. 

Cell-cell communication was next analyzed to 
investigate the interaction between C1 and the tumor 
microenvironment. Analysis revealed extensive 
interactions between C1 and immune cell populations, 
with particularly strong signaling involving SPP1⁺ 
macrophages. Among the predicted ligand-receptor 
pairs, PPIA-BSG emerged as a prominent interaction 
enriched in invasive tumors and reproducibly 
detected across primary tumors, metastatic lesions, 
and multiple primary lung cancers. Extracellular PPIA 
can engage BSG to activate inflammatory signaling, 
extracellular-matrix remodeling, and macrophage 
polarization, but the contribution of this pathway to 
the transition from early LUAD lesions to invasive 
disease remains poorly defined. The present data 
therefore raise the possibility that PPIA-BSG signaling 
contributes to communication between the C1 
malignant epithelial subcluster and SPP1+ 
macrophages during progression to invasive LUAD. 

However, several limitations constrain 
mechanistic interpretation of this interaction. SPP1 
was not included in the mIHC panel, preventing direct 
assignment of CD68+CD147+ macrophages to the 
transcriptionally defined SPP1+ macrophage subset. 
Protein-level confirmation will therefore require 
multiplex panels incorporating SPP1 together with 
additional macrophage-subset markers. In addition, 
the functional relevance of the predicted PPIA-BSG 
interaction remains to be evaluated in appropriately 
validated C1-like tumor cell-macrophage co-culture 
and in vivo models. Genetic knockdown, 
pharmacological inhibition, or antibody-mediated 
blockade of PPIA or BSG/CD147, followed by 

assessment of macrophage polarization, tumor-cell 
invasion, and glycolytic activity, will be necessary to 
determine whether this interaction has a direct 
mechanistic role in LUAD progression. 

A hyper-glycolytic niche can further reshape the 
local microenvironment through extracellular lactate 
accumulation and histone lactylation, processes that 
have been linked to tumor-supportive macrophage 
polarization and epithelial-mesenchymal transition 
[38,39]. The present findings are compatible with such 
a metabolic–immune relationship, but the evidence 
remains inferential because the PPIA–BSG interaction 
was identified through computational and spatial 
analyses rather than direct perturbation. Whether this 
interaction constitutes a functional signaling 
mechanism between the glycolytic C1 state and 
macrophages remains to be established 
experimentally. Spatial analyses further linked the C1 
subcluster to an immunoregulatory macrophage 
compartment in invasive tumors. Spatial 
transcriptomics showed tissue-level overlap between 
the C1-associated signature and SPP1⁺ macrophages, 
while mIHC independently demonstrated an 
association between epithelial PPIA and 
CD147+CD68+ macrophages. Within C1, PPIA⁺BSG⁺ 
cells showed stronger glycolytic and hypoxic 
signatures and a trend toward higher epithelial-
mesenchymal transition scores. SPP1⁺ macrophages, 
in turn, exhibited an M2-like immunoregulatory 
transcriptional phenotype and showed prominent 
predicted communication with cytotoxic CD8+ T cells, 
coinciding with features of T-cell dysfunction that 
were most evident in invasive tumors. The PPIA-BSG 
interaction between C1 cells and SPP1+ macrophages 
was reproducibly detected across independent cohorts 
encompassing invasive primary tumors, metastatic 
lesions, and multiple primary lung cancers despite 
substantial inter-patient heterogeneity. Collectively, 
these observations support a recurrent 
microenvironmental pattern in which metabolically 
active malignant epithelial cells are spatially 
associated with immunosuppressive SPP1⁺ 
macrophages, potentially contributing to the 
establishment of a tumor-promoting niche during 
LUAD progression. 

The reproducibility and prognostic association of 
C1 also suggest potential clinical relevance in early-
stage LUAD. Across three independent bulk RNA-seq 
cohorts, greater inferred C1 abundance was associated 
with shorter overall and recurrence-free survival, 
indicating potential value for recurrence-risk 
stratification. Because C1 is characterized by a defined 
set of proliferation- and glycolysis-associated markers, 
translation into FFPE-compatible mIHC approaches 
may ultimately provide a clinically accessible means of 
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detecting this high-risk epithelial subcluster, although 
assay optimization and prospective validation will be 
required. Beyond risk stratification, the recurrent 
spatial association between C1 cells and SPP1⁺ 
macrophages, together with the inferred PPIA-BSG 
interaction, also suggests that this metabolic-immune 
interaction may represent a candidate therapeutic 
target. Whether disruption of PPIA-BSG signaling can 
alter tumor metabolism, macrophage phenotype, or 
invasive behavior remains unknown, particularly in 
early-stage LUAD with high-risk molecular features 
but limited histological invasion. Given that the 
current evidence is derived primarily from 
computational inference and correlative spatial 
analyses, therapeutic interpretation should remain 
provisional until causal effects are established through 
targeted functional validation, especially in C1-high 
early-stage lesions. 

Several limitations should be considered. First, 
the integrated analysis was based on cross-sectional 
datasets from independent cohorts and therefore 
could not determine whether precursor subclusters to 
invasive identified in early lesions evolved into 
malignant subclusters present in invasive or 
metastatic lesions within the same patients. Second, 
the proposed PPIA-BSG interaction was primarily 
inferred from computational and spatial association 
analyses, and targeted experimental validation will be 
required to determine whether this interaction has a 
causal role in LUAD progression. Third, the metabolic 
characterization of C1 also centered on glycolysis, and 
potential dependencies on other pathways, including 
methionine metabolism, remain unresolved [41]. 
Finally, prognostic associations were derived from 
CIBERSORT-based deconvolution of bulk RNA-seq 
datasets rather than direct quantification of C1 cells. 
Prospective studies with longitudinal pulmonary 
nodule follow-up will therefore be necessary to 
establish the prognostic performance of C1 and 
determine whether it provides information beyond 
established clinical staging systems. 

Materials and Methods 
Data acquisition 

Four scRNA-seq datasets and one spatial 
transcriptomic dataset [42] were assembled from 
publicly available repositories, including samples 
from ground-glass nodules (GGNs) [9,10], metastatic 
lesions [43], multiple primary lung cancers (MPLCs) 
[44], and multi-regional tumor tissues [45]. Bulk RNA-
seq data were obtained from the Gene Expression 
Omnibus (GEO) datasets GSE8894 [35] and GSE102511 
[18], the Cancer Genome Atlas Lung Adenocarcinoma 
(TCGA-LUAD) cohort [46], and an additional 

expression matrix provided in the supplementary 
materials of a previously published study [19]. 

Single-cell RNA-seq data processing 
Gene expression matrices generated with Cell 

Ranger (v8.0.1) [47] were imported into Seurat (v4.3.0) 
using the Read10X function [48]. Cells with fewer than 
200 unique molecular identifiers (UMIs), more than 
5 000 detected genes, or mitochondrial transcripts 
accounting for more than 20% of UMI counts were 
excluded. Potential doublets were identified 
independently within each sample using 
DoubletFinder (v2.0.3) [49] with default parameters 
and removed before downstream analysis. Cell-cycle 
phase scores were calculated using the 
CellCycleScoring function in Seurat. S-phase and 
G2/M-phase scores were subsequently regressed out 
during data scaling with ScaleData to minimize cell-
cycle-associated effects on dimensionality reduction 
and clustering. 

Identification of malignant epithelial cells 
Copy number variation (CNV) profiles of 

epithelial cells were inferred using inferCNV (v1.18.1) 
[17], with mast cells and plasma cells serving as 
nonmalignant reference populations. Analyses were 
conducted using default settings, including hidden 
Markov model (HMM)-based assignment of CNV 
subclusters and noise filtering to reduce background 
expression variability. Phylogenetic clone trees were 
subsequently reconstructed from the inferred CNV 
profiles according to previously described methods 
[50]. 

Differential expression and functional 
enrichment analyses 

Cell subset-enriched genes were identified using 
the FindAllMarkers function in Seurat. Signature 
differentially expressed genes (DEGs) were defined 
using thresholds of log2 fold change > 0.2 and adjusted 
P < 0.05. To increase the robustness of cell-specific 
marker selection, random forest-based feature 
importance analysis was performed independently for 
each cell subset. Genes prioritized by random forest 
analysis were intersected with markers identified by 
FindAllMarkers, and the overlapping genes were 
designated as characteristic markers for the 
corresponding cell subset. Functional annotation was 
performed using Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) 
enrichment analyses implemented in clusterProfiler 
(v3.18.1) [51]. 

Hallmark pathway activity 
Hallmark pathway activity was assessed using 
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the 50 Hallmark gene sets obtained from msigdbr 
(v7.5.1) [52]. Single-cell pathway scores were 
estimated using the AddModuleScore function in 
Seurat with default parameters. Relative pathway 
activity across cell populations was visualized using 
pheatmap (v1.0.12) [53]. 

Cell-cell communication analysis 
Potential intercellular signaling networks were 

inferred using CellChat (v2.1.2) [54] on the basis of 
known ligand-receptor interactions among the 
defined cell subsets. Analyses were performed within 
each tissue-origin group to characterize differences in 
predicted communication patterns across clinical 
contexts. Built-in CellChat visualization functions, 
including circle plots, heatmaps, and hierarchy plots, 
were used to display interaction direction, inferred 
signaling strength, and the relative contribution of 
individual cell populations to the overall 
communication network. 

Simulated PPIA knockout in scRNA-seq data 
The regulatory consequences of PPIA loss in C1 

cells were modeled using scTenifoldKnk (v1.0.3) [30], 
a machine-learning framework for virtual gene 
knockout in single-cell gene regulatory networks. The 
raw count matrix from C1 cells was used to construct 
the regulatory network, followed by PPIA knockout 
simulation and identification of genes predicted to be 
most strongly affected. All analyses were performed 
using default scTenifoldKnk parameters. 

Visium spatial transcriptomic data analysis 
Spatial transcriptomic data generated with the 

10× Genomics Visium platform were imported into 
Seurat for downstream analysis. Spatial distributions 
of the C1 and SPP1+ macrophage signatures were 
evaluated using the marker sets defined from the 
corresponding scRNA-seq subclusters. Signature 
scores were calculated for each spatial spot using the 
AddModuleScore function in Seurat, and spatial 
concordance between C1 and SPP1⁺ macrophage 
scores was assessed by Spearman correlation across 
spots. 

Spot deconvolution of the 10× Visium spatial 
transcriptomic data was performed using the RCTD 
algorithm implemented in spacexr (v2.2.1) with 
default parameters, with the annotated scRNA-seq 
dataset generated in this study serving as the 
reference. For sample-level summaries, each spot was 
assigned to the cell type with the highest inferred 
weight (dominant cell type), and the numbers of spots 
classified as C1 or SPP1+ macrophages were calculated 
for each sample. 

Bulk RNA-seq data processing 
CIBERSORT [20] was used to estimate the 

relative abundance of malignant epithelial 
subpopulations in bulk RNA-seq cohorts. A reference 
signature matrix was constructed from the scRNA-seq 
dataset by identifying subcluster-specific markers 
with the FindAllMarkers function in Seurat and 
retaining the top 500 DEGs for each malignant 
epithelial subcluster. The signature matrix was used as 
input for CIBERSORT deconvolution to infer the 
relative proportion of each signature-defined 
malignant epithelial subcluster, including C1, in each 
bulk transcriptomic sample. Within each cohort, 
patients were stratified into C1-high and C1-low 
groups based on whether their inferred C1 abundance 
was above or below the cohort-specific median. 

Survival analyses were performed using 
survminer (v0.4.9) [55]. Kaplan-Meier curves were 
generated for the C1-high and C1-low groups, and 
survival differences were evaluated using the log-rank 
test. Multivariable Cox proportional hazards 
regression was used to estimate hazard ratios (HRs) 
and 95% confidence intervals (CIs). Covariates were 
selected according to the clinical information available 
for each dataset and included age, sex, smoking status, 
and tumor stage, where applicable. 

Cross-cohort validation of C1 
C1 cells were identified in independent scRNA-

seq cohorts by reference-based label transfer in Seurat. 
The original scRNA-seq dataset served as the 
reference, and subtype annotations were transferred to 
each query dataset using the FindTransferAnchors 
and MapQuery functions. The top 20 DEGs identified 
for C1 by FindAllMarkers were additionally retained 
as the C1 signature gene set. 

Gene set enrichment analysis (GSEA) 
GSEA was conducted with the clusterProfiler 

using the 50 hallmark pathways from the Molecular 
Signatures Database (MSigDB). Enrichment results 
were visualized using GseaVis [56]. 

Multiplex immunohistochemistry (mIHC) 
Formalin-fixed, paraffin-embedded (FFPE) tissue 

sections (5 μm) from 18 samples obtained from six 
patients with GGNs at Yunnan Cancer Hospital 
(China) were analyzed by mIHC. Written informed 
consent was obtained from all participants, and the 
study protocol was approved by the Ethics Committee 
of Yunnan Cancer Hospital (ID: KYLX2025-154). 
Sections were incubated overnight at 4 °C with 
antibodies against pan-cytokeratin, GLUT1, 
cyclophilin A, CD68, CD147, and Ki67, followed by 
signal amplification using a tyramide signal 
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amplification kit (RecordBio, RC0086Plus-67RM). 
Images were analyzed in Fiji/ImageJ [57] using a 

previously described workflow with minor 
modifications. Briefly, three non-overlapping regions 
of interest (ROIs) were selected from each sample, 
with each ROI corresponding to a complete field of 
view acquired at 200× total magnification. After binary 
conversion, DAPI-positive nuclei were segmented 
using Analyze Particles with an area threshold of 50–
300 μm2 and a circularity range of 0.20–1.00. Positivity 
thresholds for individual fluorescence channels were 
determined automatically using Color Threshold, and 
fluorescence intensity was quantified as the mean gray 
value. Dual-positive cells were defined by positive 
signals for both markers within a 20 μm region 
centered on the nucleus and were counted manually. 
Pixel gray values were Z-standardized within each 
ROI prior to Spearman rank correlation analysis. 
Identical imaging and image-analysis parameters 
were applied across all samples. 
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