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Abstract
The tumor microenvironment (TME) has a profound influence on the progression of lung adenocarcinoma (LUAD) 
and its response to therapy. We identified a tumor-promoting communication network based on single-cell RNA 
sequencing. This shows an SPP1 + macrophage and basal epithelial cell communication module (CIM) that is 
enriched in invasive portions of tumors, and spatially associated with decreased cytotoxic T cell activity and poor 
prognosis. Transcriptomic modeling identified FAM117A as a major suppressor of the CIM network. FAM117A 
is a DYRK1A-interacting cell-cycle regulator. Loss of FAM117A resulted in longer G1/S transition time, increased 
cell proliferation, and an enhanced macrophage-epithelial feedback loop. Immunohistochemical studies showed 
decreased FAM117A expression in LUAD tissues, which correlated with SPP1 + macrophage density and poor 
outcome. Treatment with FAM117A or pharmacological inhibition of CDK4/6 reduced the in vitro and in vivo tumor 
growth. Thus, FAM117A links intrinsic cell cycle regulation with the extrinsic immune microenvironment, providing 
a rationale for combined therapies that address macrophage-tumor and cell cycle regulatory events in LUAD.
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Introduction
Lung adenocarcinoma (LUAD) is the most prevalent his-
tological subtype of lung cancer and continues to be a 
leading cause of cancer-related mortality worldwide [1]. 
Despite advances in the understanding of this disease and 
the use of molecular-targeted therapies and immuno-
therapy, the prognosis of patients with advanced LUAD 
remains poor. This is in large part due to profound tumor 
heterogeneity and an immunosuppressive tumor micro-
environment (TME). Recent advancements in technol-
ogy, particularly single-cell and spatial multi-omics [2], 
have led to a more precise understanding of LUAD biol-
ogy through the critical dissection of tumor-intrinsic and 
microenvironmental mechanisms [3, 4].

The TME represents a dynamic and complex ecosys-
tem comprised of malignant epithelial cells, infiltrating 
immune cell populations, fibroblasts, and endothelial 
networks [5]. These components communicate with each 
other by means of soluble factors, ligand-receptor sig-
naling, and extracellular matrix (ECM) remodeling to 
influence tumor behavior. Tumor-associated macro-
phages (TAMs) play a key role in this ecosystem, direct-
ing inflammation, angiogenesis, and immune evasion. 
Increasing evidence indicates that tumor behavior is 
affected by the polarization and spatial localization of 
macrophages, with TAMs emerging as a signature of 
aggressive LUAD [6]. These cells are present in high 
numbers in invasive tumor compartments and secrete 
cytokines and growth factors that promote epithelial-
mesenchymal transition (EMT), inhibit cytotoxic T-cell 
infiltration, and promote matrix remodeling. Expres-
sion of the macrophage signature is associated with poor 
prognosis and resistance to immunotherapy, thereby pro-
viding a key therapeutic target within the LUAD TME.

Concomitantly, tumor-intrinsic regulators of the cell 
cycle dictate malignant behavior and therapeutic sen-
sitivity. Among those, Family with Sequence Similarity 
117 A (FAM117A) was recently reported to be a novel 
modulator of the G1/S transition [7]. FAM117A inter-
acts with the dual-specificity kinase DYRK1A to main-
tain cell-cycle arrest and genomic stabilityDysregulation 
of tumor-intrinsic cell-cycle–associated factors has been 
shown to activate oncogenic signaling pathways and 
promote recurrence and aggressive progression in lung 
cancer [8]. Targeting epigenetic and cell-cycle–related 
pathways has emerged as a promising strategy to enhance 
antitumor immunity and overcome resistance to immu-
notherapy in aggressive lung cancers [9]. Loss or down-
regulation of FAM117A occurs frequently in LUAD 
tissues and disrupts this checkpoint, thereby promoting 
uncontrolled proliferation and aggressive tumor growth 
[7]. Clinically, decreased expression of FAM117A is asso-
ciated with advanced tumor stage and diminished over-
all survival, suggesting dual roles as a tumor suppressor 

and a prognostic biomarker [10, 11]. Building upon 
these insights, the aims of the present study were to 
delineate the crosstalk between macrophages (Mps) and 
epithelial tumor cells during the progression of LUAD, 
and to unveil the mechanistic role of FAM117A within 
this regulatory network. By combining single-cell tran-
scriptomics and functional assays, we developed a CIM 
framework to map cell-type specific communication and 
identify prognostic gene signatures. Furthermore, we 
experimentally validated FAM117A as a key mediator 
of cell-cycle regulation and tumor growth. This integra-
tive approach was designed to provide a comprehensive 
understanding of LUAD progression from both immune-
microenvironmental and tumor-intrinsic perspectives. 
Our results should contribute to the development of tar-
geted strategies that combine macrophage modulation 
with precision cell-cycle therapy.

Methods
Collection of clinical human samples
Tissue samples were collected from 76 patients who 
underwent surgical treatment in the Department of 
Thoracic Surgery, First Medical Center, PLA General 
Hospital. The lung lesions were pathologically con-
firmed as LUAD. A total of 57 patients with LUAD and 
complete tissue specimens, including cancer tissue and 
adjacent tissue, were screened (see Table S1 for details). 
After review of the project by the Ethics Committee, all 
patients signed informed consent.

Single-cell data processing
RPMI 1640 supplemented with 1 mM protease inhibi-
tor was utilized for the collection and transportation of 
tissues. Subsequently, the tissues underwent digestion 
using a mixture of enzymes, including Dispase II, Type 
VIII Collagenase, and DNase I in PBS containing 5% 
fetal bovine serum. Following a 40-minute incubation 
at 37 °C, the cells were dissociated, collected at 20-min-
ute intervals, and filtered through a 40  mm nylon cell 
strainer. Red blood cells were eliminated using a lysis buf-
fer containing DNase I, followed by a wash in PBS con-
taining 0.04% BSA. The cell concentration of the resulting 
single-cell suspension was determined and adjusted to 
1000 cells/mL. Dead cells were removed using the Dead 
Cell Removal Kit before loading the cells as per the Chro-
mium single-cell 30 kit standard protocol to capture 
5,000–10,000 cells/chip position. Library construction 
and subsequent procedures adhered to the manufactur-
er’s guidelines. Single-cell libraries were generated using 
Illumina HiSeq X Ten with 150 nt paired-end sequenc-
ing. The Cell Ranger software pipeline was employed to 
process the data, including demultiplexing cellular bar-
codes, mapping reads to the genome and transcriptome 
with the STAR aligner, and down-sampling reads as 
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necessary to generate normalized aggregate data across 
samples. This resulted in a gene count matrix versus cells.

The single-cell datasets GSE131907 and GSE189357 
were downloaded from the GEO database. The matrix 
was processed using the Seurat R package. Only high-
quality cells were fed for downstream analysis. These 
met the criteria of a minimum of 200 genes, a maxi-
mum of 6000 genes, and < 10% mitochondrial reads per 
cell. The raw counts were normalized and scaled. Batch 
effects were removed using the CCA algorithm, fol-
lowed by principal component analysis. Clusters were 
identified using graph-based clustering and visualized by 
UMAP. The cell type was manually labeled using classical 
markers.

Analysis of single-cell trajectories was performed using 
the Monocle2 package with the features of each popu-
lation as the input. Transcription factor (TF) analysis 
was performed with the SCENIC package using default 
parameters [12].

Differential-expression analysis and functional enrichment 
analysis
The “FindAllMarkers” function was used in Seurat to 
identify differentially expressed genes. The non-paramet-
ric Wilcoxon rank-sum test was used to obtain p-values 
for comparisons, as well as the adjusted p-values based 
on Bonferroni correction, for all genes in the dataset. 
The differential genes were enriched in biological pro-
cess terms of Gene Ontology using the ClusterProfiler 
package, and the results were plotted with the ggplot2 
package.

Survival analysis
To assess the gene expression signatures or pathways 
associated with the infiltration of subclusters, the top 20 
features of subclusters were considered as gene sets for 
GSVA enrichment based on the TCGA LUAD dataset. 
For survival analyses, patients were stratified into high- 
and low-score groups based on the median value of the 
corresponding GSVA score or CIM score within the 
TCGA LUAD cohort. Survival analysis was performed 
by R package survival based on the GSVA score. Kaplan–
Meier survival curves were modeled by the survfit func-
tion, with the two-sided log-rank test used to compare 
the curves.

Cell-cell interaction analysis
Cellchat was applied to analyze the strength and number 
of information interactions between various subpopu-
lations [13]. NicheNet was used to infer the ligand and 
target gene pairs between SPP1 + macrophages and basal 
cells [14].

CIM scoring system
An innovative CIM scoring system was devised, drawing 
upon adaptations from existing research [14]. This sys-
tem incorporated a distinctive CIM signature composed 
of the top 20 marker genes present in SPP1 + Mps, basal 
cells, and genes derived from interacting pairs. The CIM 
model was then meticulously crafted by employing the 
least absolute shrinkage and selection operator (LASSO). 
The CIM scoring system was formulated by integrating 
individual normalized gene expression values, each with 
assigned weights based on their respective LASSO Cox 
coefficients. Ten-fold cross-validation was performed to 
determine the optimal penalty parameter (λ) that mini-
mized the partial likelihood deviance. Genes with non-
zero coefficients at the optimal λ value were retained, 
resulting in a final set of 13 genes that comprised the 
CIM signature.

Multiplex immunohistochemistry (mIHC)
The Opal Polaris™ 7-color Manual IHC Kit (AKOYA Bio-
sciences, NEL861001KT) was utilized for the multiplex 
immunohistochemistry (mIHC) experiment. Initially, 
4 μm tissue sections were heated at 65 °C for 1 h. Subse-
quently, the sections underwent dewaxing in xylene and 
rehydration through a gradient of alcohol solutions. Post 
rehydration, the sections were fixed in 10% neutral buff-
ered formalin (NBF) (G2161, Solarbio, China) for 20 min. 
Epitope retrieval was carried out using an appropriate 
antigen retrieval buffer in a microwave, starting at 100% 
power for one minute and then reducing to 20% power 
for 15 min. After cooling to room temperature, the sec-
tions were blocked with the blocking/antibody diluent 
for 10  min, followed by a 10-minute incubation with 
primary antibodies. Following exposure to the primary 
antibodies, the sections were washed three times with 1× 
TBST (T1082, Solarbio, China). The tissue sections were 
then treated with Opal Polymer HRP Ms + Rb for another 
10 min. After three additional rinses with TBST, the sec-
tions were treated with opal reagent, repeating the pro-
cess. A comprehensive application of Opal TSA-DIG and 
Opal Polaris 780 labeling ensued. Finally, the slides were 
washed with TBST and distilled water before staining 
the nuclei with Mowoil (81381, Sigma-Aldrich) supple-
mented with DAPI (C1002, Beyotime). The 7-color slides 
were visualized using the Vectra Polaris Quantitative 
Imaging System.

Hematoxylin and eosin (H&E) staining
The tissues were fixed in 4% paraformaldehyde for a 
duration of one day before being embedded in paraffin. 
Subsequent to this, tissue slices of 4 μm thickness under-
went deparaffinization in xylene and gradual rehydra-
tion through a series of alcohol dilutions. Following three 
washes with PBS (P1020, Solarbio), the sections were 
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stained with hematoxylin (G1080, Solarbio) for a period 
of thirty minutes. Post-staining, the slides were rinsed in 
PBS and then immersed in 1% ammonia water (G1822, 
Solarbio) to impart a blue-violet hue to the nuclei. There-
after, the sections were briefly immersed in 75% alco-
hol and stained with eosin (G1100, Solarbio) for 1  h to 
accentuate the cytoplasm. Following rinses with a series 
of alcohol solutions, xylene was employed to displace the 
dehydrated alcohol before mounting. The tissues were 
observed with a Leica light microscope and quantified 
with image processing software (Image-Pro Plus).

Western blotting
Cells were lysed with ice-cold radioimmunoprecipitation 
assay (RIPA) lysis buffer (R0020, Solarbio) supplemented 
with a protease inhibitor (P6731, Solarbio). The result-
ing protein concentration of the lysate was determined 
with a BCA Protein Assay Kit (P0010S, Beyotime). Sub-
sequently, proteins were segregated via sodium dodecyl 
sulfate-polyacrylamide gel electrophoresis (SDS-PAGE) 
and later transferred onto nitrocellulose membranes 
(HATF00010, Merck Millipore, USA) for immunob-
lotting procedures. To avert non-specific interactions, 
the membranes were subjected to a 1 h blocking step at 
room temperature and then incubated overnight at 4 °C 
with specific primary antibodies. The next day, the mem-
branes were washed three times with PBS containing 
0.1% Tween® 20 (PBST) and then incubated with the sec-
ondary antibody for 1 h at room temperature. Additional 
PBST washes were carried out before visualizing on a LI-
COR Odyssey imager. The images obtained were quan-
titatively assessed using Image Studio software (Version 
4.0). All Western blot experiments were performed using 
three independent biological replicates.

Real-time PCR
Total RNA was extracted from individual cell suspen-
sions utilizing either the RNeasy Mini Kit (QIAGEN, 
74106) or RNA-Bee (Tel-Test). The poly(A)-tailed mRNA 
was subsequently reverse transcribed with SMART 
MMLV reverse transcriptase (Takara Bio, 639524). PCR 
amplification was carried out on a BioRad real-time PCR 
machine utilizing the SYBR green QPCR mix (Quanta-
bio, 95056–02  K) and gene-specific primers that span 
introns. The expression levels of the target genes were 
standardized to GAPDH. The primer sequences utilized 
in this experiment are detailed in the key resource table. 
Quantitative PCR analyses were conducted on a mini-
mum of three independent biological replicates, each 
measured in technical triplicate.

Mass spectrometry analysis
Trichloroacetic acid (TCA) was used to precipitate pro-
teins, which were then resuspended in buffer containing 

8 M urea and 100 mM Tris (pH 8.5). In preparation for 
tryptic digestion, the proteins were reduced and alkyl-
ated, and digested overnight at 37  °C with sequencing-
grade trypsin (Promega). The peptides produced by this 
digestion were analyzed on an Easy-nLC 1000 UPLC sys-
tem (Thermo Fisher Scientific) directly coupled online 
to a Q Exactive mass spectrometer (Thermo Fisher Sci-
entific). Peptides were first loaded onto a trap column 
(75 μm inner diameter [ID] packed with 8 cm ODS-AQ 
12  nm S-10  μm resin; YMC Co., Ltd) before separation 
on an analytical column (75  μm ID packed with 11  cm 
Luna 3  μm 100 Å C18 resin, Phenomenex). The instru-
ment was set to allow acetonitrile separation with a lin-
ear gradient of 0–30% at a flow rate of 300 nL/min. The 
dynamic exclusion setting was set for 60 s duration. For 
the identification of peptides, tandem mass spectra (MS/
MS) were screened against a customized database using 
the ProLuCID search engine. Search results were filtered 
using DTASelect 2.0, with 7 ppm precursor mass toler-
ance and 5% false discovery rate (FDR).

Xenograft tumor formation assay
LUAD cells were cultured in complete growth medium 
in sterile conditions. To assess the influence of FAM117A 
expression on LUAD cells, triplicate cultures were grown 
to approximately 70–80% confluence. The medium was 
then removed and replaced with fresh medium. After 
allowing the cells to reattach for an additional 3–4  h 
without antibiotics, the toxicity of the growth medium 
to trypan blue exclusion was replaced with phosphate-
buffered saline (PBS). After washing with PBS, cells 
were treated with trypsin-EDTA for the harvesting pro-
cess. The culture flasks were centrifuged for 2–5 min at 
≤ 1,500  rpm, and the cell pellet was washed with PBS 
and re-suspended. The number of cells was determined 
with a hemocytometer, and their viability was assessed 
by trypan blue exclusion (0.8 mM trypan blue in PBS at 
a ratio of 1:1 with the cell suspension). Cell suspensions 
were used if their viability was > 95%. The suspensions 
were diluted so that the appropriate number of cells was 
present in 300 µL. Each injection consisted of 3.0 × 106 
viable cells per animal. The female BALB/c-nu/nu mice 
(4–6 weeks old) used in these studies were obtained from 
Vital River Laboratories (Beijing, China) and were accli-
matized for 3–5 days in the animal care facility prior to 
the experiments. The mice were assigned to experimental 
groups (n = 5 per group) in a random fashion to include 
two groups with FAM117A-overexpression and three 
groups with FAM117A-silenced. All animal use pro-
cedures were approved by the Ethics Committee of the 
PLA General Hospital, while animal care followed insti-
tutional biosafety and ethics guidelines.

For tumor implantation, the lower flank was cleaned 
with a 70% ethanol and/or iodine solution prior to 
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injection. A suspension of 3.0 × 106 cells in 300 µL PBS/
Matrigel mixture was loaded into a 1 mL syringe with-
out a needle in order to reduce shear stress, and then 
injected subcutaneously through a 27- or 30-gauge nee-
dle. Tumor progression was monitored twice weekly, and 
tumor diameters were measured using digital calipers. 
Tumor volume (mm³) was calculated using the formula: 
volume = (width² × length) / 2. Treatment was started 

when the tumors reached an average size of approxi-
mately 50–60 mm³, which typically occurred 1–3 weeks 
post-inoculation.

Results
A single-cell atlas of the lung adenocarcinoma ecosystem
The research workflow is shown in Fig.  1A. Integra-
tion analysis was conducted on both single-cell RNA 

Fig. 1  Single-cell atlas of the lung adenocarcinoma ecosystem. A Overview of the study design integrating scRNA-seq and TCGA bulk RNA-seq datasets. 
scRNA-seq data were obtained from GSE131907 (n = 11 normal), GSE189357 (n = 9 sequential LUAD samples), and an in-house cohort (n = 8). This resulted 
in a total of 28 samples representing normal (N), adenocarcinoma in situ (AIS), minimally invasive adenocarcinoma (MIA), and invasive adenocarcinoma 
(IAC). B UMAP visualization of 152,686 high-quality cells from LUAD tissues, annotated into distinct clusters. C Expression of canonical marker genes used 
to identify major immune and non-immune populations, including T cells (CD3E), B cells (CD79A), NK cells (GNLY), plasma B cells (JCHAIN), macrophages 
(CD68), mast cells (TPSB2), neutrophils (CSF3R), dendritic cells (CD1C), plasmacytoid dendritic cells (IL3RA), epithelial cells (EPCAM), endothelial cells 
(PECAM1), and fibroblasts (COL1A1). D Distribution of 12 annotated cell types across normal, AIS, MIA, and IAC groups
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sequencing (scRNA-seq) and bulk RNA-seq datasets 
from the TCGA database. The scRNA-seq dataset com-
prised 11 normal samples from GSE131907, 9 samples 
representing the sequential progression of LUAD from 
GSE189357, and 8 samples from our in-house cohort. 
This comprised a total of 13 normal (N), 5 adenocarci-
nomas in situ (AIS), 5 microinvasive carcinomas (MIA), 
and 5 invasive adenocarcinomas (IAC). Although AIS, 
MIA, and IAC samples were analyzed in an order that 
reflects the established pathological stages of LUAD 
progression, it is important to note that this study was 
based on a cross-sectional sampling design rather than 
longitudinal follow-up of the same patients. Therefore, 
the inferred “temporal progression” represents a pseudo-
temporal trajectory reconstructed across independent 
patient samples at different disease stages, rather than 
direct evidence of within-patient temporal evolution. 
This analytical framework allows the identification of 
stage-associated cellular and molecular patterns, but 
does not capture dynamic transitions at the individual 
level. Based on the integrative analysis of the scRNA-seq 
and bulk RNA-seq datasets, a cellular interaction module 
was identified as the CIM. Subsequently, by leveraging 
the established CIM, a LASSO score model was devised 
to stratify patients with poor prognosis using the TCGA 
dataset.

Our initial focus centered on investigating TME het-
erogeneity and the molecular signatures associated with 
the cellular components of LUAD by leveraging scRNA-
seq techniques (Fig.  1B and C). Dimensionality reduc-
tion and cell clustering were facilitated through Uniform 
Manifold Approximation and Projection (UMAP), which 
was applied to genes exhibiting variable expression lev-
els across all cells. By integrating data from the public 
datasets, we curated a total of 152,686 high-quality cells 
derived from 20 patients. These met the criteria of a 
minimum of 200 genes, a maximum of 6000 genes, and 
< 10% mitochondrial reads per cell. To further verify that 
CCA-based integration did not obscure dataset-specific 
biological variation, the integrated single-cell atlas was 
visualized using UMAP colored by the original data 
source (Figure S1). Cells derived from different datasets 
showed substantial overlap within shared cell-type clus-
ters, rather than segregating by dataset origin, indicating 
effective mitigation of batch effects.

The expression patterns of canonical markers were 
examined in order to characterize each cell cluster 
(Fig.  1C). These canonical markers were utilized to 
manually identify cell clusters. Four lymphocyte popula-
tions—T cells, B cells, NK cells, and plasma B cells—were 
distinguished by their elevated expression levels of CD3E, 
CD79A, GNLY, and JCHAIN, respectively. Myeloid cells 
were characterized by their specific molecular signatures, 
including Mps (CD68), mast cells (TPSB2), neutrophils 

(CSF3R), dendritic cells (DC; CD1C), and plasmacytoid 
dendritic cells (pDC; IL3RA). Additionally, three non-
immune cell populations were labeled: epithelial cells 
(EPCAM), endothelial cells (PECAM1), and fibroblasts 
(COL1A1). In total, 12 distinct cell types were identi-
fied, with their distribution across groups illustrated 
in Fig.  1D. The integrated scRNA-seq landscape com-
prehensively captures the primary cellular constituents 
of the LUAD TME, encompassing a diverse array of 
immune and non-immune cells from all stages of LUAD 
tissues. By resolving major immune and epithelial com-
partments and their stage-dependent distributions, this 
analysis provides the foundation for subsequent inter-
rogation of macrophage heterogeneity and its functional 
relevance during LUAD progression.

Macrophage subpopulations and their immune activities 
in LUAD
We next investigated the macrophage populations in 
LUAD. These were subdivided into distinct subclusters: 
MARCO + Mps, FABP4 + Mps, SPP1 + Mps, APOE + Mps, 
S100A8 + monocytes, CD1C + dendritic cells (DC), and 
CLEC9A + DC, as shown in Fig. 2A. The specific markers 
for these populations are shown in Fig. 2B. Four macro-
phage subsets were identified based on the expression of 
specific macrophage markers—MACRO, FABP4, SPP1, 
and APOE. Additionally, one monocyte subset was char-
acterized by expression of the classic monocyte marker 
S100A8. Two DC subsets were identified with the key lin-
eage markers CD1C and CLEC9A.

The distribution of subsets among different groups is 
depicted in Fig. 2C. For a more granular examination of 
the subsets, the differential infiltration of macrophage 
subsets was compared across groups (Fig. 2D). Notably, 
we observed a consistent trend in SPP1 + Mps, with a 
gradual increase aligning with the progression of LUAD 
from non-invasive to invasive stages (N to IAC). This 
finding implies that SPP1 + Mps could play a crucial role 
in the development of LUAD.

Cluster-specific feature genes were computed (Fig. 2E), 
followed by Gene Ontology (GO) analysis to delineate the 
underlying biological processes of each subpopulation 
(Fig.  2F). CD1C + DC and CLEC9A + DC were notably 
enriched in pathways associated with immune responses, 
whereas S100A8 + monocytes exhibited enrichment in 
pathways related to cytokine and chemokine production. 
APOE + Mps displayed enrichment in pathways linked to 
carboxylic acid catabolic processes. On the other hand, 
MARCO + Mps were enriched in pathways associated 
with peptide secretion, while SPP1 + Mps were involved 
in processes related to metal ion transport.

To assess the impact of macrophage cell populations 
on the prognosis of LUAD patients, we integrated bulk 
transcriptome data with scRNA-seq data for in-depth 
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Fig. 2  Macrophage heterogeneity in LUAD. A UMAP visualization of macrophage and monocyte subsets. B Expression of representative markers defin-
ing MARCO + Mps, FABP4 + Mps, SPP1 + Mps, APOE + Mps, S100A8 + monocytes, CD1C + DC, and CLEC9A + DC. C Distribution of subsets across disease 
stages (N, AIS, MIA, IAC). D Progressive increase of SPP1 + Mps during LUAD progression. E Subset-specific feature genes. F GO enrichment analysis of 
macrophage and monocyte subsets. G Kaplan–Meier survival analysis of LUAD patients stratified by SPP1 + macrophage GSVA scores using TCGA data. 
Patients enriched in SPP1 + Mps showed significantly worse survival (p < 0.05, log-rank test)
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analysis. By utilizing the top 20 feature gene signatures 
of each macrophage subpopulation derived from scRNA-
seq, we investigated the relationship between macro-
phage populations and the overall survival (OS) of CRC 
patients. Patients exhibiting enrichment of SPP1 + Mps 
demonstrated a poorer prognosis (Fig. 2G), highlighting 
the ​​potential of SPP1 + Mps as a prognostic biomarker.

Collectively, the above results demonstrate marked 
heterogeneity among macrophage populations in LUAD, 
and identify SPP1 + Mps as a stage-enriched subset 
associated with adverse prognosis. These observations 
prompted further investigation into the functional states, 

differentiation trajectories, and regulatory programs 
underlying the SPP1 + macrophage population.

The diverse functions within macrophage populations
To further analyze the functionality difference of the 
identified macrophage populations, we performed pseu-
dotime analysis using the monocyte-macrophage lineage. 
For this analysis, single cells are ordered along a trajec-
tory or lineage, and each cell receives a specific pseudo-
time value, representing its position along that trajectory. 
The location of the S100A8 + monocyte subsets was pre-
dicted to be mainly at the beginning of the differentia-
tion site, followed by APOE + Mps and FABP4 + Mps. The 

Fig. 3  Functional properties of macrophage subsets. A Pseudotime trajectory analysis showing differentiation of monocyte–macrophage lineages. B, C 
Distribution of subsets along pseudotime, with S100A8 + monocytes at the origin, and MARCO + and SPP1 + Mps enriched at terminal states. D Transcrip-
tion factor activity inferred by SCENIC, highlighting JUNB, FOSB, FOS, and EGR1 as key regulators in SPP1 + Mps. E Expression of pro-inflammatory (M1-like) 
and anti-inflammatory (M2-like) genes across macrophage subsets, showing the enrichment of M2-associated signatures in SPP1 + Mps
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Fig. 4 (See legend on next page.)
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MARCO + Mps and SPP1 + Mps predominate at the ter-
minal differentiation site (Fig. 3A, B, and C). This strategy 
allowed subsequent macrophage subsets to be ordered 
along a biologically plausible differentiation continuum 
from monocytes toward mature macrophage states.

The differentiation of Mps is orchestrated by a sophisti-
cated network of transcription factors (TFs) that regulate 
each other and their effectors by interacting with cofac-
tors and downstream genes. Therefore, we evaluated the 
top 10 specifically expressed TFs by pySCENIC, which 
infers TFs, gene regulatory networks, and cell types 
from scRNA-seq data. JUNB, FOSB, FOS, and EGR1 
were found to have specific activity levels in the regula-
tory network of SPP1 + Mps, and may represent the mas-
ter TF driving oncogenic effects (Fig. 3D). Among them, 
high expression of EGR1 (early growth response factor 1) 
has previously been observed in various tumor types. As 
a downstream protein of the MAPK signaling pathway, 
EGR1 can induce tumor cell proliferation by upregulating 
cell-cycle-related proteins.

In terms of macrophage activation, these cells can be 
polarized into M1 and M2 phenotypes. M2 Mps exhibit 
anti-inflammatory characteristics, whereas M1 Mps fea-
ture pro-inflammatory characteristics. To investigate 
these pro- and anti-inflammatory characteristics, we 
examined the expression pattern of a panel of marker 
genes. SPP1 + Mps showed upregulated expression of 
anti-inflammatory marker genes, thus resembling an M2 
phenotype. The expression of pro-inflammatory marker 
genes in SPP1 + Mps was weaker than that of anti-inflam-
matory markers, suggesting incomplete differentiation 
and resembling a subtype of the M2 phenotype (Fig. 3).

In summary, pseudotime trajectory analysis and TF 
activity profiling indicate that SPP1 + Mps represent a 
terminally differentiated, transcriptionally distinct pop-
ulation with immunosuppressive features. These find-
ings suggest a potential role for SPP1 + Mps in shaping 
tumor–epithelial interactions, warranting analysis of 
their crosstalk with malignant epithelial cell subsets. 
Therefore, we subsequently focused on SPP1 + Mps and 
their relationship with epithelial cell populations.

The diversity of components and pathways within 
epithelial cells in LUAD
We next analyzed epithelial cell populations in LUAD, 
leading to the identification of five distinct subpopula-
tions: alveolar type 2 cells (AT2), APOD + epithelial cells 

(APOD + Epi), basal cells, ciliated epithelial cells, and 
alveolar type 1 cells (AT1) (Fig. 4A). The alveolar epithe-
lial cell types, AT1 and AT2, were distinguished by their 
expression of Surfactant Protein C (SFTPC) and Podo-
planin (PDPN), respectively. Ciliated epithelial cells were 
characterized by expression of the marker gene FOXJ1, 
and basal cells by expression of the canonical basal cell 
marker GNG4. APOD + epithelial cells subpopulations 
were identified based on their expression of specific clus-
ter marker genes (Fig. 4B).

To distinguish malignant cells from epithelial popula-
tions, we conducted Copy Number Variations (CNVs) 
analysis using the inferCNV package. This involved aver-
aging the expression of neighboring genes in the genome 
to eliminate gene-specific expression variability, thereby 
generating profiles that accurately represent chromo-
somal CNVs. SPP1 + macrophage immune cells were 
designated as reference cells, and all epithelial cells were 
presumed to be malignant cells. The reference sample 
was then subtracted from the epithelial sample to derive 
the final CNV profile for each gene and cell. The CNV 
score for each cell was calculated as the quadratic sum 
of CNV regions within each epithelial subset (Fig.  3C). 
This analysis revealed that all epithelial subsets exhibited 
higher CNV scores than the reference immune cluster. 
Notably, basal cells demonstrated the highest CNV score, 
indicating they are likely to be malignant.

The abundance of subsets across various groups is 
illustrated in Fig. 4D, while alterations in epithelial sub-
sets across the groups are shown in Fig.  4E. A marked 
decrease in AT2 cells was noted with the sequen-
tial progression of LUAD. Conversely, the presence of 
APOD + epi and basal cells was found to increase with 
this progression. Basal cells were predominantly enriched 
in the IAC group, highlighting their tumor-specific 
origin.

Next, cluster-specific feature genes were identified 
(Fig.  4F), and Gene Ontology (GO) analysis was con-
ducted to reveal the fundamental biological processes 
within each subpopulation (Fig. 4G). Of note, APOD + epi 
cells were enriched in pathways related to the regulation 
of growth and the cellular response to metal ions, while 
basal cells showed enrichment in pathways associated 
with cell growth and cell-substrate adhesion.

Similar to the analysis of macrophage subpopulations, 
we also evaluated the impact of epithelial cell popula-
tions on the prognosis of patients with LUAD. Greater 

(See figure on previous page.)
Fig. 4  Epithelial cell heterogeneity in LUAD. A UMAP visualization of epithelial cell subsets. B Expression of marker genes distinguishing AT2 (SFTPC), 
AT1 (PDPN), basal (GNG4), ciliated (FOXJ1), and APOD + epithelial cells. C CNV profiles of epithelial subsets compared with SPP1 + macrophages as the 
reference. Basal cells showed the highest CNV scores, suggesting malignant potential. D, E Distribution and dynamic changes of epithelial subsets across 
N, AIS, MIA, and IAC groups. The presence of basal and APOD + epithelial cells increased with progression, whereas AT2 cells decreased. F Subset-specific 
feature genes. G GO enrichment analysis of epithelial subsets. H Kaplan–Meier survival analysis of LUAD patients stratified by GSVA scores of the basal and 
AT2 subsets. High basal cell enrichment correlated with poor survival, whereas enrichment with AT2 cells correlated with a favorable outcome (p < 0.05, 
log-rank test)
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enrichment with basal cells was associated with a poorer 
prognosis, whereas enrichment with AT2 cells was linked 
to a better prognosis (Fig. 4H).

Taken together, our scRNA-seq analysis revealed sig-
nificant heterogeneity among the identified epithelial cell 
populations. Particularly noteworthy was the presump-
tive malignant nature of basal cells, which appear to play 
a critical role in LUAD. Consequently, we explored the 
relationship between basal cells and SPP1 + Mps in fur-
ther detail.

Cellular interaction module composed of 
SPP1 + macrophages and basal cells
We next investigated complex cell crosstalk to uncover 
the regulatory mechanisms within the LUAD TME. 
Cell-cell interactions (CCIs) between Mps and epithe-
lial cell subsets were identified. Notably, Mps exhibited 
strong CCI activities with multiple epithelial cell popu-
lations (Fig.  5A). Subsequently, our focus shifted to the 
interaction between SPP1 + Mps and epithelial popula-
tions. SPP1 + Mps were found to have the highest num-
ber of CCIs with basal cells, with a significant correlation 
between these cell subsets (Fig. 5B).

Following on from the previous investigations of clini-
cal relevance (Figs. 2G and 4H), a significant relationship 
was observed between basal cells and poor prognosis 

among lung cancer patients in the TCGA-LUAD data-
base (Fig.  4H). These results suggest the malignant cell 
subset exhibiting the most interactions with SPP1 + Mps 
could potentially indicate a poorer prognosis for lung 
cancer patients.

To pinpoint essential mediators of the interaction 
between SPP1 + Mps and basal cells in LUAD patients, we 
delved further into the intricacies of cell-cell communi-
cation mechanisms. This involved assessment of putative 
crosstalk with the R package “NicheNet,” which examines 
the expression profiles and downstream targets of ligand-
receptor pairs.

SPP1 + Mps were found to engage with basal cells 
through the secretion of cytokines such as IL1A, IL1B, 
IL6, and TNF (Fig. 5C). This signaling cascade may trig-
ger NF-kB pathway activation, consequently driving cell 
cycle progression, tumor growth, and basal cell resistance 
to therapy. In addition to cytokines, SPP1 + Mps can spe-
cifically support basal cell proliferation via insulin-like 
growth factor signaling (IGF1/IGFBP3) (Fig. 5C).

Based on the integrative analysis of scRNA-seq and 
bulk RNA-seq datasets, we identified a cellular interac-
tion module (CIM). This was defined as a coordinated 
multicellular unit composed of interacting SPP1 + mac-
rophages and basal epithelial cells, along with their asso-
ciated ligand–receptor signaling programs. The elevated 

Fig. 5  Establishment of the SPP1 + macrophage–basal cell cellular interaction module (CIM). A Network visualization of predicted cell–cell interactions 
among macrophage and epithelial subsets. B Quantification of interactions showing the strongest connectivity between SPP1 + macrophages and basal 
cells. C Ligand–receptor analysis using NicheNet identified pro-inflammatory cytokines (IL1A, IL1B, IL6, TNF) and IGF signaling (IGF1/IGFBP3) as mediators 
of SPP1 + macrophage–basal cell crosstalk. D LASSO regression coefficients for the CIM gene set. E Kaplan–Meier survival analysis stratified by positive 
and negative CIM scores in the TCGA cohort. High CIM scores predicted worse survival (p < 0.05). F Multiplex immunohistochemistry (mIHC) staining 
showing spatial co-localization of CD68 (cyan), IL1B (yellow), PanCK (magenta), SPP1 (green), S100A9 (orange), and DAPI (blue) in LUAD tissues

 



Page 12 of 19Wu et al. Experimental Hematology & Oncology           (2026) 15:20 

concentration of CIM entities indicates their strong 
influence on cancer cell proliferation.

A CIM scoring mechanism was devised to categorize 
LUAD patients into distinct prognostic groups. The top 
20 genes characteristic of SPP1 + Mps and basal cells, 
along with their intercellular ligand-receptor pairs, were 
utilized as inputs for the LASSO Cox regression model. 
Following regression analysis, the final 13-gene CIM 
signature was selected based on non-zero coefficients 
derived from the LASSO Cox model at the optimal cross-
validated λ value. This reflected genes having the stron-
gest and most stable association with overall survival, as 
depicted in Fig. 5D. A positive CIM score suggests that an 
increase in gene expression is linked to more severe dis-
ease. Conversely, a decrease in gene expression is linked 
to less severe disease. By leveraging the coefficients and 
specific expression profiles of the 13 genes, positive and 
negative CIM scores were computed for each patient. 
Patients with higher positive CIM scores were found to 
exhibit worse survival compared to those with lower CIM 
scores. Conversely, patients with negative CIM scores 
showed the opposite trend, as illustrated in Fig. 5E. The 
topological crosstalk pattern of SPP1 + Mps and basal 
cells was validated by mIHC technology using specific 
markers (Fig. 5F).

In summary, we uncovered a specific cellular com-
position involving SPP1 + Mps and basal cells through 
integration analysis of scRNA-seq and bulk RNA-
seq. Termed the CIM module, this cellular arrangement 
has a critical role in maintaining cancer cell proliferation, 
thereby impacting the progression and unfavorable prog-
nosis of lung cancer.

The CIM component is implicated in cell proliferation
Prior research has established FAM117A as a prognos-
tic marker for LUAD [7]. In the present study, FAM117A 
was identified within the CIM module. To further inves-
tigate the components of CIM, we conducted validation 
studies of FAM117A functionality using patient tissue. In 
our scRNA-seq dataset, the expression of FAM117A pro-
gressively increased from normal tissue to the IAC stage 
(Fig. 6A). A total of 57 LUAD patients with complete clin-
ical data and available tissue specimens were screened. 
Postoperative pathology staging was performed accord-
ing to the 8th edition of the TNM staging system for lung 
cancer, with detailed information shown in Table S1.

The protein and mRNA expression levels of FAM117A, 
p21 (cell cycle-related inhibitory protein), and Cyclin D 
(cell cycle-promoting protein) are shown in Fig.  6B and 
C, respectively. The protein expression of p21 was con-
sistent with that of FAM117A, whereas an inverse trend 
was observed between Cyclin D and FAM117A protein 
expression. The detection of mRNA through real-time 
fluorescence quantitative PCR technology showed that 

expression levels of FAM117A, p21, and Cyclin D mRNA 
were essentially consistent with the protein levels. The 
IHC results also showed that the FAM117A protein was 
downregulated in tumor tissues (Fig. 6D).

The above results demonstrate that expression of 
FAM117A is significantly reduced in LUAD tissue com-
pared with para-cancerous tissue, implying a potential 
role in cell cycle regulation. The association between 
FAM117A and cell cycle control implicates the CIM 
module as a key regulator of tumor cell heterogeneity in 
the development of LUAD.

FAM117A interacts with DYRK1A to regulate the G1/S 
transition
To investigate the molecular mechanism by which 
FAM117A regulates cell cycle progression, we conducted 
an immunopurification-mass spectrometry screen 
for proteins that interact with FAM117A. This screen 
identified multiple candidate binding partners, with a 
dual-specificity kinase, DYRK1A, amongst the bind-
ing candidates with the highest score (Fig. 7A). Because 
DYRK1A is a well-characterized G₁/S regulator, we pro-
ceeded to validate the interaction between FAM117A 
and DYRK1A [15]. Co-immunoprecipitation experi-
ments confirmed a specific interaction of FAM117A with 
DYRK1A in LUAD cells. In A549 and NCI-H1975 cells 
transfected with the Flag-tagged FAM117A plasmid, 
DYRK1A was readily detected in the Flag immunopre-
cipitates, but almost undetectable in control IgG pre-
cipitations (Fig. 7B). This indicates that FAM117A and 
DYRK1A interact physically to form a complex that can 
potentially regulate cell cycle progression.

We next examined whether the FAM117A–DYRK1A 
complex functionally modulates the G₀/G₁-to-S phase 
transition. A549 and NCI-H1975 cells underwent 
RNA interference-mediated knockdown of FAM117A 
or DYRK1A alone, or knockdown of FAM117A and 
DYRK1A simultaneously. Flow cytometric analysis of 
the cell cycle revealed that silencing of FAM117A or 
DYRK1A caused significant accumulation of cells in the 
G₀/G₁ phase with a concomitant drop in the S-phase 
fraction (relative to controls), indicating a slowdown in 
the G₁/S transition. In line with this observation, West-
ern blotting of cell cycle regulators revealed that silenc-
ing of FAM117A or DYRK1A promoted higher levels of 
Cyclin D1 protein and increased the phosphorylation 
of CDK4^Thr172 (Fig.  7C). This was accompanied by a 
significant reduction in the CDK inhibitors p21^Cip1 
and p27^Kip1. The impact of silencing FAM117A alone 
was comparable to the silencing of DYRK1A alone, with 
no significant differences observed between the two 
single knockdown conditions. Moreover, the co-silenc-
ing of FAM117A and DYRK1A did not result in any 
additive effects on the expression levels of Cyclin D1, 
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Fig. 6  FAM117A expression and association with cell cycle regulation in LUAD. A Expression of FAM117A across N, AIS, MIA, and IAC groups based on 
scRNA-seq data. B Western blots of FAM117A, p21, and Cyclin D1 protein expression in LUAD patient tissues. C Quantitative PCR validation of FAM117A, 
p21, and Cyclin D1 mRNA expression (p < 0.05, p < 0.01, Student’s t-test). D Immunohistochemistry (IHC) staining showing reduced FAM117A expression 
in LUAD tissues compared with adjacent normal tissues
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phospho-CDK4, p21, or p27 compared to single knock-
downs (Fig. 7D). Taken together, these data suggest that 
FAM117A and DYRK1A function within the same path-
way or protein complex to curb the G₁/S transition. The 
absence of an enhanced phenotype upon dual knock-
down suggests that FAM117A and DYRK1A function 
interdependently and form a partnership in the G₁-phase 
progression of LUAD cells.

FAM117A knockdown enhances tumor growth in vivo
After demonstrating a role for FAM117A–DYRK1A 
in regulating cell cycle progression in vitro, we next 

assessed the effect of FAM117A loss on tumor growth in 
vivo. A subcutaneous xenograft model was established 
in BALB/c nude mice using A549 control cells and A549 
cells exhibiting FAM117A knockdown. Similar to in vitro 
results, tumors from FAM117A-silenced cells showed 
accelerated growth compared to tumors from con-
trol cells. By the end of the observation period, tumors 
from the FAM117A knockdown group had significantly 
greater volume and weight compared to the control 
group (Fig.  8A–C). This in vivo data supports the con-
clusion that FAM117A acts as a negative regulator of cell 
proliferation. The loss of FAM117A results in a growth 

Fig. 7  FAM117A interacts with DYRK1A to regulate G1/S cell cycle transition in lung adenocarcinoma cells. A Mass spectrometry analysis of proteins 
co-purified with Flag-FAM117A in A549 cells identified DYRK1A as one of the top-scoring candidate interactors. B Co-immunoprecipitation (co-IP) assays 
in A549 and NCI-H1975 cells confirmed the interaction between Flag-FAM117A and DYRK1A, as DYRK1A was detected in Flag-FAM117A immunopre-
cipitates but not in controls. C Western blot analysis of cell cycle regulators following siRNA-mediated knockdown of FAM117A or DYRK1A in A549 and 
NCI-H1975 cells. Silencing of either gene led to increased Cyclin D1 expression and CDK4 phosphorylation, along with marked reductions in the levels 
of p21 and p27. D Comparison of single versus combined knockdown of FAM117A and DYRK1A. Co-silencing of both genes did not result in additive 
effects compared to single knockdowns, suggesting that FAM117A and DYRK1A function interdependently within the same pathway to regulate G1/S 
progression. Data are representative of three independent experiments. Quantification of protein expression was normalized to GAPDH and analyzed 
using Student’s t-test. Error bars represent the mean ± SD. p < 0.05, p < 0.01
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advantage for LUAD cells and faster tumor growth in 
the nude mouse model. Additionally, mIHC analyses 
(Fig.  8D) demonstrate the spatial association between 
reduced FAM117A expression and regions enriched for 
proliferating tumor cells. In summary, FAM117A deple-
tion increases the proliferation of LUAD cells in culture 
conditions and in an animal model, providing evidence 
of the important role of FAM117A in hindering tumor 
growth.

Discussion
Although recent advances in scRNA-seq technology have 
revolutionized our understanding of the TME in LUAD 
[16–21], in-depth knowledge of the invasive progression 

of this cancer subtype is still lacking. By conducting 
integrated analyses of publicly available scRNA-seq and 
TCGA bulk RNA-seq datasets, the present study has 
obtained comprehensive data at single-cell resolution on 
the TME in invasive LUAD. Additionally, our research 
sheds light on the potential role of the interaction 
between SPP1 + Mps and basal cells in shaping cancer 
cell proliferation during the invasive process. This inter-
action could potentially contribute to tumor cell resis-
tance against immunotherapy.

Tumor-intrinsic regulatory networks, including coor-
dinated miRNA programs, can simultaneously enhance 
PD-L1 expression and suppress antigen presentation, 
thereby driving immune evasion and resistance to PD-1/

Fig. 8  FAM117A knockdown promotes tumor growth in vivo. A Representative images of xenograft tumors derived from A549 cells transduced with 
control shRNA or FAM117A shRNA#2. B Growth curves of xenograft tumors in BALB/c nude mice (n = 6 per group). Tumor volumes were measured twice 
weekly with calipers and calculated using the formula: volume = (width² × length) / 2. Tumors from the FAM117A knockdown group showed significantly 
faster growth compared to controls. C Final tumor weights at the study endpoint. Tumors from the FAM117A knockdown group were significantly heavier 
than those from the control group. Data are presented as the mean ± SD. Statistical comparisons were performed using Student’s t-test (two-tailed). 
p < 0.05, p < 0.01. D mIHC showing spatial association between reduced FAM117A expression and tumor regions in LUAD tissues
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PD-L1 blockade in NSCLC [22]. However, the heteroge-
neity within Mps plays a crucial role in modulating the 
tumor immune microenvironment. Recent evidence 
points towards a connection between the presence of cir-
culating SPP1 and adverse outcomes in NSCLC patients 
[23–29]. Furthermore, the secretion of SPP1 by Mps 
is a significant contributor to the immunosuppression 
of various cancer types [30–35]. Insights gained from 
scRNA-seq have revealed a strong connection between 
the substantial presence of SPP1 + Mps and worse clini-
cal outcomes. Additionally, a potential link between the 
SPP1/CD44 axis and cell proliferation has been raised, 
alongside the association of intratumoral heterogeneity 
with resistance to anticancer therapies in gastric can-
cer [31], glioma [32], and hepatocellular carcinoma [33]. 
Importantly, SPP1 + Mps in LUAD patients have been 
reported to correlate with resistance to immunotherapy 
and poorer prognostic outcomes [35]. These research 
findings highlight the crucial involvement of SPP1 + Mps 
in the diagnosis and treatment of diverse cancers. How-
ever, the specific role of SPP1 + Mps in the invasive pro-
gression of LUAD remains largely undefined. The present 
study revealed a positive association between SPP1 + 
Mps and the invasive development of LUAD, prompting 
us to focus on the role of these cells in the TME of LUAD. 
Our results show that SPP1 + Mps express anti-inflam-
matory genes, and that a greater abundance of these cells 
correlates with worse overall survival in LUAD patients. 
Consequently, both the existing body of literature and the 
current investigation underscore the importance of SPP1 
+ Mps in the TME, suggesting they may be potential 
therapeutic targets in LUAD. These outcomes highlight 
the importance of further research into the functional 
roles of SPP1 + Mps within the TME.

The TME is comprised of cancer cells, immune cells, 
mesenchymal stem cells (MSCs), fibroblasts, endothelial 
cells, and various ECM components [5, 36]. The histolog-
ical documentation of almost all tumor types originating 
from epithelial cells consistently indicates a strong corre-
lation between malignancy and the disruption of epithe-
lial organization [37–39].

Our comprehensive analysis of epithelial cells identified 
a specific subset, basal cells, that display distinct tumor-
specific variations in abundance. Significantly, the pres-
ence of basal cells was associated with malignancy and 
predicted a poorer clinical prognosis. Based on our find-
ings, we further examined the interactions between basal 
cells and SPP1 + Mps using data from both single-cell and 
bulk transcriptomics. The goal of this work was to pro-
vide a novel perspective on the nature of SPP1 + macro-
phage interactions within the TME.

Emerging evidence highlights the potential role of 
tumor-associated macrophages (TAMs) in supporting 
the proliferation of cancer cells and shaping the TME so 

that it becomes conducive to the survival of cancer cells 
[40]. TAMs are able to release cytokines such as IL-6, 
IL-8, IL-1b, and TNF, as well as soluble factors including 
CCL5, pleiotrophin (PTN), globule-epidermal growth 
factor-VIII (MFG-E8), and CCL8. Additionally, through 
direct interactions such as the binding of sinusoidal 
endothelial cell C-type lectin (abundantly expressed on 
TAMs) with the BTN3A3 receptor on cancer cells, TAMs 
contribute to increased tumor cell expression of uPAR 
and Ki67, thereby maintaining cancer cell proliferation 
[41].

Our research revealed that SPP1 + Mps trigger an 
increase in the proliferation of basal cells, recognized as 
tumor cells, through the release of cytokines. This mech-
anism may contribute to the invasive behavior of LUAD. 
SPP1 + Mps have the potential to enhance the EMT of 
cancer cells and/or secrete an array of cytokines asso-
ciated with cancer cell proliferation (e.g., IL1A, IL1B, 
IL6, and TNF) via the NF-kB pathway. Additionally, the 
involvement of IGF signaling (IGF1/IGFBP3) was noted 
in the crosstalk between SPP1 + Mps and basal cells. This 
pathway is recognized for its crucial role in sustaining 
cancer cell proliferation [42]. Consistent with the results 
of prior studies, our findings further elucidate how SPP1 
+ Mps impact the proliferation of LUAD cells and con-
tribute to the emergence of drug resistance. Earlier 
studies primarily described the presence or prognostic 
association of SPP1 + macrophages. In contrast, our work 
advances the field by integrating epithelial cell states and 
defining a coordinated cellular interaction module (CIM) 
that links macrophage-derived signals to malignant basal 
cell proliferation.

To conduct a detailed assessment of clinical outcomes, 
we defined the CIM module as a fusion of feature genes 
derived from SPP1 + macrophages and basal cells, in 
addition to their ligand-target pairs. Through the integra-
tion of single-cell and bulk transcription data, a 13-gene 
set was identified within the CIM using the LASSO 
model. This gene set demonstrated a notable association 
with unfavorable prognosis. Our findings underscore the 
critical importance of SPP1 + macrophages and basal 
cells in the progression of invasive LUAD. Moreover, our 
deeper analysis of the CIM led to results that were con-
sistent with earlier reports, highlighting FAM117A as a 
significant tumor antigen in the development of LUAD 
[7, 10, 11, 43, 44].

Importantly, our mechanistic studies further estab-
lished a connection between FAM117A and cell cycle 
control. We found DYRK1A to be a high-confidence 
binding partner of FAM117A and showed that the two 
proteins formed a complex to regulate the G1/S transi-
tion. Silencing of either FAM117A or DYRK1A per-
turbed this checkpoint, resulting in enhanced Cyclin D1 
and CDK4 phosphorylation, and diminished p21 and p27 
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levels. Furthermore, co-silencing of both genes did not 
give rise to additive effects, suggesting that FAM117A 
and DYRK1A operate in tandem in a common pathway 
for G1 suppression. Importantly, these molecular findings 
were confirmed in vivo, where FAM117A knockdown 
markedly accelerated tumor growth in xenograft models 
in nude mice. Collectively, these data support a dual role 
for FAM117A in LUAD: first by acting as a tumor antigen 
involved in invasive progression (delineated by the CIM 
module), and second by functioning as a cell cycle regu-
lator in partnership with DYRK1A to delay proliferation.

From a translational perspective, therapeutic strategies 
that target TAMs and cell-cycle regulators are becoming 
increasingly feasible in clinical settings. Several macro-
phage-modulating approaches, including CSF1R inhibi-
tors (such as pexidartinib and emactuzumab), CCR2/
CCR5 axis inhibitors, and CD47–SIRPα blockade, have 
entered early-phase clinical trials and demonstrated the 
capacity to reshape the composition or function of Mps 
within the TME [45]. In parallel, CDK4/6 inhibitors such 
as palbociclib, ribociclib, and abemaciclib have been 
approved for clinical use in breast cancer and show activ-
ity in subsets of lung cancer, particularly in tumors with 
intact RB signaling [46]. Notably, previous studies have 
suggested that FAM117A expression correlates with sen-
sitivity to CDK4/6 inhibition, supporting the biological 
rationale for combining macrophage-targeted therapies 
with CDK4/6 inhibitors. Together, these data indicate 
that the combined targeting strategy proposed in this 
study is clinically plausible and may be readily adaptable 
to future biomarker-guided trials in LUAD.

Several limitations of the present study should be 
acknowledged. First, the integration of retrospective 
scRNA-seq datasets obtained from different cohorts and 
platforms may introduce unavoidable technical and clini-
cal heterogeneity, despite the application of batch-cor-
rection algorithms. Second, cell–cell interaction analyses, 
including CellChat and NicheNet, rely on computational 
inference of ligand–receptor signaling and do not consti-
tute direct functional evidence of intercellular communi-
cation. Third, although the in vivo xenograft experiments 
provide strong evidence of a tumor-suppressive role for 
FAM117A, immune-related effects and macrophage–
epithelial interactions were not functionally tested using 
immune-competent models. These limitations highlight 
the need for prospective and mechanistically-focused 
studies to further validate and extend our findings.

Taken together, our results highlight two converging 
mechanisms that may drive the progression of LUAD: 
(i) crosstalk between SPP1 + Mps and basal cells pro-
motes proliferation and immunotherapy resistance, and 
(ii) the FAM117A–DYRK1A axis enforces G1/S control 
and restrains tumor expansion. Both mechanisms under-
score the intricate cellular interactions within the LUAD 

microenvironment and suggest therapeutic opportu-
nities. Targeting of SPP1 + macrophage signaling and 
restoration of FAM117A–DYRK1A function may syner-
gistically suppress invasive tumor growth and overcome 
drug resistance in LUAD.

Conclusion
This research provides a comprehensive view of the 
immune and non-immune cell composition within the 
TME of LUAD. Furthermore, it highlights the potential 
value of developing therapeutic strategies that target 
SPP1 + Mps and basal cells, or the molecules involved 
in their crosstalk, thereby hindering cancer cell pro-
liferation and enhancing the response of tumors to 
immunotherapies.
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DYRK1A	� Dual-specificity tyrosine-regulated kinase 1 A
PLA	� People’s liberation army
RPMI	� Roswell Park memorial institute (medium)
PBS	� Phosphate-buffered saline
BSA	� Bovine serum albumin
DNase I	� Deoxyribonuclease I
mIHC	� Multiplex immunohistochemistry
TSA-DIG	� Tyramide signal amplification with digoxigenin
H&E	� Hematoxylin and eosin
RIPA	� Radioimmunoprecipitation assay
SDS-PAGE	� Sodium dodecyl sulfate polyacrylamide gel electrophoresis
PBST	� Phosphate-buffered saline with tween
IHC	� Immunohistochemistry
qPCR	� Quantitative polymerase chain reaction
RT-PCR	� Reverse transcription polymerase chain reaction
SYBR	� SYBR green (fluorescent dye for qPCR)
GAPDH	� Glyceraldehyde-3-phosphate dehydrogenase
Seurat	� R package for single-cell RNA-seq analysis
CCA	� Canonical correlation analysis
UMAP	� Uniform Manifold Approximation and Projection
GSVA	� Gene set variation analysis
BCA	� Bicinchoninic acid (protein assay)
GO	� Gene Ontology
OS	� Overall survival
TF	� Transcription factor
EGR1	� Early growth response 1
CNV	� Copy Number Variation
AT1	� Alveolar type 1 cell
AT2	� Alveolar type 2 cell
APOD+	� Apolipoprotein D positive
IGF1	� Insulin-like growth factor 1
IGFBP3	� Insulin-like growth factor binding protein 3
NF-κB	� Nuclear factor kappa-light-chain-enhancer of activated B 

cells
CDK	� Cyclin-Dependent Kinase
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p21 (CDKN1A)	� Cyclin-Dependent Kinase Inhibitor 1 A
p27 (CDKN1B)	� Cyclin-Dependent Kinase Inhibitor 1B
Cyclin D1	� G1/S-specific Cyclin D1
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