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Single cell and machine learning identify gkl

type Il pneumocyte-derived biomarkers HN1/
OCIAD2/SFTA2 for non-small cell lung cancer

prognosis and immune regulation
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Abstract

Background Non-small cell lung cancer (NSCLC) is one of the most prevalent malignancies and currently shows
a poor clinical prognosis. Type Il pneumocyte, as one of the main sources of cancer cells in NSCLC, is important
to explore the molecular functions of its related markers for a deeper understanding of NSCLC.

Methods In this study, NSCLC single-cell profiles and transcriptomic data were derived from Gene Expression Omni-
bus (GEO). Single-cell clustering was used to characterize the infiltration of type Il pneumocyte and to reveal differ-
ences in the regulatory function of this cell compared to other cell subpopulations. Interactions between cellular sub-
populations were clarified by CellChat. High-dimensional weighted gene co-expression network analysis (hdWGCNA)
was utilized to mine modular signature genes closely relevant to type Il pneumocyte in NSCLC. Differential expression
analysis combined with least absolute shrinkage and selection operator (LASSO) and support vector machine recur-
sive feature elimination (SVM-RFE), two machine learning algorithms, was used to screen key genes in NSCLC that are
associated with disease progression and type Il pneumocyte. The CIBERSORT and ESTIMATE algorithms were mainly
used to assess the correlation between biomarkers and immune cell infiltration in NSCLC. Gene set enrichment analy-
sis (GSEA) was used to evaluate the regulatory functions of biomarkers. CCK-8, Transwell assay, and wound healing
assay were used to illustrate the regulation of biomarkers to NSCLC cell lines.

Results Seven types of cell subpopulations were found in NSCLC samples, including macrophages, type Il pneu-
mocyte, T cell, ciliated cell, B cell, endothelial cell, and plasma cell. Among them, there is extensive cellular commu-
nication between type Il pneumocyte and macrophages, mainly through ITGB2-ICAM1, HLA-DPB1-CD4, and HLA-
DOB1-CD4 ligand-receptor pair binding. hdWGCNA combined with machine learning algorithms screened three
key genes, HNT, OCIAD2, and SFTA2, associated with type Il pneumocyte and NSCLC progression. Among them, HNT
and OCIAD2 were significantly negatively correlated with the stromal infiltration score, immunization score, and ESTI-
MATE score, respectively, whereas SFTA2 was significantly positively correlated with these three indicators. In vitro cel-
lular assays indicate that HNT and OCIAD? are significantly upregulated in the NCI-H838 and A549 cell lines, whereas
SFTA2 expression is downregulated. Furthermore, silencing HN7 significantly inhibits the proliferation, migration,

and invasive capacity of NSCLC cell lines.

Conclusion This study elucidates genes in NSCLC that are highly associated with both disease progression and type
Il pneumocyte features as potential biomarkers of NSCLC, and predicts their potential regulatory functions as well
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as their impact on the immune infiltration profile of NSCLC, providing guidance for the unraveling of the immune

mechanisms of NSCLC.

Keywords Non-small cell lung cancer, Type Il pneumocyte, High-dimension weighted gene co-expression network

analysis, Immunity, Cell-cell contact, Machine learning

Introduction

Lung cancer is a prevalent clinical malignancy, of which
non-small cell lung cancer (NSCLC) accounts for more
than 80% of all lung cancers [1, 2]. NSCLC includes squa-
mous cell carcinoma, adenocarcinoma, and large-cell
carcinoma, and compared with small-cell carcinoma,
its cancer cells grow and divide slower, and its metasta-
sis spreads relatively late [3, 4]. NSCLC is a subtype of
lung cancer with high incidence rates, and its treatment
options and prognosis are closely related to its diagnos-
tic timing and pathological type [5, 6]. However, as early-
stage NSCLC is generally asymptomatic, most patients
are diagnosed with intermediate or advanced stages
of this disease, limiting its therapy [7]. After the recur-
rence of NSCLC, a limited number of patients qualify for
further surgical intervention, while the majority receive
treatment through radiation and/or systemic therapies
[8]. Although chemotherapy based on platinum com-
pounds has been the conventional systemic approach,
its adverse effects, including nonspecific cytotoxicity
and the development of drug resistance, present signifi-
cant clinical challenges [9]. In the last 10 years, immune
checkpoint inhibitors (ICIs) have transformed the treat-
ment landscape for NSCLC [10]. For patients lacking
targetable oncogenic mutations, anti-PD-1/PD-L1 anti-
bodies have established themselves as the foundational
treatment within this category. These antibodies work by
blocking the interaction between the programmed cell
death 1 (PD-1) receptor and its ligand PD-L1, thereby
triggering the adaptive immune response to combat
cancer cells [11, 12]. While multiple anti-PD-1/PD-L1
antibodies have shown clinical efficacy, the objective
response rates vary between 27 and 45%, suggesting that
the therapeutic advantages are restricted to a specific
group of patients [13, 14]. It is crucial to identify depend-
able biomarkers that can predict treatment responses,
which will help determine the most promising therapeu-
tic approaches tailored to individual patients.

NSCLC growth, invasion, metastasis, and patient prog-
nosis have been found to be closely correlated with the
infiltration level of cellular components in the immune
microenvironment [15]. The typical cells in the immune
microenvironment of NSCLC encompass tumor-associ-
ated macrophages (TAMs) and natural killer (NK) cells
[16]. Among them, the M2-polarized phenotype of TAMs
has an immunosuppressive function and can promote

tumor growth, angiogenesis, and tumor metastasis [17].
In addition, TAM can hinder immune responses, induce
immune tolerance, and reduce the response of NSCLC
to conventional therapies [18]. NK cells are innate lym-
phocytes in the immune microenvironment of NSCLC
that exhibit cytotoxicity against cancer cells mediated
by the release of cytokines and chemokines and can be
directly involved in the immune response to cancer [19].
However, fewer studies have revealed the mechanisms by
which cellular interactions in the tumor microenviron-
ment regulate these immune cells. It is worth mention-
ing that type II alveolar epithelial cells, one of the major
sources of NSCLC, interact with a variety of immune
cells in the tumor immune microenvironment, including
macrophages, neutrophils, T cells, etc., which may serve
as an important entry point to reveal the mechanism of
NSCLC development [20]. Type II pneumocyte is a het-
erogeneous cell population with imperative secretory and
regenerative functions in alveoli to maintain lung home-
ostasis [21]. Type II pneumocyte interacts with immune
cells in the tumor microenvironment primarily through
cytokines. For example, type II pneumocyte through
secretion of TGF-f3 or GM-CSF can induce macrophage
polarization toward the pro-tumorigenic M2 type and
promote an immunosuppressive microenvironment
[22-24]. The cytokine IFN-y released by CD8+T cells
can directly upregulate the proliferation and differen-
tiation ability of type II pneumocyte, which has a crucial
regulatory role in the malignant development of cancer
[25, 26]. Thus, the present study was conducted to eluci-
date potential biomarkers of NSCLC by taking the tumor
immune microenvironment of NSCLC as a starting
point, especially to elucidate the regulatory role of type II
pneumocyte in tumor immune microenvironment.

In this study, we focused on analyzing single-cell pro-
files of NSCLC to reveal type II pneumocyte infiltration
in tumor immune microenvironment, and combined
high-dimensional weighted gene co-expression network
analysis (hdWGCNA) and machine learning algorithms
to mine the crucial genes in NSCLC that are closely
related to type II pneumocyte and cancer progression
key genes that are closely related to NSCLC as poten-
tial biomarkers. Follow-up studies revealed the immu-
noregulatory roles as well as regulatory functions of these
potential biomarkers through immune infiltration analy-
sis and enrichment analysis. The potential biomarkers
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of NSCLC and their related functions elucidated in this
study can help provide guidance for the development of
new diagnostic or treatment strategies for NSCLC.

Materials and methods

Data source

The NSCLC single-cell dataset GSE117570 is sourced
from the Gene Expression Omnibus (GEO, https://www.
ncbi.nlm.nih.gov/geo/download/?acc=GSE117570&
format=file) database. It comprises samples from four
untreated, early-stage NSCLC patients, including tumor
samples (three lung adenocarcinomas and one squa-
mous cell carcinoma) and adjacent normal tissue from
the same patients. The GSE18842 chip dataset represents
a single-center, histologically confirmed NSCLC cohort
from Spain, comprising 91 lung tissue specimens (46
tumors and 45 controls) encompassing both lung adeno-
carcinoma and squamous cell carcinoma.

Single-cell RNA sequencing (scRNA-Seq) analysis
GSE117570 was followed up. First, the data was read
using the Seurat package [27]. To optimize data reliability,
we filtered out genes detected in fewer than three single
cells, excluded cells expressing fewer than 200 or more
than 6,000 genes, and removed cells with mitochondrial
gene proportions exceeding 10%. After this selection pro-
cess, 3,883 cells were retained for subsequent analysis.
Next, the data were normalized using the SCTransform
function to eliminate differences in sequencing depth.
Next, principal component analysis (PCA) dimension-
ality reduction was performed and batch effects were
removed for different samples using the harmony pack-
age [28]. UMAP downscaling was performed using the
RunUMAP function, and a k-nearest neighbor (KNN)
classification based on Euclidean distance was con-
structed employing FindNeighbors function based on the
first 50 principal components. Thereafter, the FindClus-
ter function was utilized to cluster the cells into clusters,
with the resolution set to 0.1. Cells were annotated by the
marker genes offered in CellMarker2.0 database (http://
117.50.127.228/CellMarker/). Differentially expressed
genes (DEGs) between cell subpopulations were iden-
tified employing the FindAllMarkers function, setting
at logfc.threshold =0.25, min.pct=0.30, only.pos=T.

Analysis of cellular communication

In this study, CellChat was used to explore ligand—recep-
tor pairs between cell subpopulations, and bubble plots
were applied to show the likelihood and significance
of ligand—receptor interactions between cell subpopu-
lations. The interaction type was selected as cell—cell
contact.
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hdWGCNA

The hdWGCNA package [29] was applied to read the
single-cell transcriptome data of NSCLC. In detail, the
target cell subpopulation was selected, and the genes
that are expressed in at least 5% of the cell subpopula-
tion were applied to create the co-expression network
object, followed by the execution of the KNN algorithm
to construct the metacells to reduce the sparsity of the
single-cell expression matrix. Then, the target cell sub-
population was chosen, and the optimal soft threshold
value was computed. Subsequently, in this study, by cal-
culating the eigenvalue module eigengene (ME) of the
gene module with the module connectivity, the genes
that highly show high connectivity within the module are
used as hub genes.

Screening of DEGs associated with NSCLC progression

In this study, the DESeq2 package was utilized to
assess the differential gene expression levels between
NSCLC samples and control samples, and to screen for
DEGs with significant relative expression levels using
|log,FC|>1 and padj<0.01 as criteria.

Machine learning

Herein, we first intersected hub genes derived from hdW-
GCNA with DEGs associated with NSCLC progression
to obtain a candidate feature set. For the least absolute
shrinkage and selection operator (LASSO) procedure,
we used the glmnet package to fit a binomial model [30].
Gene-level expression values were standardized prior
to modeling. The penalty parameter A was selected by
threefold cross-validation using cv.glmnet with alpha=1
and nfolds=3; the model at lambda.min (yielding the
lowest cross-validated error) was chosen to compress
the feature set. In parallel, support vector machine recur-
sive feature elimination (SVM-RFE) was run with caret
(functions = caretFuncs, method =“cv’, number =3) using
a svmRadial learner on centered/scaled data, selecting
the subset with the best CV performance. Follow-up
studies will further take the intersection of the analysis
results of the above two models to obtain potential bio-
markers of NSCLC.

Immune infiltration analysis

In this study, the CIBERSORT package [31] was
employed to calculate the immune cell infiltration lev-
els in NSCLC dataset samples, in which 22 common
immune infiltrating cell expression data LM22 were
acquired from the CIBERSORT official website (https://
cibersortx.stanford.edu/). The rank-sum test was utilized
to calculate whether there was a significant difference in
immune infiltration between NSCLC and controls, and
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the correlation between biomarkers and immune cell
infiltration was assessed based on Spearman’s correla-
tion coefficient. The estimate package [32] was used for
further immune cell infiltration analyses, and Spearman’s
correlation coefficient was applied to assess the correla-
tion of biomarkers with StromalScore, ImmuneScore,
ESTIMATEScore.

Enrichment analysis

In this study, NSCLC samples were split into high and
low biomarker expression groups by the median expres-
sion of potential biomarkers of NSCLC, and the HALL-
MARK gene set was used as the background gene set,
and enrichment analysis was performed for each group
in the background gene set utilizing GSEA_4.2.2 software
(FDR<0.05).

Cell culture and transfection

All cells were purchased from BeNa Culture Collec-
tion (https://www.bncc.com/, Xinyang, China). Human
bronchial epithelial cells BEAS-2B (BNCC359274) and
human lung cancer cells A549 (BNCC337696) and NCI-
H838 (BNCC100696) were obtained and applied for the
current study. Cells were cultured in DMEM medium
containing 10% fetal bovine serum (FBS; Gibco, 26140-
095) and 1% antibiotics (Gibco, 15070-063). The cul-
tures were stored at 37 °C in a humidified atmosphere
with 5% CO,. Lipofectamine 2000 (Invitrogen, USA) was
used for transfecting cells with either negative control
(NC) siRNA or HNI siRNA (Sangon, China). The target
sequences of HNI siRNA were 5 -GACTGTACATCT
CTTGGATTTGT-3" (si-HN1#1) and 5 -CTGTACATC
TCTTGGATTTGTTT-3' (si-HNI#2).

QRT-PCR

Total RNA was collected from cells and reverse tran-
scribed into cDNA employing a reverse transcriptase
enzyme, followed by qRT-PCR analysis. The OD,s/
OD,y, ratio of the RNA solution was detected utilizing
the NanoDrop spectrophotometer to assess RNA qual-
ity. One microgram of RNA was treated with DNase I
and reverse transcribed into cDNA using a reverse tran-
scriptase with random hexamers/oligo(dT) primers,
following the manufacturer’s protocol. qRT-PCR was
performed on an ABI 7500 system (Thermo Fisher Scien-
tific, USA) using a SYBR Green master mix in 10-20 pL
reactions (1 X SYBR mix, 0.2—-0.4 uM forward and reverse
primers, and 1-2 pL ¢cDNA). The thermocycling condi-
tions were: 95 °C for 2 min; 40 cycles of 95 °C for 10 s
and 60 °C for 30 s, followed by a melt-curve analysis from
65 °C to 95 °C with 0.5 °C increments to verify amplicon
specificity. Each sample was run in technical triplicate,
with no-template and no-RT controls included. Relative
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mRNA levels were calculated using the 274" method
with GAPDH as the internal reference. The primer pairs
were as follows:
HNI: F: TAGTGGTGGCAGGGAAGACTTG,
HNI: R: CCTGGCAAGTCTGTGTCCACAT;
OCIAD2: F: GCACATCCACAGAGCAGAGATC,
OCIAD2: R: TAGTCCCTGGGTGACAAGCATG;
SFTA2: F: GGAGTCTTTTCTGACAAATTCCTC,
SFTA2:R: GGTGTTGAGATCTTGCATGGTGG;
GAPDH: F: GTCTCCTCTGACTTCAACAGCG,
GAPDH: R: ACCACCCTGTTGCTGTAGCCAA.

Cell counting kit-8 (CCK-8) test

The cell suspensions (5x10% cells/well in 100 pL of
medium) were seeded into 96-well plates. CCK-8 reagent
was subsequently added, and the cells were incubated for
30 min. The absorbance at 450 nm for each well was then
detected utilizing a microplate reader (Bio-Rad, USA)
[33].

Wound healing test

Cells were seeded into six-well plates with 2 mL of
complete medium per well and cultured at 37 C in
a humidified incubator with 5% CO, until a conflu-
ent monolayer was formed. A straight scratch was
created in the cell monolayer of each well employ-
ing pipette tip. The wells were washed twice using PBS
to eliminate detached cell debris, and fresh non-serum
medium was added. Images of the wounds were taken
employing a microscope at 0 and 48 h after scratching.
Wound healing rate was calculated as: Wound heal-
ing rate=(initial wound width — current wound width)/
initial wound width * 100%.

Transwell assay

Cells were seeded into the upper chamber of a Transwell
insert (Corning, USA), while the medium containing
serum was sdded to the lower chamber. After incubation
at 37 °C for 48 h, non-invading cells in the upper chamber
were eliminated. The membrane was fixed in 4% para-
formaldehyde and stained with crystal violet for 10 min.
The number of cells that had invaded to the lower surface
of the membrane was calculated employing an inverted
microscope.

Statistical analysis

All statistical data were analyzed employing the R lan-
guage (version 4.2.0) and GraphPad Prism (version
8.0.2). Wilcoxon test, unpaired t-test and analysis of
variance were used to calculate the differences between
two groups or multiple groups of continuous variables;
p<0.05 was deemed statistically significant.
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Results

Single-cell mapping of NSCLC

In this study, after clustering the single-cell data of
NSCLC samples, seven major cell subpopulations were
identified, including macrophage, type II pneumocyte,
T cell, Ciliated cell, B cell, endothelial cell, and plasma
cell (Fig. 1A, B). Among them, the marker genes for
macrophages were LYZ, CIQA, and CIQB, the marker
genes for type II pneumocyte were SFTPB, NAPSA,
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and SLC34A2, the marker genes for T cell were IL7R,
CD3E, and CD3D, the marker genes for ciliated cell were
C200rf85, TMEM190, and CAPS, the marker genes for B
cell were SPIB, CD79B, and CD69, the marker genes for
endothelial cell were SPARC, CAV1, and FN1, and marker
genes for plasma cell were CD79A, IGHGI, and IGHG3
(Fig. 1C). Follow-up studies analyzing the enrichment
of genes with high type II pneumocyte-specific expres-
sion showed that these genes were markedly implicated
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in epithelial cell proliferation, regulation of epithelial cell
proliferation, and ERBB signaling pathway (Fig. 1D).

Interactions among cell subpopulations in NSCLC samples
In this study, we revealed extensive intercellular commu-
nication among various cell subpopulations in NSCLC
by cell communication analysis. Specifically, by extract-
ing the ligand-receptor information of each cluster, we
found that macrophages could influence type II pneu-
mocytethrough ITGB2-ICAM1, HLA-DPB1-CD4,
HLA-DQB1-CD4, etc. (Fig. 2). Previous studies showing
the interaction between type II pneumocyte and mac-
rophages to influence cancer progression are consistent
with this result.

Mining gene modules related to type Il pneumocyte

in NSCLC based on hdWGCNA

Based on the hdWGCNA package, we chose to perform
co-expression network analysis on type II pneumocyte,
and automatically obtained the optimal soft threshold
14 by calculation and constructed the co-expression net-
work (Fig. 3A, B). Subsequently, in this study, the genes
with high connectivity within the modules were filtered
as hub genes by calculating the module eigenvalue ME
with module connectivity and categorized into 12 feature
modules (Fig. 3C).

Subsequently, this study calculated the expression of
genes within each module in different cells, analyzed
the expression levels of genes within the module in dif-
ferent cell subpopulations, as well as the inter-module
correlation of genes (Fig. 4A, B). Among them, the genes
within the M6 module had the highest expression ratio
and expression amount in type II pneumocyte, so we
chose this module as the key module. Subsequently, the
hub gene network within the module was derived in this
study (Fig. 4C).

Screening of DEGs in NSCLC

In this study, we carried out differential expression anal-
ysis of NSCLC samples compared with control samples
and screened 2001 DEGs, including 895 upregulated
genes and 1106 downregulated genes (Fig. 5A). The top
20 upregulated and downregulated genes were subse-
quently employed to draw expression heatmaps, and the
intersection of hub genes of hdWGCNA and DEGs in
NSCLC was taken, and a total of 5 key genes highly asso-
ciated with type II pneumocyte were obtained for subse-
quent studies (Fig. 5B, C).

Machine learning algorithm screens biomarkers associated
with type Il pneumocyte in NSCLC

In this study, five key genes highly associated with type II
pneumocyte were further analyzed by machine learning
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algorithm. On the one hand, this study used LASSO
regression analysis, and the model with the least error
was selected as the result of the LASSO analysis, which
yielded three characterized genes (Fig. 6A, B). On the
other hand, this study performed SVM-RFE analysis
with recursive elimination of feature genes for five genes,
and the model with the least error at N=>5 contained five
feature genes (Fig. 6C). Taking the intersection of the
two results, three genes that were identified as feature
genes in both machine learning as potential biomarkers
for NSCLC were obtained, namely: HNI, OCIAD2, and
SFTA2 (Fig. 6D).

Correlation of type Il pneumocyte-related biomarkers

with the immune microenvironment of NSCLC

In this study, immune cell infiltration analysis of GEO
samples using CIBERSORT revealed significant differ-
ences in the infiltration of multiple immune cell types
between NSCLC samples and controls. For example,
plasma cells and macrophages exhibit higher infiltration
levels in tumor samples, whereas CD8" T cells, activated
mast cells, and neutrophils show greater infiltration in
control samples (Fig. 7A). Additionally, we found that
SFTA2 gene expression showed a significant positive
correlation with the infiltration levels of granulocytes,
monocytes, and eosinophils, whereas HNI and OCIAD2
gene expression levels were significantly negatively cor-
related with the infiltration levels of these cells. HN1 and
OCIAD?2 gene expression showed a significant positive
correlation with macrophage and plasma cell infiltra-
tion (Fig. 7B). ESTIMATE analysis results indicate that
StromalScore, ImmuneScore, and ESTIMATE score are
all higher in control samples compared to tumor sam-
ples (Fig. 7C). Specifically, HN1 and OCIAD2 were sig-
nificantly negatively correlated with these scores, while
SFTA2 was significantly positively correlated with these
scores (Fig. 7D).

Predicted regulatory function of three type I
pneumocyte-related biomarkers

To understand the roles played by the three biomarkers
in NSCLC, we grouped NSCLC by the median expression
of three biomarkers and performed functional enrich-
ment analysis among the groups. The results showed that
E2F TARGETS, MYC TARGETS V1, and MYC TAR-
GETS V2 were markedly enriched at high expression of
HN1, whereas inflammatory response as well as apopto-
sis-associated pathways, which are often thought to play
a role in cancer resistance, were significantly enriched at
low expression of HN1. SFTA2-associated pathways were
exactly opposite to those of HNI, which is consistent with
the two genes’ expression trends in the tumor expression
trends. High expression of OCIAD2 caused significant
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enrichment of ANGIOGENESIS, COAGULATION, IL6
JAK STAT SIGNALING, KRAS SIGNALING UP, and
TNFA SIGNALING VIA NFKB pathways (Fig. 8A—C).

Regulatory effects of potential biomarkers on NSCLC cell
lines

Molecular analysis displayed that HNI and OCIAD2
were notably upregulated in NSCLC cell lines compared
with bronchial epithelial cell lines (Fig. 9A). We further
established HNI-silenced NSCLC cell lines, namely,
A549/si-HN1 and NCI-H838/si-HN! (Fig. 9B, C). CCK-8
assays demonstrated that HNI knockdown reduced the
proliferative capacity of NSCLC cell lines (Fig. 9D, E).
Moreover, both the migration and invasion abilities of

A549/si-HN1 and NCI-H838/si-HN1 cells were markedly
decreased compared with the control group (Fig. 9F, G).

Discussion

NSCLC is a common type of lung cancer in clinical
practice, which usually has no obvious symptoms in the
early stage, and the survival rate of patients is low in the
advanced stage [5, 34]. Immunotherapy is currently an
effective therapeutic option for NSCLC patients, and
several studies have also elucidated that the activity of
immune checkpoints, which can directly affect the anti-
tumor activity of immune cells in tumor immune micro-
environment, influences the effective recognition and
clearance of cancer cells by immune cells [35]. Thus, the
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assessment of cellular components in the immune micro-
environment is important for the development of thera-
peutic strategies for NSCLC. In this research, we mined
type II pneumocyte-associated key genes by NSCLC
single-cell mapping as well as hdWGCNA, and combined
with immune infiltration analysis and gene function
enrichment analysis to clarify the regulatory mecha-
nisms of potential biomarkers affecting the progression
of NSCLC.

Potential biomarkers of NSCLC identified here
include HNI, OCIAD2, and SFTA2, and—without
extending beyond the cited evidence—we note that
their presence within AT2-related signals in our data-
set is biologically plausible given known AT2 programs.

For HNI, prior reports of its interaction with the
GSK3p/p-catenin complex and links to epithelial adhe-
sion dynamics [36] are compatible with pathways that
are active in AT2 lineage maintenance and injury-
repair responses; thus, HN1 expression in AT2-related
compartments may reflect engagement of [B-catenin-
regulated epithelial programs observed to be dysregu-
lated across cancers [37—-40]. For OCIAD2, which shows
cancer-type variable expression and is upregulated in
lung adenocarcinoma with adverse prognosis [41, 42],
its retention in AT2-related selections could be consist-
ent with epithelial signaling states detectable in AT2-
like cells under tumor conditions, although causal roles
cannot be inferred. For SFTA2, a surfactant-associated,
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glycosylated protein whose expression is regulated by
lipopolysaccharides and maps to bronchiectasis suscep-
tibility loci [43], enrichment within AT2-related signals
is expected because AT2 cells synthesize surfactant;
prior NSCLC data linking higher SFTA2 expression
to favorable prognosis [44] align with this epithelial
context but remain associative. Overall, these AT2-
compatible expression patterns support the face valid-
ity of HN1, OCIAD?2, and SFTA2 in our analysis while

emphasizing that mechanistic and clinical implications
require further study.

In this study, we elucidated that the expression levels of
three potential biomarkers were significantly correlated
with the infiltration levels of most immune cells, includ-
ing plasma cells, monocytes, dendritic cells, eosinophils,
and neutrophils by analyzing the immune infiltration of
NSCLC. Plasma cells are B-lymphocytes terminally dif-
ferentiated effector cells, which are mainly responsible
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for antibody synthesis and secretion and play a central
role in humoral immunity. Plasma cells could also pre-
dict the outcome of PD-L1 blockade therapy in NSCLC,
suggesting the association of the three genes in this study
with tumor immunomodulation [45]. Monocytes, the
innate immune cells of the mononuclear phagocyte sys-
tem, have become an imperative regulator of cancer pro-
gression, and they exert an important role in maintaining
the homeostasis of tumor microenvironment and facili-
tating the antitumor functions of macrophages and den-
dritic cells [46]. SFTA2, which was tapped in this study,
exhibited a significant negative association with the
infiltration of this cell, contrary to the trend of the other
two genes, and supports the prediction of this study that
SFTA2 might exist as a marker to predict good progres-
sion of NSCLC. Similarly, dendritic cells, eosinophils,
and neutrophils showed the same trend of correlation
with these genes as monocytes. Among them, dendritic
cells can exert significant antitumor effects by activat-
ing STING proteins, a process that involves the secre-
tion of the cytokine IFN-y and the differentiation and
maturation of antigen-presenting cells [47]. There is a
strong correlation between eosinophils and the immune
microenvironment of cancer, and chemokines secreted
in immune microenvironment of cancer can promote the
homing of eosinophils and promote their recruitment to
the cancer immune microenvironment, which is associ-
ated with a favorable prognosis in cancers such as colo-
rectal, prostate, and breast cancers [48].The regulation
of cancer progression by neutrophils is characterized by
heterogeneity, and in the tumor microenvironment, this
cell, in the presence of cytokines such as IFN-f, IL-1p,
and others, exhibits an anti-tumorigenic N1-polarized
phenotype or pro-tumorigenic N2-polarized phenotype
[49]. Neutrophils in NSCLC similarly have multiple dif-
ferentiation states, which are closely relevant to immune
regulation and metabolic pathways [50]. The above stud-
ies also suggest that the genes associated with NSCLC
development and type II pneumocyte in the present
study might influence NSCLC progression by affecting
immune cell activity and immune escape response of
tumor cells.

It should be noted that our research still has certain
limitations. First, the single-cell data in this study origi-
nated solely from four tumor samples, and the macro-
transcriptome data utilized only a single public cohort.
No independent external cohort was established for
revalidation, nor were prognostic or therapeutic efficacy
assessments conducted using patient survival outcome
information. Moving forward, we plan to incorporate
independent, multicenter cohorts with larger sam-
ple sizes. We will conduct external validation using our
own clinical samples, perform stratified analyses, and
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undertake prospective validation to assess the model’s
robustness and generalizability across different popula-
tions and technical platforms. Secondly, current func-
tional validation primarily focuses on in vitro studies and
single-gene approaches, lacking systematic gain-of-func-
tion/loss-of-function studies, pathway mechanisms, and
causal evidence for OCIAD2 and SFTA2. Furthermore,
there is a shortage of in vivo models and direct evidence
for AT2 lineage specificity. Therefore, our future work
will involve conducting knockdown, overexpression, and
rescue experiments for these markers, combined with
pathway readouts (e.g., p-catenin, JAK/STAT, NF-«B).
Concurrently, we will validate the effects on tumor
growth, metastasis, and the immune microenvironment
using conditional AT2 lineage mice or xenograft models
in vivo. Finally, CIBERSORT exhibits methodological
uncertainties in macro-transcriptome data deconvolu-
tion within this study and has not established a robust
predictive model suitable for clinical application. Future
improvements will primarily involve cross-validation of
multi-algorithm deconvolution and threshold sensitivity
analysis, alongside incorporating spatial transcriptomics
or multiplex immunohistochemistry to validate spatial
colocalization. Furthermore, when constructing clinical
models, we will supplement with internal resampling and
external validation, calibration curve and decision curve
analysis, to clarify potential clinical use cases and thresh-
old values.

Conclusion

Collectively, this study uncovered the infiltration of type
II pneumocyte in the tumor microenvironment by sin-
gle-cell profiling of NSCLC and combined hdWGCNA
analysis and machine learning algorithms to elucidate
the critical genes associated with type II pneumocyte
in NSCLC as NSCLC potential biomarkers. Follow-up
studies further elucidated the regulatory roles of these
potential biomarkers in the immune microenvironmental
infiltration of NSCLC. The genes and their related func-
tions elucidated in this study are expected to inform the
development of clinical NSCLC therapeutic strategies.

Abbreviations

NSCLC Non-small cell lung cancer

GEO Gene Expression Omnibus

hdWGCNA  High-dimensional weighted gene co-expression network
analysis
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