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ARTICLE INFO ABSTRACT
Keywords: Background: Natural Killer (NK) cells are vital components of the innate immune system, crucial
Single-cell RNA-Sequencing for combating infections and tumor growth, making them pivotal in cancer prognosis and

Lung adenocarcinoma (LUAD)

. immunotherapy. We sought to understand the diverse characteristics of NK cells within lung
NK gene signature (NKGS)

adenocarcinoma (LUAD) by conducting single-cell RNA sequencing analyses.

P ;
TrGOFg-I[;OsSi:naling Methods: Using the scRNA-seq dataset for multiple primary lung cancers (MPLCs), we examined
Immunosuppressive two major NK cell groups, NK1 and NK2, comparing the expression profiles of 422 differentially

expressed NK signature genes. We identified eight genes (SPON2, PLEKHG3, CAMK2N1, RAB27B,
CTBP2, EFHD2, GOLM1, and PLOD1) that distinguish NK1 from NK2 cells. A prognostic signa-
ture, the NK gene signature (NKGS) score, was established through LASSO Cox regression. High
NKGS scores were linked to poorer overall survival in TCGA-LUAD patients and consistently
validated in other datasets (GSE31210 and GSE14814).

Results: Functional analysis revealed an enrichment of genes related to the TGF-p signaling
pathway in the high NKGS score group. Moreover, a high NKGS score correlated with an
immunosuppressive tumor microenvironment (TME) driven by immune evasion mechanisms. We
also observed reduced T-cell receptor (TCR) repertoire diversity in the high-risk NKGS group,
indicating a negative association between inflammation and risk score.

Conclusion: This study introduced the innovative NKGS score, differentiating NK1 from NK2 cells.
High NKGS scores were associated with the TGF-p pathway and provided insights into LUAD
prognosis and immune activities.

1. Introduction

Non-small cell lung cancer (NSCLC) is a predominant subtype of lung cancer, posing a formidable global health challenge due to its
widespread prevalence and high mortality rates [1]. Remarkably, NSCLC constitutes an overwhelming 85 % of all lung cancer cases,
underscoring its clinical significance and amplifying the call for advanced therapeutic solutions [2,3]. One of the inherent complexities
of NSCLC is its marked genetic and phenotypic heterogeneity. Such diversity not only complicates diagnosis for clinicians but also
impedes the creation of universally effective treatment approaches [4,5]. As a result, the spotlight in modern NSCLC research has
shifted towards personalized precision therapy [6,7]. In the complex landscape of this disease, biomarkers have become essential tools,
holding potential for predicting patient outcomes and refining treatment approaches [8-10].
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Fig. 1. Comprehensive analysis of MPLCs single cell atlas. (A) UMAP plots of nine major cell lineages (T cells, NK cells, B cells, Plasma cells, Myeloid
cells, Mast cells, Epithelial cells, Fibroblast cells, and Endothelial cells) from MPLCs patients. (B) UMAP plots of 84,425 cells, colored by 33 cell
clusters. (C) Violin plot for expression of one canonical marker gene in each major cell lineage. (D) UMAP plots of nine major cell lineages, colored
by corresponding canonical marker gene.
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In recent years, biomarkers such as PD-L1 expression and tumor mutation burden (TMB) have been frequently utilized in the
clinical arena, primarily to anticipate the response to immunotherapy, a promising line of treatment that has offered considerable
benefits for various malignancies [11-13]. However, these markers do not encapsulate the entire story. The tumor microenvironment
(TME) of NSCLC is varied and dynamic, suggesting that relying solely on current biomarkers might not provide a comprehensive
understanding of the potential therapeutic outcomes [14-16]. The significance of biomarker research in NSCLC can hardly be over-
stated. Biomarkers offer insights into the biological behavior of tumors, paving the way for more accurate diagnostic and prognostic
tools [16]. Moreover, by identifying specific molecular and cellular features, biomarkers can guide the selection of targeted treatments,
enhancing therapeutic efficacy and potentially reducing adverse side effects [17-19]. However, they often successfully predict the
therapeutic outcome of immunotherapy only for a subset of LUAD (Lung Adenocarcinoma) patients, indicating a pressing need for
expanded biomarker discovery [20-23]. Therefore, a contemporary research hotspot in NSCLC encompasses the development of novel
predictive models. This approach is expected to revolutionize therapeutic strategies, by not only improving prognosis accuracy but also
by refining treatment modalities, thus aiming to enhance patient outcomes and survival rates [20-23].

Natural Killer (NK) cells, have a profound connection to malignancies, especially lung cancer, a predominant driver of cancer-
induced fatalities worldwide [24-26]. Leading this frontier is the adoptive NK cell therapy are administered back to patients
[27-29]. These fortified NK cells demonstrate augmented endurance and robust anti-tumor capabilities within the challenging,
immunosuppressive landscape of lung cancer’s tumor microenvironment (TME) [30,31]. Compounding this challenge, factors such as
TGF-f and IL-10, secreted by the tumor cells, serve to dampen NK cell efficacy significantly [32-35]. Add to this the incursion of
immunosuppressive cohorts like MDSCs and Tregs, and NK cell activity is further stifled. Disturbingly, preliminary findings indicate
that lung tumors may actively induce NK cell apoptosis, depleting their numbers within the TME [36-39]. This potent immunosup-
pression presents formidable obstacles in treatment efficacy. While frontline modalities like chemotherapy or radiation might suc-
cessfully target and eliminate cancer cells, an attenuated immune backdrop may falter in maintaining lasting tumor oversight, ushering
in potential relapses [40]. In summary, the critical defense role of NK cells against lung cancer is undeniable; however, their
compromised cytotoxic prowess in impacted individuals amplifies the urgency for pioneering therapeutic interventions [27].

The advent of single-cell RNA-sequencing (scRNA-seq) technology, coupled with sophisticated data analysis techniques, has
unlocked unparalleled potential to decipher the molecular nuances of various immune cell subsets within the TME [41-43]. Previous
studies have reported that scRNA-seq datasets can serve as a compelling approach to forecast patient prognosis and their respon-
siveness to immunotherapy [44-46]. Specifically for NSCLC, scRNA-seq has been adeptly employed to probe alveolar macrophages, an
integral pillar of the lung’s immunological architecture [47-50]. In this study, we performed an exhaustive analysis of scRNA-seq data
from multiple primary lung cancers (MPLCs) [51]. Our aim was to delve into the molecular intricacies of tumor-infiltrating NK cells
and pinpoint distinctive marker genes associated with these NK cells. Moreover, we devised a Natural Killer gene signature (NKGS)
score as a prognostic tool for LUAD by integrating scRNA-seq and TCGA-LUAD RNA-seq analyses. We further validated the predictive
accuracy of the NKGS using two independent cohorts from the Gene Expression Omnibus (GEO) database. Additionally, we delved into
the interplay between the NKGS and the immunosuppressive tumor microenvironment (TME) and conducted a potential functional
analysis within the LUAD context.

2. Results
2.1. Cellular atlas of multiple primary lung cancers (MPLCs)

To understand the detailed cellular heterogeneity within the tumor microenvironment (TME) of lung cancer, a reanalysis was
conducted on the scRNA-seq dataset GSE200972 [51]. This dataset encompasses 19 lung samples (Figure S1A), with 5 tumor samples
from the inferior lobe (TI), 4 tumor samples from the middle lobe (TM), and 2 tumor samples from the superior lobe (TS). Additionally,
there are 4 normal tissue samples adjacent to TI (NI), 3 normal tissue samples adjacent to TM (NM), and 1 normal tissue sample
adjacent to TS (NS). For data processing, a principal component analysis (PCA) with n_comps = 50 was performed, followed by the
construction of a neighborhood graph emphasizing the most variable genes and setting n_neighbors at 10. Resultant cell clusters were
annotated using CellTypist [52] and canonical cell markers, revealing 84,425 cells categorized into nine primary cell subsets (Fig. 1A).
Using the Louvain algorithm (resolution = 0.4) via Scanpy [53], 33 unique cell clusters were discerned (Fig. 1B). Expectedly, these
major cell lineages demonstrated consistency across samples based on canonical marker gene expression (Fig. 1C-S1B, and S1C). Cells
like T cells, NK cells, B cells, Plasma cells, myeloid cells, mast cells, epithelial cells, fibroblast cells, and endothelial cells displayed
prominent characterization through high expressions of CD3D, NKG7, MS4A1, MZB1, S100A9, CAP3, KRT18, DCN, and CLDN5,
respectively (Fig. 1C and D). Interestingly, each cell cluster showed enriched expression of its distinguishing canonical marker genes,
indicating shared expression patterns within clusters and clear distinctions between cell lineages (Figure S1D). In conclusion, we
described the landscapes of cell clusters across 19 MPLCs samples for further analysis.

2.2. Characterization of different NK cell clusters

NK cells are crucial components of the innate immune system that play vital roles in tumor immunosurveillance. NK cells are
typically categorized based on their surface expression of CD56 and CD16. The two primary subsets are: NK1 (CD564™CD16") and
NK2 (CD56”8MCD16'°). In lung cancer, the tumor microenvironment can impact NK cell functionality. Tumors often develop
mechanisms to suppress NK cell activity, such as producing immunosuppressive cytokines, upregulating inhibitory ligands, or
recruiting regulatory cells that inhibit NK cell functions.
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Following stringent quality control measures and filtering, a total of 9099 NK cells were identified and further categorized into two
distinct subsets (Fig. 2A). These NK cells were organized into seven unique clusters derived from NI, T, NM, and TN samples (Fig. 2B).
It was noted that NK1 cells exhibited enhanced expression of CD16 (FCGR3A), PRE1, and GZMH, indicated their identity as the
cD56%™CD16" NK cell phenotype (Fig. 2C and D, S2A, and S2B) [54]. In contrast, NK2 cells demonstrated heightened expression
levels of VIM, FOS, and JUN (Fig. 2C and D, S2A, and S2B). The data further emphasized that most cellular markers exhibited
subset-specific expression patterns (Figure S2C and S2D). Recognized for their potent cytotoxic capabilities, NK1 cells are instrumental
in the direct elimination of tumor cells. A reduction in the NK1 cell proportion within tumor samples implies a potential compromise in
the anti-tumor defenses in these zones. It’s well-observed that tumors can foster an immunosuppressive milieu, thereby limiting the

A B

o0
e1
N N [
o ® NK1 o
< < o3
= ® NK2 s
=) ) o4
o5
e6
C NK1 NK2 D 4
44 41
1 1 1 1
3 . z
& & 2
82 &2 N 24
NK1 A ) Fraction of cells
@ C @ O O O in group (%) 0 0 o
c0 000 < & i 8 < o
1 | I 1 1 ae L a a " b7
NK24{ © o) °c ® e ©o 20 40 60 80100 = = = = = =
Mean expression
in group 44
[ | 41 41
T T T T T T } T i = ® -
< = T = %) = 0.0 0.5 10 § Q =
& [ g = Q =] == T, ] 3,
[0) o 0]
2
0- T T 0- T T 0-
¥ ¢ g ¢ N g
- 4 & = = =
1.00
1500
8 0.75 2
2 8
- b3
] ]
1000
.g 0.50 B N E} B e
= | £ | B
o 3
°
[ @ i
& 0.25 £ 500
0.00- 0-
ZEFE==2ZF==2zc-c983c 9 Z F 2 2 Z F 2 2 2 - 8 3 £ o
ZRZ2EERZEZEFS S S ZRZ2E 3R 2 EfEFE R 23 2
= 'F'N&m'mlmm'm'm"_l'_l = o & o PR I o I—I I—I
eftrae n_n.o'n.n.n_ggz o g a & n_n.c"n.n.n_gg

Fig. 2. Expression genes of NK cell clusters in MPLCs patients. (A) UMAP plot of 9099 NK cells (NK1, CD56%™CD16M"; NK2, CD56"8"CD16'°"),
colored by two cell types. (B) UMAP plot of NK cells, colored by seven cell clusters. (C) Dot plot of three represented expressed genes in NK1 and
NK2 cell types. (D) Violin plot for expression of three canonical marker genes (NK1, FCGR3A, PRF1, and GZMH; NK2, VIM, FOS, and JUN) in each
NK cell type. (E) The proportion of each sample in two NK cell types. (F) The number of cells in two NK cell types.
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Fig. 3. Construction of prognostic model with NK signature genes in the TCGA-LUAD cohort. (A) Volcano plot for expression of differentially
expressed genes between NK1 and NK2 cell types. (B) Kaplan-Meier curves of survival analysis compared the overall survival of TCGA-LUAD
patients between NKGS-high and NKGS-low groups. (C) ROC curves of the NKGS for predicting the risk of death at 1, 3, and 5 years. (D) The
distribution of risk score (top), survival status (middle), and expression (bottom) of the identified eight NK cell marker genes. (E) Validation of the
I:IKGS in GSE31210 (n = 226) cohort. (F) Validation of the NKGS in GSE14814 (n = 114) cohort.

recruitment, activation, and longevity of cytotoxic immune responders, NK1 cells included. A prominent presence of NK1 cells in
adjacent normal tissues suggests that the immunosuppressive effects of the tumor might be largely restricted to its immediate sur-
roundings. Collectively, these insights propose that the ratio of NK1 to NK2 cells could offer significant diagnostic or prognostic value.

2.3. Construction of the prognostic signature based on NK cell signature genes

To assess the functionality within NK cell clusters, differentially expressed genes (DEGs) for each cluster were determined by
contrasting NK1 and NK2 cell types using the Wilcoxon-Mann-Whitney test. This analysis yielded 218 up-regulated and 203 down-
regulated genes (Fig. 3A). Aiming to construct a prognostic signature from these DEGs, the TCGA-LUAD cohort was employed as a
training set. Subsequently, a least absolute shrinkage and selection operator (LASSO) Cox proportional hazards regression analysis was
executed, culminating in the selection of eight most predictive genes for the risk prognostic model. Risk score = (0.0413 x SPON2
expression) + (0.119 x EFHD2 expression) + (0.139 x PLOD1 expression) + (0.096 x PLEKHG3 expression) + (0.021 x CAMK2N1
expression) + (0.098 x RAB27B expression) + (0.359 x CTBPO expression) + (0.041 x GOLM1 expression) (Fig. 3B). Furthermore, an
overview displaying the distribution of risk scores, survival statuses, and gene expression profiles was provided (Fig. 3C). This
overview underscored a higher mortality rate in the high-risk group, which also presented elevated gene expression levels. Therefore,
we defined a novel prognostic NK gene signature (NKGS) for further analysis.

Setting the risk score threshold at 4.67805, achieved by ranking risk scores in descending order, patients were segmented into low-
risk (n = 247) and high-risk (n = 248) cohorts. Kaplan-Meier (KM) analysis illustrated that high-risk patients exhibited markedly
diminished overall survival (OS) compared to their low-risk counterparts (Fig. 4A, HR = 1.76, P = 0.00016). To gauge the predictive
accuracy of this risk prognostic model, time-dependent ROC curves for OS were analyzed, revealing 1-, 3-, and 5-year AUC values of
0.624, 0.659, and 0.641, respectively (Fig. 4B).

2.4. Validation of the NKGS in different independent cohorts

In this study, two independent GEO cohorts (GSE31210 and GSE14814) were incorporated to ascertain the reliability of the NKGS
score. Initially, using a consistent formula, the risk scores of each patient across the four GEO cohorts were computed. Subsequently, by
ranking the risk scores in descending order, the median value was employed to segregate patients into either the high-risk or low-risk
category. Kaplan-Meier (KM) analysis was then conducted on both independent GEO cohorts. Results consistently revealed that the
high-risk group exhibited a poorer prognosis compared to the low-risk group across both datasets: GSE31210 (Fig. 4C, HR: 2.38, 95 %
CI: 1.36-4.15, P = 0.014) and GSE14814 (Fig. 4D, HR: 2.18, 95 % CI: 1.44-3.29, P = 0.0016). Collectively, these outcomes underscore
the potential of the NKGS risk score as a predictive tool for the prognosis of LUAD patients. To further validate the application of the
NKGS score in external cohorts, we analyzed the 5-year and 10-year survival data from TCGA-LUAD, GSE31210, and GSE14814 using
KM curve analysis. The outcomes consistently revealed similar trends for both 5-year and 10-year survival durations, underscoring the
efficacy of the NKGS score as a prognostic signature for LUAD (Figure S3A-S3F).

Subsequently, an assessment was undertaken to determine if a high-risk score serves as an independent factor associated with OS. A
multivariate Cox proportional hazards analysis, incorporating variables such as age, gender, tumor stage, and risk score, demonstrated
that the risk score indeed functioned as an independent predictor of OS in the TCGA-LUAD cohort (P < 0.001, Fig. 4E). In essence, these
results suggest that the risk score can prognosticate the outcomes for LUAD patients independently of variables like age and gender,
though it remains interdependent with tumor stage.

2.5. Functional enrichment analysis of the NKGS related genes

To decipher the biological functions and mechanisms associated with the NKGS risk score, we turned to the Gene Set Enrichment
Analysis (GSEA). Our goal was to identify pathways predominantly influenced by genes associated with the NKGS score. Utilizing the
hallmark gene sets (c2.cp.v7.4.symbols.gmt) as a reference, we observed a pronounced enrichment of the TGF-f signaling pathway in
the high-risk group (Fig. 5A). A more detailed GSEA revealed that the differentially expressed genes (DEGs) related to a heightened
NKGS score were predominantly aligned with the TGF-p signaling pathway (Fig. 5B, NES = 2.915, P = 8.77e-11). Concurrently, using
the Gene Set Variation Analysis (GSVA), we evaluated the functional activity differences across the NKGS risk score groups. This
analysis revealed an increased GSVA pathway activity in the NKGS-high group, notably linked to Pan-F-TBRS (Fig. 5C, P = 1.1e-05)
[55]. More interestingly, we found that the NKGS-high group was more enriched in the EMT pathway. While the median value for
EMT1 was higher, it was not statistically significant (Fig. 5D, P = 0.27). However, the signature score values for EMT2 (P = 0.00024)
and EMT3 (P = 0.0035) were significantly elevated (Fig. 5E and F), indicating a potential for activated EMT pathway. Additionally,
when analyzing the expression levels of the signature genes for Pan-F-TBRS and EMT, we found higher expression in the NKGS-high
group. Most of the signature gene expressions were more enriched in the NKGS-high group, suggesting that the NKGS score might
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activate the potential mechanisms of the TGF-$ and downstream EMT pathways (Figure S4A-54D). These observations illuminate the
likely attributes of the NKGS-high group, which appears to be defined by enhanced immunosuppression and reduced immune infil-
tration. Building on this foundation, we aimed to further delineate the disparities in immune infiltration between the NKGS-high and
NKGS-low groups.

2.6. Analysis of immune infiltration influenced by the NKGS score

To gain a deeper understanding of the attributes and roles of the NKGS-high and NKGS-low groups, we investigated the relationship
between NKGS and immune cell infiltration in TCGA-LUAD patients. Leveraging the Tumor Immune Dysfunction and Exclusion (TIDE)
algorithm [56], we gauged the potential for immune escape in the TCGA-LUAD cohort. Our analysis revealed that patients in the
NKGS-high category had notably increased Cancer Associated Fibroblasts (CAF) scores (Fig. 6A, P = 2.3e-05), heightened exclusion
scores (Fig. 6B, P = 0.00068), elevated Myeloid-Derived Suppressor Cells (MDSCs) scores (Fig. 6C, P = 0.00062), and a higher TIDE
score (Fig. 6D, P = 0.00068). These metrics derive from gene signatures that signify immune evasion through T-cell exclusion. In sum,
the data suggests that the NKGS-high group exhibits elevated values in the aforementioned indicators, implying these patients may be
situated in a more immunosuppressive tumor environment. Such an environment could be linked to poorer clinical trajectories and
reduced efficacy of immunotherapeutic interventions.

3. Prediction of immunotherapy benefits in LUAD patients

T cells are instrumental in mounting the tumor immune response, making it possible for immunotherapies to accurately identify
and target tumor cells. Expanding on previous studies, T cells can be genetically modified to carry T cell receptors (TCRs) tailored to
specific cancer antigens, streamlining the detection of antigens presented through the MHC. TCR analysis has emerged as a meaningful
biomarker in evaluating anti-tumor immune activities [57]. In our study, we assessed TCR diversity by referencing the TCR repertoire
database [45,58] and drew comparisons between the NKGS-high and NKGS-low groups. Intriguingly, we found that the NKGS-high
group had considerably diminished TCR diversity (Fig. 7A, P = 0.02062) and a reduced Shannon diversity index (Fig. 7B, P =
0.02562) in contrast to the NKGS-low group. This data indicates that individuals with a lower NKGS risk score could be better
positioned to benefit from immunotherapy treatments.
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Fig. 6. Tumor microenvironment analysis between NKGS-high and NKGS-low groups. TIDE analysis in NKGS-high and NKGS-low groups, including
CAF score (A), Dysfunction score (B), Exclusion score (C), M2 score (D), MDSC score (E), and TIDE score (F).
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Fig. 7. The role of NKGS in predicting immunotherapeutic benefit. TCR richness (A) and TCR diversity (B) between NKGS-high and NKGS-
low groups.

4. Discussion

Exploring the tumor microenvironment of LUAD has opened the door for us to efficiently decode the molecular characteristics and
mechanisms in clinical diagnosis and prognosis research. Single-cell RNA sequencing has further deepened our understanding of the
cellular heterogeneity in NSCLC. Some studies even suggest that enhancing NK cell activity might bolster the immune response against
cancer. In recent years, particularly the immunotherapy strategies based on NK cells, have emerged and shown new hope in lung
cancer treatments. These treatment strategies aim to better utilize the anti-tumor functions of NK cells, offering patients more effective
treatment options. Single-cell analysis has also revealed the resistance mechanisms to immunotherapy. The TGF-§ signaling pathway,
closely related to this, plays a crucial role in the initiation of EMT. Thus, targeting this pathway might further enhance the efficacy of
immunotherapy. In conclusion, single-cell analysis techniques provide us with a unique insight into the molecular and cellular het-
erogeneity of NSCLC and help pinpoint potential therapeutic targets for lung cancer. A deeper understanding of NSCLC heterogeneity
and exploration of new treatment strategies may offer a brighter therapeutic outlook for patients afflicted with this severe condition.

In this study, we developed a distinct prognostic prediction model anchored on an NK gene signature tailored for LUAD patients in
the TCGA database. We further validated this model rigorously using two separate cohorts from the GEO dataset. The NKGS features
nine NK cell marker genes, namely SPON2, PLEKHG3, CAMK2N1, RAB27B, CTBP2, EFHD2, GOLM1, and PLODI. Most of these genes
hold significant associations with LUAD patient prognosis or with NK cell functionality.

Spondin 2 (SPON2) is a protein-coding gene that has been studied in the context of various diseases, including cancer. Identifying
potential biomarkers for this condition is crucial. Research reveals that SPON2, while known to be involved in metastasis and cancer
progression, plays a vital role in bone metastasis in lung adenocarcinoma (ADC). Elevated SPON2 levels enhance the migration, in-
vasion, and epithelial-to-mesenchymal transition of ADC cells, while its suppression hinders these processes. Additionally, SPON2
levels are higher in metastatic bone tissues than primary ADC tissues, correlating with increased MMP2 and MMP9 expressions.
Moreover, in Tla stage NSCLC patients, SPON2 expression is upregulated, facilitated by exosomal HOTAIRM1 interactions in CAFs,
promoting NSCLC cell movement [59,60]. Pleckstrin homology and RhoGEF domain-containing G3 (PLEKHGS3) is a gene that encodes
a protein with a Rho guanine nucleotide exchange factor (RhoGEF) domain, which is involved in activating the Rho family of small
GTPases. Research on PLEKHGS3 in cancer, especially in lung cancer, is rarely reported. In this study, we found that PLEKHG3 can be
used as one of the genes in the prognostic model. This is the first time it has been reported in lung cancer prognosis research. Cal-
cium/Calmodulin Dependent Protein Kinase II Inhibitor 1 (CAMK2N1), in lung cancer, its high expression has been linked to unfa-
vorable outcomes [61]. RAB27B belongs to the RAB family of small GTPases, which are pivotal in vesicle trafficking processes. The
heightened RAB27B expression may serve as an adverse prognostic indicator for patients with lung SQCC [62]. C-terminal binding
protein 2 (CTBP2) is a well-established transcriptional corepressor with diverse roles in cellular functions such as development, dif-
ferentiation, and apoptosis. Utilizing the chi-square test and Kaplan-Meier analysis, it was evident that elevated CTBP2 expression was
associated with a more aggressive tumor phenotype and adverse prognosis. Furthermore, our findings indicate that CTBP2 knockdown
augments NSCLC cell sensitivity to cis-diamminedichloroplatinum (CDDP) by inhibiting the Wnt/p-catenin pathway. Collectively,
these insights underscore the pivotal role of CTBP2 in NSCLC progression and CDDP responsiveness, suggesting that targeting CTBP2
could offer a novel therapeutic avenue for NSCLC management [63]. EF-hand domain-containing protein D2 (EFHD2), a protein linked
to numerous cellular functions, has been scrutinized in diverse health contexts [64]. Additionally, heightened EFHD2 expression
correlates with increased metastasis and epithelial-mesenchymal transition (EMT), making it a promising independent predictor for
postsurgical recurrence in stage I lung adenocarcinoma patients [65]. Golgi membrane protein 1 (GOLM1) is a transmembrane
glycoprotein found in the Golgi cisternae and has been linked to the carcinogenesis of various cancers. Furthermore, DNA copy number
variations and methylation could be key mechanisms driving GOLM1 dysregulation in LUAD [66]. Evidence is mounting that members
of the procollagen-lysine, 2-oxoglutarate 5-dioxygenase (PLOD) gene family, namely PLOD1, PLOD2, and PLOD3, play roles in cancer
progression and metastasis. Elevated PLOD expression significantly correlates with adverse survival outcomes and immune cell
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infiltration in LUAD. This suggests that PLOD family genes might serve as emerging biomarkers for adverse prognosis and potential
targets for LUAD immunotherapy [67].

The differential distribution of NK1 cells (CD56%™CD16") in tissues suggests a significant immunological distinction between
tumor and adjacent normal regions. Specifically, higher concentrations of NK1 cells in normal tissues (NI and NM) adjacent to TI and
TM hint at a potential suppressive mechanism within the tumor environment, restricting these cytotoxic cells. This may indicate the
tumor’s ability to modulate its surrounding microenvironment, evading immune surveillance. Conversely, the consistent or dimin-
ished presence of NK2 cells (CD56™¢"CD16'°) across both tumor and surrounding tissues suggests that their primary non-cytotoxic,
regulatory functions are not significantly altered by the tumor’s presence. Collectively, these patterns underscore the tumor’s potential
immune-evasive strategies and the intricate interplay between different NK cell subsets in cancer progression. Understanding these
distributions could provide insights into therapeutic interventions aimed at harnessing NK cell activity against tumors.

The NKGS prognostic model stands out as a powerful predictor of patient outcomes across both training and validation cohorts. To
further understand the underpinnings of the NKGS classifications, we carried out GO pathway and GSEA assessments. Interestingly, the
group with a high NKGS score displayed significant involvement in the TGF-§ signaling pathway. Through the TIDE algorithms, we
discerned diminished immune infiltration and immunosuppression in this group. Additionally, our analysis of the TCR repertoire’s
complexity and diversity revealed a counter relationship between inflammatory actions and the risk score in the high-risk NKGS
cohort.

Furthermore, the elevated exclusion score hints at potential mechanisms that might obstruct effective immune cell infiltration into
tumors. Such barriers can be either physical, like a dense extracellular matrix, or biochemical, driven by immunosuppressive cytokines
or metabolic alterations. Concurrently, a higher MDSC score reflects an augmented immunosuppressive condition, wherein these cells
can suppress T-cell activation, hindering effective anti-tumor immune responses. Lastly, the TIDE score’s elevation suggests that tu-
mors in the NKGS-high group might be adept at evading immune responses, possibly rendering them less responsive to conventional
immunotherapies. Collectively, these observations intimate that patients in the NKGS-high category may be confronted with more
aggressive tumor behavior and could face challenges in leveraging immunotherapies due to a profoundly immunosuppressive
microenvironment.

In this study, our mechanistic analyses are largely observational, prompting a need for more in-depth exploration to unravel the
link between NKGS gene expression and LUAD prognosis. We have delineated and validated an eight-gene signature rooted in NK cell
genes, laying the groundwork for personalized therapeutic strategies for LUAD patients. However, it’s vital to approach our results
with a clear understanding of their inherent limitations. Future studies should focus on these aspects and further clarify the clinical
relevance of the discerned gene signature.

5. Methods and materials
5.1. Collection of single-cell RNA sequencing and GEO datasets

The original scRNA-seq dataset from multiple primary lung cancers (MPLCs) was sourced from GSE200972 [51]. This dataset
comprised data from four patients, totaling 19 samples. These included 5 tumor samples from the inferior lobe (TI), 4 tumor samples
from the middle lobe (TM), and 2 tumor samples from the superior lobe (TS). Additionally, there were 4 normal tissue samples adjacent
to TI (NI), 3 normal tissue samples adjacent to TM (NM), and 1 normal tissue sample adjacent to TS (NS).

Gene expression profiles for lung adenocarcinoma (LUAD) cohorts were procured from the TCGA portal (https://portal.gdc.cancer.
gov/). The raw read counts and associated clinical details such as age, gender, stage, overall survival (OS), and vital status for LUAD
patients were accessed from the UCSC Xena website (https://xenabrowser.net/datapages/). To further validate the OS status of the
proposed gene set, we referenced the microarray data and clinical details from the NCBI GEO database for GSE31210 (n = 226) and
GSE14814 (n = 114).

5.2. Single cell analysis and cell clustering

The single-cell dataset matrix was imported into Scanpy (version 1.9.1) [53] for in-depth analysis. Principal component analysis
was conducted using ‘sc.tl.pca’ with parameters set to n_comps = 50. The neighborhood graph was clustered using ‘sc.pp.neighbors’
with parameters set to n_neighbors = 10. Dimensionality was reduced using highly variable genes, and cell clusters were identified
using the Louvain algorithm via the “sc.tl.louvain” module, with the parameter resolution set to 0.4. These cell clusters were subse-
quently visualized using the uniform manifold approximation and projection (UMAP) module “sc.pl.umap”. The annotations for each
cell cluster were determined based on the expression of known marker genes using CellTypist (https://github.com/Teichlab/
celltypist) [52].

6. Construction and validation of the prognostic signature

A univariate Cox regression analysis was conducted to determine the prognostic value of the marker genes between NK1 and NK2
cells for OS in TCGA-LUAD patients. Genes with a P < 0.05 were designated as prognostic genes. These genes were then evaluated
using the least absolute shrinkage and selection operator (LASSO) Cox proportional hazards regression via the “glmnet” R package.
Following this analysis, a risk model was formulated by linearly combining the mRNA expression of the genes with their corresponding
risk coefficients. Nine genes were identified as key candidate prognosis-related genes for further investigation. Patients were stratified
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into NKGS-high risk and NKGS-low risk groups based on the top one-third cutoff value. To verify the prognostic significance of the
NKGS score, receiver operating characteristic (ROC) curves [68] were constructed, and the area under the curve (AUC) was computed
using the “survivalROC” R package to gauge the accuracy of the NKGS model.
7. Survival analysis

Using the “survival” and “survminer” R packages, Kaplan-Meier (KM) curves were employed to analyze the expression and
prognosis of NKGS-related genes in TCGA-LUAD. The KM survival curve analysis indicated a correlation between the NKGS-high group
and poorer overall survival (OS). The predictive capability of the NKGS was further corroborated through survival analysis on four
independent GEO datasets.
7.1. Differential expressed gene analysis

The expression of individual genes in each cluster was compared to the remaining cells using the “sc.tl.rank_genes_groups” module
through the Wilcoxon rank sum test. A gene was defined as up-regulated or down-regulated based on a P < 0.05, with a log (fold
change) > 1 or < —1 serving as the cutoff criteria, respectively.

8. Gene set enrichment analysis (GSEA)

Gene Set Enrichment Analysis (GSEA) was conducted to identify significantly enriched pathways using the hallmark gene sets (c2.
cp.v7.4.symbols.gmt) from MSigDB (http://software.broadinstitute.org/gsea/msigdb/).

8.1. Gene set variation analysis (GSVA)

Gene Set Variation Analysis (GSVA) was carried out to discern the activity of enriched pathways between the NKGS-high and NKGS-
low groups. The enrichment scores for each gene set in the TCGA-LUAD samples were determined using the ssGSEA algorithm via the
“GSVA” R package.

9. TIDE analysis

The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was utilized to predict potential ICB responses [10]. Patients with
elevated TIDE scores are more likely to experience antitumor immune evasion, often correlating with reduced response rates to ICB
treatment [60]. Recent studies further underscore its effectiveness in predicting or assessing ICB therapy efficacy [43,69].

9.1. TCR analysis

TCR repertoire analysis is recognized as a valuable biomarker for anti-tumor immune responses. In this research, the TCR richness
and diversity across each NKGS group were examined in reference to a previous study [58].

9.2. Statistics analysis

Differences of statistical significance were evaluated using a two-tailed Student’s t-test on the R platform (R v4.0.3). Multivariate

2

analysis employing the Cox proportional hazards model was executed using the R packages (“survival”, “survminer”, and “forestplot™)
to pinpoint independent factors linked to OS in both TCGA-LUAD and GEO cohorts. The P value was corrected using the false discovery
rate (FDR), with values or FDR <0.05 deemed significant. An adjusted P < 0.05 served as the threshold criterion.
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