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ABSTRACT
Background: G protein-coupled receptors (GPCRs), the largest family of cell-surface molecules involve in various signal trans-
duction, have recently been recognized as important drivers of cancer. However, few studies have reported on the potential of 
GPCRs as therapeutic targets or biomarkers in lung adenocarcinoma (LUAD).
Methods: The expression profiles and clinical data of LUAD in the GSE30219 and GSE18842 datasets of the Cancer Genome 
Atlas were analyzed. LUAD-associated module genes were screened utilizing weighted gene co-expression network analysis 
(WGCNA). Prognostic signature genes were identified by univariate Cox survival analysis, LASSO regression, and multivariate 
Cox regression analyses. The immune status was evaluated and drug sensitivity was determined, conducting in vitro experi-
ments for validation.
Results: Patients with LUAD exhibited lower GPCR score than the controls, and 38 dysregulated GPCRs were identified by 
screening with differential analysis and WGCNA module genes. An optimal prognostic signature was identified, including 
OR51E1, LGR4, ADRB1, ADGRD1, and ADGRE3. The model established based on these five genes harbored moderate predic-
tive performance for the survival of patients with LUAD. The risk score was negatively correlated with the infiltrating levels of 
multiple immune cells, including M2 macrophages, myeloid dendritic cells, and neutrophils, but positively correlated with fewer 
immune cells, such as Th1/Th2 CD4 + T cell. ADGRE3 and OR51E1 expression was positively correlated with drug sensitivity, 
including to cisplatin, ribociclib, and pevonedistat. Silencing OR51E1 inhibited the malignant cytological behaviors of LUAD 
cells.
Conclusion: GPCRs demonstrated prognostic potential in LUAD, with five genes identified as potential therapeutic targets and 
prognostic biomarkers for LUAD.

1   |   Introduction

Lung cancer is the most frequently diagnosed malignancy and 
the leading cause of mortality caused by cancer globally [1]. 
Based on 2022 global cancer statistics, approximately 12.4% (al-
most 2.5 million) of all newly diagnosed cancers and 18.7% (1.8 

million) of all cancer-related mortality globally can be attributed 
to lung cancer [1]. As the most common pathological subtype 
of lung cancer, lung adenocarcinoma (LUAD) is responsible to 
approximately 40% of all lung cancers [2]. Treatment options 
for LUAD rely on factors such as tumor stage, progression, and 
the overall health of patients. Early-stage patients are primarily 
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treated surgically, while advanced and metastatic patients re-
quire systemic therapy [3, 4], highlighting the requirements of 
individualized treatment. Recently, although advances in diag-
nosis and treatment have improved the survival of patients with 
LUAD to an extent, the prognosis remains distressingly poor 
due to tumor recurrence and chemotherapy resistance [5–7]. 
Hence, to further improve the overall survival of these patients, 
there is a need to identify novel therapeutic targets and develop 
specific predictive methods for prognosis.

Currently, studies have been increasingly dedicated to identify-
ing genes or pathomic signatures as biomarkers or therapeutic 
targets for the diagnosis and prognosis of lung cancer [8, 9]. This 
includes G protein-coupled receptors (GPCRs), the largest fam-
ily of cell-surface molecules that transduce extracellular signals 
into a wide range of physiological effects to maintain homeosta-
sis [10]. GPCRs constitute the largest and the most successful 
family of druggable genes in the human genome, and have been 
used as targets for 30% of approved drugs currently on the mar-
ket [11, 12]. GPCRs have been recently recognized as important 
drivers of cancers [13]. The normal physiological functions of 
GPCRs are frequently hijacked by malignant cells to impact on-
cogenesis from multiple aspects by modulating tumor growth, 
metastasis, angiogenesis, immunological surveillance evasion, 
and drug resistance [14, 15]. Therefore, revealing the associa-
tions between GPCRs and tumor development could provide 
insights into considered the mechanism of oncogenesis and me-
tastasis, opening up new directions for tumor prevention and 
treatment [16–19]. Nevertheless, at present, studies exploring 
the potential of GPCRs as therapeutic targets or biomarkers in 
LUAD are scarce.

This study sought to elucidate the precise roles of GPCRs genes 
in LUAD. Firstly, GPCR genes that were dysregulated in LUAD 
were screened by intersecting with the genes identified by both 
differential analysis and weighted gene co-expression network 
analysis (WGCNA). Next, machine learning methods were em-
ployed to identify the optimal prognostic signature to develop 
GPCR-based predictive model, which contributed to stratify 
patients with LUAD into diverse risk groups with different 
immune statuses, drug sensitivities, and molecular pathways. 
Lastly, the expression pattern, genetic variations, and involved 
oncogenic pathways of key prognostic genes in LUAD were re-
vealed to explore their possible mechanism of actions in LUAD.

2   |   Methods

2.1   |   Data Source

The RNA-sequencing (RNA-seq) and clinical phenotype data 
of LUAD in the Cancer Genome Atlas (TCGA) database were 
downloaded from the UCSC Xena (accessed on July 2024). The 
TCGA-LUAD cohort comprised of 524 tumor and 59 normal 
samples, which was used as a discovery cohort in this study. 
Among the 524 LUAD samples, 511 sample harboring complete 
survival data was used for prognostic analysis. GSE30219 data-
set that contained the gene expression profiles and survival data 
of 85 LUAD and 14 normal samples were downloaded from the 
Gene Expression Omnibus (GEO) database. This dataset was 
employed for analysis verification. In addition, the GSE18842 

dataset, comprised of 45 normal and 46 tumor samples in GEO 
database, was downloaded for validating the expression of 
core genes. A list of GPCR genes was retrieved from a previous 
study [20].

2.2   |   Gene Set Variation Analysis (GSVA)

To quantify the overall GPCR score, GSVA was conducted for 
each sample to calculate an enrichment score with the GPCR 
genes used as the enrichment background by means of a GSVA 
package (version 1.50.1). Thereafter, the enrichment score was 
compared across LUAD and controls.

2.3   |   Differential Expression Analysis

Differential analysis across LUAD and controls was performed 
utilizing the DESeq2 (version 1.42.1) package, followed by 
Benjamini and Hochberg multiple testing. Genes that differ-
entially expressed in LUAD compared with the controls were 
screened by |log2FC| > 1 and adjusted p < 0.05.

2.4   |   WGCNA

The 50% genes ranked by the median absolute deviation (MAD) 
were selected for identifying the LUAD-associated module genes 
utilizing the WGCNA package (version v1.72–5). Briefly, a scale-
free network was constructed, and an appropriate soft threshold 
power (the scale-free topological fit index R2 reached 0.9 for the 
first time) was determined to make the connections between 
genes in the network follow the scale-free networks distribution. 
Then, highly correlated genes modules were identified by means 
of gene hierarchical clustering and dynamic tree cutting (min-
moduleSize = 100). Next, the correlations between each module 
eigengene and disease phenotype (LUAD and normal) were cal-
culated to identify LUAD-associated module genes.

2.5   |   Functional Enrichment and Protein–Protein 
Interaction (PPI) Network

The involved Gene Ontology (GO) terms and KEGG pathways 
were enriched by enrichment analysis utilizing clusterProfiler 
package (version 4.4.4). For PPI network construction, the inter-
actions among protein coding genes were predicted based on the 
data provided in STRING database (https://​strin​g-​db.​org/​), with 
an interaction score of 0.4.

2.6   |   Construction and Evaluation of Prognostic 
Risk Model

Univariate Cox survival analysis was conducted to illustrate the 
prognostic associations of genes, followed by LASSO regression 
in the glmnet package (version 4.1–8). Genes with non-zero coef-
ficients in LASSO regression were further included in multivar-
iate Cox regression model and analyzed using the Step function. 
The prognostic risk model was then developed to calculate the 
risk score of each patient with LUAD as follows:

https://string-db.org/
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where i and X denote the regression coefficient and expression 
value of genes, respectively. Subsequently, the LUAD samples were 
assigned into high- and low-risk groups based on the optimal cut-
off value calculated by the surv_cutpoint function, and survival 
time was compared across two groups. The predictive perfor-
mance of the model for predicting 1-, 3-, and 5-year survival was 
assessed by ROC curves plotted by timeROC (version 0.4).

2.7   |   Evaluation of Immune Status

The infiltrating levels of various immune cells in tissue sam-
ples were estimated by the six algorithms provided in the im-
munedeconv package (version 2.1.0) [21], including ABIS, 
ConsensusTME, EPIC, quanTIseq, TIMER, and xCell algo-
rithms. Correlation analysis was conducted between immune 

cells and the risk score. Stromal and immune scores in tumor 
tissues were further inferred by ESTIMATE algorithms, and the 
sum of these two scores indirectly reflected the tumor purity.

2.8   |   Gene Set Enrichment Analysis (GSEA)

The dysregulated pathways across two risk groups were ex-
plored by GSEA. Briefly, after sorting according to the fold 
changes of gene expression between the two risk groups, GSEA 
analysis was performed with the KEGG gene set as enrichment 
references, and the threshold values were adjusted p < 0.05 and 
|normalized enrichment Score (NES)| > 1.

2.9   |   Analysis of Gene Mutations

The mutation frequency and type of the genes in prognostic 
model was analyzed using cBioPortal (https://​www.​cbiop​ortal.​

riskscore =
∑n

n=1
coefi∗Xi

FIGURE 1    |    Dysregulation of GPCRs in LUAD. (A) GPCR scores of LUAD and normal samples calculated by GSVA. (B–C) Heatmap (B) and 
volcano plot (C) showing the expression pattern of differentially expressed genes between LUAD and normal samples. (D) Venn diagram showing 
the overlapped genes between GPCR genes and DEGs.

https://www.cbioportal.org/
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FIGURE 2    |    WGCNA for screening LUAD-associated module genes. (A) The scale-free topology model fit and mean connectivity for deter-
mination of soft threshold in WGCNA. (B) Cluster dendrogram showing the gene modules in WGCNA. (C) Module-trait correlations. (D) Scatterplot 
of gene significance for weight versus module membership in the blue and brown module. (E) Venn analysis showing the overlapped genes among 
DEGs, WGCNA module genes and GPCRs. (F) Protein–protein interaction network constructed based on STRING database.
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org/​). In addition, the involvement of genes in the common onco-
genic pathways were investigated using the GSCALite (https://​
guolab.​wchscu.​cn/​GSCA/​#/) database.

2.10   |   Drug Sensitivity

Based on the data in Genomics of Drug Sensitivity in Cancer 
(GDSC) database, the sensitivity of tumor samples to common 
chemotherapeutics were quantified as the IC50 value using the 
oncoPredict package (version 0.2) to evaluate the response to che-
motherapeutics. The correlations of IC50 values with the risk score 
and gene expression were further explored by correlation analysis, 
with a correlation threshold of |r| > 0.3 and p < 0.05.

2.11   |   Cell Culture and Transfection

Human lung epithelial cell line BEAS-2B and the two LUAD 
cell lines A549 and H1975 (BOHUI biotechnology Co. Ltd. 
Guangzhou, China) were cultured in DMEM or RPMI-1640 
medium supplemented with 10% fetal bovine serum and 
1% penicillin–streptomycin in an incubator with 5% CO2 
and 37°C.

Lentiviral vectors carrying sh-OR51E1 and corresponding 
negative control (NC) sequences were constructed to inhibit 
its expression. The sequences of the shRNA against OR51E1 
were as follows: 5’-GCTAGGTAACTTGACAATCAT-3′ (sense), 
and 5’-ATGATTGTCAAGTTACCTAGC-3′ (antisense). The ob-
tained lentivirus (1 × 108 TU/mL) was added to the medium of 
A549 cells at 70%–90% fusion degree. Stable transfected A549 

cells were screened with the aid of puromycin after 72 h for 
infections.

2.12   |   qRT-PCR

Total RNAs were isolated from cells by Trizol reagent, and were 
reversely transcribed into cDNA. PCR amplification was then 
conducted utilizing SYBR Green PCR Master Mix with reac-
tion conditions setting as 95°C for 10 min and 40 cycles of 95°C 
for 12 s and 60°C for 40 s. A list of the primers is provided in 
Table S1.

2.13   |   Western Blotting

The cell total proteins were isolated and were quantified by 
means of the BCA assay. After electrophoretically separating, 
proteins were transferred onto PVDF membranes, blocked, 
and then co-incubated with primary antibodies (anti-OR51E1 
(#SAB4500496), anti-ADRB1 (#SAB2100064), anti-ADGRE3 
(#SAB4503379), anti-ADGRD1 (#SAB4501242); Merck, 
Germany) (anti-LGR4 (#ab321789), anti-GAPDH (#ab181602); 
Abcam, UK) overnight at 4°C, followed by incubation with sec-
ondary antibodies for 60 min at dark. Thereafter, the blotting 
bands were visualized utilizing ECL reagent, followed by film 
exposure.

2.14   |   CCK-8 Assay

Cells were inoculated into 96-well plates (2000 cells/well), 
and 10 μL CCK-8 was added to each well at 24, 48, and 72 h, 

FIGURE 3    |    Functional enrichment results. The top 10 significantly enriched gene ontology terms (including biological process, cellular com-
ponent, and molecular function) and KEGG pathways.

https://www.cbioportal.org/
https://guolab.wchscu.cn/GSCA/
https://guolab.wchscu.cn/GSCA/
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respectively, after cells fully attached to the well. Then, the cells 
were incubated for another 2 h. The resulting relative cell num-
bers were measured by the optical density at 450 nm on a micro-
plate reader.

2.15   |   Flow Cytometry

Cells were prepared into cell suspension by digesting with 0.25% 
Trypsin. For cell cycle detection, the cells were fixed utilizing pre-
cooled 70% ethanol and stained by propidium iodide (PI) away 
from light. The cells were analyzed on flow cytometer at an ex-
citation wavelength of 488 nm. For the detection of cell apoptosis, 
the cells were double-stained using Annexin V-FITC and PI as per 
the manual of Annexin V-FITC apoptosis kit (#C1062S; Beyotime, 
China), followed by cell analysis utilizing a flow cytometer.

2.16   |   Transwell Assays

Cell invasion was evaluated with the aid of Matrigel-coated 
Transwells. Briefly, the cells (200 μL, 1 × 105 cells/mL) were 
inoculated into the upper chamber of Transwell, with the 
lower chamber filled with 600 μL of 20% PBS-contained 

complete medium. Next, the cells were cultured for 24 h, 
placed in the lower chamber, fixed with absolute methanol, 
and stained by crystal violet. Eventually, the invaded cells 
were counted under three randomly selected fields utilizing 
ImageJ software.

2.17   |   Wound-Healing Assay

Cells (4 × 105) were seeded into a 6-well plate for overnight cul-
ture. Then, a 200-μL pipette tip was scraped along the bottom of 
the plate to wound the cells. The scraped cells were washed off, 
followed by imaging at 0 h and 24 h. Finally, cell migration was 
determined by calculating the cells wounding area using ImageJ 
software.

2.18   |   Statistical Analysis

Experimental data were displayed as the mean ± standard 
deviation (SD), and was analyzed using ANOVA or two-
way RM ANOVA (for data from CCK-8 assay) followed by 
Tukey's multiple comparison test. p < 0.05 indicates statistical 
significance.

FIGURE 4    |    Construction and evaluation of GPCR-based prognostic model. (A) Coefficient distribution and partial likelihood deviance of 
LASSO regression. (B) Forest plot of the multivariate Cox regression analysis. (C–J) Model construction and evaluation in TCGA (C–F) and GSE30219 
(G–J). (C, G) Scatterplot of risk score based on risk groups and survival time. (D, H) Expression pattern of prognostic genes in risk groups. (E, I) 
Survival curves showing the survival probability between two risk groups. (F, J) ROC curves for evaluating the predictive performance of the model.
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TABLE 1    |    Clinical features of patients in two risk groups.

High Low p.value

(N = 272) (N = 239)

Gender

Female 147 (54.0%) 129 (54.0%) 1

Male 125 (46.0%) 110 (46.0%)

Age

Mean (SD) 64.7 (10.2) 65.5 (10.0) 0.367

Median [Min, Max] 65.0 [38.0, 88.0] 66.5 [33.0, 87.0]

Missing 5 (1.8%) 5 (2.1%)

Stage

I 130 (47.8%) 148 (61.9%) 0.01

II 74 (27.2%) 46 (19.2%)

III 52 (19.1%) 28 (11.7%)

IV 13 (4.8%) 12 (5.0%)

Unknown 3 (1.1%) 5 (2.1%)

Pathologic_T

T1 75 (27.6%) 95 (39.7%) 0.053

T2 159 (58.5%) 115 (48.1%)

T3 26 (9.6%) 20 (8.4%)

T4 11 (4.0%) 7 (2.9%)

Unknown 1 (0.4%) 2 (0.8%)

Pathologic_N

N0 164 (60.3%) 169 (70.7%) 0.032

N1 60 (22.1%) 34 (14.2%)

Unknown 48 (17.6%) 36 (15.1%)

Pathologic_M

M0 184 (67.6%) 157 (65.7%) 0.868

M1 13 (4.8%) 11 (4.6%)

Unknown 75 (27.6%) 71 (29.7%)

Death events

Mean (SD) 0.474 (0.500) 0.234 (0.424) <0.001

Median [Min, Max] 0 [0, 1.00] 0 [0, 1.00]

Therapy 0.142

Complete remission/response 135 (49.6%) 140 (58.6%)

Partial remission/response 2 (0.7%) 2 (0.8%)

Progressive disease 40 (14.7%) 24 (10.0%)

Stable disease 15 (5.5%) 18 (7.5%)

Unknown 80 (29.4%) 55 (23.0%)

Smoking 0.952

(Continues)
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3   |   Results

3.1   |   Involvement of GPCR in the Development 
of LUAD

To illustrate the involvement of GPCR in LUAD, a GPCR score 
was quantified for each sample by GSVA. Overall, the GPCR 
score varied greatly between the LUAD and normal samples, with 
a significantly lower GPCR score in tumor samples in both the 
TCGA-LUAD and GSE30219 cohorts (Figure  1A). This implied 
the dysregulation of GPCR in LUAD. To further explore the ex-
pression pattern of GPCR genes in LUAD, differential analysis was 
conducted between LUAD and normal samples, which revealed 
5409 differentially expressed genes (DEGs), including 3458 upreg-
ulated and 1951 downregulated genes in LUAD compared with 
those in the normal samples (Figure 1B,C). After intersecting the 
391 GPCR genes with the 5409 DEGs, 176 GPCR genes were found 
to be differentially expressed in the LUAD samples (Figure 1D).

3.2   |   Screening of LUAD-Associated Genes 
by WGCNA

WGCNA was conducted to identify highly correlated gene 
modules. To address the scale-free networks distribution, a soft 
threshold power of six was determined, where the scale-free to-
pological fit index R2 reached 0.9 for the first time (Figure 2A). 
Under this soft threshold, the genes were clustered into 12 
modules (Figure  2B), with at least 100 genes in each mod-
ule. Among the 12 modules, the brown module (r = −0.802, 
p < 0.0001) and blue module (r = 0.523, p < 0.0001) showed the 
strongest correlation with LUAD in terms of the module-trait 

correlations (Figure 2C). Further module membership analysis 
indicated that 1207 genes in the brown module and 785 genes in 
the blue module were obtained with the cut-off values of |gene 
significance (GS)| > 0.3 and |module membership (MM)| > 0.3 
(Figure 2D). Venn analysis revealed 38 overlapped genes among 
module genes, GPCR genes, and DEGs (Figure 2E). These genes 
interacted with each other (Figure  2F), suggesting that they 
may exert their role in a complex. Functional enrichment indi-
cated that these genes were mainly implicated in various GPCR-
related function terms, such as adenylate cyclase-modulating/
adenylate cyclase-activating/phospholipase C-activating GPCR 
signaling pathways, G protein-coupled peptide receptor activity, 
G protein-coupled ADP receptor activity, and CGRP receptor 
complex (Figure 3). Furthermore, these genes were involved in 
several KEGG pathways, including neuroactive ligand−receptor 
interaction and the calcium, cGMP−PKG, and cAMP signaling 
pathways (Figure 3).

3.3   |   Construction and Evaluation 
of the CGRP-Based Predictive Model

The prognostic correlations of these 38 genes were illustrated 
by univariate Cox survival analysis, and 13 genes were found 
to be associated with the survival of patients with LUAD. Ten 
genes were identified as protective factors with a hazard ratio 
(HR) < 1 and three genes were risk factors with HR > 1. Next, 12 
genes (CX3CR1, VIPR1, RXFP1, ADRB2, ADGRF5, ADGRF4, 
ADGRB3, OR51E1, LGR4, ADRB1, ADGRD1, and ADGRE3) 
with non-zero coefficients in LASSO regression were further se-
lected (Figure 4A). These 12 genes were further included in mul-
tivariate Cox regression model, and an optimal gene signature 

High Low p.value

Mean (SD) 2.82 (1.10) 2.82 (1.04)

Median [Min, Max] 3.00 [1.00, 5.00] 3.00 [1.00, 5.00]

Unknown 8 (2.9%) 6 (2.5%)

TABLE 1    |    (Continued)

TABLE 2    |    The detailed information of the identified core prognostic genes.

Symbol Gene ID Biotypes ENSEMBL Chr Start End Annotation

ADRB1 153 Protein_coding ENSG00000043591 Chr10 114 043 866 114 046 904 Beta-1 adrenergic 
receptor

OR51E1 143 503 Protein_coding ENSG00000180785 Chr11 4 643 420 4 655 488 Olfactory receptor 51E1

LGR4 55 366 Protein_coding ENSG00000205213 Chr11 27 365 961 27 472 790 Leucine-rich repeat-
containing G-protein 

coupled receptor 4

ADGRD1 283 383 Protein_coding ENSG00000111452 Chr12 130 953 907 131 141 469 Adhesion G-protein 
coupled receptor D1

ADGRE3 84 658 Protein_coding ENSG00000131355 Chr19 14 619 117 14 690 027 Adhesion G protein-
coupled receptor E3
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was identified by the Step function, including OR51E1, LGR4, 
ADRB1, ADGRD1, and ADGRE3 (Figure  4B, Table  2). The 
predictive model established by these five genes categorized pa-
tients with LUAD into high- and low-risk groups (Figure 4C). 
The expression of OR51E1 and LGR4 were gradually elevated, 
whereas ADRB1, ADGRD1, and ADGRE3 expression were 
gradually decreased with the risk from low to high (Figure 4D). 
Survival status differed significantly across these two groups, 
with a lower survival probability in high-risk patients with 
LUAD (Figure  4E). ROC curves demonstrated that there was 
a moderate predictive power of the model for predicting the 1-, 
3-, and 5-year survival for patients with LUAD (Figure 4F). The 
model was further evaluated by the GSE30219 verification set, 
and similar findings were observed (Figure 4G–J). The clinical 
features of patients with LUAD in the two groups were further 
illustrated. The low-risk group harbored a high proportion of pa-
tients with LUAD with tumors in early-stage (stage I, 61.9% vs. 
47.8%) and with no lymphatic metastasis (N0, 70.7% vs. 60.3%) 
compared with those in the high-risk group (Table 1). In terms 
of therapy, the low-risk group appeared to harbor a high pro-
portion of patients who were completely responsive to therapy 
(58.6% vs. 49.6%) and a low rate of progressive disease (10% 

vs. 14.7%); however, no statistical significance was observed 
(Table 1). The independent prognostic value of these five genes 
and clinical factors were further investigated. Tumor stage and 
the ADGRD1, ADGRE3, and LGR4 genes were identified to be 
independently associated with the prognosis of patients with 
LUAD (Figure S1).

3.4   |   Heterogeneity in Immune Status, 
Chemosensitivity, and Pathways Between 
Risk Groups

The infiltrating levels of various immune cells in tumor sam-
ples were inferred with six algorithms, followed by correlation 
analysis with the risk score (Figure 5A). Multiple immune cells 
exhibited negative correlations with the risk score, including 
M2 macrophages, myeloid dendritic cells, and neutrophils. By 
contrast, cells such as Th1 CD4 + T cells, Th2 CD4 + T cells, 
and memory CD8 + T cells exhibited positive correlations the 
risk score (Figure  5A). High-risk patients with LUAD har-
bored lower stromal and immune cells in tumor tissue but high 
tumor purity in their tumor tissue (Figure  5B), indicating an 

FIGURE 5    |    Differences in immune status, drug sensitivity, and pathways between risk groups. (A) Results of correlation analysis be-
tween infiltrating immune cells and risk score. (B) Boxplots showing the immune, stromal scores, and tumor purity between two risk groups. (C) 
Correlation between IC50 value to drugs and risk score, as well as gene expression. (D) Significantly altered pathways between risk group analyzed 
by gene set enrichment analysis.
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FIGURE 6    |     Legend on next page.
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immunosuppressive state in high-risk patients with LUAD. 
The IC50 value of patients with LUAD to various drugs was es-
timated to assess their chemosensitivity, and correlations with 
risk score and gene expression were explored. As displayed in 
Figure  5C, risk scores were found to be positively correlated 
with the IC50 to eight drugs. In other words, a negative correla-
tion was observed between the risk score and drug sensitivity. 
This suggests that high-risk patients with LUAD may be more 
likely to benefit from chemotherapy. Furthermore, ADGRE3 
and OR51E1 expression was negatively correlated with the 
IC50 value to drugs (positive correlations with drug sensitiv-
ity), such as OR51E1 with cisplatin (r = −0.34, p < 0.001) and 
ADGRE3 with ribociclib (r = −0.37, p < 0.001) and pevonedistat 
(r = −0.37, p < 0.001). These results suggest that the expression 
of these genes may reflect the response to chemotherapy to some 
extent. The significantly different pathways across the two risk 
groups were investigated, and the top 20 pathways are displayed 
in Figure  5D. Several pathways, such as cell cycle, porphyrin 
metabolism, DNA replication, and steroid hormone biosynthe-
sis, were found to be activated in the high-risk group, whereas 
linoleic acid metabolism and neutrophil extracellular trap for-
mation were activated in the low-risk group.

3.5   |   Expression and Mutations of Prognostic 
Genes in Patients With LUAD

In both TCGA-LUAD, in the GSE30219 and GSE18842 co-
horts, the expression of ADRB1, ADGRD1, and ADGRE3 were 
reduced, whereas the expression of OR51E1 and LGR4 were 
elevated in tumor samples (Figure 6A). Genetic alteration fre-
quency and the type of these genes were further investigated in 
the TCGA-LUAD cohort (Figure 6B,C). The alteration frequency 
of ADGRD1 was 5%, followed by ADGRE3 (3%). The alteration 
type included amplification, deep deletion, and missense muta-
tion. ADRB1 and ADGRD1 were associated with the inhibition 
of apoptosis, cell cycle, and EMT pathways. Inversely, OR51E1 
was associated with the activation of apoptosis, cell cycle, and 
EMT pathways (Figure 6D).

3.6   |   OR51E1 Silencing Inhibited the Malignant 
Phenotype of LUAD Cells

Lastly, a series of in vitro experiments were performed to ver-
ify the key genes screened in the above analyses. First, the ex-
pression of the five genes in two LUAD cells was determined. 
Consistent with the findings from bioinformatics analysis, 
mRNA and protein expression of OR51E1 and LGR4 were en-
hanced in both A549 and H1975 cells compared with a normal 
lung epithelial cell line BEAS-2B, while the mRNA and protein 
expression of ADRB1, ADGRD1, and ADGRE3 were decreased 
(Figure  7A,B). Among these five genes, OR51E1 was identi-
fied as a significant risk factor for LUAD with the highest HR; 

however, its role in LUAD remains unclear. Hence, we success-
fully silenced OR51E1 expression in A549 cells (Figure  7C) 
to explore its actions in LUAD cells. The silencing of OR51E1 
markedly inhibited cell viability (Figure  7D) of A549 cells, 
promoted A549 cells apoptosis (Figure 7E) and S phase arrest 
(Figure  7F), and inhibited A549 cells invasion and migration 
(Figure 7G,H). Additionally, the silencing of OR51E1 markedly 
decreased the expression of EMT markers N-cadherin and N-
cadherin (Figure  7I). Taken together, these findings suggest 
that OR51E1 silencing could inhibit the malignant phenotype 
of LUAD cells.

4   |   Discussion

Despite the fact that GPCRs are the largest signal-conveying 
receptor family and regulate a wide variety of physiological 
processes, their roles in the biology of tumors in humans, par-
ticularly in patients with LUAD, are underappreciated. In this 
context, a bioinformatics analysis was conducted to clarify the 
potential of GPCRs in LUAD. Based on the 391 GPCR genes re-
trieved from a previous study [20] and the GSVA method, the 
GPCR score for each individual in both the TCGA and GSE30219 
cohorts was quantified, and significantly lower GPCR scores 
were observed in the tumor samples. Furthermore, among the 
391 GPCR genes, 176 (45%) genes were differentially expressed 
in the LUAD samples. These results are indicative of the dysreg-
ulation of GPCRs in LUAD. Reportedly, the signaling landscape 
and functional state of a cell could be remarkably altered under 
the dysregulation of GPCRs and their coupled heterotrimeric 
G proteins [22]. Hence, it was reasonably inferred that the dys-
regulation of GPCRs was responsible for the carcinogenesis and 
progression of LUAD to some extent.

WGCNA is a powerful tool for discovering highly correlated 
gene co-expression modules and illustrating the associations of 
the module genes and clinical traits comprehensively [23], and 
has been widely used for identifying hub genes or biomarkers in 
various human diseases [24–26]. In the current study, LUAD-
associated module genes were screened by means of WGCNA, 
and the module genes were found to share 38 genes with the 
dysregulated GPCRs in LUAD. These 38 genes were considered 
as key GPCRs in LUAD. We further investigated the prognos-
tic value of these 38 genes by machine learning methods, and 
an optimal prognostic gene signature was identified, including 
OR51E1, LGR4, ADRB1, ADGRD1, and ADGRE3.

The pathophysiological effects of OR51E1, an olfactory receptor, 
in the occurrence and progression of tumors have not yet been 
illustrated. A previous study found that high levels of OR51E1 
expression may be a biomarker for diagnosis and therapy in so-
matostatin receptor-negative lung carcinoids [27]. LGR4, also 
denoted by GPR48, belongs to the type B subfamily of rhodopsin 
GPCRs, which is well recognized for its role in modulating the 

FIGURE 6    |    Expression and genetic variations of prognostic genes. (A) Expression of five prognostic genes between LUAD and normal 
samples in TCGA and GSE30219 dataset. (B–C) Frequency and types of genetic variations in prognostic genes in LUAD samples. (D) Correlations 
between prognostic genes and oncogenic pathways.
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FIGURE 7    |     Legend on next page.
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ability of cells to respond to Wnt signaling [28]. Alterations on 
Wnt signaling are prominent in human tumors [29]. In NSCLC, 
tumorigenesis, resistance to therapy, and tumor progression 
were substantially attributed to Wnt signaling [30]. Based on 
bioinformatics analysis, Dodin et  al. [31] proposed that LGR4 
could be a prognostic biomarker in patients with LUAD with 
KRAS mutation. Dysregulatin on RSPO3 (a R-spondins ligand 
of LGR4)-LGR4 signaling in LUAD with Keap1 deficiency could 
facilitate tumor aggressiveness [32]. ADRB1 encodes a β1 ad-
renergic receptor. Evidence is increasingly demonstrating the 
close associations between β-adrenergic receptor signaling and 
immunology of tumors [33, 34]. For example, exhausted CD8 + T 
cells have been reported to cluster around sympathetic nerves 
in an ADRB1-dependent way, and the transformation of T cells 
towards to an exhausted phenotype could be limited by ablating 
the β1-adrenergic signaling during chronic infection [35]. Data 
from a pan-cancer set revealed that elevated ADRB1 expression 
was linked to a worse survival outcome of solid tumors [36]. 
ADGRD1 and ADGRE3 are adhesion GPCRs, and the dysregu-
lation of various adhesion-GPCR molecules has been reported to 
involve the tumorigenesis of different human tumors [37, 38]. Lv 
et al. observed a reduced expression of ADGRD1 in non-small 
cell lung cancer; in particular, ADGRD1 exhibited a strong cor-
relation with the microsatellite instability, mutational burden, 
and infiltrating immune status in LUAD [39]. Although the spe-
cific role of these five genes, particularly OR51E1, ADRB1, and 
ADGRE3, in LUAD has not been reported, this analysis suggests 
that ADRB1 and ADGRD1 are associated with the inhibition of 
apoptosis, cell cycle, and EMT pathways. Inversely, OR51E1 was 
found to be associated with the activation of apoptosis, cell cycle, 
and EMT pathways. These findings pave the way for elucidating 
the precise role played by these genes in LUAD.

The prognostic model developed based on these five genes 
showed moderate predictive power for the prognosis of patients 
with LUAD, which contributed to stratify patients with LUAD 
into high- and low-risk groups. Risk stratification has been 
demonstrated to show enormous potential in the development 
of personalized treatments for lung cancer patients [40, 41]. 
The risk score calculated based on these five genes were closely 
linked to the infiltrating immune status. A high risk score 
tended to be associated with an immunosuppressive state in the 
tumor microenvironment. Furthemore, ADGRE3 and OR51E1 
expression was positively correlated with sensitivity to the drugs 
cisplatin, ribociclib, and pevonedistat, chemotherapeutics com-
monly used or being investigated in clinical trials for lung cancer 
[42–44]. Platinum-based chemotherapy, in particular cisplatin, 
is the primary therapeutic strategy in lung cancer [45], and ac-
quired chemoresistance in the period of therapy has emerged as 
the principal issue for clinicians and the leading cause of failure 
during treatment [44]. These results suggest that the expres-
sion of these genes may reflect the response to chemotherapy to 
some extent. Taken together, the results highlight the potential 
of these five genes as prognostic biomarkers for patients with 

LUAD. However, the results were obtained based on the min-
ing and analysis of public dataset, and further validations using 
clinical data and experimental investigations are required.

In conclusion, this study demonstrated the dysregulation of 
GPCRs in LUAD and highlighted the potential of OR51E1, 
LGR4, ADRB1, ADGRD1, and ADGRE3 as biomarkers and 
targets in the tumorigenesis and progression of LUAD. A 
GPCR-based predictive model was established for the risk 
stratification of patients with LUAD, thereby contributing 
to the development of individualized treatment approaches. 
The in-depth analysis of the association between GPCRs and 
LUAD development provided in this study provides insights 
into the mechanism of oncogenesis and progression, and thus 
paves the ways for new directions in the prevention and treat-
ment of LUAD.
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