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Lung cancer is a malignant tumor with a high morbidity and mortality rate worldwide, causing an 
increasing disease burden. Of these, the most common type is non-small cell lung cancer (NSCLC), 
which accounts for 80–85% of all lung cancer cases. Genetic research is crucial for continuously 
discovering susceptibility genes related to lung cancer for in-depth study. The role of genetic 
predisposition in the development of NSCLC, particularly within circadian rhythm pathways known 
to govern various physiological processes, is increasingly acknowledged. Yet, the association 
between genetic variants of circadian rhythm-related genes and NSCLC susceptibility among Chinese 
populations is not fully understood. This study carried out a two-phase (discovery and validation 
stages) research design to identify genetic variants associated with NSCLC risk within the circadian 
rhythm pathway. We employed extensive whole-genome sequencing (WGS) for 1,104 NSCLC cases 
and 9,635 controls. FastGWA-GLMM was used for single-locus risk association analysis of NSCLC, and 
we screened candidate SNPs in the validation set that comprised 4,444 cases and 174,282 controls 
from the Biobank Japan Project (BBJ). Furthermore, GCTA-COJO conditional analysis was utilized 
to confirm SNPs related to NSCLC risk. Finally, potential genetic variations that may regulate gene 
expression were explored in GTEx and QTLbase. RNA sequencing data were utilized for transcriptomic 
verification. Our study identified eight candidate SNPs associated with NSCLC susceptibility within 
the circadian rhythm pathway that met the requirement with P < 0.05 in both the discovery and 
validation populations. After conditional analysis, five of these SNPs remained. The A allele of CUL1 
rs78524436 (ORmeta = 1.18, 95%CI: 1.09–1.29, Pmeta = 7.99e-5) and the A allele of TEF rs9611588 (ORmeta 
= 1.06, 95%CI: 1.02–1.10, Pmeta = 1.28e-3) were associated with an increased risk of NSCLC. The A 
allele of FBXL21 rs2069868 (ORmeta = 0.86, 95%CI: 0.80–0.96, Pmeta = 4.78e-4), the T allele of CSNK1D 
rs147316973 (ORmeta = 0.76, 95%CI: 0.65–0.88, Pmeta = 5.93e-4), and the A allele of RORA rs1589701 
(ORmeta = 0.94, 95%CI: 0.91–0.98, Pmeta = 3.40e-3) were associated with a lower risk of NSCLC, 
separately. The eQTL results revealed an association between RORA rs1589701 and TEF rs9611588 
with the expression levels of RORA and TEF, respectively. Transcriptome data indicated that RORA and 
TEF showed lower expression levels in tumor tissues compared to normal tissues (P < 0.001). Moreover, 
poorer survival was observed in patients with lower RORA and TEF expressions (log-rank P < 0.05). Our 
findings spotlight potential susceptibility loci within circadian rhythm pathway genes that modulate 
NSCLC carcinogenesis, which enriches the understanding of the genetic susceptibility of NSCLC in the 
Chinese population and provides a more solid basis for exploring the biological mechanism of circadian 
rhythm genes in NSCLC.
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The global incidence and mortality rates of cancer are escalating, with lung cancer emerging as a leading 
malignancy and a primary cause of cancer-related deaths worldwide1,2. In the United States, projections indicate 
that by 2023, there will be approximately 238,340 new lung cancer cases and about 127,070 deaths2, presenting 
significant socioeconomic challenges and highlighting its urgency as a public health issue. Of these, the most 
common type is non-small cell lung cancer (NSCLC), which accounts for 80–85% of all lung cancer cases2. 
While smoking is recognized as the primary risk factor for lung cancer3–5, the occurrence of the disease in 
individuals without a smoking history points to the role of genetic susceptibility6,7.

In the last decade, genome-wide association studies (GWAS) focused on lung cancer have unearthed 
susceptibility loci across diverse populations8. These studies have significantly advanced our understanding of 
the genetic foundations of lung cancer, opening avenues for personalized prevention strategies. Moreover, there 
is an expanding evidence base linking genetic variations in cancer-related pathways to the onset of cancer9–12 
offering deeper insights into the disease’s pathogenesis. The link between genetic variations in circadian rhythm 
genes and elevated cancer risk, including lung cancer13–17, is increasingly supported by evidence.

The circadian rhythm pathway plays a crucial role in regulating metabolism18, influencing the expression and 
functionality of enzymes involved in key metabolic processes like glucose metabolism, fatty acid metabolism, 
and cholesterol synthesis19–22. At the heart of the circadian rhythm pathway are the clock genes, such as CLOCK, 
BMAL1, PER, and CRY, which establish a transcriptional-translational feedback loop23,24. This regulatory 
mechanism ensures the rhythmic expression of clock-controlled genes (CCGs) that oversee a plethora of 
metabolic pathways and physiological activities25. Perturbations in circadian rhythms, due to factors such as 
irregular sleep patterns or shift work, have been linked to metabolic disorders, including obesity, diabetes, 
and cardiovascular diseases26–29.Beyond its regulatory role in metabolism, the circadian rhythm pathway 
is instrumental in managing critical cellular processes, including cell division and proliferation, to ensure 
proper cell cycle progression and DNA replication30. Disturbances in circadian rhythms are associated with 
increased genomic instability and susceptibility to DNA damage-induced mutations, contributing to cancer 
development31,32. Nevertheless, the genetic factors contributing to NSCLC risk, particularly in the Chinese 
population, remain to be fully elucidated.

Given the stringent significance thresholds established for published studies, additional susceptibility loci 
with moderate association significance may be overlooked. Traditionally, published associations have relied 
on genotyping arrays to assess fixed panels containing hundreds of thousands to millions of common genetic 
markers, supplemented by imputation using population reference panels to enhance the coverage of genetic 
variation studies. This method, however, does not offer a comprehensive and unbiased approach to exploring a 
significant portion of genetic variation33,34. Moreover, there has been a scarcity of replication of these associations 
in previous studies and a thorough examination of false-positive results within their designs.

In our study, we systematically assessed the association of genetic variation in circadian pathway genes with 
susceptibility to NSCLC and validated it in an independent population. Therefore, we conducted large-scale 
whole-genome sequencing (WGS) on 1,104 individuals diagnosed with NSCLC and 9,635 cancer-free control 
individuals from the Chinese population to pinpoint potential susceptibility loci for lung cancer within circadian 
rhythm genes. Further, based on the expression level of susceptibility sites, the biological mechanism of NSCLC 
was preliminarily explored.

Methods
Sample collection for discovery population
The study’s protocol received approval from the Ethics Committee of the Second Affiliated Hospital of Zhejiang 
University School of Medicine. Informed consent was obtained from all subjects and/or their legal guardian. A 
workflow chart illustrating the study’s design is presented in Supplementary Fig. 1.

For the discovery phase, the study population included 1,104 NSCLC patients from the Second Affiliated 
Hospital of Zhejiang University School of Medicine (SAHZU) and 9,635 cancer-free controls from the Healthy 
Zhejiang One Million People Cohort in China. All lung cancer cases were histologically verified as NSCLC by 
pathologists, with no history of other cancers. Data on pathological classification and TNM staging were also 
gathered. Cancer-free controls were matched with cases on age, gender, and geographical region, excluding 
those with self-reported cancer diagnoses.

Essential data, including age, gender, BMI, and smoking status were collected from all participants through 
structured questionnaire-based in-person interviews by trained personnel. Smoking is defined as cumulative 
smoking of 100 cigarettes or more, otherwise, no smoking. Peripheral blood samples were collected and 
preserved at -80 °C in the laboratory for subsequent DNA extraction and whole-genome sequencing (WGS).

Data collection for validation population
The validation phase utilized data from the Biobank Japan (BBJ)35. This phase included 4,444 lung cancer 
patients and 174,282 controls. Comprehensive GWAS summary statistics were accessible on the PheWeb.jp 
website (https://pheweb.jp/).

DNA sample preparation
Genomic DNA was isolated from peripheral blood samples of participants using the QIAamp 96 DNA QIAcube 
HT Kit (Qiagen, Germany). Subsequently, DNA libraries were prepared with the MGIEasy FS DNA Library Prep 
Set (MGI, China).
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Whole genome sequencing and quality control
Whole-genome sequencing was executed on the DIPSEQ platform (BGI, China). We adhered to the GATK 
Best Practices for the identification of germline short variants, including SNPs and insertions/deletions 
(Indels) up to 50  bp, for sequencing alignment. Joint calling was facilitated by GATK GenotypeGVCFs. 
Variants showing excessive heterozygosity were removed. Quality scores, including QualByDepth (QD), 
MappingQualityRankSumTest (MQRankSum), ReadPosRankSumTest (ReadPosRankSum), FisherStrand (FS), 
StrandOddsRatio (SOR), and depth (DP), were utilized for Variant Quality Score Recalibration (VQSR) to filter 
low-quality variants. Genotyping accuracy was enhanced through refinement using Beagle 5.4. Based on the 
common variants (MAF ≥ 0.01), we estimated the sample relatedness and removed samples that failed in sex 
check, potentially monozygotic twins or duplicated samples using KING.

Association analysis
The software based on the Generalized Linear Mixed Model (GLMM) can specifically analyze genome-wide 
association studies of binary traits, and its operation efficiency is much higher than that of similar binary traits 
association analysis methods36. In this study, a common variant-based (MAF ≥ 0.01) genome-wide association 
study was performed using the generalized linear mixed effect model (GLMM-fastGWA), adjusting for Age, 
Age2, Sex, and PC1-PC10. Meta-analysis was performed with METAL ​(​​​h​t​t​p​s​:​/​/​c​s​g​.​s​p​h​.​u​m​i​c​h​.​e​d​u​/​a​b​e​c​a​s​i​s​/​m​e​t​
a​l​/​​​​​)​​​3​7​​​, employing a fixed-effect model to integrate findings from Japanese populations (BBJ).

The candidate SNPs inclusion criteria were as follows: (1) The direction of the effect was consistent in both 
the discovery and validation populations; (2) P value was less than 0.05 in both populations; (3) In the meta-
analysis, FDRmeta was less than 0.10 after correction (based on the SNPs less than 0.05 in both discovery and 
validation populations).

Conditional analysis
Conditional and Joint Multiple-SNP Analysis (COJO) was performed by GCTA (Genome-wide Complex Trait 
Analysis) software. COJO screens for SNPs independently associated with NSCLC susceptibility in the circadian 
pathway, which eliminates the recurrence of two or more mutually explainable sites in subsequent analyses 
due to a high Linkage Disequilibrium (LD). That is, any two loci with a distance of less than 1  Mb on the 
same chromosome were analyzed conditionally to observe whether other loci were also associated with the 
phenotype. If a point is not found to be statistically significant after conditional analysis, it means that its effect 
can be explained by other SNP sites and is filtered.

Circadian pathway genes and SNP selection
Our study reviewed the research strategies for screening candidate genes by referring to published 
literature12,13,38,39. We used the Kyoto Encyclopedia of Genes and Genomes, KEGG, https://www.kegg.jp/) and 
Reactome channel database (https://reactome.org/), search target channel names “Circadian Rhythm” and 
“Circadian Clock” by keyword. The genes associated with the circadian rhythm pathway of both KEGG and 
Reactome were collected. At the same time, the existing literature was supplemented18,24,40–44. Finally, the list of 
circadian pathway genes was sorted out and summarized, which encompasses 14 core circadian rhythm genes 
(the clock genes) and 32 key genes related to circadian rhythms (Supplementary Table 1).

We then used the Genome Reference Consortium Human Genome37 (GRCh37) data as the standard to 
identify the initiation sites of each gene in the list of circadian pathway genes. In this study, SNPs in the upstream 
and downstream 50  kb range of candidate genes were extracted for subsequent analysis, resulting in 15,462 
independent SNPs. Tagging SNPs were pinpointed within 50 kb regions flanking each selected gene using the 
Clumping program (​h​t​t​p​s​:​​​/​​/​w​w​​w​.​c​o​​g​-​g​e​n​o​m​i​​​c​s​.​o​​r​​g​/​p​l​​i​n​​​k​​/​1​.​9​​/​p​o​s​t​​​p​r​o​c​#​c​l​u​m​p).

Gene-based analysis (MAGMA)
To conduct gene-based analysis of GWAS data, we used MAGMA to analyze summary SNP P-values from 
meta GWAS statistics. We first integrated individual SNP data (15,462 independent SNPs) at the gene level 
(annotation), and then used gene data (integrating information from individual SNPs) and lung cancer for 
association analysis to quantify the degree of association between each gene and phenotype.

eQTL analysis
To elucidate the effects of target SNPs, we the following publicly available eQTL database to explore the 
association between SNPs and the expression levels of corresponding genes in lung tissue, blood, and other 
tissues: Genotype-Tissue Expression Project45 (GTEx, v8) (https://www.gtexportal.org/home/); QTLbase46 
(http://mulinlab.tmu.edu.cn/qtlbase/index.html). These resources enabled the investigation of associations 
between genetic variants and tissue-specific gene expression patterns.

Transcriptome data collection
A total of 417 NSCLC patients were recruited from the SAHZU from February 2013 to June 2022. The inclusion 
criteria and data collection are the same as sample collection for the discovery population. All specimens (tumor 
and matched normal tissue samples from the same patient) were cut fresh from surgically resected tissue samples. 
We followed the survival status of these NSCLC patients every six months.

Total RNA was extracted using AllPrep DNA/RNA Universal Kit (Qiagen, Germany) and sequencing libraries 
were generated using the MGIEasy Total RNA Library Prep Kit (MGI, China). The total RNA of the tumor and 
paired normal tissue samples were sequenced on the MGI HiSeq platform (BGI, Shenzhen) and 100 bp paired-
end reads were generated. After quality control, we only included 747 tissue samples with low ribosome RNA 
(≤ 30%) and high sample sequencing reads (≥ 20 million reads).
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We also download gene expression data, age, gender, follow-up time, survival status, survival time, and other 
clinical information of NSCLC patients from The Cancer Genome Atlas database (TCGA, ​h​t​t​p​s​:​/​/​p​o​r​t​a​l​.​g​d​c​.​c​a​
n​c​e​r​.​g​o​v​/​​​​​)​.​​

Gene expression analysis
Wilcoxon rank-sum test was used to compare the gene expression level between tumor and normal tissues and 
between different stages. A Cox regression model was implemented to estimate the hazard ratio (HR) using the R 
package survival and surviminer. We also conducted multi-variable cox regression analysis adjusting for gender, 
age, smoking, and clinical stage. We used both progression-free survival (PFS) and overall survival (OS) as 
survival status. Kaplan-Meier method and Log-rank test were used to compare the differences in survival status 
between the high and low-expression groups divided by the median values.

Statistical analysis
Statistical analyses were conducted using R version 4.3.0. A nominal significance level was set at a P < 0.05. P-
values for each SNP and gene were adjusted using the false discovery rate (FDR) method to account for multiple 
testing, considering FDR < 0.10 as statistically significant. All methods were performed in accordance with the 
relevant guidelines and regulations.

Results
Host characteristics of the discovery populations
Characteristics of cases and controls within the discovery cohort are detailed in Table 1, encompassing 1,104 
lung cancer cases and 9,635 controls. The average age was 56.80 years for cases and 58.80 years for controls, 
with cases having a higher proportion of current smokers (22.92% vs. 20.53%, P < 0.001). The predominant 
histological type was adenocarcinoma (90.67%), followed by squamous cell carcinoma (6.07%), with most 
patients diagnosed at stage I.

Association analysis of circadian pathway-related SNPs and NSCLC susceptibility
A total of 6,109,887 SNPs were analyzed for their association with NSCLC risk adjusting for Age, Age2, Sex, 
and PC1-PC10. We then tagged 15,462 SNPs within 46 genes of the circadian rhythm pathway. In the discovery 
phase, we defined P < 0.05 as the statistical significance threshold of potential association to screen for candidate 
SNPs for the next stage. A total of 888 SNPs were nominally associated with NSCLC risk (P < 0.05, Supplementary 
Table 2) and were then included in the validation populations of BBJ. After removing SNPs with discordant effect 
directions in the two datasets, eight SNPs met the requirement of P < 0.05 in both the discovery and validation 
populations and FDR < 0.10 in the meta-analysis (Fig. 1; Table 2).

In the meta-analysis, the A allele of CUL1 rs78524436 was associated with increased susceptibility to NSCLC 
(ORmeta = 1.18, 95%CI: 1.09–1.29, Pmeta = 7.99e-5), while the A allele of FBXL21 rs2069868 was associated with 
reduced susceptibility to NSCLC (ORmeta = 0.86, 95%CI: 0.80–0.96, Pmeta = 4.78e-4). The T allele of CSNK1D 
rs147316973 was associated with reduced susceptibility to NSCLC (ORmeta = 0.76, 95%CI: 0.65–0.88, Pmeta 
= 5.93e-4). The A allele of RORA rs1589701 was associated with reduced susceptibility to NSCLC (ORmeta = 

Case (N; %) Control (N; %)

Num 1104 (100.00) 9635 (100.00)

Gender

Female 693 (62.77) 5974 (62.00)

Male 411 (37.23) 3661 (38.00)

Age (years, mean±sd) 56.80±12.70 58.83±9.75

BMI (kg/m2, mean±sd) 23.30±4.91 23.60±2.94

Smoking history

No 717 (64.95) 7616 (79.05)

Yes 253 (22.92) 1978 (20.53)

Missing 134 (12.10) 41 (0.43)

Histology

LUAD 1001 (90.67) -

LUSC 67 (6.07) -

Others 36 (3.26) -

Pathological stage

I 872 (79.00) -

II 42 (3.80) -

III 35 (3.17) -

IV 12 (1.09) -

Others 143 (12.95) -

Table 1.  Characteristics of discovery populations in the SAHZU population.
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Fig. 1.  GWAS results in the discovery, validation, the meta-analysis. SNPs were nominally associated with 
NSCLC risk (A, P < 0.05) and were then validated in the validation populations of BBJ (B). After removing 
SNPs with discordant effect directions in the two datasets, eight SNPs met the requirement with P < 0.05 in 
both the discovery and validation populations and FDR < 0.10 in the meta-analysis (C).
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0.94, 95%CI: 0.91–0.98, Pmeta = 3.40e-3). The SNP in the TEF gene with the strongest association with NSCLC 
susceptibility was rs9611588 (ORmeta = 1.06, 95%CI: 1.02–1.10, Pmeta = 1.28e-3). There was no heterogeneity in 
the SNPs between the two groups (Pheterogeneity > 0.05).

We further replicated the eight identified SNPs in European populations to see whether these SNPs are specific 
to East Asian populations. To this end, we used summary statistics from the FinnGen cohort. We found that only 
CUL1 rs78524436 was still significantly associated with susceptibility to lung cancer in the same direction as our 
results (P < 0.05, Supplementary Table 3).

Conditional analysis
To exclude the recurrence of two or more mutually explainable SNPs due to highly linked disequilibrium, we 
performed a GCTA-COJO conditional analysis of eight candidate SNPs associated with NSCLC susceptibility. 
The final screening results showed that FBXL21 rs2069868, CUL1 rs78524436, RORA rs1589701, CSNK1D 
rs147316973, and TEF rs9611588 were independently correlated with NSCLC susceptibility (P < 0.05, Table 3).

Gene-based analysis
To aggregate the associations of multiple SNPs in the vicinity of candidate genes revealing consistent results in 
both the discovery and validation phases, we performed gene-based analysis using MAGMA. Although none 
surpassed the significance threshold after adjusting for multiple tests, CUL1 were nominally associated with lung 
cancer case-control status (P < 0.05, Supplementary Table 5).

eQTL mapping
To further explore the relationship between target SNPs and their corresponding gene expression levels, we 
reviewed the GTEx and QTLbase database results. The GTEx eQTL result indicated a significant downregulation 

SNP Chr Pos_hg19 Gene Alle MAF phase OR (95%CI) P Heterogeneity

rs78524436 7 148372374 CUL1 A/G 0.07 Discovery 1.17 (1.00, 1.35) 3.71E-02 0.222

Validation 1.19 (1.07, 1.31) 7.38E-04

Mata 1.18 (1.09, 1.29) 7.99E-05

FDR meta 7.76E-03

rs2069868 5 135232966 FBXL21 A/G 0.08 Discovery 0.84 (0.74, 0.95) 9.77E-03 0.06

Validation 0.88 (0.80, 0.96) 8.41E-03

Mata 0.86 (0.80, 0.93) 4.78E-04

FDR meta 1.96E-02

rs147316973 17 80253346 CSNK1D T/C 0.02 Discovery 0.70 (0.50, 0.99) 4.61E-02 0.209

Validation 0.77 (0.65, 0.92) 4.33E-03

Mata 0.76 (0.65, 0.88) 5.93E-04

FDR meta 2.22E-02

rs9611588 22 41823803 TEF A/G 0.4 Discovery 1.12 (1.01, 1.24) 3.11E-02 0.136

Validation 1.05 (1.01, 1.10) 1.12E-02

Mata 1.06 (1.02, 1.10) 1.28E-03

FDR meta 3.85E-02

rs1883828 22 41739370 TEF T/C 0.41 Discovery 1.13 (1.02, 1.25) 1.57E-02 0.075

Validation 1.05 (1.00, 1.10) 1.72E-02

Mata 1.06 (1.02, 1.10) 1.41E-03

FDR meta 3.98E-02

rs2073167 22 41791536 TEF C/T 0.41 Discovery 1.11 (1.00, 1.23) 3.41E-02 0.139

Validation 1.05 (1.01, 1.10) 1.50E-02

Mata 1.06 (1.02, 1.10) 1.88E-03

FDR meta 4.71E-02

rs9611579 22 41800882 TEF A/G 0.41 Discovery 1.10 (1.00, 1.22) 4.70E-02 0.18

Validation 1.05 (1.01, 1.10) 1.34E-02

Mata 1.05 (1.02, 1.10) 2.01E-03

FDR meta 4.77E-02

rs1589701 15 61272284 RORA A/G 0.44 Discovery 0.90 (0.82, 0.99) 4.53E-02 0.162

Validation 0.95 (0.91, 0.99) 2.21E-02

Mata 0.94 (0.91, 0.98) 3.40E-03

FDR meta 6.97E-02

Table 2.  Significant circadian pathway-related SNPs in the discovery, validation, and meta-analysis. The 
P-values in the discovery, validation, and meta are original values. The FDR meta P-values are adjusted using 
the false discovery rate (FDR) method to account for multiple testing.
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of TEF expression in lung and blood tissue by the A allele of TEF rs9611588 (P = 0.001 for lung tissue; P < 0.001 
for blood tissue). With the increase of rs9611588 effect allele A, the expression level of TEF in lung tissue 
(Fig.  2a) and blood samples (Fig.  2b) showed a decreasing trend. CUL1 rs78524436 was closely associated 
with CUL1 expression level in blood samples but was not significant in lung tissue (Figure S2). There was 
no significant correlation between RORA rs1589701 and RORA expression in lung tissue and blood samples 
(Figure S3). FBXL21 rs2069868 and CSNK1D rs147316973 have no corresponding information in GTEx. In the 
QTLbase database, RORA rs1589701 and TEF rs9611588 were associated with expression levels of RORA and 
TEF in adipose, brain, or other tissues, respectively (P < 0.01, Fig. 3). FBXL21 rs2069868, CUL1 rs78524436, and 
CSNK1D rs147316973 do not have corresponding information. These results suggest that RORA rs1589701 and 
TEF rs9611588 regulate the expression of RORA and TEF, respectively.

Gene expression analysis
To explore the potential relationship between the expression level of candidate genes with eQTL effect and 
NSCLC risk, we performed differential expression analysis and survival analysis using the transcriptome data 
from SAHZU. These results were validated in an additional 1008 NSCLC patients from TCGA. For lung cancer 
samples from SAHZU, clinical and demographic information of the RNA sequencing population is provided in 
Supplementary Table 4.

Consistent differential gene expression results were observed from both SAHZU-NSCLC and TCGA-
NSCLC. RORA and TEF showed lower expression levels in tumor tissues compared to normal tissues (P < 0.001). 
In comparison, the expression levels of RORA and TEF in early-stage I /II were lower than those in late-stage III 
/IV tumors (P < 0.001, Fig. 4).

In the survival analysis, we also observed that RORA and TEF expression were positively correlated with 
better survival in SAHZU-NSCLC patients. In contrast, only high RORA expression was significantly associated 
with overall survival rate (P < 0.05, Figs. 5 and 6). After adjusting for gender, age, smoking, and clinical stage, 
patients with high RORA expression or TEF expression still had higher clinical survival rates than those with 
low expression (HRRORA = 0.61, 95%CIRORA: 0.38–0.96; HRTEF = 0.37, 95%CITEF: 0.22–0.60). Patients with high 
RORA expression (HR = 0.69, 95%CI: 0.49–0.98) or high TEF expression (HR = 0.54, 95%CI: 0.38–0.77) had a 
lower risk of disease progression than those with low expression levels.

Discussion
This study systematically assessed the association between genetic variants within circadian rhythm pathway 
genes and NSCLC risk in a large Chinese population and obtained validation in the BBJ data. We employed 
whole-genome sequencing and identified 888 common genetic variants with significant associations, with 
eight of these SNPs across five genes (CUL1, FBXL21, CSNK1D, TEF, and RORA) confirmed in the validation 
populations and meta-analysis. Additionally, we reviewed the results in the GTEx and QTLbase databases, which 
suggested that RORA rs1589701 and TEF rs9611588 regulate the expression of RORA and TEF, respectively. 

Fig. 2.  The GTEx eQTL results of TEF rs9611588. The GTEx eQTL results indicated a significant 
downregulation of TEF expression with increased rs9611588 effect allele A in the lung (A) and blood samples 
(B).

 

SNP Gene Region Alle OR(95%CI) P

rs2069868 FBXL21 5q31.1 A/G 0.94 (0.90, 0.97) 4.78E-04

rs78524436 CUL1 7q36.1 A/G 1.07 (1.03, 1.12) 8.05E-05

rs1589701 RORA 15q22.2 A/G 0.97 (0.95, 0.99) 3.40E-03

rs147316973 CSNK1D 17q25.3 T/C 0.89 (0.83, 0.95) 5.94E-04

rs9611588 TEF 22q13.2 A/G 1.29 (1.24, 1.35) <1.00E-8

Table 3.  Conditional analysis of candidate SNPs and NSCLC susceptibility.
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Fig. 4.  Differential gene expression analysis of RORA and TEF in SAHZU and TCGA cohorts. Wilcoxon rank-
sum test was used to compare the gene expression level between tumor and normal tissues (A) and between 
different stages (B).

 

Fig. 3.  The QTLbase eQTL results of TEF rs9611588 and RORA rs1589701. The QTLbase eQTL results suggest 
that RORA rs1589701 and TEF rs9611588 regulate the expression of RORA and TEF, respectively.
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Results of our transcriptome data from SAHZU revealed that RORA and TEF showed lower expression levels in 
tumor tissues (P < 0.001) and poorer survival was observed in patients with lower RORA and TEF expressions. 
Overall, our study assessed the association between circadian rhythm genetic polymorphisms and NSCLC risk 
in the East Asian population, which underscores the potential role of circadian rhythm in NSCLC carcinogenesis 
and prognosis.

Epidemiological evidence suggests that disruption of circadian rhythms may increase susceptibility to 
various cancers, including those of the breast, lung, prostate, and colorectum47–50. An investigation into 
occupational lung cancer among U.S. women highlighted the elevated risk associated with night-shift work 
in nursing, even after adjusting for smoking habits51. Animal studies52 have further validated the impact of 
genetic and environmental disruption of circadian rhythms on lung cancer development53, employing models 
to study the effects of circadian misalignment on tumor growth and proliferation53. Furthermore, the circadian 
rhythm pathway interacts with several signal transduction pathways, including MAPK, PI3K-Akt, and Wnt, 
modulating their activity and affecting downstream cellular outcomes54–57. Circadian genes are implicated 
in lung carcinogenesis through diverse mechanisms, including regulation of the c-myc oncogene, metastatic 
factors, immune responses, and cell cycle regulation58–60, suggesting their utility as biomarkers for lung cancer. 
Notably, targeting circadian genes has shown promise in tumor suppression. For instance, RORC inhibitors have 
demonstrated efficacy in pancreatic cancer61, while the role of RORA in inducing apoptosis in lung epithelial 
cells warrants further investigation64.

Specifically, our investigations revealed that rs1589701 within RORA played a prominent role in NSCLC. In 
the association analysis, the A allele of RORA rs1589701 was associated with reduced susceptibility to NSCLC 
(ORmeta = 0.94, 95%CI: 0.91–0.98, Pmeta = 3.40e-3), which was consistent in the discovery, validation, the meta-
analysis, and conditional analysis. Our results supported that RORA rs1589701 regulated the expression of 
RORA, whereas RORA under-expression was related to NSCLC carcinogenesis and worse survival. RORA, a 
nuclear hormone receptor gene, spanning a 730 kb region with 15 exons on chromosome 15q22.2, has been 
identified as a potential tumor suppressor62. It regulates SEMA3F, a tumor-suppressive factor, and plays a 
crucial role in cellular stress responses. Its inactivation in multiple tumor types underscores its significance in 
cancer63. Therefore, our findings align with previous research indicating RORA’s association with lung cancer 
risk13, reinforcing the potential of circadian rhythm genetic polymorphisms as critical determinants of NSCLC 
susceptibility.

Fig. 5.  Overall survival analysis of RORA and TEF in SAHZU and TCGA cohorts. Kaplan-Meier survival 
plots for two patient subgroups divided by the median gene expression values of RORA (A, in SAHZU; B, in 
TCGA) and TEF (C, in SAHZU; D, in TCGA). OS: overall survival.
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Furthermore, this study also identified additional SNPs in TEF associated with NSCLC risk, marking 
the new findings of these associations in the context of lung cancer. Following this, we reviewed the results 
of transcriptome-wide association studies (TWAS) that were conducted to identify genes implicated in the 
pathogenesis of lung cancer by correlating genotype and gene expression with phenotypic traits. A Japanese 
study64 involved integrating lung cancer GWAS summary results with gene expression profiles from 28 immune 
cells highlighted that RORA and TEF were significantly correlated with lung cancer risk across immune cells. 
Notably, lower expression of TEF (Z = -3.20, P = 1.41e-3) in mDC and Tfh cells was predicted to increase lung 
cancer risk. Conversely, higher expression of RORA (Z = 2.72, P = 6.62e-3) in Naive B cells was predicted to 
elevate lung cancer risk. These findings necessitate experimental validation through further studies.

This study’s strengths include a large patient cohort, a targeted pathway-based approach encompassing major 
circadian rhythm genes, and the novelty of exploring these associations in East Asian populations. Nonetheless, 
there are several limitations in our study. First, while the statistical evidence for circadian rhythmin in NSCLC 
has been demonstrated, further extensive functional studies are required to elucidate the precise mechanisms. 
Second, the focus on common variants may overlook the potential impact of rare genetic variations. Future 
research on rare genetic variations of circadian clock genes may unveil new biomarkers and therapeutic targets 
for lung cancer.

Conclusion
In this study, we undertook a thorough examination of potential susceptibility loci associated with lung cancer 
within the circadian rhythm pathway by employing whole-genome sequencing in East Asian cohorts. Our 
research identified significant correlations between lung cancer risk and specific single nucleotide polymorphisms 
(SNPs) in circadian rhythm-related genes, including CUL1, FBXL21, CSNK1D, TEF, and RORA. These 
correlations were further corroborated in an independent case-control study, offering strong evidence of their 
connection to lung cancer susceptibility. Additionally, our comprehensive analysis encompassing quantitative 
trait loci (QTL), transcriptome-wide association studies (TWAS), gene-based, and transcriptomic evaluations, 
underscored the role of these genes in lung cancer’s etiology, suggesting their utility as potential biomarkers and 
their influence on the tumor’s immune microenvironment. Despite the progress made, our findings necessitate 
further investigation to solidify and expand upon these initial observations. To confirm the relationships we 

Fig. 6.  Progress-free survival analysis of RORA and TEF in SAHZU and TCGA cohorts. Kaplan-Meier 
survival plots for two patient subgroups divided by the median gene expression values of RORA (A, in 
SAHZU; B, in TCGA) and TEF (C, in SAHZU; D, in TCGA). PFS: progress-free survival.

 

Scientific Reports |         (2025) 15:7825 10| https://doi.org/10.1038/s41598-025-92083-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


observed, it is imperative to conduct Large-scale genome-wide association studies (GWAS) that include diverse 
and geographically varied populations. Furthermore, detailed functional studies are essential to decode the exact 
molecular pathways through which the circadian rhythm genetic variants affect lung cancer risk. Such endeavors 
will significantly advance our comprehension of how genetic variations interact with cancer pathways, leading 
to the development of tailored prevention and treatment modalities for lung cancer in East Asian populations, 
thereby contributing to the broader field of personalized medicine.

Data availability
The result of GWAS for the NSCLC have been deposited in the National Genomics Data Center (NGDC, ​h​t​t​
p​s​:​/​/​w​w​w​.​c​n​c​b​.​a​c​.​c​n​/​?​l​a​n​g​=​e​n​) with OMIX ID: OMIX005344. The raw sequencing data from the study have 
been deposited in the database of the Data Centre of School of Public Health, Zhejiang University, following the 
regulations of the Human Genetic Resources Administration of China (HGRAC). The data are available under 
controlled access after approval by the research team for educational and research purposes only.
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