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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Lung cancer is the most commonly diagnosed malignancy both in China and globally.

■   RNA splicing plays a substantial role in influencing cancer heritability.

■   Genetic-based splicing dysregulation significantly contributes to the carcinogenesis and prognosis of lung cancer.
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Dysregulated RNA splicing is a post-transcriptional  molecular feature that
significantly influences tumor progression and prognosis. However, the role
of  alternative  splicing  in  the  development  of  non-small  cell  lung  cancer
(NSCLC) within the Chinese population remains poorly  understood.  In  this
study,  we investigated the genetic  regulation of  splicing in  245 tumor and
297 normal lung tissue samples from Chinese NSCLC patients. By integrat-
ing  splicing  data  with  a  meta-analyzed  genome-wide  association  study
(GWAS)  for  NSCLC in  East  Asians  (7,035 cases  and 185,413 controls),  we
identified 14 novel NSCLC-associated splicing events (FDR < 0.05) through
a splicing transcriptome-wide association study (spTWAS). Additionally, we
validated the involvement of  the splicing gene FARP1 and the EIF3 family,
both  of  which  have  been  associated  with  NSCLC  risk.  By  combining  the
results of differential splicing analysis and spTWAS, followed by colocaliza-
tion  analysis  and  putative  splicing  factor  predictions,  we  highlighted  the
critical roles of splicing events in TP63 (1st exon skipping) and TPM1 (6th
exons mutually exclusive) in NSCLC, bridging the missing biology between
SNP-NSCLC  association.  Furthermore,  we  underscored  several  splicing
events  in  genes  including ILK,  which  were  also  associated  with  NSCLC
prognosis.  In  conclusion,  this  study  elucidated  the  genetic  architecture  of
splicing in lung tissues and revealed the significant contribution of splicing
dysregulation to the carcinogenesis and prognosis of NSCLC.

 INTRODUCTION
Lung  cancer  is  the  most  frequently  diagnosed  malignancy  in  China  and

worldwide,  representing  a  leading  cause  of  cancer-related  mortality  and
posing  significant  public  health  challenges.1-3 Non-small  cell  lung  cancer
(NSCLC)  accounts  for  approximately  85% of  all  lung cancer  cases.4 Genetic
factors contribute significantly to the etiology of lung cancer,5-7 and genome-
wide  association  studies  (GWAS)  have  identified  numerous  loci  associated
with NSCLC. However, most of these loci lack clear molecular mechanisms.8,9

Given  that  over  90%  of  these  loci  are  located  in  non-coding  regions,  the
potential  mediating  role  of  gene  transcriptional  regulation  in  SNP-NSCLC
associations has been increasingly explored.10,11

Expression quantitative trait  loci  (eQTLs) have been extensively studied to
elucidate  the  associations  between  genetic  variants  and  diseases.12,13

However,  empirical  data  suggest  that  eQTLs  account  for  only  a  limited
proportion of cancer susceptibility loci,14 leaving much of the underlying biol-
ogy  unexplained  (missing  biology),  particularly  within  the  context  of  non-
coding regulation.15 Recent studies have indicated that  a substantial  portion
of cancer heritability may be attributable to biological  processes beyond the
genetic regulation of gene expression. For example, alternative splicing, which
can  result  in  the  absence  of  key  domains  encoded  by  skippable  exons,16

highlights the complementary role of splicing in gene regulation.17,18

Alternative  splicing  is  a  critical  component  of  post-transcriptional regula-
tion, enabling pre-mRNA molecules to produce various mRNA isoforms. This
mechanism affects more than 95% of human genes.19 Abnormal splicing can

disrupt essential biological processes, forming the basis of various patholog-
ical conditions, including carcinogenesis and prognosis.20,21 Aberrant splicing
in  tumors  can  arise  from  multiple  factors,  including  (1)  alterations  in  the
expression or function (due to somatic mutations) of splicing factors and (2)
genetic variants that affect splicing sequences.22 These mechanisms under-
line the importance of splicing regulation in cancer biology.

The  role  of  alternative  splicing  in  SNP-disease  associations  has  been
explored  through  the  mapping  of  splicing  quantitative  trait  loci  (sQTLs).23-25

Additionally,  disease-associated splicing events have been identified using a
splicing-based  transcriptome-wide  association  study  (spTWAS).23,26,27 Tran-
scriptome-wide association studies (TWAS) are widely used frameworks for
projecting  SNP-level  signals  from  GWAS  onto  molecular-trait  associations.
Recently,  Wang  et  al.  successfully  mapped  lung  cancer-associated  splicing
events using spTWAS in Han Chinese.27 However, the reference panel for the
splicing prediction model in that study was relatively small  (N = 116),  which
limited the number of predictable splicing events.

Leveraging data from the GTEx project, we hypothesized that using a larger
reference  panel  could  significantly  enhance  the  predictability  of  splicing
events and increase the likelihood of identifying disease-associated molecu-
lar mechanisms.28 TWAS approaches can be underpowered due to the limited
proportion  of  variance  in  molecular  traits  explained  by  genetic  variants.29,30

Differential splicing analysis between normal and tumor tissues, on the other
hand, is highly effective in identifying up- or down regulated events at the PSI
(percent-spliced-in)  level.31 However, these  events  may  represent  conse-
quences rather than causes of tumorigenesis. Therefore, integrating spTWAS
with differential  splicing analysis can complement their  respective strengths
and  weaknesses,  offering  deeper  mechanistic  insights  into  NSCLC-associ-
ated alternative splicing.

In  this  study,  we  conducted  a  comprehensive  investigation  to  identify
NSCLC-associated splicing  events.  First,  we  analyzed  the  genetic  architec-
ture of splicing and identified sQTLs in 245 tumor and 297 normal lung tissue
samples  from  NSCLC  patients  of  Chinese  descent.  Second,  we  performed
differential  splicing  analysis  to  compare  splicing  events  between tumor  and
normal tissues. Third, we developed a genetic variant-based splicing predic-
tion model, which was applied to bridge SNP-NSCLC associations and iden-
tify NSCLC-associated splicing events through spTWAS, followed by colocal-
ization analysis. Fourth, we assessed the impact of splicing events on prog-
nosis  and  investigated  potential  upstream  regulatory  mechanisms.  Overall,
this  study  aimed to  provide  a  comprehensive  evidence  chain  for  the  role  of
alternative splicing events in NSCLC pathogenesis and prognosis.

 MATERIALS AND METHODS
 Cohorts and clinical specimens

A  total  of  417  patients  diagnosed  with  NSCLC  were  recruited  from  the
Second  Affiliated  Hospital  of  Zhejiang  University  School  of  Medicine  (SAH),
Zhejiang  University  (Hangzhou,  China),  between  2015  and  2020.  Matched
tumor  and  adjacent  normal  tissue  samples  were  collected  from  these

ARTICLE    

2  　　　The Innovation Medicine 3(1): 100111, February 27, 2025 www.the-innovation.org/medicine

mailto:xifengw@zju.edu.cn
mailto:danzhou@zju.edu.cn
mailto:xifengw@zju.edu.cn
mailto:danzhou@zju.edu.cn
https://doi.org/10.59717/j.xinn-med.2025.100111
https://doi.org/10.59717/j.xinn-med.2025.100111
https://doi.org/10.59717/j.xinn-med.2025.100111
https://creativecommons.org/licenses/by/4.0/
https://www.the-innovation.org/medicine
https://www.the-innovation.org/medicine
https://www.the-innovation.org/medicine


patients, who had not received prior systemic therapy and underwent surgi-
cal resection for NSCLC. The demographic characteristics of the participants,
abstracted  from  medical  chart  records,  are  summarized  in Table  S1.
Informed consent was obtained from all patients, and the study protocol was
approved by the Institutional Review Board of SAH (2020-829).

All specimens were obtained from tissue samples resected during surgery,
immediately  frozen  in  liquid  nitrogen,  and  subsequently  stored  at -80°C.
Genomic  DNA  and  total  RNA  were  extracted  from  the  frozen  tissues  using
the DNA/RNA AllPrep Kit (Qiagen). DNA concentrations were measured using
a Qubit  Fluorometer (Invitrogen),  and DNA integrity  was evaluated using the
TapeStation system (Agilent Technologies).  Total RNA quantity and integrity
were assessed with the RNA Nano 6000 Assay Kit  on the Bioanalyzer 2100
system (Agilent Technologies, CA, USA).

A study design diagram illustrating the use of patient cohorts and the main
procedures for data processing in this study is provided in Figure S1.

 DNA genotyping
The library was prepared using the MGIEasy FS DNA Library Prep Set (cat.

1000006987;  MGI,  China),  and  whole-genome  sequencing  (WGS)  was
conducted on the DIPSEQ platform (BGI,  Shenzhen).  Prior to imputation,  the
following  quality  control  criteria  were  evaluated:  (1)  contamination  rate
exceeding 5%;  (2)  duplication or  relatedness greater  than 10%;  (3)  less  than
80% of  regions  covered  at  5×  depth;  and  (4)  discrepancies  in  sex  concor-
dance between genetic and reported sex.

The GATK Best Practice pipeline was employed for germline short variant
discovery  (SNPs  and  Indels)  during  sequencing  alignment.32 Joint  variant
calling  was  performed  using  GATK  GenotypeGVCFs.  Variants  exhibiting
excessive  heterozygosity  were  excluded.  Low-quality  variants  were  filtered
based on quality metrics, including QD, MQRankSum, ReadPosRankSum, FS,
SOR, and DP, followed by Variant Quality Score Recalibration (VQSR).

To enhance genotyping accuracy, refinement was conducted using Beagle
5.4.33,34 Variants  with  a  Hardy-Weinberg  equilibrium P-value  (P_HWE)  <  1  ×
10−6 were  filtered  out  after  refinement.  Additionally,  potentially  monozygotic
twins or duplicate samples were identified and removed.

 RNA sequencing and processing
Ribosomal  RNA  was  removed  using  the  MGIEasy  32  RXN  Kit  (MGIEasy,

China).  Subsequently,  sequencing  libraries  suitable  for  paired-end sequenc-
ing  were  prepared using  the  MGIEasy  Total  RNA Library  Prep  Kit  (MGIEasy,
China). RNA  samples  were  pooled  and  sequenced  on  the  MGI  HiSeq  plat-
form (BGI, Shenzhen), generating 100 bp paired-end reads.

The  sequencing  quality  of  each  sample  was  assessed  using  FastQC
(https://www.bioinformatics.babraham.ac.uk/projects/fastqc/).  Sample-
relatedness  and  mismatched  sequencing  datasets  from  different  donors
were  evaluated  using  Picard  Tools  CheckFingerprint  (Broad  Institute,
Cambridge, MA).35 Ribosomal RNA reads were identified and removed using
RiboDetector.36 Following  the  hmftools  pipeline  (https://github.com/
hartwigmedical/hmftools),  RNA-seq  alignment  was  performed  with  STAR,37

duplicates  were  marked  using  sambamba,38 and gene  counts  were  gener-
ated  with  Isofox  (https://github.com/hartwigmedical/hmftools/tree/master/
isofox). After quality control, 747 samples were retained for analysis, meeting
the criteria of low ribosomal RNA content (≤ 30%) and high sequencing depth
(≥ 20 million reads).

 Splicing & expression quantification
Leafcutter  v0.2  was  utilized  to  identify  splicing  events  and  quantify  the

intron usage ratio for 346 tumor and 401 normal tissue samples from NSCLC
patients.39 Initially, the qualified BAM files were converted into splicing junc-
tion files. Introns were then clustered using the default parameters: -m 50 -l
500000,  which  retains  clusters  with  at  least  50  supported  split  reads  and
allows for introns up to 500 kb in length. Introns with minimal variation, those
utilized in fewer than 40% of individuals, or those located on non-autosomal
chromosomes were filtered out for subsequent analyses.

Isofox  v1.6.1  (https://github.com/hartwigmedical/hmftools/tree/master/
isofox) was employed to generate gene count data and Transcript Per Million
(TPM)  values  for  the  747  samples.  To  adjust  TPM  values,  Isofox  excluded
certain  genes  from  GC  bias  calculations  and  applied  normalization  factors.

For  a  given  sample,  the  adjusted  TPM  was  calculated  as:  AdjustedTPM  =
rawTPM ×  constant,  where  the  constant  was  determined  by  the  normaliza-
tion  factor.  An  expression  filter  was  then  applied,  retaining  genes  with  an
expression  value  of  at  least  1  TPM  in  a  minimum  of  20%  of  the  samples
within the dataset.

 DSG and DEG identification
Differential  splicing  gene  (DSG)  analysis  was  conducted  using  a  Dirichlet

multinomial  model  implemented  in  leafcutter_ds.R.  Subsequently,  leafviz
v0.1.0  (https://leafcutter.shinyapps.io/leafviz/)  was  employed  to  classify
detected introns as annotated or  cryptic  and to generate preliminary visual-
izations. Potential  batch  effects  were  adjusted  during  the  analysis.  Signifi-
cant DSGs were identified based on a threshold of FDR < 0.05.

Differential expression gene (DEG) analysis  was performed using a  nega-
tive  binomial  generalized  linear  model  implemented  in  edgeR.40 Potential
batch effects were similarly adjusted, and significant DEGs were identified at
FDR < 0.05.

All  346  tumor  tissue  samples  and  401  normal  tissue  samples  were
included in the DSG and DEG analyses.

 QTL mapping and characterization
Linear  regression  was  conducted  to  identify  genetic  variants  associated

with splicing (sQTLs) and expression (eQTLs) using the R package MatrixE-
QTL v2.3.41 Considering the local regulation of molecular traits, cis-regulation
regions were defined with window sizes of 100 kb and 1 Mb.

To  account  for  latent  confounders,  including  potential  batch  effects,  the
probabilistic estimation  of  expression  residuals  (PEER)  method  was  imple-
mented  to  estimate  PEER  factors.42 Age,  Age²,  sex,  the  top  20  principal
components (PCs), and PEER factors (30 for tumor tissues and 45 for normal
tissues)  were  regressed  out  to  generate  splicing/expression  residuals  for
subsequent analyses.

Variants identified with FDR < 0.05 in the association analysis were classi-
fied as sQTLs or eQTLs. Introns containing at least one sQTL were defined as
sIntrons.

Annotation  of  QTLs  was  performed  using  SnpEff  v5.2,43 and  these  were
subsequently  mapped  to  genes.  Genes  containing  sQTLs  were  categorized
as sGenes, while those containing eQTLs were categorized as eGenes.

Functional  annotation  of  splicing-related  genes,  including  sGenes  and
DSGs, was performed using Gene Ontology (GO) for biological processes and
the Kyoto Encyclopedia of Genes and Genomes (KEGG).

Venn  diagrams  were  generated  using  the  R  package  Venn  Diagram
(v1.6.0).

 Signal sharing between sQTL and GWAS
To  quantify  signal  sharing  between  sQTLs  and  GWAS,  the  R  package

qvalue  (https://bioconductor.org/packages/qvalue) was  employed  to  esti-
mate  the  proportion  of  shared  signals.  GWAS  summary  statistics  were
derived  by  meta-analyzing  data  from  two  sources:  a  GWAS  of  NSCLC  in
13,722 Chinese individuals (2,591 cases and 11,131 controls) and a GWAS of
lung cancer from the Biobank Japan (BBJ),44 totally 7,035 cases and 185,413
controls.

First, tumor-specific and normal-specific sQTLs were categorized into five
groups:  normal,  normal-specific,  tumor-normal-shared,  tumor-specific,  and
tumor. Next,  pi0 was estimated for each group based on the GWAS P-value
distribution  of  SNP-NSCLC  risk  associations.  The  pi0  value  reflects  the
proportion  of  true  null P-values within  the  distribution.  Finally,  pi1  =  1 – pi0
was  calculated  to  estimate  the  lower  bound  of  true  positive  associations
between sQTLs and NSCLC risk.

 Splice-transcriptome-wide association study (spTWAS)
To  identify  NSCLC-associated  splicing  events,  we  adapted  the  TWAS

framework  into  a  splicing-specific  approach,  termed spTWAS,  using normal
lung  tissue  data.  A  total  of  297  individuals  with  both  DNA  genotyping  and
RNA-seq data were included in the analysis.

First,  we  reduced  the  computational  burden  for  model  construction  by
narrowing down splicing events in two steps: (1) Introns with limited evidence
of genetic regulation (FDR ≥ 0.1 from sQTL mapping in normal lung tissues)
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were  excluded.  (2)  Using  GCTA,45 we  estimated  the  cis-heritability  of  intron
usage  ratios,  adjusting  for  age,  age²,  sex,  the  top  20  principal  components
(PCs), PEER factors, and a cis-window defined as ±100 kb around the splice
site. Introns with significant cis-heritability (P < 0.05) were retained for subse-
quent analysis.

Second, prediction models for the qualified introns were trained using cis-
SNPs.  To  capture  the  genetic  architecture  of  splicing  comprehensively,  we
applied four statistical models: single best SNP, best linear unbiased predic-
tor (BLUP), elastic net regression, and least absolute shrinkage and selection
operator  (LASSO)  regression.  Prediction  performance  for  each  model  was
evaluated using 5-fold cross-validation, and the model with the highest cross-
validated R² was selected for the association test.

Third,  the  splicing-NSCLC  association  test  was  conducted  using  GWAS
summary  statistics  and  SNP-SNP  covariance  matrices  estimated  from  the
1000 Genomes  Project  Phase  3  reference  panel,  which  included  504  East
Asian (EAS) subjects.46

Models  with R 2 >  0.01  and P-value  <  0.05  were  retained.  Introns  with
adjusted FDR < 0.05 in the association tests were considered transcriptome-
wide significant. Additionally, introns with promising significance (FDR < 0.2)
were included for further downstream analyses. Genetic colocalization analy-
sis for these introns was conducted using the R package COLOC.47 Posterior
probabilities for hypothesis 4 (PPH4) were generated through Fully Bayesian
colocalization  analysis  using  Bayes  Factors,  indicating  whether  the  intron
usage ratio and NSCLC risk were influenced by the same causal variant(s). A
PPH4 > 0.8 was considered strong evidence of colocalization.

Differential  intron  usage  ratios  between  tumor  and  normal  tissues  were
tested using the t.test function in R, with the Welch method applied to correct
degrees  of  freedom.  For  comparisons  across  different  genotypes,  ANOVA
followed  by  LSD  tests  was  performed.  Correlations  between  intron  usage
ratios were evaluated using Spearman's correlation test.

The  splice-transcriptome-wide  association  study  was  conducted  using
FUSION.48 The human reference genome version 38 (GRCh38) was used as
the reference for exon annotations and variant coordinates.

 Identification  for  splicing  factors  modifying  the  SNP-splicing associa-
tions

Utilizing the genome and transcriptome data from lung tissue samples, we
investigated potential splicing regulators that modulate SNP-splicing associ-
ations. A curated list of 404 splicing factor genes with established biological
relevance  was  considered  in  this  analysis.49 Using  an  interaction  model,  we
estimated the modifying effects of  splicing factor gene expression levels on
SNP-splicing  associations  to  identify  splicing  factors  that  regulate  splicing
events and sQTLs of interest.

Circos plots were generated using the R package Circlize (v.0.4.15).50

 PPI network analysis
A protein-protein interaction network was constructed using STRING v12.0

with  default  settings.51 The  network  included  genes  meeting  the  following
criteria:  (1)  genes harboring introns with  adjusted FDR <  0.2  in  the spTWAS
association test and (2) a curated list of NSCLC-related genes reported in the
COSMIC Cancer  Gene Census (CSC).  Genes located within  the  major  histo-
compatibility complex (MHC) region were excluded from the analysis.

 Survival analysis
Survival analysis  was  conducted  for  NSCLC  patients  with  available  tran-

scriptome measurements and non-missing survival data. Demographic char-
acteristics were obtained from medical chart records. The intron usage ratio
was dichotomized into high and low groups based on the median value.

A Cox regression model was used to estimate hazard ratios (HRs) with the
R  packages  survival  (https://CRAN.R-project.org/package=survival)  and
survminer  (http://rpkgs.datanovia.com/survminer/).  Kaplan-Meier  survival
curves  were  generated  to  compare  survival  outcomes  between  the  groups.
Both overall survival (OS) and progression-free survival (PFS) were employed
to define survival status.

For  independent  validation,  data  from  The  Cancer  Genome  Atlas  (TCGA)
database were utilized. Clinical characteristics and gene expression quantifi-
cation for lung adenocarcinoma and lung squamous cell carcinoma patients
in  TCGA  were  downloaded  using  the  R  package  TCGAbiolinks.52 Splicing

events  in  TCGA  were  quantified  using  SpliceSeq,  and  processed  data  were
obtained from the publicly available repository (https://bioinformatics.mdan-
derson.org/TCGASpliceSeq/PSIdownload.jsp).  Additionally,  the  online  tool
OncoSplicing  was  used  for  pan-cancer  splicing  survival  analysis  within
TCGA.53

 Tumor MicroEnvironment (TME) and drug sensitivity analysis
To assess  immune  cell  infiltration  in  the  NSCLC  immune  microenviron-

ment, the in silico immunophenotyping algorithm CIBERSORT was employed
to  estimate  the  proportions  of  different  immune  cell  types  within  cancer
tissues.54

The  Oncopredict  package  was  utilized  for  drug  response  prediction  and
drug-gene association analysis between PSI groups.55 Gene expression data
(GDSC2-Expr [RMA  Normalized  and  Log  Transformed].rds)  and  drug  sensi-
tivity data (GDSC2-Res.rds) from the GDSC2 dataset, provided by the official
package, were  used  for  model  construction.  The  required  files  were  down-
loaded from https://osf.io/c6tfx/files/osfstorage/624e056b9fcdf400554fe1ae.

The PSI values of introns in tumor tissues (n = 346) were divided into high
and low groups based on the median value.

 RESULTS
 Study overview

Figure 1 provides an overview of the study design. Initially,  RNA sequenc-
ing  data  from all  lung  tissue  samples  (n  =  747)  were  processed to  quantify
splicing  events.  Differential  splicing  analysis  was  conducted  to  compare
splicing  differences  between  NSCLC  tumor  tissues  (n  =  346)  and  adjacent
normal  lung  tissues  (n  =  401).  Subsequently,  QTL  mapping  was  performed
for individuals with both high-quality DNA and RNA sequencing data, encom-
passing tumor (n = 245) and normal tissue samples (n = 297). Genes involved
in sQTLs, eQTLs, differential splicing, or differential expression were included
in the enrichment analysis.

The  genetic  architecture  of  splicing  was  studied  through  the  following
approaches: (1) estimating the regional heritability of splicing, (2) annotating
and visualizing the relative locations of sQTLs, (3) comparing identified sQTLs
with eQTLs, (4) estimating the shared proportion of sQTLs and GWAS signals
for NSCLC, and (5) determining the number of identifiable sQTLs under vary-
ing  sample  sizes  through  down-sampling.  Regionally  heritable  introns  were
subsequently  incorporated  into  the  splicing-specific  transcriptome-wide
association study (spTWAS).

The  spTWAS  was  employed  to  investigate  NSCLC-associated  splicing
events  within  the  context  of  genetic  regulation.  Splicing  events  identified  by
spTWAS  were  prioritized  through  colocalization  analysis.  Several  splicing
events  showing  concordant  signals  (from  both  spTWAS  and  differential
splicing analysis) were further analyzed to explore potential upstream regula-
tors.  Protein-protein  interaction  (PPI)  network  analysis  integrated  the  novel
findings  into  a  well-established  framework  by  pooling  spTWAS  results  with
well-documented  NSCLC  genes.  Prognostic  analyses  offered  an  additional
perspective  on  the  roles  of  splicing  events  in  NSCLC.  Overall,  the  study
comprehensively  investigated  the  role  of  splicing  in  NSCLC  from  multiple
dimensions.

 Identification and characterization of sQTL in lung tissue
In this study, splicing events were quantified, and individuals with both DNA

genotyping and RNA-seq data were included for sQTL mapping in tumor (n =
245) and normal (n = 297) tissues. To examine the distribution of sQTLs, the
distance  between  each  sQTL  and  its  corresponding  intron  splice  site  was
calculated.

For each splicing event,  an FDR threshold of  < 0.05 was applied to deter-
mine  significance.  In  normal  tissues,  a  total  of  363,853  sQTLs  and  46,183
sIntrons  were  identified  (Figure  S2A),  while  tumor  tissues  yielded  209,463
sQTLs and 22,661 sIntrons (Figure S2B).

Figure S3A illustrates the enrichment of sQTLs near splice sites, highlight-
ing the strong local effect of genetic regulation. This finding aligns with previ-
ous research indicating that sQTLs are predominantly located in close prox-
imity to their associated splice sites.56 Based on these results,  a cis-window
size of 100 kb was used for sQTL mapping.

The  identified  sQTLs  were  classified  into  five  groups:  normal,  normal-
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specific,  tumor-normal-shared,  tumor-specific,  and  tumor.  The  genomic
localization of sQTLs was consistent across these groups,  with the majority
situated  within  intronic  regions  (Figure  S3B).  Among  the  sQTLs,  39.6%  (n  =
162,625) were shared between tumor and normal tissues. A larger proportion
of  sQTLs  were  specific  to  normal  tissues  (49.0%,  n=201,228)  compared  to
tumor-specific sQTLs (11.4%, n=46,838) (Figure S3C).

To  evaluate  the  impact  of  sample  size  on  sQTL discovery,  we  performed
down-sampling  on  both  normal  and  tumor  tissues.  Six  sampling  points
(n=100, 125,  150,  175,  200  and  297)  were  considered  to  estimate  the  rela-
tionship between sample size and the number of significant sQTLs identified
(Figures S3D–E). The results demonstrated an approximately linear correla-
tion between sample size and the number of identified sIntrons and sQTLs.

To  assess  the  degree  of  signal  sharing  between  sQTLs  and  GWAS,  we
utilized the metric pi1. Among the five defined groups of sQTLs, the P-value
distributions  for  GWAS  correlation  tests  were  generally  similar,  with  the
normal-related  group  displaying  more  significant  signals.  The  highest  pi1
(8.87%) was observed in the normal-specific sQTL group, indicating a higher
true  positive  rate  of  these  sQTLs  in  GWAS  SNP-NSCLC  association  tests.
Conversely, the pi1 for tumor-specific sQTLs was much lower (2.52%), under-
scoring the predominant role of normal tissue sQTLs in NSCLC (Figure S4).

Compared to sQTLs identified in normal tissues,  those identified in tumor
tissues exhibited a lower level of signal sharing with GWAS for NSCLC (Figure

S4). This discrepancy may be partially attributed
to noise in tumor tissues introduced by somatic
mutations,  structural  variations,  and  other
factors, which competitively  reduce the  propor-
tion  of  phenotypic  variation  that  can  be
attributed to genetic components.

 sQTLs  and  eQTLs  serve  different  roles  in
NSCLC

We  systematically  compared  the  genetic
architecture of  sQTLs and eQTLs in lung tissue
samples  (Figure  S5A).  As  depicted  in  the  QQ
plot,  similar  strong  inflation  was  observed  for
sQTLs and eQTLs in normal tissues, suggesting
comparable  genetic  regulatory  strength  for
splicing and expression. In tumor tissues, sQTLs
exhibited  a  slightly  higher  level  of  signals  than
eQTLs,  potentially  reflecting  the  influence  of
regulators such as abnormal copy number vari-
ations  in  tumors,  which  may  explain  a  larger
proportion  of  variance  in  gene  expression,
thereby  reducing  the  relative  contribution  of
genetic variants.

Figure  S5B  illustrates  the  overlap  between
sQTLs  and  eQTLs,  as  well  as  between  sGenes
and  eGenes.  In  normal  tissues,  25.6%  of  sQTL

and  eQTL  SNPs  overlapped,  while  this  proportion  decreased  to  15.0%  in
tumor tissues,  as shown in the Venn plot.  It  is worth noting that sQTLs and
eQTLs  were  defined  using  thresholds  adjusted  for  multiple  comparisons,
which may underestimate the shared proportion. When mapping these QTLs
to  their  corresponding  genes,  57.7%  of  sGenes  overlapped  with  eGenes  in
normal  tissues,  compared to 29.7% in tumor tissues.  These results  suggest
that  while  a  significant  number  of  genes  are  genetically  regulated  by  both
expression and  splicing,  there  are  relatively  independent  regulatory  mecha-
nisms for sQTLs and eQTLs.

We further  examined  the  overlap  between  differentially  spliced/expressed
genes and genetically regulated sGenes/eGenes (Figure S5C). Approximately
35.2% of DEGs overlapped with eGenes, whereas 32.0% of DSGs overlapped
with  sGenes.  When  focusing  on  differential  analysis  and  comparing  DSGs
with  DEGs,  a  53.7%  overlap  was  observed,  indicating  that  a  substantial
number of  genes  undergo  significant  changes  in  both  splicing  and  expres-
sion during carcinogenesis.

In summary, these findings highlight the distinct yet interconnected regula-
tory mechanisms underlying splicing and expression, as well as their signifi-
cant roles in the genetic and functional landscape of NSCLC.

 Enrichment analysis for DSGs and sGenes
We  conducted  enrichment  analyses  to  uncover  biological  pathways  and
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Figure 1.  Study  overview A  genome-transcriptome
reference map was constructed for both tumor and
normal tissues from Chinese NSCLC patients. Alter-
native  splicing  profiles  were  characterized  using
RNA-seq data, leading to the identification of differ-
entially  spliced  genes  (DSGs)  and  differentially
expressed  genes  (DEGs).  Splicing  quantitative  trait
loci  (sQTLs)  and  expression  quantitative  trait  loci
(eQTLs) were mapped and systematically compared
across the transcriptome. The degree of signal shar-
ing between GWAS for NSCLC and sQTLs was esti-
mated,  and  the  relationship  between  sample  size
and  the  number  of  identified  sQTLs  was  evaluated
through  down-sampling.  A  splice-transcriptome-
wide association study (spTWAS) was conducted to
identify  potential  causal  splicing  events  associated
with  NSCLC.  Further  analyses  explored  the  roles  of
splicing factors, constructed a protein-protein inter-
action  (PPI)  network,  and  assessed  the  prognostic
significance of NSCLC-associated splicing events.
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processes  associated  with  differentially  spliced  genes  (DSGs)  and  genes
harboring sQTLs (sGenes). Gene Ontology (GO) enrichment analysis revealed
that DSGs were significantly enriched in terms such as histone modification,
small  GTPase-mediated  signal  transduction,  cilium  organization,  positive
regulation  of  cell  projection  organization,  and  regulation  of  small  GTPase-
mediated  signal  transduction.  Additionally,  DSGs were  significantly  enriched
in  KEGG  pathways,  including  the  MAPK  signaling  pathway,  focal  adhesion,
axon  guidance,  cell  cycle,  and  efferocytosis.  Notably,  significant  enrichment
was  observed  in  pathways  related  to  small  cell  lung  cancer  and  pancreatic
cancer, suggesting potential shared mechanisms (Figure S6A).

Similar  GO  terms  and  pathways  were  enriched  in  sGenes  identified  in
tumor  and  normal  tissues.  Interestingly,  sGenes  showed  enrichment  in
immune response activation and regulation signaling pathways,  highlighting
the  potential  role  of  genetic-based  splicing  regulation  in  immune  system
processes.  Furthermore,  both DSGs and sGenes were enriched in GO terms
related  to  small  GTPase-mediated signal  transduction  and  cilium  organiza-
tion. Among KEGG pathways, efferocytosis and phagocytosis emerged as top-
ranked pathways for sGenes (Figures S6B-C).

To  ensure  robustness,  we  performed a  sensitivity  analysis  by  limiting  the
enrichment analysis to the top one-fifth of genes (ranked by statistical signif-
icance).  The  results  confirmed  the  reproducibility  of  top  terms,  including
novel  insights  such  as  transcriptional  misregulation  in  cancer  for  DSGs
(Figure S7A) and antigen processing pathways for sGenes in both normal and
tumor tissues (Figures S7B-C).

These  findings  underscore  the  importance  of  small  GTPase-mediated
signal  transduction  and  the  MAPK  signaling  pathway  in  the  regulation  of
DSGs in  NSCLC.  Additionally,  the  results  highlight  immune-related  signaling
pathways,  efferocytosis,  and  phagocytic  pathways  as  central  to  splicing-
related regulation in lung tissues.

 spTWAS identified the splicing susceptibility loci of NSCLC
To identify susceptibility genes for NSCLC associated with splicing regula-

tion in lung tissues, we adapted the expression-based TWAS framework into
a splicing-specific TWAS (spTWAS). Prediction models were trained for each
of  the  32,948  cis-heritable  splicing  events  quantified  by  intron  usage  ratios.
Four  regression  models  were  applied  to  each  splicing  event,  with  the  best-
performing  model  selected  based  on  cross-validation.  GWAS  summary
statistics  were  then  used  to  probe  NSCLC-associated  splicing  events.
Figure  S8 demonstrates  the  performance  of  the  best  models,  with  LASSO
showing superior prediction performance for the majority of splicing events.

In  the  Manhattan  plot  (Figure  2A),  we  identified  19  alternative  splicing
events significantly associated with NSCLC (FDR < 0.05), spanning 13 genes,
including TP63, ROS1, NOTCH4, and TPM1. Notably,  14 of these 19 splicing
events have not been previously linked to lung cancer (Table S2). Among the
novel splicing events, some were located in genes already known to be asso-
ciated  with  NSCLC,  such  as TP63 and ROS1,  suggesting  that  alternative
splicing  represents  an  additional  mechanism  by  which  these  genes  may
influence NSCLC susceptibility.

By  relaxing  the FDR threshold  to  0.2  to  account  for  the  relatively  limited
sample  size  in  spTWAS,  we  identified  41  alternative  splicing  events  in  30
genes  (Table  S3).  Among  these, FARP1 (FDR =  0.068)  and  the EIF3 family
(EIF3C, FDR =  0.18),  previously  reported  in  NSCLC  studies,  were  replicated
under this threshold. Including these suggestive results (FDR < 0.2) broadens
the scope for identifying promising NSCLC-associated splicing events.

Remarkably,  spTWAS identified  unique signals  in BPTF (P =  3.7E-07)  and
FARP1 (P =  8.4E−05),  which  were  not  detected  using  expression-based
TWAS  analysis. Figure  2B  highlights  stronger  local  signals  for  sQTLs
compared to eQTLs, emphasizing the independent regulation and potentially
more significant role of splicing in NSCLC carcinogenesis.

To further prioritize spTWAS results, we conducted colocalization analysis
as  a  complementary  approach.  Among  the  40  introns  with  promising
spTWAS significance (FDR < 0.2), 7 intron regions showed evidence of colo-
calization (regional PPH4 > 0.8, Table S3). These findings underscore the util-
ity  of  integrating  splicing-specific  approaches  to  identify  and  characterize
NSCLC-associated splicing events.

 TP63 and TPM1 in the context of splicing regulation
Here,  we  highlighted TP63 and TPM1, two  genes  demonstrating  signifi-

cance  in  spTWAS,  colocalization  analysis,  and  tumor-normal  differential
splicing analysis.

Figure  3A  illustrates  the  complexity  of  post-transcriptional  regulation  in
TP63,  with  the  blue  dashed  line  marking  the  splicing  event  identified  in  this
study.  Increased usage of  an intron in TP63 at  chr3:189631275:189737740,
identified  in  spTWAS,  was  significantly  associated  with  a  higher  risk  of
NSCLC (P = 8.3E−20, Table S3). This intron represents a skipping event of the
first exon of TP63, resulting in a novel transcript that connects at the 5' end of
chr3:189631275.  Colocalization analysis  further  supported the co-regulation
of splicing and NSCLC (regional PPH4 = 0.98) with the potential causal vari-
ant  rs9830151. Figure  3B summarizes our  integrative  analysis,  demonstrat-
ing that the first exon-skipping event mediates the effect of SNP rs9830151

 

Figure 2.  The splicing-based transcriptome-wide association study (spTWAS) (A) The Manhattan plot illustrates the results of the spTWAS analysis, and genes successfully
mapped by top-ranked significance introns (FDR < 0.05) are labeled. (B) Compared to eQTL regulation, sQTLs exhibit stronger signals for spTWAS-identified NSCLC-associated
genes, including FARP1 (top) and BPTF (bottom). Local GWAS signals are displayed and color-coded to reflect eQTL and sQTL signals. SNPs associated with expression or splic-
ing with FDR < 0.05 were classified as QTLs.
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on NSCLC risk.
We observed that  the A allele  of  rs9830151 was associated with reduced

usage  of  the  intron  at  chr3:189631275:189737740 (P =  3.4E−07,
Figures  3D–E)  and  a  decreased  risk  of  NSCLC  (P =  5.1E−21).  Differential
splicing  analysis  further  revealed  that  tumor  tissues  exhibited  increased
usage  of  the  intron  at  chr3:189631275:189737740 (P =  5.4E−03, Figure  3C
and Table S3).

In  conclusion,  although  skipping  of  the  first  three  exons  has  previously
been  reported  in TP63,  our  findings  provide  novel  evidence  for  the  intricate
post-transcriptional regulation of this gene.

Our spTWAS association test identified a mutually exclusive splicing event
in TPM1 that  was  significantly  associated  with  NSCLC risk. Figure  4A illus-

trates  different  splicing  patterns  within  the TPM1 gene  region,  with  blue
dashed lines marking the genomic regions of interest identified in this study.
Increased  usage  of  the  intron  chr15:63060939:63061198 was  associated
with a higher risk of NSCLC (P = 1.8E-05, Table S3), whereas increased usage
of the intron chr15:63061788:63062215 was associated with a lower risk of
NSCLC (P = 1.8E-05, Table S3). Figure 4B highlights our integrative analysis,
demonstrating that the mutually exclusive splicing event mediates the effect
of SNP rs4619348 on NSCLC risk.

We  observed  a  strong  negative  correlation  between  the  usage  ratios  of
these  two  introns  (r  = -0.97, Figure  4E),  indicating  that  the  corresponding
exons  are  mutually  exclusive.  Colocalization  analysis  further  supported  a
potentially  causal  role  of  rs4619348,  with  shared  genetic  signals  for  both
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Figure 3.  Alternative splicing of TP63 is associated with the risk of NSCLC (A) A regional map illustrates multiple isoforms of TP63, with the blue dashed line highlighting the
splicing  event  identified  in  this  study.  (B)  A  summary  of  evidence  for  the  splicing-NSCLC  association  demonstrates  that  the  splicing  event  in TP63 mediates  the  effect  of
rs9830151 on  NSCLC risk.  This  conclusion  is  supported  by  spTWAS,  colocalization  analysis,  and DSG analysis.  (C)  Sashimi  plots  depict  differences  in  intron  usage between
tumor and normal tissues. (D) and (E) Visualizations of intron usage variations among samples with different genotypes of rs9830151 in normal tissues.
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splicing and NSCLC (regional PPH4 = 0.92). For rs4619348, the C allele was
associated with increased usage of the intron chr15:63060939:63061198 (P =
2.5E-03, Figures 4D & F) and an elevated risk of NSCLC (P = 1.8E-05).

Concordant  results  were  observed  in  differential  splicing  analysis  for  the
intron  pair.  Tumor  tissues  exhibited  increased  usage  of  chr15:63060939:
63061198 compared to adjacent normal tissues (P = 2.1E-100, Figure 4C and
Table S3). Similarly, increased usage of chr15:63061788:63062215 was also
detected in tumor tissues (P �= 1.7E-100, Table S3).

These findings underscore the role of mutually exclusive splicing events in

TPM1 as a potential mechanism influencing NSCLC susceptibility.
To  evaluate  the  roles  of  expression  and  splicing  regulation  in  NSCLC,  we

visualized  genetic  regulation  signals  for  splicing  (sQTL),  expression  (eQTL),
and GWAS within the TP63 and TPM1 regions (Figure S9). In the TP63 region,
we identified a cluster of signals shared between sQTL and eQTL regulation.
For  rs9830151,  the  splicing  signal  exhibited  slightly  stronger  association
strength compared to the expression signal. In tumor tissue, only SNP-splic-
ing  associations  were  observed,  while  expression  regulation  signals  were
minimal  (Figure  S9A).  For TPM1,  comparable  eQTL  and  sQTL  signals  were

 

Figure 4.  Alternative splicing of TPM1 was associated with the risk of NSCLC (A) A regional map displays multiple isoforms of TPM1, with the blue dashed line indicating the
splicing  event  identified  in  this  study.  (B)  A  summary  of  evidence  for  the  splicing-NSCLC  association  demonstrates  that  the  splicing  events  in TPM1 mediate  the  effect  of
rs4619348 on NSCLC risk, supported by spTWAS, colocalization analysis, and DSG analysis. (C) Sashimi plots illustrate differences in intron usage between tumor and normal
tissues. (D) Sashimi plots depict differences in intron usage among samples with different genotypes of rs4619348 in normal tissues. (E) scatter plot reveals the mutually exclu-
sive usage of exon6a and exon6b. (F) Box plots show differences in intron usage among samples with different genotypes of rs4619348 in normal tissues.
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detected within the cis region in both normal and tumor tissues (Figure S9B).
These findings highlight the indispensable role of splicing in gene expression
regulation and its contribution to the etiology of NSCLC.

To identify potential splicing factors that modulate the genetic regulation of
NSCLC-associated  splicing  events  in TP63 and TPM1,  we  examined  the
effects of 404 known splicing factors on SNP-splicing associations in normal
tissues. Using an interaction model, we identified 39 potential splicing factors
for the TP63 first exon skipping event and 33 for the TPM1 exon 6 mutually
exclusive event (Pinteraction < 0.05, Figures 5A–B). A significant interaction was
observed between the expression of CLASRP and the genotype of rs9830151
on  intron  usage  at TP63:chr3:189631275:189737740 (Pinteraction =  0.002).
Stratified  analysis  revealed  a  significant  association  between  intron  usage
and  its  potential  regulator  CLASRP  in  samples  with  the  GG  genotype  of
rs9830151,  whereas  no  significant  association  was  observed  in  samples
carrying the A allele. This suggests that the A allele may reduce the affinity of
CLASRP binding to the target splicing site (Figure 5C). Similarly, HSPB1 was
found  to  modify  the  genetic  regulation  of  rs4619348  on  intron  usage  at
TPM1:chr15:63061788:63062215 (Pinteraction =  0.002).  A  stronger  effect  of
HSPB1  on  the  splicing  event  in TPM1 was  observed  in  rs4619348  A  allele
carriers, with evidence of a dosage response trend (Figure 5D). These results
underline the critical role of splicing factors, such as CLASRP and HSPB1, in
modulating the genetic regulation of splicing events associated with NSCLC.

We further extended the list of splicing factors to identify additional poten-
tial  modification effects in normal and tumor tissues. For the TPM1 splicing
event,  more  genes  were  identified,  including  the  pseudogene RBM22P2
(Figure  S10),  which  belongs  to  the  RBM  family,  a  group  known  to  include
many critical  splicing  factors.  Additionally,  we  identified  the  putative  modifi-
cation  effect  of  RNF34  on  the  sQTL  for TP63 and  DDX3X  on  the  sQTL  for
TPM1 (Figure  S11). The  proposed  mechanisms  underlying  splicing  regula-
tion  are  illustrated  in Figures  5E-F.  These  findings,  supported  by  in  silico
mapping  of  splicing  factors,  provide  deeper  insights  into  the  regulatory
processes driving the identified NSCLC-associated splicing events.

 spTWAS  result  genes  were  linked  to  known  NSCLC  genes  in  the  PPI
network

To investigate potential links between the newly identified NSCLC splicing-
related  genes  and  a  list  of  widely  recognized  NSCLC-associated  genes,  we
constructed  a  protein-protein  interaction  (PPI)  network.  Genes  identified  by
spTWAS (FDR < 0.2), excluding those located in the MHC region, were evalu-
ated  for  connections  with  known  NSCLC-related  genes  summarized  by  the
COSMIC Cancer Gene Census (CGC, Figure 6A). Among the 30 genes identi-
fied  by  spTWAS,  14  were  directly  connected  to  known NSCLC genes  within
the PPI network (Figure 6B). These genes also exhibited widespread splicing
dysregulation  (Table  S3)  and  expression  dysregulation  (Table  S4)  between
tumor  and  normal  tissues.  Additionally,  inner  connections  were  observed
among  the  spTWAS-identified  genes,  including  the  pairs BPTF-C17orf58,
LIMS2-ILK,  and DSP-CDH11 (Figure  6B).  Notably, ROS1 and TP63 are  well-
established  NSCLC-related  genes,  while DDR1 and TPM1 are  family
members  of  known  NSCLC-related  genes DDR2 and TPM3,  respectively.
Similarly, EIF3E,  a family member of  the spTWAS-identified gene EIF3C,  has
been reported to be associated with lung cancer. Remarkably, the pair BPTF-
C17orf58 and ZIMZ2 were found to connect with known NSCLC-associated
genes such as SMARCA4 and KEAP1 ( P = 1.0E−16, Figure 6C). The LIMS2-
ILK pair  and DDR1 were  linked  to  core  NSCLC genes EGFR and DDR2 (P =
3.8E−05, Figure  6C).  Connections between the spTWAS-identified  pair DSP-
CDH11 and  NSCLC-related  genes EGFR, SOX2,  and TP63 were also  estab-
lished  (P =  3.3E−03, Figure  6C).  Furthermore,  a  network  involving  spTWAS-
identified  genes (EIF3C, TPM1,  and CCHCR1)  and well-known genes (EIF3E,
TPM3,  and CD74)  was revealed  (P =  8.8E−12, Figure  6C).  Overall,  these  PPI
analyses  connect  the  novel  splicing-related  genes  to  the  NSCLC  network,
providing new  insights  and  expanding  the  knowledge  base  of  NSCLC  etiol-
ogy.

 Survival analysis provided evidence for ILK exon 3 skipping
We further investigated the potential prognostic role of the identified splic-

ing  events  in  NSCLC.  Using  transcriptome  data  from  tumor  tissues,  we
applied a Cox regression model to estimate the impact of alternative splicing

on overall  survival (OS) and progression-free survival (PFS).  Thirteen introns
with promising spTWAS significance (FDR < 0.2) and concordant DSG results
were  included  in  the  survival  analysis.  Among  these,  three  introns—associ-
ated  with ILK, DSP,  and GLI4—were  significantly  linked  to  NSCLC  survival
outcomes (Table S5).

We focused on the splicing event in the gene ILK. Increased intron usage at
chr11:6608211:6608394 was  associated  with  a  higher  risk  of  NSCLC  (P =
3.5E-04, Table  S3). Figure  7A  illustrates  the  splicing  structure  of  the  region
near  intron  chr11:6608211:6608394 in ILK,  which  involves  the  skipping  of
exon 3.  This intron connects exon 3 and exon 4 of ILK,  and its elevated PSI
level indicates increased usage of exon 3.

Survival  analysis  revealed  that  higher  intron  usage  at  chr11:6608211:
6608394 was significantly associated with worse OS (HR = 2.45, P = 2.0E-04,
Figure  7B). Furthermore,  differential  splicing  analysis  supported  an  onco-
genic  role  for  increased  usage  of ILK:chr11:6608211:�6608394,  although  the
difference between tumor and normal tissues was nominally significant (P =
0.028, Figure 7C and Table S3). To validate these findings, we used indepen-
dent data from the TCGA database.  In TCGA,  we confirmed that  asid:14173
corresponds to the same ILK exon 3 skipping event highlighted in our analy-
sis.  Increased PSI values for  this event also indicated elevated usage of ILK
exon 3. The oncogenic potential and poor prognostic association of increased
ILK exon 3 usage were replicated in TCGA, particularly in LUAD, aligning with
our conclusions (Figures S12A & S13A).

To  assess  the  contribution  of ILK expression  and  splicing  events,  we
conducted both differential  expression analysis and survival  analysis for ILK
gene expression. Differential expression analysis suggested a potential tumor
suppressor  role  for ILK,  consistent  with  findings  in  the  TCGA  dataset
(Figure S12B). However, no significant association was observed between ILK
expression and NSCLC prognosis, a result also mirrored in the TCGA dataset
(Figures 7D & S13B). Similarly, analysis of PFS also showed that ILK expres-
sion was not predictive of NSCLC prognosis (Figure S14).

Taken together, these findings highlight that the splicing event involving ILK
exon  3  is  consistently  associated  with  NSCLC  risk,  supported  by  genetic-
based TWAS and DGE analyses (from both our dataset and TCGA), as well as
prognostic outcomes (from both our dataset and TCGA). In contrast,  overall
ILK gene  expression  does  not  provide  prognostic  value  for  NSCLC  in  either
dataset.

 Potential  biological  role  of ILK exon  3  skipping  and  drug  candidate
prediction

The tumor microenvironment (TME) is of particular interest57 in the context
of  splicing  regulation,  aligning  with  our  observation  that  genes  harboring
sQTLs  are  enriched  in  immune-related pathways.  To  explore  this,  we  esti-
mated the immune cell composition of NSCLC patients and identified differ-
ences  in  T  cells,  M0  and  M2  macrophages,  dendritic  cells,  mast  cells,  and
neutrophils  between  high  and  low  PSI  groups  for ILK:chr11:6608211:
6608394. A higher skipping rate of ILK exon 3 was observed in samples with
a higher  proportion  of  T  cells  and  M0 macrophages,  whereas  a  lower  skip-
ping  rate  was  noted  in  samples  with  increased  proportions  of  M2
macrophages, dendritic cells, mast cells, and neutrophils (Figure S15A).

To assess the broader impact of ILK exon 3 skipping, we performed a pan-
cancer  analysis  across  multiple  cancer  types.  Differential  splicing  between
tumor and normal tissues was detected in LUAD, LUSC, PRAD, KICH, THCA,
COAD,  BLCA,  and  HNSC  (Figure  S15B).  Poor  prognosis  associated  with
increased usage of ILK exon 3 was observed in LGG and LUAD (Figure S15C).
Notably, lung cancer exhibited one of  the most prominent effects,  highlight-
ing the unique prognostic value of ILK exon 3 skipping in this context.

In  addition,  we  explored  potential  drug  targets  based  on  cellular  drug
response data from the GDSC dataset, with a particular focus on the ILK exon
3 skipping event. Drug sensitivity analysis revealed the top ten drugs (ranked
by statistical significance) most sensitive to cell growth in relation to the PSI
levels  of ILK exon  3  skipping  (Figure  S15D). For  drugs  such  as  Doramapi-
mod_1042,  JQ1_2172,  NU7441_1038,  RO-3306_1052,  Ruxolitinib_1507,
SB216763_1025,  and  SB505124_1194,  lower  IC50  values  were  observed  in
the high PSI group, indicating increased exon 3 usage. Conversely, for drugs
like ERK_6604_1714,  Pictilisib_1058,  and Uprosertib_2106,  lower IC50 values
were found in the low PSI group, reflecting reduced exon 3 usage.
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These findings provide valuable insights into the prognostic significance of
ILK exon  3  skipping  in  lung  cancer  and  suggest  potential  avenues  for  drug
development targeting this specific splicing event.

 DISCUSSION
In this study, we constructed a comprehensive reference panel for alterna-

tive splicing in lung tissues and identified NSCLC-associated splicing events

 

Figure 5.  Potential upstream regulators and mechanisms for the alternative splicing events Potential splicing factors that modify the association between genetic variants and
NSCLC-associated splicing events are visualized for TP63 (A) and TPM1 (B). Examples illustrating the modification effects of CLASRP and HSPB1 are presented in panels C and
D, respectively. The proposed mechanisms underlying genetic-based splicing regulation are depicted in panels E and F.
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through a GWAS-based scan and differential splicing analysis between tumor
and normal  tissues.  Fourteen novel  NSCLC-associated splicing events were
highlighted, involving genes such as TP63 and TPM1. Furthermore, we identi-
fied potential upstream regulators, connections with well-established cancer
genes, and prognostic roles for these splicing events,  underscoring the criti-
cal role of alternative splicing in NSCLC.

We characterized the genetic architecture of sQTLs and demonstrated the
importance  of  larger  sample  sizes  for  sQTL  identification.  This  increased
identification of sQTLs significantly expanded the catalog of mappable regu-
latory  elements,  offering  new  insights  into  potential  risk  factors  for  NSCLC.

Across the transcriptome, we observed a diverse array of sGenes, highlight-
ing the widespread impact of genetic-based regulation as a valuable resource
for  uncovering NSCLC-associated molecular  mechanisms.  Our  comparative
analysis  of  sQTLs  and  eQTLs,  which  are  more  commonly  studied,  revealed
that most  sQTLs  are  independent  of  eQTLs,  consistent  with  previous  find-
ings.17,24,27,58 This  independence  suggests  that  alternative  splicing  provides  a
unique  contribution  to  explaining  SNP-NSCLC  associations.  By  integrating
GWAS results with tumor- and normal-specific sQTLs, we demonstrated that
while  sQTLs in normal  tissues explained a larger proportion of  lung cancer-
related  associations,  tumor-specific  sQTLs  also  contributed  significantly  to

M
ed

icine

 

Figure 6.  The protein-protein interaction (PPI) network analysis connects novel NSCLC-associated genes identified by spTWAS with documented cancer genes (A) The PPI
network of all NSCLC-associated genes identified by spTWAS, excluding those located in the MHC region, alongside NSCLC-related genes from the COSMIC CGC gene list. (B)
spTWAS-identified genes that are connected to the PPI network. (C) Subnetworks formed by the identified spTWAS genes.
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the interpretation of GWAS results. Notably, some GWAS signals could not be
colocalized  with  sQTLs  in  normal  tissues,  indicating  spatiotemporal  tumor-
specific regulation of splicing.24,59,60 These findings enhance our understand-
ing of  the genetic and regulatory landscape of  alternative splicing in NSCLC
and its potential as a distinct mechanism underlying disease etiology.

Differential splicing  analysis  identified  a  substantial  number  of  differen-
tially spliced  genes  (DSGs).  The  enrichment  analysis  of  these  DSGs  high-
lighted  the  critical  roles  of  small  GTPase-mediated  signal  transduction  and
the  mitogen-activated  protein  kinase  (MAPK)  pathway,  particularly  the  Ras-
Raf-MEK-ERK  signaling  cascade.  In  this  study,  aberrant  splicing  was
observed in 18 members of the MAPK family within tumor tissues, including
MAPK1 and MAPK3 (also known as ERK2 and ERK1, respectively).  The ERK
signaling  pathway  influences  cancer  cell  survival,  invasion,  and  migration
through various mechanisms.61 ERK itself  represents a promising therapeu-
tic target alongside Raf and MEK, and the development of ERK1/2 inhibitors
offers  potential  for  treating  a  variety  of  malignancies  driven  by  activated
pathway mechanisms.62 Enrichment of  sGenes underscored the importance
of  immune  response  activation  and  regulatory  signaling  pathways.  Many
genes  identified  in  this  study  as  undergoing  genetically  regulated  splicing
were associated with immune responses, including CELF2, TRAF3, BRD8, and
TRIM.63 Notably, abnormal splicing of splicing factors can drive transcriptome-
wide  changes.  A  notable  example  is SF3A1,  an  sGene  encoding  a  splicing

factor that regulates the splicing of genes involved in Toll-like receptor (TLR)
signaling  pathways  in  macrophages.64 Immune cells  undergo repeated  divi-
sion  and  differentiation  throughout  their  lifespan,  with  adaptive  immune
system  cells  representing  highly  evolved  entities  in  vertebrates.65 As  such,
genetically regulated alternative splicing likely plays a pivotal role in immune
cell differentiation, potentially explaining the enrichment of sGenes in immune-
related  pathways.66 Remarkably, a  considerable  proportion  of  DSGs  over-
lapped  with  sGenes,  reinforcing  the  connection  between  tumorigenesis-
related  alternative  splicing  and  genetic-based  splicing  regulation  in  lung
tissues.  A  representative  example  is CD44,  which  was  identified  as  both  a
DSG and an sGene. Consistent with our findings, CD44 splicing is involved in
immune-related pathways, with its splicing regulation influenced by the Ras-
Raf-MEK-ERK  signaling  pathway.65,67,68 CD44 isoforms  are  associated  with
various cancers,69-71 and studies have demonstrated that the CD44v isoform
in turn, promotes ERK activation in Kras-mediated signaling in human H358
and mouse LKR13 lung cancer cells.72 In  summary,  we observed significant
enrichment of DSGs and sGenes in cancer- and immunity-related pathways,
providing a comprehensive view of the regulatory roles of alternative splicing
in  NSCLC.  These  findings  highlight  the  intricate  interplay  between  splicing
regulation, tumorigenesis, and immune modulation.

While differential splicing analysis is a powerful tool for identifying changes
in PSI (percent-spliced-in) levels in tumor tissues, it is susceptible to reversed

 

Figure 7.  Alternative splicing of ILK was a predictor for the prognosis of NSCLC (A) A regional map highlights the splicing event of ILK identified in this study. (B) Using the
splicing events  of ILK in  tumor  tissue samples  from 346 NSCLC patients,  we performed a  survival  analysis  with  Cox regression.  A  significant  difference in  OS was observed
between high and low PSI levels for intron chr11:6608211:6608394, with higher PSI levels indicating increased usage of ILK exon 3. (C) Differential analysis between tumor and
normal tissues revealed higher PSI levels in tumor tissues. (D) The overall expression of ILK did not provide informative prognostic predictions.
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causality and confounding factors. To address these limitations, we incorpo-
rated genetic-informed spTWAS to further prioritize NSCLC-associated splic-
ing genes. In spTWAS, four statistical models were simultaneously applied for
model  construction  (see  Methods  section).  However,  given  the  modest
sample size,  the final  model  selected may not  always represent  the optimal
choice.  The  models  in Table  S3 may  raise  concerns  due  to  their  low R 2

values,  but  this  is  consistent  with  the  expectation  for  genetic-based predic-
tion models, which typically yield small R 2 values. Empirical data indicate that
common variants explain approximately 10% of the variance in gene expres-
sion  levels,  with  an  average R 2 of  ~10%.29 Given  the  limited  sample  size  of
xQTL datasets, observing R 2 values in the range of 1%-10% is reasonable.23,27

Notably,  some genes identified  by  spTWAS in  this  study,  such as FARP1,
have  been  previously  reported  to  be  associated  with  NSCLC  risk  through
splicing  regulation,  but  the  majority  are  novel  discoveries.  This  novelty  may
stem from several  factors:  (1)  The  use  of  Leafcutter’s  non-predefined clus-
tering  framework,  which  allows  greater  flexibility  in  defining  splicing  events
and  identifying  more  novel  events;  (2)  The  larger  sample  size  in  our  sQTL
mapping, enabling the identification of additional genetic regulations of splic-
ing events and providing a more comprehensive understanding of SNP-splic-
ing-NSCLC associations. By integrating results from TWAS, GWAS, differen-
tial  splicing  analysis,  and  colocalization,  we  highlighted  the  genetic-based
alternative  splicing  regulation  of TP63 and TPM1.  The TP63 gene  encodes
the  transcription  factor  p63,  which  is  crucial  for  epidermal  differentiation.73

Structurally, TP63 is highly complex, producing multiple protein isoforms via
alternative  promoters,  splicing,  or  polyadenylation.  Its  splicing  events  have
been  closely  linked  to  squamous  cell  carcinoma.74,75 Studies  have  also
revealed  the  existence  of  a TP63 transcript  with  a  unique  5'  end originating
upstream of  the currently  mapped gene.76 However, the  role  of  this  alterna-
tive  first  exon  splicing  event  in  NSCLC  development  remains  unclear.  Our
study demonstrated that the well-characterized association between the lead
SNP rs9830151 and NSCLC may be mediated by alternative splicing at intron
TP63:chr3:189631275:189737740.  Additionally,  we  uncovered  the  modifying
role  of  rs9830151  in  regulating  the  interaction  between  the  splicing  factor
CLASRP  and  splicing  events  at TP63.  These  findings  expand  the  current
understanding of TP63 splicing regulation and its implications in NSCLC.

Three of the four mammalian tropomyosin (TM) genes—TPM1, TPM2, and
TPM3—are  known  to  undergo  alternative  splicing.  Notably,  many  of  these
events  involve  mutually  exclusive  exons.  In TPM1,  exons  2  and  6  exhibit
mutually exclusive splicing patterns.77 The mutually exclusive exon 6 of TPM1
has been implicated in several cancers, including colon, bladder, kidney, lung,
prostate,  and  uterine  cancers,  as  demonstrated  through  differential  splicing
analyses.78-81 For NSCLC, a prior exon array-based study reported that skip-
ping of exon 6b in TPM1 was more frequently observed in 11 tumor tissues
compared  to  paired  normal  tissues.82 Our  study  confirmed  this  observation
for differentially spliced genes (DSGs) with a significantly larger sample size
and further provided evidence through genetic-based approaches. Guided by
the potentially  causal  variant  rs4619348 identified  in  colocalization analysis,
our spTWAS results validated the role of the exon 6 splicing event in the risk
of  developing  NSCLC.  Additionally,  HSPB1  and  other  splicing  factors  were
identified as regulators whose effects on exon 6 skipping could be influenced
by the associated sQTL.  These findings highlight  the genetic  and regulatory
underpinnings  of  exon  6  splicing  in TPM1 and  its  critical  role  in  NSCLC
pathogenesis.

We  also  validated  the  NSCLC-associated  splicing  genes FARP1 (P =
8.4E−05)  and  the EIF3 family  (EIF3C, P =  3.4×10−4),  which  have  previously
been identified as associated with NSCLC risk in Han Chinese through splic-
ing events.27 FARP1 is  a Rac guanine nucleotide exchange factor  (Rac GEF)
known to be upregulated in EpCAM+ cells of human lung adenocarcinoma. It
serves  as  a  key  driver  of  motor  signal  transduction  in  response  to  tyrosine
kinase receptor (e.g., EGFR, c-MET, AXL) stimulation in lung adenocarcinoma
cells.83 While the splicing event we identified differs from previously reported
findings due to the complex splicing patterns within FARP1, the concordance
in results further supports the role of splicing regulation in FARP1 for NSCLC.
Moreover, our analysis suggests that splicing, rather than gene expression, is
a stronger mediator of the SNP-NSCLC association in FARP1. The eukaryotic
translation  initiation  factor  3  (eIF3)  is  the  largest  and  most  complex
mammalian initiation factor, weighing 800 kDa and composed of 13 distinct

subunits  (eIF3a-m).  Genes  encoding  translation  initiation  factors  are
frequently altered in human tumors. eIF3 plays a pivotal role in cancer due to
its  involvement  in  protein  synthesis  and  multifaceted  functions.84-86 EIF3E,  a
family member of EIF3C, has been reported to associate with NSCLC through
alternative  splicing.27 Additionally, EIF3C itself  has  been  shown  to  exhibit
overexpression  in  seminoma  and  high  mRNA  levels  in  meningioma  and
colorectal  cancer.87-89 The  validation  of FARP1 and  the EIF3 family  not  only
underscores  the  reliability  of  our  findings  but  also  highlights  the  potential
specificity of these novel splicing events to Chinese patients, as they may not
have been detected in other populations. Comparing our results with spTWAS
findings  in  European  populations  would  be  highly  informative;  however,  this
effort is currently limited by the lack of individual-level genotype and RNA-seq
data  required  to  construct  models  consistent  with  the  event-calling
processes used in this study.

We  further  demonstrated  the  importance  of  the  splicing  event  in  the
NSCLC-associated gene ILK by integrating survival analysis. Increased usage
of  the  intron ILK:chr11:6608211:6608394 was  associated  with  an  elevated
risk  of  NSCLC.  Survival  analysis  revealed  that  patients  with  higher  intron
usage  exhibited  worse  survival  outcomes.  Integrin-linked  kinase  (ILK),  an
ankyrin repeat-containing serine/threonine protein kinase, plays a critical role
in the initiation and progression of various cancers, including lung cancer.90,91

ILK has been shown to induce cancer cell migration and invasion in multiple
cancer types via the NF-κB pathway,90,92,93 and to form a regulatory feedback
loop  with  KRAS,  promoting  oncogenic  KRAS  signaling  and  interacting  with
the tumor microenvironment to drive invasive phenotypes.94,95 Despite these
findings,  the  biological  functions  underlying ILK splicing  events  remain
unclear. Notably, differential splicing events in ILK have been associated with
melanoma progression in  mouse models.96 Our  study provides a  significant
observation of the role of ILK splicing in the prognosis of NSCLC. Importantly,
this  prognostic  effect  was  only  observed  through  alternative  splicing,  not
gene expression regulation, underscoring the distinct role of splicing in prog-
nostic prediction.

Our study has several key strengths. First, as shown in the down-sampling
analysis, we mapped a larger number of sQTLs, resulting in a more compre-
hensive identification of NSCLC-associated splicing events. Second, by lever-
aging  both  spTWAS  and  DSG  analyses,  we  systematically  probed  NSCLC-
associated splicing events. Third, we connected identified splicing events and
their relevant genes to potential splicing factors and well-established cancer
networks,  offering  insights  into  plausible  biological  mechanisms.  Despite
these  strengths,  our  study  has  certain  limitations.  While  we  increased  the
number of sQTLs detected in the Han Chinese population, the sample size of
297  remains  insufficient  to  reach  a  detection  plateau,  limiting  the  statistical
power of spTWAS. Future studies with larger sample sizes are necessary to
address  this  limitation.  Although  we  provided  robust  statistical  evidence  for
the association between splicing-mediated SNPs and NSCLC, functional vali-
dations are required to confirm the underlying mechanisms.

 CONCLUSION
In summary, we highlighted the critical role of alternative splicing and iden-

tified novel splicing events significantly associated with NSCLC in genes such
as TP63 and TPM1. Furthermore,  we uncovered potential  upstream splicing
regulators  and  integrated  these  genes  into  a  network  of  well-established
cancer-related genes. Notably, the prognostic predictive value was observed
for  splicing  events,  rather  than  gene  expression,  in  genes  such  as ILK.  This
study  underscores  the  importance  of  RNA  splicing  dysregulation  in  NSCLC
and provides additional insights into the etiology of the disease.
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