
R E S E A R C H Open Access

© The Author(s) 2026. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you 
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​
v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​​i​c​e​​n​s​e​s​​/​b​​y​-​n​c​-​n​d​/​4​.​0​/.

Huang et al. BMC Cancer          (2026) 26:444 
https://doi.org/10.1186/s12885-026-15709-9

BMC Cancer

†Yingkui Huang, Guangzhi Zhu and Huanjuan Yang contributed 
equally to this work.

*Correspondence:
Guowei Liu
94528086@qq.com
Husai Ma
mahusai197981@163.com

1Department of Thoracic Surgery, Qinghai Red Cross Hospital, Xining, 
Qinghai, China
2Department of Medical Service, Qinghai Provincial People’s Hospital, 
Xining, Qinghai, China
3Department of Laboratory Medicine, Qinghai Red Cross Hospital, Xining, 
Qinghai, China
4Department of Thoracic Surgery, Qinghai Provincial People’s Hospital, 
Xining 810000, Qinghai, China

Abstract
Multiple primary cancers (MPC) refer to the occurrence of two or more independent primary malignant tumors in 
the same patient, either simultaneously or metachronously. Their clinical diagnosis and differential diagnosis are 
challenging, treatment strategies are complex, and the incidence has been increasing in recent years. However, 
there is still a lack of potential biomarkers that can be used for early identification and prognosis assessment, 
which has become a key bottleneck in current research. This study employed Oxford Nanopore Technologies (ONT) 
long-read transcriptome sequencing and data-independent acquisition (DIA) proteomics to perform integrated 
multi-omics analysis of blood samples from patients with only primary lung cancer (OPLC), lung cancer with MPC, 
and healthy controls (HC), systematically characterizing the molecular features of MPC at both transcript and 
protein levels. The results showed that MPC patients exhibited significantly increased transcript complexity, with 
the numbers of differentially expressed genes (DEGs), differentially expressed transcripts (DETs), and differential 
transcript usage (DTU) events being substantially higher than those in OPLC and HC groups. Multiple genes 
displayed rich isoform diversity. Functional enrichment analysis indicated that MPC-specific molecules were 
significantly enriched in immune- and inflammation-related pathways such as NF-κB, NOD-like receptor, Toll-like 
receptor, and TNF signaling. By integrating gene, transcript, and protein expression profiles, several core molecules 
(e.g., ATP6AP2, APMAP, CIAO2A, and ITGB2) with consistent expression across multiple regulatory levels were 
identified, all showing significant and consistent alterations in MPC. This study reveals the molecular characteristics 
of transcript isoform complexity in the blood samples of MPC patients through long-read sequencing combined 
with proteomics, providing important theoretical insights for understanding the mechanisms of MPC and 
identifying potential targets.
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Introduction
Multiple Primary Malignancies (MPM), also known as 
multiple cancers or repeated cancers, refer to the devel-
opment of two or more independent primary malignant 
tumors in the same individual, either simultaneously or 
sequentially. These tumors may arise in different organs 
or tissues, or within the same organ or tissue [1]. In 1932, 
Warren and Gates conducted the earliest systematic 
research on MPM [2]. Based on the number of primary 
tumors, MPM can be classified into double primary can-
cer, triple primary cancer, quadruple primary cancer, etc., 
with double primary cancer being the most common [3]. 
Cancer patients often possess a susceptible constitution. 
The overall reported frequency of MPM ranges from 2.4% 
to 20.0%, and its incidence has been increasing in recent 
years [4, 5]. Several hypotheses have been proposed for 
the etiology of MPM, including genetic background, hor-
monal factors, dietary factors, prior treatments, smok-
ing and environmental exposures, among others [6]. It is 
noteworthy that the relationship between immunological 
status, as one of the potential influencing factors, and the 
development of MPM has not been fully explored. As a 
key component of the systemic immune microenviron-
ment, blood not only carries various immune cells but 
also circulates numerous immune-related molecules. 
These elements collectively form a dynamic response 
network that may participate in tumor initiation and pro-
gression [7]. Therefore, exploring potential biomarkers of 
MPM from the perspective of the blood immune system 
holds significant theoretical value. Lung cancer is one 
of the most frequently diagnosed cancers and accounts 
for the highest number of cancer-related deaths [8]. The 
extended survival of cancer patients has increased the 
likelihood of developing a second primary lung cancer.

Currently, mainstream transcriptomic research still 
primarily relies on short-read sequencing technologies 
(such as the Illumina platform) to generate RNA-seq 
data [9]. These studies typically focus on differential gene 
expression analysis and further employ Gene Ontology 
(GO) functional annotation and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) pathway enrichment analy-
sis to elucidate potential biological functions. While it is 
undeniable that short-read RNA-seq technology demon-
strates high reliability and broad applicability in detecting 
differential gene expression, its read length limitations 
also lead to significant shortcomings in capturing key 
information related to post-transcriptional regulation, 
particularly in the precise resolution of full-length tran-
script structures [10]. In contrast, emerging third-gener-
ation long-read sequencing technologies (such as PacBio 
SMRT and Oxford Nanopore sequencing) can directly 
obtain full-length sequences covering complete tran-
scripts, thereby providing a more comprehensive view of 
the transcriptome. This technology not only accurately 

identifies various important molecular features, includ-
ing poly(A) tail length, alternative splicing events, and 
differential isoform usage, but also demonstrates unique 
advantages in discovering novel isoforms and refin-
ing existing genome annotations. By performing single-
molecule-level full-length sequencing of transcripts, 
researchers can systematically uncover complex splic-
ing variations, gene fusion events, and low-abundance 
isoforms that were previously overlooked by short-read 
technologies, significantly expanding our understanding 
of the complexity of the transcriptome [11]. This infor-
mation is crucial for gaining a deeper understanding of 
gene regulatory mechanisms and functional diversity.

Previous studies on multiple primary cancers have 
primarily employed exon or first-generation sequenc-
ing technologies, with relatively few overall sequencing-
related investigations [12, 13]. This project utilizes the 
internationally recognized third-generation sequencing 
technology platform—ONT long-read RNA sequencing 
(ONT lrRNA-seq)—to obtain quantitative results of gene 
expression and transcript expression levels in samples. 
Additionally, data-independent acquisition (DIA) mass 
spectrometry-based proteomics is used to quantify pro-
tein expression. By comparing healthy controls (HC), 
patients with only primary lung cancer (OPLC), and 
those with multiple primary cancers (MPC), we identi-
fied differentially expressed genes (DEGs), differentially 
expressed transcripts (DETs), and differentially expressed 
proteins (DEPs). Through in-depth integrated analysis 
of ONT and DIA proteomics data, it is anticipated that 
potential biomarkers for multiple primary lung cancer 
can be systematically uncovered, and more precise thera-
peutic targets can be identified.

Materials and methods
Patients and specimens
Whole blood samples were collected from cohorts of four 
patients with HC, four with OPLC, and four with MPC. 
Serum samples, however, were obtained from a distinct 
set of subjects, which likewise included four patients per 
diagnostic group (HC, OPLC, and MPC). The study pro-
tocol was reviewed and approved by the Medical Ethics 
Committee of the QINGHAI RED CROSS HOSPITAL 
(approval number: KY-2025-18), and all patients who 
participated in this study or their families understood 
its approach. Informed consent for participation in the 
study has been obtained from the patients.

Sample Preparation
The samples were enriched using superparamagnetic 
iron oxide nanoparticles. Twenty µl of the sample was 
diluted with loading buffer (10 mM Tris-Cl, 1 mM 
EDTA, 150 mM KCl, 0.05% CHAPS) and mixed with 
1  mg of magnetic beads. The mixture was incubated at 
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37  °C for 1  h. The magnetic beads were washed twice 
with the loading buffer, followed by one time wash with 
a CHAPS-free buffer (10 mM Tris-Cl, 1 mM EDTA, 150 
mM KCl). The magnetic beads were captured on a mag-
netic rack, and the supernatant was discarded to obtain 
the protein-enriched magnetic beads. The sample was 
then added with lysis buffer (1% SDC/100 mM Tris-HCl, 
pH = 8.5/10 mM TCEP/40 mM CAA) and incubated at 
60 °C for 30 min for protein reduction and alkylation. An 
equal volume of ddH2O was added to dilute the SDC to a 
concentration below 0.5%, and 1 µg of trypsin was added. 
The mixture was incubated overnight at 37  °C for enzy-
matic digestion. The next day, TFA was used to bring the 
pH down to 6.0 to end the digestion. After centrifugation, 
the supernatant was subjected to peptide purification 
using self-made SDB-RPS desalting column. The peptide 
eluate was vacuum dried and stored at -20℃ for later use.

LC-MS/MS detection
Mass spectrometry was conducted using a timsTOF Pro 
instrument (Bruker Daltonics), a trapped ion mobil-
ity quadrupole time-of-flight mass spectrometer. The 
system was equipped with an online coupled UltiMate 
3000 RSLCnano chromatography system (Thermo) and 
a CaptiveSpray nano ion source (Bruker Daltonics). For 
separation, peptide samples were first loaded onto a Trap 
column (75 μm × 20 mm, 2 μm particle size, 100 Å pore 
size; Thermo) and then separated on a reversed-phase 
C18 analytical column (75 μm × 250 mm, 1.6 μm parti-
cle size, 100 Å pore size; ionopticks). The mobile phases 
consisted of 0.1% formic acid in water (mobile phase A) 
and 0.1% formic acid in acetonitrile (mobile phase B), 
which were used to generate the separation gradient. 
Chromatography was carried out at a constant flow rate 
of 300 nL/min. The mass spectrometer was operated in 
diaPASEF (parallel accumulation–serial fragmentation) 
mode with trapped ion mobility spectrometry (TIMS) 
enabled. Each acquisition cycle included one full MS1 
scan followed by subsequent MS/MS scans.

Data analysis
DIA raw data were analyzed with DIA-NN (DIA-NN 
1.9.2) in library-free mode. Spectra files were searched 
against against the Human protein sequence data-
base(2025-01-13, 20421 entries) downloaded from Uni-
prot. Search parameters were mainly default and set as 
follows: Precursor ion generation options were enabled 
for in silico-predicted spectral library generation; 
Trypsin/P with maximum 1 missed cleavage; Carbamido-
methyl on C as fixed modification; Oxidation on M and 
protein N-terminal acetylation as variable modifications; 
the mass and MS1 accuracy was set to 15 ppm; MBR 
was enabled; Heuristic protein inference was enabled; 

Precursor FDR was set to 1% for reliable identifica-
tions. Protein intensities were normalized with MaxLFQ 
algorithm.

Further bioinformatics analysis was conducted in R sta-
tistical programming environment. The missing values 
was imputed from a random Gaussian-shaped distribu-
tion around the detection limit of the mass spectrometer, 
that applied a downshift of 1.8 times the standard devia-
tions and a width of 0.25 times the standard deviations. 
Valid value filtering was performed with at least 50% of 
valid values in at least one group. Significantly differen-
tially expressed proteins (DEPs) were determined by the 
P value from Student’s t-test and fold change thresholds. 
To define the final DEP set, we applied the following cri-
teria: an absolute fold change > 1.5 and P-value < 0.05.

RNA isolation and purity identification
Total RNA was extracted with the RNA Easy Fast Tis-
sue/Cell Kit (DP451; TIANGEN, China). RNA purity and 
concentration were assessed by measuring the absor-
bance ratio at 260  nm and 280  nm (A260/A280) using 
an Ultrafine spectrophotometer (N50 touch; IMPLEN, 
Germany). RNA integrity was subsequently confirmed by 
1.0% agarose gel electrophoresis.

RNA extraction, library construction, and sequencing
Oxford Nanopore Technologies (ONT) sequencing was 
carried out by Wuhan Ruixing Biotechnology Co., Ltd 
(http://www.rxbio.cc). Total RNA was isolated using the 
Total RNA Extraction Kit (DP431; TIANGEN, China). 
RNA purity and concentration were assessed by measur-
ing the A260/A280 ratio with an Ultrafine spectropho-
tometer (N50 touch; IMPLEN, Germany), and integrity 
was confirmed by 1.0% agarose gel electrophoresis.

For cDNA synthesis, 500 ng of total RNA per sample 
was placed in a 0.2 ml PCR tube and brought to a volume 
of 9 µl with nuclease-free water. The RNA was mixed with 
1  µl of 10 µM VNP primer and 1  µl of 10 mM dNTPs, 
incubated at 65  °C for 5  min, and then rapidly cooled 
on a pre-chilled block. Subsequently, a strand-switching 
mix containing 4 µl of 5× RT buffer, 1 µl of RNaseOUT, 
1  µl of nuclease-free water, and 2  µl of 10 µM strand-
switching primer was added. After a 2‑min incubation 
at 42 °C, 1 µl of Maxima H Minus Reverse Transcriptase 
was introduced, and the reaction was performed at 42 °C 
for 90 min, followed by 85 °C for 5 min and a hold at 4 °C.

The resulting first-strand cDNA (20  µl) was used for 
PCR library construction with 2 µl of PR1 Primer, 2 µl of 
PR2 Primer, 25 µl of LongAmp Taq 2× master mix, and 
1  µl of nuclease-free water. Thermal cycling conditions 
were: 94  °C for 3 min; 12 cycles of 94  °C for 15 s, 50  °C 
for 15 s, and 65 °C for 2 min; a final extension at 65 °C for 
10 min; and a hold at 4 °C.

http://www.rxbio.cc
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The cDNA libraries were barcoded using the Native 
Barcode kit (SQK‑NBD114.96, NB01‑96) according to 
the manufacturer’s instructions. Each barcoded product 
was purified with 1× AMPure XP Beads, eluted in 20 µl of 
nuclease-free water, and quantified using a Qubit system. 
Finally, 300 fmol of the adapter-ligated library was loaded 
onto a PromethION flow cell (vR10.4.4) for sequencing.

Long-read sequencing data quality control, alignment, 
correction and identification of transcripts
Raw Nanopore sequencing data were obtained in POD5 
format. Base calling was performed using dorado (version 
0.8.2) to convert POD5 files into FASTQ format, which 
contains nucleotide sequences (reads) and their corre-
sponding quality scores. Reads were then processed with 
Pychopper (version 2.7.9; github.com/nanoporetech/
pychopper) to trim adapters and identify full-length tran-
scripts. Quality filtering was applied using chopper (ver-
sion 0.7.0; ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​w​d​e​c​​o​s​​t​e​r​/​c​h​o​p​p​e​r) to 
retain only reads with a mean Phred quality score ≥ 10 
and a length ≥ 50 bp for downstream analysis. Filtered 
reads were aligned to the GENCODE human reference 
genome (hg38) using minimap2 (version 2.27-r1193) [14] 
in spliced alignment mode with the command: minimap2 
-ax splice -uf -k14. Alternative splicing isoforms were 
detected using the Pinfish package (github.com/nano-
poretech/pinfish), which outputs polished transcripts in 
GTF format. Transcripts assembled from long reads were 
merged across all samples using StringTie (version 2.1.6) 
[15] to generate a non-redundant transcript set. These 
transcripts were compared against known genomic anno-
tations using gffcompare (version 0.12.6; parameter: -G) 
[16] to identify novel transcripts and genes. Transcripts 
were classified as novel or known based on gffcompare 
class codes (e.g., ‘u’ for novel intergenic, ‘=’ for exact 
match) and subsequently merged for further analysis.

Conversion of abundance estimates to transcripts per 
million (TPM)
To assess quantification accuracy at both transcript and 
gene levels, transcript-per-million (TPM) values for each 
transcript and gene in every sample were calculated using 
Salmon (v1.7.0) [17] in quasi-mapping mode.

Differential gene and transcript expression, and transcript 
usage analysis
Differential expression analysis of transcripts and genes 
between the two groups was conducted using DESeq2 
(version 1.30.1) [18]. For the purpose of identifying differ-
entially expressed transcripts (DTEs) and genes (DEGs), 
we applied a dual threshold: an absolute fold change > 1.5 
and P-value < 0.05. The corresponding adjusted P-values 
(FDR) for all results are reported in Supplementary Data 

to provide a measure of confidence after multiple testing 
correction.

Differential transcript usage (DTU) was analyzed with 
the DEXSeq [19] method implemented in the Isoform-
SwitchAnalyzeR package (version 2.2.0) [20]. Using tran-
scripts identified by gffcompare (version 0.12.6) [16] as 
input, a change in isoform fraction (dIF) and an adjusted 
p-value (FDR) were calculated for each isoform. Iso-
forms with an adjusted p-value < 0.05 were considered 
to exhibit DTU. At the gene level, the most significant 
adjusted p-value among its isoforms was assigned to the 
gene, and genes containing at least one significant iso-
form were deemed statistically significant.

Pathway enrichment analysis
Gene Ontology (GO) and KEGG pathway analyses were 
conducted with KOBAS (version 2.0) [21]. Term enrich-
ment was assessed using the hypergeometric test, and 
significance was adjusted via the Benjamini-Hochberg 
false discovery rate (FDR) procedure.

Fusion transcripts analyses
Fusion transcripts are always formed by having the cod-
ing regions of two or more transcripts joined end to end. 
It is worth noting that the fusion transcripts are uni-
formly regulated. Tofu software (version 13.0.0) [22] was 
used to find fusion transcripts and the identification cri-
teria as follows: (1) a fusion transcript must be mapped to 
two or more gene locus in the R. typus genome; (2) each 
gene loci must be aligned to 10% region of a fusion tran-
script; (3) the fusion transcript must be more than 99% of 
coverage on the R. typus genome; (4) distance between 
two mapped locus must be at least 100 kb.

Cell-type quantification
The CIBERSORT algorithm (v1.03) was used with the 
default parameter for estimating immune cell fractions 
using TPM values of each expressed gene. A total of 22 
human immune cell phenotypes can be deconstructed by 
CIBERSORT, including seven T cell types [CD8 T cells, 
naïve CD4 T cells, memory CD4 resting T cells, memory 
CD4 activated T cells, T follicular helper cells, and regu-
latory T cells (Tregs)]; naïve and memory B cells; plasma 
cells; resting and activated NK cells; monocytes; macro-
phages M0, M1, and M2; resting and activated dendritic 
cells; resting and activated mast cells; eosinophils; and 
neutrophils. An R package, Immunedeconv (v2.0.2) [23], 
that provided a unified interface to seven deconvolution 
methods was used for estimating immune cell fractions, 
while CIBERSORT algorithm was applied for estimating 
immune cell fractions.

https://github.com/wdecoster/chopper
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Statistical analysis
All plots were done in R (v 4.2.3) as implemented in 
RStudio in addition to pattern diagrams and stacked bar 
chart. Data are presented as means ± standard error of 
the mean (SEM).

Result
Revealing the complexity of blood transcript in patients 
with multiple primary lung cancer through ONT lrRNA-seq
To characterize the transcriptomic profiles of patients 
with only primary lung cancer (OPLC), lung cancer with 
multiple primary cancers (MPC), and healthy controls 
(HC), this study collected whole blood samples from 
4 patients with healthy controls (HC), 4 patients with 
single primary lung cancer (OPLC), and 4 patients with 
lung cancer and multiple primary cancers (MPC). These 
samples were analyzed using ONT lrRNA-seq.  A total 
of 63,191 genes and 254,184 transcripts were identified. 
Sample-level analysis revealed that the number of tran-
scripts in each sample was much greater than the num-
ber of genes, and the numbers of detected genes and 

transcripts were relatively consistent across samples 
(Fig. 1A). Further analysis of the types of identified genes 
showed that protein-coding genes were the predominant 
category (Fig.  1B). In terms of transcript length, most 
newly predicted transcripts were significantly shorter 
than known transcripts (Fig. 1C). Additionally, analysis of 
transcript count per gene indicated that most genes cor-
responded to only one transcript (Fig. 1D). In conclusion, 
this study demonstrates significant complexity in the 
transcriptomes of patients with multiple primary cancers 
through the use of ONT lrRNA-seq.

Identification and functional analysis of Blood-Borne gene 
expression signatures specific to lung cancer with multiple 
primary cancers
To investigate the dynamic differences in gene expression 
among patients with OPLC, patients with MPC, and HC, 
this study performed systematic differential expression 
analysis using DESeq2. The results revealed that in the 
comparison between MPC and HC, a total of 2474 dif-
ferentially expressed genes (DEGs) were identified; 1866 

Fig. 1  Transcriptome Analysis of Whole Blood Samples in OPLC, MPC, and HC Based on Full-Length Sequencing. A Bar plot showing the number of 
detected genes and transcripts. B Bar plot showing the number of different types of detected genes. C Density distribution plot illustrating the length 
distribution of different types of detected genes. D Bar plot showing the number of each gene transcripts
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DEGs were found between MPC and OPLC groups; and 
345 DEGs were detected between OPLC and HC groups 
(Fig. 2A). The DEGs are primarily enriched in immune-
related pathways (Fig.  2B). Further dynamic clustering 
analysis of all differential genes across the three groups 
using clusterGVis showed that clusters C1–C3 exhib-
ited specific high-expression or low-expression pat-
terns in MPC patients. Among them, genes in cluster C1 
were mainly enriched in pathways such as viral defense 
response and oxygen transport; genes in cluster C2 were 
significantly enriched in functions related to the apop-
totic process and positive regulation of interleukin-6 pro-
duction; and genes in cluster C3 were primarily involved 
in processes such as protein sulfidation modification and 
signal transduction (Fig. 2C, Figure S1). In summary, this 
study reveals that both OPLC and MPC induce extensive 
dynamic changes in gene expression in the blood at the 

transcriptomic level, with MPC patients exhibiting more 
pronounced complexity in transcriptional regulation. 
This finding provides a new perspective and a basis for 
the exploration of potential biomarkers in multiple pri-
mary lung cancer.

Identification and functional analysis of Blood-Borne 
transcript expression signatures specific to lung cancer 
with multiple primary cancers
To investigate the dynamic differences in transcript 
expression among OPLC, patients with MPC, and HC, 
this study conducted systematic differential expression 
analysis using DESeq2. The results showed that a total 
of 6359 differentially expressed transcripts (DETs) were 
detected between the MPC and HC groups, 4799 DETs 
were identified between the MPC and OPLC groups, 
and 965 DETs were found between the OPLC and HC 

Fig. 2  Analysis of Differentially Expressed Genes in Whole Blood Samples of OPLC, MPC, and HC Based on Full-Length Sequencing. A The volcano map 
shows all the differentially expressed genes (DEGs) in the three comparison groups(FC (fold change) ≥ 1.5 or ≤ 0.67, Pvalue < 0.05). B The bubble chart 
shows the GO BP enrichment analysis results of three groups of differentially expressed genes. C The heatmap displays the expression of genes and the 
corresponding GO enrichment results for each cluster, respectively
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groups (Fig. 3A). The genes associated with differentially 
expressed transcripts were predominantly enriched in 
immune-related pathways (Fig.  3B). Further dynamic 
clustering analysis of all differential transcripts across 
the three groups using clusterGVis revealed that clusters 
C2–C4 and C7 exhibited specific high-expression or low-
expression patterns in MPC patients. Among them, genes 
associated with clusters C2 and C3 were mainly enriched 
in pathways such as viral defense response and innate 
immune response; genes in cluster C4 were significantly 
enriched in mitochondrial respiratory chain complex I 
assembly and proton gradient-driven ATP synthesis pro-
cesses; and genes in cluster C7 were primarily involved in 
biological processes such as apoptosis and protein folding 
(Fig. 3C, Figure S2). In summary, this study demonstrates 
at the transcriptomic level that both OPLC and MPC can 

induce extensive alterations in transcript expression in 
whole blood samples, with MPC patients exhibiting more 
complex transcriptional regulation features. This finding 
provides a new perspective and a basis for the explora-
tion of potential biomarkers in multiple primary lung 
cancer.

Screening and characterization of key genes and 
transcripts in lung cancer with multiple primary cancers
Given the extensive enrichment of immune and inflam-
mation-related pathways identified in the differential 
expression analyses,. We employed the computational 
deconvolution algorithm CIBERSORT to estimate the 
relative abundance of immune cell subsets based on the 
whole-blood transcriptomic data (Figure S3). The analy-
sis revealed a distinct remodeling of the immune cell 

Fig. 3  Analysis of Differentially Expressed Transcripts in Whole Blood Samples of OPLC, MPC, and HC Based on Full-Length Sequencing. A The volcano 
map shows all the differentially expressed transcripts (DETs) in the three comparison groups(FC (fold change) ≥ 1.5 or ≤ 0.67, Pvalue < 0.05). B The bubble 
chart shows the GO BP enrichment analysis results of the three groups of differentially expressed transcript genes. CThe heatmap displays the expression 
of transcripts and the corresponding GO enrichment results for each cluster, respectively
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Fig. 4 (See legend on next page.)
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landscape in MPC patients compared to the HC and 
OPLC groups. Specifically, we observed a significant 
decrease in the estimated proportion of neutrophils, con-
currently, the monocytes fraction exhibited an upward 
trend in the MPC group. To explore the molecular mech-
anisms of MPC from the perspectives of gene expression 
and transcriptional regulation, this study performed an 
integrated analysis of DEGs and DETs screened through 
the aforementioned clustering analysis. The results 
showed that a total of 654 genes exhibited significant dif-
ferential expression at both the gene and transcript levels 
(Fig.  4A). Further analysis revealed that these overlap-
ping genes corresponded to an average of approximately 
12 transcripts per gene (Fig. 4B), and the vast majority of 
them were protein-coding genes (Fig.  4C). Gene Ontol-
ogy biological process (GO-BP) enrichment analysis 
indicated that these genes were significantly enriched 
in biological processes such as inflammatory response 
and positive regulation of the NF-κB signaling pathway 
(Fig.  4D). It is noteworthy that several genes, including 
CASP1, LITAF, TRIM22, SPHK1, and TXNIP, exhibited 
characteristic expression patterns in the MPC group 
(Fig.  4E) and were closely associated with immune cell 
infiltration (Fig.  4F), suggesting that they may play piv-
otal roles in the development and progression of MPC. In 
conclusion, this study has identified potential biomark-
ers associated with immune and inflammatory responses 
in MPC at the genetic level, providing critical molecular 
targets for further elucidating its pathogenic mechanism.

Lung cancer with multiple primary cancers affect 
differential transcript usage in blood
To analyze differential transcript usage (DTU) pat-
terns (i.e., the abundance of specific transcripts rela-
tive to other transcripts of the same gene), this study 
further investigated the potential role of transcript iso-
form switching in increasing proteomic complexity and 
functional diversity [24]. Using the DEXSeq tool from 
IsoformSwitchAnalyzeR, differential transcript usage 
analysis was performed by calculating the differential 
isoform fraction (dIF) and false discovery rate (FDR)-
adjusted p-value for each isoform under different con-
ditions. Isoforms with an adjusted p-value < 0.05 were 
considered to exhibit DTU (regardless of dIF magnitude). 
At the gene level, the smallest adjusted p-value among 
all isoforms of a gene was taken as the p-value for that 
gene. Therefore, if a gene had at least one significantly 
differential isoform, it was considered to exhibit DTU. 

The analysis results showed that 465 DTU transcripts 
were identified in the comparison between the MPC and 
HC groups, and 172 were identified in the comparison 
between the MPC and OPLC groups, while no significant 
DTU transcripts were found between the OPLC and HC 
groups (Fig. 5A). To screen for core regulatory genes, this 
study integrated the previously highlighted differentially 
DEGs and DETs from clustering analysis with the DTU 
results. A total of 41 genes showed significant differences 
across all three levels (Fig. 5B). Enrichment analysis of 
these 41 overlapping genes revealed significant enrich-
ment in KEGG pathways closely related to inflammatory 
responses, including the NOD-like receptor signaling 
pathway, NF-κB signaling pathway, Toll-like receptor sig-
naling pathway, and TNF signaling pathway (Fig. 5C). It 
is noteworthy that the transcript ENST00000432176.7 
of the HYCC1 gene not only exhibited a significant 
upregulation in expression abundance but also a marked 
increase in its relative expression proportion in the MPC 
group (Fig. 5D, Figure S4). More importantly, this gene 
was closely associated with the level of immune cell infil-
tration (Fig. 5E, Figure S5), suggesting that it may be a 
central driver of the overall upregulation of the HYCC1 
gene and plays a pivotal role in regulating the immune 
microenvironment of MPC.

Lung cancer with multiple primary cancers affect fusion 
gene in blood
Fusion genes typically incorporate functional domains 
from different genes, potentially generating chime-
ric proteins with novel functions. They are frequently 
observed in cancer and play significant roles. Further 
analysis of fusion genes revealed a total of 3105 in the HC 
group, 2522 in the MPC group, and 3822 in the OPLC 
group (Fig.  6A). Circos plots were used to visualize the 
fusion events (Fig. 6B-D), displaying the top 20 chromo-
somes with the highest number of fusion genes in each 
of the three groups. Subsequently, GO enrichment analy-
sis was performed on coding genes specifically involved 
in fusions within the MPC group. The results indicated 
significant enrichment in pathways related to apoptosis, 
among others (Fig. 6E).

Lung cancer with multiple primary cancers affect protein 
expression in serum
To characterize the proteomic profiles of patients with 
only primary lung cancer (OPLC), lung cancer with mul-
tiple primary cancers (MPC), and healthy controls (HC), 

(See figure on previous page.)
Fig. 4  Integrated analysis of differentially expressed genes and transcripts with key gene expression. A Venn diagram illustrating the overlap of gens 
between differentially expressed genes (DEGs) and differentially expressed transcripts (DETs). B Bar plot showing the number of average number of tran-
scripts for each gene in each part of overlap. C Bar plot showing the number of different types of detected genes in each part of overlap. D The scatter plot 
exhibiting the most enriched GO (Biological Process) and KEGG pathway enrichment results of the overlap genes. E Bar plot showing the expression pat-
tern and statistical difference of DEG sand DETsfrom overlap genes. Error bars represent mean ± SEM(*: P value ≤ 0.05, **: P value ≤ 0.01,***: P value ≤ 0.001)
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Fig. 5 (See legend on next page.)
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this study utilized data-independent acquisition (DIA) 
proteomics technology to perform relative quantita-
tive analysis of proteins in serum samples from the three 
groups. A total of 14,830 peptides were identified, cor-
responding to 2,292 unique proteins (Fig. 7A). Statistical 
analysis and differential screening of the protein quanti-
tative results revealed 48 differentially expressed proteins 
in the MPC_vs_HC group, 41 in the MPC_vs_OPLC 
group, and 80 in the OPLC_vs_HC group (Fig.  7B). 
Functional enrichment analysis showed that the differ-
ential proteins in the MPC_vs_HC group were primar-
ily involved in pathways such as cellular redox status 
and endocytosis; the differential proteins in the MPC_
vs_OPLC group were significantly enriched in pathways 
related to cell motility and cell adhesion; while the dif-
ferential proteins in the OPLC_vs_HC group were asso-
ciated with pathways such as cellular homeostasis and 
inflammatory response (Fig.  7C). Furthermore, protein-
protein interaction networks constructed based on the 
STRING database further revealed functional associa-
tions and potential synergistic effects among the differen-
tially expressed proteins in the three comparison groups 
(Fig. 7D).

Screening and characterization of key genes, transcripts, 
and proteins in lung cancer with multiple primary cancers
To identify core regulatory molecules in lung cancer with 
multiple primary cancers (MPC) at both the transcrip-
tional and translational levels, this study conducted a 
systematic integrated analysis of differentially expressed 
genes (DEGs), differentially expressed transcripts (DETs), 
and differentially expressed proteins (DEPs). Initially, 19 
overlapping genes were identified among the three cat-
egories (Fig.  8A). However, due to inconsistent expres-
sion trends of these genes across the gene, transcript, 
and protein levels, they could not be directly regarded 
as reliable multi-omics candidate molecules. Therefore, 
the focus was extended to pairwise intersections: spe-
cifically, 26 genes overlapping between DEGs and DEPs, 
and 49 genes overlapping between DETs and DEPs. 
Enrichment analysis of the DEG-DEP overlapping genes 
showed significant enrichment in pathways such as leu-
kocyte transendothelial migration and natural killer cell-
mediated cytotoxicity; while the DET-DEP overlapping 
genes were significantly enriched in pathways including 
Rap1 signaling pathway and regulation of actin cytoskel-
eton (Fig.  8B). Notably, ATP6AP2 exhibited significant 

differences and consistent expression trends at both the 
gene and protein levels (Fig.  8C). Meanwhile, APMAP 
(ENST00000217456.3), CIAO2A (ENST00000558779.1), 
and ITGB2 (ENST00000475170.5) also showed consis-
tent expression trends at both the transcript and protein 
levels (Fig. 8D). The consistent alterations of these mol-
ecules across multiple regulatory levels suggest that they 
may play key roles in the development and progression 
of MPC, providing high-confidence candidate targets for 
subsequent functional validation and research.

Discussions
This study utilized Oxford Nanopore Technologies 
(ONT) long-read transcriptome sequencing and DIA 
proteomics to perform integrated multi-omics analysis 
of blood samples from MPC, OPLC, and HC. It system-
atically revealed the dynamic regulatory features of MPC 
across multiple levels, including transcript complexity, 
isoform usage, and protein expression, providing new 
perspectives and data support for a deeper understand-
ing of the molecular mechanisms of MPC.

Transcript isoform switching plays an important role 
in increasing proteomic complexity and functional diver-
sity [24]. Therefore, through in-depth analysis of genes 
and transcripts, we found that MPC patients exhibited 
significantly increased transcript complexity. Compared 
with the OPLC and HC groups, the MPC group not only 
had a significantly greater number of DEGs and DETs, 
but also multiple genes showed rich isoform diversity. 
This finding suggests that the occurrence of MPC may 
be closely related to alterations at the transcript level 
and isoform switching, and these changes likely pro-
mote tumor heterogeneity and malignant progression 
by increasing the functional diversity of the proteome 
[25]. Notably, a specific transcript of the HYCC1 gene 
(ENST00000432176.7) showed significantly increased 
expression level and relative proportion in MPC. Studies 
have reported that HYCC1 overexpression can accelerate 
the proliferation, invasion, and migration of pancreatic 
cancer cells in vitro and promote liver metastasis in vivo 
[26]. Collectively, these findings indicate that HYCC1 is a 
potential key regulator of MPC.

On the other hand, MPC-specific expressed genes, 
transcripts, and differentially expressed proteins were 
significantly enriched in immune- and inflammation-
related pathways, such as NF-κB, NOD-like receptor, 
Toll-like receptor, and TNF signaling pathways. These 

(See figure on previous page.)
Fig. 5  Analysis of differential transcript usage (DTU) and identification of core regulatory genes. A The volcano plot illustrates isoform switching between 
groups. The x-axis shows the difference in isoform fraction (dIF) for the MPC-vs-OPLC and MPC-vs-HC comparisons, while the y-axis shows the -log10 (p-
value), with higher values indicating greater statistical significance. B Venn diagram depicting the overlap of genes with significant DGEs, DETs, and DTUs. 
C The Scatter plot exhibiting the most enriched KEGG pathway results of the overlap genes. D Isoform switching observed within the HYCC1 is presented 
in this figure generated by IsoformSwitchAnalyzeR. The upper part shows the isoform switch with colors denoting different functional domains. The lower 
part has three sub - plots for gene expression, isoform expression, and isoform fraction (IF)(*: P value < 0.05, **: P value < 0.01,***: P value < 0.001)
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pathways play core roles in shaping the tumor microen-
vironment [27, 28] and the release of pro-inflammatory 
factors [29, 30]. It is noteworthy that the activation of 
immune-inflammatory signals was observed across 
multiple regulatory levels from genes and transcripts to 
proteins, indicating that the occurrence of MPC may be 
closely related to dysregulated immune-inflammatory 
responses [31]. Furthermore, whole blood samples is 

likely an important window reflecting the body’s immune 
status and tumor burden [32], Whole-blood transcrip-
tomics are often influenced by leukocyte proportions 
[33]. Our deconvolution analysis highlighted a specific 
immune alteration in MPC patients, characterized by 
significantly reduced neutrophils and a tendency towards 
increased macrophage proportions. The upregulation 
of inflammatory pathways could stem from the altered 

Fig. 6  Lung Cancer with Multiple Primary Cancers Affect Fusion Gene in Blood. A Venn diagram of fusion genes in OPLC, MPC, and HC. B Circos plot 
showing the top 20 fusion genes in the HC group. C Circos plot showing the top 20 fusion genes in the MPC group. D Circos plot showing the top 20 
fusion genes in the OPLC group. E The scatter plot exhibiting the most enriched GO (Biological Process) pathway enrichment results of the specific fusion 
genes in the MPC group
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activation state of the remaining leukocytes or the rela-
tive enrichment of specific mononuclear subsets. Future 
studies employing single-cell RNA sequencing (scRNA-
seq) are expected to further elucidate the cell-specific 
contributions underlying these signals.

By integrating expression data from the three levels 
of genes, transcripts, and proteins, we screened mul-
tiple core molecules with consistent differential expres-
sion in MPC. For example, ATP6AP2 was significantly 
downregulated at both the gene and protein levels, 
while molecules such as APMAP, CIAO2A, and ITGB2 
showed consistent changes at the transcript and protein 
levels. ATP6AP2 is involved in V-ATPase assembly and 
Wnt signaling pathway regulation, and its functional 
disruption is associated with various cancers [34, 35]. 
We speculate that in MPC, it may promote tumor pro-
gression by affecting lysosomal acidification and canoni-
cal signal transduction. ITGB2 is an important immune 
cell adhesion molecule [36] and plays a key role in leu-
kocyte recruitment and activation [37]. Its consistent 

upregulation in MPC suggests that this molecule may 
be involved in regulating immune cell infiltration and 
inflammatory responses in the tumor microenvironment, 
thereby affecting the immune escape capability of MPC. 
The consistent changes of these molecules across multi-
ple regulatory levels not only indicate that they may play 
key roles in the development and progression of MPC 
but also provide high-confidence candidate targets and 
translational research directions for subsequent func-
tional validation and mechanistic studies.

In summary, this study used ONT long-read sequenc-
ing combined with DIA proteomics to systematically 
reveal extensive transcript isoform variations and dysreg-
ulated protein expression in the blood samples of MPC 
patients from a multi-omics perspective, highlighting the 
central role of immune-inflammatory signaling pathways 
in the pathogenesis of MPC. It provides an important 
basis for mechanistic research and target discovery for 
this disease.

Fig. 7  Proteomic Analysis of Serum Samples in OPLC, MPC, and HC. A Bar graphs showing the number of peptide precursors and proteins detected in 
all samples. B Volcano plot showing differential proteins analyzed by DESeq2. C The bubble chart shows the Go enrichment results of the three groups 
of differentially expressed proteins. D PPI network diagram, each dot in the network represented a protein, and the more segments connected with the 
dot, the more important this protein was in the network structure
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Shortcomings and outlook
This study has several limitations. First, while long-
read sequencing enables direct analysis of full-length 
transcripts, the absence of orthogonal validation using 
short-read RNA-seq data somewhat restricts the confir-
mation of differential expression findings and the detec-
tion sensitivity for low abundance transcripts. Second, 
due to sample availability constraints, transcriptomic and 
proteomic analyses were performed using non-matched 
cohorts, which prevents correlation analysis at the indi-
vidual level across omics layers. Furthermore, the small 
sample size (n = 4 per group) limits statistical power, 
and the exhaustion of clinical specimens precluded 
experimental validation such as RT-PCR. Therefore, the 
molecular signatures identified should be regarded as 

preliminary and hypothesis-generating, requiring further 
validation in larger independent cohorts.
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