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Background: Current non-invasive approaches for lung cancer (LC) detection exhibit inherent limitations in diagnostic accuracy, or
inadequate clinical validation. Consequently, there exists an urgent unmet need for rigorously validated, non-invasive biomarkers
exhibiting high sensitivity and specificity to enable the early detection of LC.

Methods: We employed small RNA sequencing technology to detect microRNA (miRNA) expression in small extracellular vesicle
(sEV) isolated from plasma samples of study participants. The collected samples were subjected to retrospective analysis. A diagnostic
model was developed (n = 80) and validated (n = 52) to discriminate between non-malignant controls (NCs, comprising healthy
individuals and benign lesions cases) and patients with LC (Stages I/II). Model performance was rigorously evaluated using several
metrics, with the area under the curve (AUC) serving as the primary metric.

Results: The small RNA sequencing analysis of plasma sEV miRNA identified distinct expression signatures (14 differentially
expressed SEV miRNAs) between NCs and LC samples. The diagnostic model with the best performance was constructed using hsa-
miR-423-5p, hsa-miR-340-3p, hsa-miR-320b, hsa-miR-98-5p, hsa-miR-26a-5p, hsa-miR-193b-5p, hsa-miR-629-5p, and hsa-miR-92b-
5p. The diagnostic model achieved an AUC of 0.956, a sensitivity of 94%, and a specificity of 93% in the training cohort and an AUC
of 0.985, a sensitivity of 86%, and a specificity of 97% in the validation cohort.

Conclusion: Our findings demonstrates that plasma SEV miRNA exhibits a highly discriminative biomarker for distinguishing NCs
group from early malignant lesions, making it a promising tool for auxiliary detection of early-stage LC.
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Introduction

Lung cancer (LC) remains a predominant global health crisis, ranking as the leading cause of cancer-related mortality
worldwide. According to global cancer statistics, it is estimated that over 2 million people are newly diagnosed with LC
each year, making it one of the cancers that seriously threaten human health.'  Histologically, LC is categorized into two
primary subtypes: non-small cell lung cancer (NSCLC), comprising 80-85% of diagnoses, and small cell lung cancer
(SCLC). NSCLC encompasses diverse pathological entities, including lung adenocarcinoma (LUAD), squamous cell
carcinoma (SCC), and large cell undifferentiated carcinoma,* each exhibiting distinct molecular profiles and clinical
behaviors. Due to the concealed clinical symptoms and the lack of effective screening methods for early clinical
diagnosis, approximately 75% of LC patients present with locally advanced or metastatic stage at initial diagnosis,
missing the optimal window for radical surgical treatment and facing a poorer prognosis.” This advanced presentation
precludes curative surgical intervention, contributing to dismal 5-year survival rates (<20% for stage [V) compared to
77-92% observed in early-stage (stage I) patients undergoing resection.® Therefore, detection of early-stage LC is crucial

for improving patient prognosis.
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Bronchoscopy and histopathological biopsy are regarded as the gold standards for diagnosing LC. However,
bronchoscopy exhibits variable sensitivity in diagnosing early-stage lesions, while histopathological biopsy, being an
invasive procedure, poses risks of infection, bleeding, and tumor dissemination.”” Liquid biopsy, with its merits of non-
invasive sampling and the possibility of multiple sampling, has been utilized in early diagnosis, screening, postoperative
monitoring, and treatment decision-making for LC.'®'> Among them, sputum cytology serves as an adjunctive
diagnostic tool for LC, which is non-invasive and convenient but has low sensitivity. Commonly used blood-based
tumor markers such as carcinoembryonic antigen (CEA), cytokeratin 19 fragment (CYFRA21-1), neuron-specific enolase
(NSE), squamous cell carcinoma antigen (SCC-Ag), and pro-gastrin-releasing peptide (proGRP) exhibit limited sensi-
tivity and specificity in the adjunctive diagnosis of LC and are prone to false positives.” '*'*™'> Other blood-based
diagnostic biomarkers for LC, such as miRNAs, ctDNA, and cfDNA methylation, either struggle to balance sensitivity
and specificity, a lack of validation, or have been studied with small sample sizes, rendering them ineffective as
differential diagnostic biomarkers.” '*'>1?

Small extracellular vesicle (SEV) are membrane-bound vesicles with a lipid bilayer that are secreted and released by
cells. SEV are rich in content and exhibit strong stability, which gives them an advantage in liquid biopsy, particularly in
the early diagnosis of tumors, where they hold great potential.”>*' It has been reported that SEV miRNAs, SEV mRNAs,
SEV IncRNAs, and sEV proteins have diagnostic applications in LC. MiRNAs are highly enriched and stable in sEV,
extensively participating in various mechanisms that regulate LC proliferation and invasion. Consequently, SEV miRNAs
demonstrate greater potential and novelty in the diagnosis of LC.'%!'**2"27 Among these, diagnostic models with superior
performance have exhibited sensitivities and specificities that exceed 90%.%>*’® However, these studies have several
limitations. Firstly, they lack independent validation cohorts. Secondly, they involve relatively small sample sizes. It is
therefore necessary to discover and validate biomarkers that can enhance the specificity of early-stage LC diagnosis.

In this study, we included a total of 132 blood samples from healthy individuals, patients with benign lesions, and patients
with LC (Stages I/Il). Plasma sEV were extracted, and small RNA sequencing was performed to detect changes in the
miRNA expression profile of blood sEV. In two independent cohorts, an sSEV miRNAs-based biomarker diagnostic model for
LC detection was constructed and validated. Finally, pathway enrichment analysis was carried out on the SEV miRNAs
involved in the diagnostic model to further explore the potential of sSEV miRNAs as biomarkers for early-stage LC detection.

Materials and Methods

Patient Recruitment and Blood Sample Collection

This study enrolled a total of 132 patients who were divided into a training cohort (n = 80) and a validation cohort (n =52). The
training cohort included 30 healthy individuals and 16 patients with benign lesions and 34 patients with LC (Stages I/IT), while
the validation cohort comprised 20 healthy individuals and 11 patients with pulmonary benign lesions and 21 patients with LC
(Stages I/I). Blood samples were acquired from all patients between July 2021 and October 2023, with specific clinical
information detailed in Table 1. The collection of blood samples in this study was approved by the Ethics Committee of
Jiangxi Provincial Cancer Hospital (No. 2021ky231).

Blood samples were collected using EDTA anticoagulant tubes (REF367525, BD, USA) and pretreatment was
conducted within 24 hours. Initially, the blood collection tubes were centrifuged at 1600 g for 10 minutes at 4°C to
evaluate the levels of hemolysis, with only samples that received a grade of 4 or lower being retained for further analysis.
Subsequently, the supernatant was aspirated and transferred to 1.5 mL EP tubes and centrifuged again at 16,000 g for
15 minutes at 4°C to remove residual cellular debris. Finally, the supernatant was divided into 1.5 mL EP tubes and
stored at —80°C for future use.

Isolation of Plasma sV

Plasma sEV were isolated using a plasma sEV isolation reagent (L3525, 3DMed, Shanghai, China) developed by
Shanghai 3D Medicines Inc. Frozen plasma samples were thawed at 37°C water bath, followed by centrifugation at
12,000 g for 10 minutes at 4°C. The supernatant was then filtered sequentially through a 0.45 pm filter column
(CLS8163-100EA, Corning, USA) and a 0.22 um filter column (CLS8161-100EA, Corning, USA) at 12,000 g for
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Table 1 The Demographic and Clinicopathologic Characteristics of Participants

Characteristics Training Cohort | Validation Cohort
(n = 80) (n=52)

Categories, n (%)

Healthy 30 (37.5) 20 (38.5)

Benign 16 (20.0) 11 (21.2)

Malignant 34 (42.5) 21 (40.4)
Age, mean (SD, Benign and Malignant) 60.2 (8.1) 62.9 (7.9)
Gender, n (%, Benign and Malignant)

Female 21 (42.0) 17 (53.1)

Male 29 (58.0) 15 (46.9)
Benign, n (%)

Semi-positive Nodule 5(31.2) 4 (36.4)

Positive Nodule 6 (37.5) 3(27.3)

Other 5(31.2) 4 (36.4)
Malignant stages, n (%)

| 28 (82.4) 17 (81.0)

Il 6 (17.6) 4 (19.0)
Malignant Subgroup, n (%)

Lung Squamous Cell Carcinoma 8 (23.5) 4 (19.0)

Lung Adenocarcinoma 26 (76.5) 16 (76.2)

Small Cell Lung Cancer 0 (0.0) | (4.8)

5 minutes at 4°C. After measuring filtered volumes, 0.25 times the plasma sample volume of L3525 reagent were added,
mixed thoroughly, and incubated at 4°C for 30 min. The mixture was centrifuged at 4700 g for 30 min at 4°C, and sEV
pelleted were re-suspended in 200 pL phosphate-buffered saline (PBS, pH 7.4).

TEM ldentification of Plasma sEV

Plasma sEV were first fixed with 4% paraformaldehyde to examine their morphology using transmission electron
microscopy (TEM). After fixation, the samples were transferred to a carbon-coated copper grid for electron microscopy.
The grid was washed with PBS, PBS containing 50 mM glycine, and PBS containing 0.5% BSA. Subsequently, the grid
was stained with 2% uranyl acetate. A transmission electron microscope (H-7650, Hitachi High-Technologies, Japan)
was used to analyze the morphological characteristics of plasma sEV.

NTA Identification of Plasma sV

Plasma sEV diluted with PBS were analyzed using a NanoSight NS300 instrument (Malvern, UK). Using the 488 nm
excitation module, the camera lens parameters were set with a shutter value of 890, a gain value of 146, and a detection
threshold of 7. At least 200 complete tracks were analyzed and acquired for each video. Finally, the nanoparticle tracking
analysis (NTA) software (version 2.3) was used to analyze the nanoparticle tracking data of plasma sEV.

NanoView ldentification of Plasma sEV

Plasma sEV were mixed thoroughly with PBS and diluted with 1X sample buffer. Then 50 pL of the diluted plasma sEV
solution was loaded onto ExoView exosome detection kit chips, and incubated at room temperature for 16 hours.
Afterward, 1X buffer A was added to each well of the chip, and shaken on a horizontal shaker at 500 rpm for 3 minutes.
This washing step was repeated four times. Subsequently, the prepared CD9, CD63, and CDS81 staining solutions were
added to each well. Shake the chip slowly on the shaker for 1h away from light, then washed and placed on absorbent
paper to dry. Finally, the chip was loaded into an ExoView R100 (NanoView Biosciences, Boston, MA, USA) for
detection.

International Journal of Nanomedicine 2025:20 hetps: 11001



Lv et al

Construction of the Plasma sEV-miRNA Library

Total RNA from plasma sEV was extracted using a miRNeasy Serum/Plasma Kit (217184, QIAGEN, Shanghai, China). The
concentration and fragment distribution of the extracted RNA samples was measured using the Small RNA Analysis Kit (5067-
1548, Agilent, Santa Clara, California, USA). Subsequently, a NEBNext Multiplex Small RNA Library Prep Set for [llumina Kit
(E7300L, NEB, USA) was used for library construction, following the specific instructions provided in the product manual. The
library preparation process can be summarized as follows: Each RNA sample (6 pL) sequentially underwent ligation of the 3’
adapter, hybridization of the reverse transcription primer, ligation of the 5" adapter, reverse transcription, and PCR amplification
for 18 cycles, and the products were purified using the NucleoSpin Gel and PCR Clean-up Kit (740609.250, MN, Germany). The
concentration of the library was determined using a Qubit 3.0 fluorometer, and the fragment size distribution was analyzed using
an Agilent 2100 Bioanalyzer with the corresponding chip and reagents (5067-4626, Agilent, Santa Clara, California, USA).
Qualified libraries were sequenced using the [llumina NovaSeq6000 system with a sequencing strategy of 2 x 150-bp, generating
approximately 6 G of sequencing data per library.

Small RNA Sequencing Data Processing

After the 3'-adaptors in raw FASTQ reads were trimmed with Cutadapt,”’ Reads were mapped to the human reference
sequence (hgl9) using BWA (0.7.12-r1039) [arXiv:1303.3997v2]. The annotation of miRNAs was performed using the
Gencode (v25)*° and miRbase (v21)*" databases. The total number of reads mapped to the miRNA region in each sample
exceeded 1.5 million nucleotides. The miRNAs that were sequenced to a depth of at least 10 were used for subsequent
analysis. Trimmed mean of M-values (TMM) method was used to normalize the raw miRNA expression data from the

training cohort and validation cohort.

Candidate miRNA Markers

Non-malignant controls (NCs, contain healthy and benign lesions) and patients with LC (Stages I/I) were used as
diagnostic targets. Candidate diagnostic miRNA markers were screened from the training cohort using statistical
methods.

Statistical differences in the expression levels of miRNAs between the two groups (NCs and LC) or the three groups
(healthy, benign lesions and LC) were identified. The miRNAs that demonstrated differential expression between NCs
and LC samples, while exhibiting concordance between healthy and benign lesions samples, were used as candidate
markers for subsequent analysis.

In order to explore the targeted biological pathways of the miRNA markers, the DIANA-miRPath (v4.0) tool was
utilized with the Kyoto Encyclopedia of Genes and Genomes (KEGG)*” and Reactome™ databases.

Construction of Diagnostic Model

In order to identify the final markers and construct the diagnostic model, a variety of machine learning (ML) algorithms
with different hyper-parameters were used, including linear, tree-based ensemble models and neural network. The
importance of the selected miRNA markers was evaluated using the permutation importance method. The model
performance was evaluated using the mean of 5-fold cross-validation in the training cohort, applying different metrics,
including the AUC and recall of each target.

The primary procedure was as follows: (a) The importance of each miRNA was assessed using a permutation feature
importance technique, which shuffles the values of a single feature randomly and observes the resulting degradation of
the model’s score. miRNAs with an importance value exceeding 0 were retained, indicating a positive effect on models.
(b) The performance of different machine learning models with retained candidate miRNAs were evaluated.

This process was iterated until the importance of all miRNAs retained exceeded 0. The final models were trained
based on the entire training cohort.

The validation cohort was used to assess the generalization performance of the models with the corresponding
markers.
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Quantitative Reverse-transcription PCR

The reverse transcription of sSEV miRNAs was performed using the TagMan™ Advanced miRNA cDNA Synthesis Kit
(A28007, Applied Biosystems™, Carlsbad, California, USA). The reverse transcription products were then subjected to
detection of the expression levels of miR-340-3p, miR-98-5p, miR-26a-5p, miR-423-5p, miR-320b, miR-193b-5p, miR-
629-5p, and miR-92b-5p using specific probes (A25576, Applied Biosystems™, Carlsbad, California, USA) and reagents
(4444557, Applied Biosystems™, Carlsbad, California, USA) in conjunction with the Applied Biosystems 7500 Fast
Real-Time PCR System. For detailed procedures, please refer to the product manual. Following previous reports, miR-
451a was selected as the internal reference gene,** and the relative expression levels of SEV miRNAs were calculated
using the 2 24" method.

Statistical Analysis and Machine Learning

The statistical tests and machine learning algorithms were conducted using the Python (v3.12.8) packages and a custom
script. The Mann-Whitney U-test and Kruskal-Wallis H-test, as implemented in SciPy (v1.14.1), were employed to
identify statistically significant differences in miRNA expression among groups. A p-value of less than 0.05 was
considered to indicate a statistically significant difference. Scikit-learn (v1.5.2) were utilized to perform data transforma-
tion and feature selection using machine learning algorithms. AutoGluon (v1.2) was utilized to construct diagnostic
model and perform hyper-parameter tuning.

Results

Study Design and Patient Clinical Information

To investigate the potential of plasma sEV miRNA as a diagnostic biomarker for early-stage LC, we collected blood
samples from healthy individuals, patients with benign lesions and early malignant lung lesions, after enriching the sEV,
we employed miRNA high-throughput sequencing to discover and validate SEV miRNA biomarkers for LC detection, as
shown in Figure 1A.

The specific workflow is illustrated in Figure 1B, we recruited a total of 150 participants, including healthy
individuals, benign and early malignant lung lesions. After excluding patients who had blood samples with hemolysis,
incomplete pathological information, or for which library construction failed, 132 patients were included and were
divided into two cohorts. The training cohort comprised information on 30 healthy individuals, 16 benign lesions
patients, and 34 patients with LC (Stages I/II), while the validation cohort included 20 healthy individuals, 11 benign
lesions patients, and 21 LC samples. Table 1 presents patient age, sex, tumor stage, and smoking information. Among the
LC patients, 76.4% had LUAD, and 21.8% had SCC, and 1.8% had SCLC. There were no significant differences in
clinical characteristics such as age and gender between the training and validation cohorts.

Characterization of Plasma sV

To assess the purity and yield of the extracted plasma sEV, we used TEM, NTA, and sEV particle size analysis
(NanoView) to examine the morphology, particle size, and characteristic protein expression of the sEV. The main
peaks of the plasma sEV particle size detected by NTA were 50 nm and 57 nm, which were consistent with the particle
size distribution of sEV, as shown in Figure 2A. TEM revealed a typical cup-shaped morphology of plasma sEV, as
shown in Figure 2B. Additionally, the expression of the proteins CD9, CD63, and CD81, which are markers of sEV, was
detected in the plasma sEV, as shown in Figure 2C.

Construction and Validation of an Early Diagnostic Model for Differentiating Between
NCs and Patients with LC Using Plasma sEV miRNA

We extracted miRNA from plasma sEV and performed small RNA sequencing to validate the potential of plasma sEV
miRNA as a biomarker for differentiating between NCs and patients with LC (Stages I/II). In the training cohort, based
on the screening thresholds of p<0.05, and there was no difference in miRNA between healthy and benign lesions, 14
differentially expressed sEV miRNAs (DEMs) were identified, as shown in Figure 3A. Furthermore, these DEMs were
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Figure | Study Design and Clinical Cohorts. (A) Is a schematic diagram illustrating the use of sEV miRNA liquid biopsy technology to differentiate between non-malignant
controls (NCs) and patients with early-stage lung cancer (LC). (B) Presents a flowchart of the construction and validation of the diagnostic model for early-stage LC.
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Figure 3 Screening of Candidate sEV miRNA Diagnostic Biomarkers in NCs and Patients with Early-Stage LC. (A) Fourteen differentially expressed sEV miRNAs (DEMs) in
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KEGG pathway enrichment analysis for these |4 DEMs.

found to be effective in distinguishing between NCs and patients with LC in both the training cohort (Figure 3B) and the
validation cohort (Figure 3C). By mining the relevant signaling pathways involved with DEMs through KEGG database,
we found that up-regulated DEMs act on several cell proliferation regulation and immune-related signaling pathways,
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such as the adhesions junction, Hippo, P53, and ERBB signaling pathway, as shown in Figure 3D. Similar biological
processes were observed in the down-regulated DEMs, as depicted in Figure 3E.

To identify which sEV miRNAs can be used for early diagnosis of LC, a further screening of diagnostic markers from
those 14 DEMs was performed using a circular pipeline with a variety of machine learning algorithms. The feature
importance of 14 DEMs was illustrated in Figure 4A. As demonstrated in Figure 4B, the feature importance of the final
markers selected by different machine learning models was shown. The diagnostic models were trained based on these
markers and evaluated using a 5-fold cross validation (CV) on the training dataset. The receiver operator characteristic
(ROC) curves shown in Figure 4C indicated that the LightGBM model (with extra trees) using hsa-miR-423-5p, hsa-miR
-340-3p, hsa-miR-320b, hsa-miR-98-5p, hsa-miR-26a-5p, hsa-miR-193b-5p, hsa-miR-629-5p and hsa-miR-92b-5p exhi-
bits the optimal performance with an AUC of 0.956, a sensitivity of 94% and a specificity of 93%.

The generalization performance of these models was assessed on the validation cohort (Figure 4D). The findings
indicate that the optimal model also exhibits excellent generalization performance, with an AUC of 0.985, a sensitivity of
86% and a specificity of 97%.

Effects of the Eight Biomarkers on the Signaling Pathway

In order to explore the biological functions of eight biomarkers in the diagnostic model for LC, we mined the relevant
signaling pathways in which biomarkers are involved through the KEGG and Reactome databases. The expression levels
of the eight biomarkers utilized in the diagnostic model are shown in Figure SA and Supplementary Figure 1. The three

up-regulated biomarkers participate in biological processes such as cell proliferation, differentiation, and apoptosis
through various regulatory pathways including adhesions junction, Hippo, P53, and TGF-beta, as demonstrated in
Figure 5B. Furthermore, the five down-regulated biomarkers are also associated with cancer-related signaling pathways,
as illustrated in Figure 5C. The Reactome database was also utilized to ascertain the potential functional roles of the up-
regulated and down-regulated biomarkers, as seen in Figure 5D and E.

Discussion

A substantial body of research has demonstrated the diagnostic efficacy of sSEV miRNAs in differentiating tumors. For
instance, a scoring model based on seven DEMs achieved a sensitivity of 87.5% and a specificity of 92.3% in differentiating
benign from malignant ovarian cancer.*> A combination of two sEV miRNAs exhibited a sensitivity of 84.1% and a specificity
of 96.6% for diagnosing pancreatic ductal adenocarcinoma.>® Moreover, the diagnostic performance of SEV miRNA has been
demonstrated to be effective in distinguishing between liver cancer and non-liver cancer, with a sensitivity of 94.1% and
a specificity of 68.4%.%” The differential diagnostic model developed by Zheng et al showed a specificity of 91.7% in
diagnosing indeterminate pulmonary nodules with a diameter of <1 cm.** The support vector machine model constructed by
Zhang et al achieved a sensitivity of 96.9% and a specificity of 100% in diagnosing ground-glass nodules in the lungs.*® The
enormous potential of SEV miRNAs in the early diagnosis of LC is further underlined by our results.

A meta-analysis has revealed that SEV miRNAs have a pooled sensitivity and specificity of 77% and 83%, respectively, for
the diagnosis of NSCLC.?” The diagnostic performance of individual SEV miRNAs is superior to that of serum miRNAs or
blood-based tumor markers (CEA, CYFRA21-1, and NSE),22’4O’41 and combinations of SEV miRNAs have been found to
outperform individual SEV miRNAs in terms of diagnostic accuracy.** Studies with well-performing combinations of SEV
miRNAs have reported sensitivities and specificities of 83.8% and 87.1%, respectively, for differentiating early-stage
LUAD,* and values of 80.25% and 92.31%, respectively, for diagnosing stage I NSCLC patients.”*** Existing LC diagnostic
models either focus on LUAD or SCC, distinguish between patients and healthy individuals or benign nodules, or lack large-
sample validation. We focus on the performance of blood SEV miRNA combinations in complex sample cohorts for early LC
diagnosis, with the aim of identifying validated and reliable SEV miRNAs and further exploring their value in LC diagnosis
and clinical application.

Our research results indicate that ten SEV miRNAs, namely hsa-miR-423-5p, hsa-miR-340-3p, hsa-miR-320b, hsa-miR-98-
5p, hsa-miR-26a-5p, hsa-miR-193b-5p, hsa-miR-629-5p, hsa-miR-92b-5p, hsa-miR-501-3p, and hsa-miR-199b-3p, can be used
for early LC through various combinations. Among them, only sEV hsa-miR-320b and hsa-miR-92b-5p have been reported to be
used in differentiating SCC and SCLC when combined with other miRNAs.**** Other miRNAs, such as hsa-miR-193b-5p,
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which is reported to be altered only in LUSC, and a panel of five miRNAs including low-expressed hsa-miR-26a-5p in NSCLC,
have shown a sensitivity and specificity of 82.5% and 75.1%, respectively, in distinguishing chronic obstructive pulmonary
disease (COPD) from NSCLC. Conversely, the up-regulated hsa-miR-423-5p in LC exhibits a relatively poor sensitivity of only
69.1% for LC diagnosis.***® The expression levels of hsa-miR-423-5p, hsa-miR-320b, and hsa-miR-26a-5p, which are
important in our diagnostic model, are inconsistent with those reported in previous studies, suggesting that different miRNA
signatures exist in populations of different origins and classifications. We need cohort studies that are closer to clinical onset to
comprehensively analyze the molecular characteristics of complex populations and facilitate early LC diagnosis.

Our research results indicate that the eight SEV miRNAs involved in the optimal LC diagnostic model participate in
biological processes such as cell proliferation, adherens junction, and apoptosis through pathways including P53, TGF-beta,
CTNNBI, AP-1, RUNXI1, and PTEN, and are implicated in the progression of colorectal cancer, renal cell carcinoma, and
bladder cancer. Previous studies have reported that miR-98-5p, miR-26a-5p, miR-629-5p, and miR-320b, can promotes the
proliferation and invasive migration of NSCLC through distinct signaling pathways, while miR-340-3p inhibits the prolifera-
tion and migration of LUAD cells.**~>* However, the functionality of miR-423-5p, miR-193b-5p and miR-92b-5p in LC has
not been reported. Nevertheless, the down-regulation of miR-423-5p and miR-193b-5p contributes to the enhancement of drug
resistance in colorectal cancer cells towards radiotherapy and chemotherapy.>*>> There have been no reported functional
studies concerning adherens junction, thyroid hormone signaling pathway, vasopressin-regulated water reabsorption, and
immune regulation. Therefore, we need more research focusing on the mechanistic roles of sSEV miRNAs in LC.

It is important to note that the present study is not without its limitations. Firstly, the lack of multi-center samples for
validating the expression levels of DEMs in the early LC diagnosis model among healthy individuals, patients with nodules,
and lung cancer patients was not employed. This was done in order to eliminate DEMs that were inconsistent with the
expression levels obtained by next-generation sequencing. Secondly, the lack of an external validation cohort prevents us from
verifying the reproducibility of the early LC diagnosis model constructed in this study. Thirdly, the study is retrospective and
lacks prospective large-cohort sample collection to further evaluate the clinical application value of the diagnostic model.
Finally, this study only focused on miRNAs, one type of content within sEV, and did not combine other contents or blood-
based tumor markers to further enhance the performance of the early LC diagnosis model.

Conclusions

Our finding identified and validated that plasma sEV miRNAs can be used for differentiating between patients with LC
from NCs and demonstrated superior diagnostic performance. This suggests that plasma sEV miRNAs are promising and
potential liquid biopsy biomarkers for LC detection.
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