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Abstract 

Small cell lung cancer (SCLC) is the most aggressive subtype with high mortality 

rates due to the lack of specific diagnostic biomarkers to delay the optimal opportu-

nity for treatment. Traditional biomarkers, such as neuron-specific enolase (NSE) or 

pro-gastrin-releasing peptide (ProGRP), have insufficient specificity and sensitivity 

to meet the demands of clinical diagnosis. Exosome and its contents have become 

burgeoning cancer biomarkers due to their diverse molecular cargo to achieve 

intercellular communication. Herein, a novel machine learning strategy was reported 

for rapid, efficient screening of biomarkers and identified an optimal exosome RNA 

combination as diagnostic biomarker of SCLC. Firstly, RNA sequencing data from 111 

SCLC patients and 362 healthy controls were obtained from the exoRBase 2.0 and 

3.0 databases. The machine learning methods were employed to select specific RNA 

by using 20 iterations with 10-fold nested cross-validation for SCLC diagnosis. Then, 

an optimal combination of three exosome RNAs (LINC00989, CXCL5, and MAP-

3K7CL) was confirmed and achieved excellent diagnostic performance (area under 

the curve (AUC) of 0.950, sensitivity of 0.936, and specificity of 0.892). Finally, an 

independent validation cohort containing tissue-based RNA expression data for two 

biomarkers (CXCL5 and MAP3K7CL) from 79 SCLC patients and 7 standard controls 

was used to evaluate the diagnostic performance of the selected RNAs. The results 

demonstrated modest diagnostic performance in tissue samples (AUC = 0.718) with 

two biomarkers, indicating potential cross-tissue applicability despite the limitations 

of incomplete biomarker coverage. In addition, a specificity analysis of exosome RNA 

data, including gastric cancer, hepatocellular carcinoma, and breast cancer, demon-

strated significant specificity for SCLC. Therefore, the novel biomarker screening 
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strategy integrating nested cross-validation with multiple machine learning algorithms 

successfully established to offer a potentially valuable protocol for early SCLC diag-

nosis and other cancers.

1.  Introduction

Small cell lung cancer (SCLC) with extremely high mortality rates is a highly aggres-
sive subtype of lung cancer due to distinctive features including rapid proliferation, 
high propensity for early metastasis, and poor prognosis [1–3]. The five-year survival 
rate for SCLC patients remains consistently low at 14–15%, with early-stage SCLC 
patients having a median survival of less than 2 years, while metastatic patients 
survive approximately 1 year. Due to the lack of specific biomarkers for early diagno-
sis, most SCLC patients are confirmed at an extensive stage [4,5], which delays the 
optimal opportunity for treatment. Thus, screening of early-stage SCLC is crucial for 
reducing patient mortality.

Currently, SCLC determination methods primarily include three categories: medical 
imaging examinations, histopathological biopsy, and liquid biopsy. Although low-dose 
spiral computed tomography (CT) screening represents the standard method for 
early lung cancer screening and diagnosis, this approach suffers from high false- 
positive rates and requires multiple consecutive monitoring sessions, resulting in 
excessive radiation exposure for patients [6,7]. Histopathological biopsy, as the gold 
standard of diagnosis for lung cancer, requires obtaining surgical tissue sections for 
lesion tissues, which causes substantial physical harm to patients and is unsuitable 
for early screening and diagnosis. Liquid biopsy is a non-invasive detection method 
for early cancer through analysis of tumor biomarkers in body fluids, including blood, 
saliva, and urine. These strategies are characterized by a non-invasive nature, min-
imal patient harm, and the capability for continuous monitoring of high-risk patients. 
Despite the clinical application of traditional biomarkers such as neuron- 
specific enolase (NSE) and pro-gastrin-releasing peptide (ProGRP) in SCLC diagno-
sis, their specificity and sensitivity remain insufficient to meet clinical demands [8,9]. 
Therefore, the discovery of highly sensitive and specific diagnostic biomarkers and 
the establishment of high-accuracy early diagnostic methods hold significant practical 
implications for improving cancer patient survival rates.

Exosomes are membrane-bound vesicular structures ranging from 40–160 nm that 
are secreted by cells and contain various biological information molecules, including 
proteins, nucleic acids, and lipids. Exosomes are widely distributed in bodily fluids 
such as blood and saliva [10], which enter circulatory fluids through exocytosis from 
cells and are subsequently uptaken by recipient cells, facilitating intercellular infor-
mation transfer and closely participating in all stages of tumor development and 
progression [11,12]. Therefore, exosomes can better preserve cancer cell-related 
biological information, making them excellent potential biomarkers for lung cancer 
diagnosis. However, research on the correlation between exosomes and their con-
tents with lung cancer, as well as pathway studies, remains limited, which severely 
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restricts the research and application of exosomes as lung cancer biomarkers in early diagnosis, precision treatment, and 
prognosis. With the rapid development of high-throughput sequencing and machine learning technologies, bioinformatics 
research has become an important tool for biomarker screening in small-sample and high-dimensional data. Compared to 
traditional differential expression analysis, machine learning methods can not only capture complex gene interactions but 
also effectively avoid overfitting issues through cross-validation and feature stability assessment, significantly improving 
the reliability and generalization capability of biomarkers [13,14]. Therefore, machine learning-based biomarker screening 
strategies coupled with exosome sequencing data provide new research directions for early diagnosis of malignant tumors 
such as lung cancer.

In this work, we proposed a novel machine learning strategy for rapid and efficient screening of lung cancer biomark-
ers and pathway analysis. Firstly, we systematically analyzed exosome RNA expression profiles through multiple feature 
selection strategies and nested cross-validation by utilizing machine learning methods and three exosome RNA bio-
markers were successfully screened with potential diagnostic biomarkers (LINC00989, CXCL5, and MAP3K7CL). These 
biomarkers demonstrated excellent diagnostic performance with an area under the curve (AUC) of 0.950, a sensitivity of 
0.936, and a specificity of 0.892 by receiver operating characteristic (ROC) analysis. Furthermore, we validated the three 
candidate RNA biomarkers using SCLC tissue and other cancer exosome RNA expression profile datasets, demonstrat-
ing that the selected RNA biomarkers possess high specificity, sensitivity, and good generalization capability. Therefore, 
we successfully established a novel biomarker screening strategy for large-sample and high-dimensional blood exosome 
RNA data, which offered new protocols for early SCLC diagnosis. This work not only expands the range of SCLC diagnos-
tic biomarkers but also identifies potential new targets for SCLC, with significant research implications for reducing SCLC 
patient mortality.

2.  Methods

2.1  Acquisition of exosome RNA expression data

Training Dataset Acquisition: Blood exosome RNA expression profile data were obtained from the exoRBase 2.0 (http://
exorbase.org:8080) and 3.0 (http://www.exorbase.org/) databases for SCLC diagnostic biomarker screening and model 
construction. Data from exoRBase 2.0 were accessed on 19 February 2025, and data from exoRBase 3.0 were accessed 
on 1 November 2025 for research purposes. The combined dataset comprised exosome RNA transcriptome sequencing 
data from 111 SCLC patients and 362 healthy controls, encompassing 114,601 RNA features, including 35,517 mRNA/
lncRNA and 79,084 circRNA transcripts. The expression matrix was provided in normalized count format, suitable for sub-
sequent differential expression analysis and machine learning modeling.

Validation Dataset Acquisition: To evaluate the generalization capability and cancer specificity of the screened diagnostic 
biomarkers, validation datasets were obtained from two sources. First, SCLC patient tumor tissue RNA expression profile 
data were extracted from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/, GSE60052) 
on 30 March 2025. This cohort included 7 normal lung tissue control samples and 79 SCLC tumor tissue samples for exter-
nal independent validation. Second, blood exosome RNA expression data from other cancer types were obtained from the 
exoRBase 2.0 and 3.0 databases, including 24 gastric cancer patients, 417 hepatocellular carcinoma patients, and 382 
breast cancer patients, to assess the diagnostic specificity of the screened biomarkers for SCLC. The overall workflow of our 
machine learning-based biomarker screening strategy is illustrated in Fig 1, which outlines the key steps from data acquisi-
tion through validation.

Ethical Considerations: All datasets utilized in this study contain only de-identified, anonymized data obtained from 
publicly available databases. The authors had no access to information that could identify individual participants during 
or after data collection. The original studies contributing data to these databases obtained appropriate ethical approvals 
from their respective institutions. This secondary analysis of publicly available datasets did not require additional ethical 
approval.

http://exorbase.org:8080
http://exorbase.org:8080
http://www.exorbase.org/
https://www.ncbi.nlm.nih.gov/geo/


PLOS One | https://doi.org/10.1371/journal.pone.0339195  January 22, 2026 4 / 14

2.2  Data preprocessing and differential expression analysis

Initially, technical quality filtering was performed on the acquired data according to literature-reported methods, retaining 
RNAs that were expressed (non-zero) in at least 80% of samples and had reliable expression levels (counts ≥5) in at least 
10% of samples [15]. Log2(CPM + 1) normalization was applied to retained features, with library size differences corrected 
using the edgeR package. Simultaneously, the ComBat method was employed to eliminate batch effects introduced by 
RNA types (mRNA/lncRNA and circRNA). Subsequently, DESeq2 was used for exosome RNA differential expression anal-
ysis, constructing a statistical model incorporating sample type (SCLC vs. Normal) and RNA type batch effects. Expres-
sion differences were assessed through Wald tests, with multiple screening criteria applied (adjusted p-value <0.05, |log2 
fold change| > 1.2, mean expression abundance >50) to identify significantly differentially expressed RNAs, providing a 
candidate set for subsequent feature selection.

2.3  Machine learning screening and model evaluation of exosome RNA diagnostic biomarkers

To address the challenges of class imbalance and ensure model robustness, a comprehensive feature screening and 
model evaluation pipeline based on nested cross-validation was constructed [16,17]. This pipeline integrated three com-
plementary feature selection methods and ensured biomarker reliability through stability assessment [14,18]. Within this 
framework, three complementary feature selection methods were implemented: (1) LASSO regression, which automati-
cally selects optimal penalty parameters and extracts non-zero coefficient features; (2) Random Forest feature importance 

Fig 1.  Machine learning-based screening strategy for biomarkers of SCLC.

https://doi.org/10.1371/journal.pone.0339195.g001
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analysis, which evaluates feature contributions based on mean impurity reduction; and (3) SVM-RFE recursive feature 
elimination, which iteratively assesses feature importance. Feature stability scores were calculated through 20 iterations, 
and cross-validation consistency was evaluated through 10-fold nested cross-validation. Features demonstrating high 
consistency across cross-validation were selected as candidate biomarkers. Additionally, we systematically evaluated 
different feature number combinations (2–10 features) to determine the optimal feature subset producing the best diag-
nostic performance. Throughout the evaluation process, outer 10-fold cross-validation was used to assess model gener-
alization capability, while inner 5-fold cross-validation was employed for feature selection and parameter optimization. The 
outer fold divided data into training sets (90%) and test sets (10%), ensuring that test set information did not leak into the 
feature selection process, thereby avoiding performance evaluation bias. We employed Support Vector Machine (SVM) 
with radial basis function (RBF) kernel as the classifier, optimizing model parameters through grid search. Simultaneously, 
the Synthetic Minority Oversampling Technique (SMOTE) was used to address class imbalance, thereby improving the 
model’s sensitivity to SCLC samples. Final model performance was comprehensively evaluated through the ROC curve, 
AUC, sensitivity, specificity, and accuracy. To assess the reliability of performance estimates, 95% confidence intervals for 
AUC were calculated based on the distribution of AUC values across the 10 outer folds of nested cross-validation, using 
the t-distribution to account for the limited number of folds. Model calibration was evaluated using the Hosmer-Lemeshow 
goodness-of-fit test, and calibration curves were generated to visualize agreement between predicted probabilities and 
observed outcomes.

2.4  Functional enrichment analysis

Gene functional annotation and pathway enrichment analysis were performed using DAVID (Database for Annotation, 
Visualization and Integrated Discovery) [19] and KOBAS (KEGG Orthology Based Annotation System) [20] online analysis 
platforms. Gene Ontology (GO) analysis was employed to explore functional enrichment of differentially expressed RNAs 
in biological processes (BP), molecular functions (MF), and cellular components (CC). Pathway enrichment analysis was 
conducted through the KEGG (Kyoto Encyclopedia of Genes and Genomes) [21] database to identify molecular pathways 
associated with SCLC. Hypergeometric tests were used to assess enrichment significance (p-value <0.05, Benjamini- 
Hochberg correction).

3.  Results

3.1  Differential expression biological functional enrichment analysis of exosome RNAs

In this study, blood exosome RNA sequencing data from 111 SCLC patients and 362 healthy controls were acquired and 
subjected to dual-layer filtering analysis, retaining 13,188 high-quality RNA features for subsequent analysis. Differential 
expression analysis was performed using DESeq2, with RNA type incorporated as a covariate to control batch effects. 
Through stringent screening criteria, 206 significantly differentially expressed RNAs were identified from the 13,188 RNA 
features.

As shown in the hierarchical clustering heatmap (Fig 2A), analysis of the top 50 differentially expressed RNAs ranked 
by p-value demonstrated that SCLC patients and healthy controls exhibited distinct expression patterns, with relatively 
consistent expression patterns within the patient group. The volcano plot (Fig 2B) further illustrates the results of dif-
ferential expression analysis, revealing clear differences in expression levels between SCLC patients and healthy con-
trols. To reveal the potential biological functions of differentially expressed RNAs, GO and KEGG pathway enrichment 
analyses were performed. Fig 2C-2F displays the top 10 most significantly enriched terms in each category, ranked by 
adjusted p-value. As shown in Fig 2, differentially expressed RNAs were primarily enriched in biological processes such 
as blood coagulation and platelet activation (Fig 2C), localized to cellular components including platelet alpha granules 
(Fig 2D), and participated in molecular functions such as CXCR chemokine receptor binding (Fig 2E). KEGG pathway 
analysis revealed that these RNAs primarily participated in pathways including platelet activation, focal adhesion, and 
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Fig 2.  (A) Hierarchical clustering heatmap analysis of the top 50 differentially expressed RNAs. (B) Volcano plot of differential expression of exosome 
RNAs between SCLC patients and healthy individuals. Red dots represent significantly upregulated genes, blue dots represent significantly downreg-
ulated genes, and gray dots represent non-significantly differentially expressed genes. Screening criteria: |log2FC| > 1.2, adjusted p-value <0.05, mean 
expression >50. Functional enrichment analysis showing the top 10 most significantly enriched terms (ranked by adjusted p-value) for (C) GO biological 
process analysis, (D) cellular component analysis, and (E) molecular function analysis. (F) KEGG pathway enrichment analysis.

https://doi.org/10.1371/journal.pone.0339195.g002

https://doi.org/10.1371/journal.pone.0339195.g002
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cytokine-cytokine receptor interaction (Fig 2F). Comprehensive analysis indicated that differentially expressed RNAs 
in exosomes from SCLC patients were mainly associated with processes related to platelet function, cell adhesion and 
migration, and immune regulation (S1 Text, S1 Fig), providing important biological foundations for subsequent biomarker 
screening.

3.2  Machine learning screening for optimal SCLC diagnostic biomarker combinations

To further screen exosome RNA biomarkers associated with small cell lung cancer, three complementary feature selec-
tion algorithms (LASSO regression, Random Forest feature importance analysis, and SVM-RFE) were applied to the 
206 differentially expressed RNAs. Through 20 iterations to calculate stability scores for each feature and 10-fold nested 
cross-validation to assess cross-validation consistency, multiple high-stability candidate features were identified (S1 
Table), ultimately determining the optimal biomarker combination consisting of LINC00989, CXCL5, and MAP3K7CL 
(Table 1). These three exosome RNAs were identified as important features across all algorithms, demonstrating the high-
est feature selection consistency (10/10) and ranking highest in p-value significance, all being significantly downregulated 
in exosomes from SCLC patients, indicating their high reliability and stability as SCLC diagnostic biomarkers. As shown 
in Fig 3A, the combination of three features demonstrated the best comprehensive score, achieving excellent diagnostic 
performance while maintaining a relatively small number of features. ROC curve analysis results (Fig 3B) showed that 
although individual exosome RNAs all demonstrated good diagnostic capability (AUC all equal to 0.89), the 3-exosome 

Table 1.  Feature Selection Screening Process and Stability Assessment Results.

RNA Feature Selection Consistency Score Log2FC Adjusted p-value

CXCL5 10/10 −3.80 3.22e-58 (p < 0.05)

LINC00989 10/10 −3.43 1.65e-57 (p < 0.05)

MAP3K7CL 10/10 −3.33 3.28e-54 (p < 0.05)

https://doi.org/10.1371/journal.pone.0339195.t001

Fig 3.  (A) Comparison of diagnostic performance across different feature number combinations. Shows trends in AUC, sensitivity, specificity, and com-
prehensive scores for 2-10 feature combinations. (B) ROC curve comparison between the 3-exosome RNA combination and individual exosome RNA 
models.

https://doi.org/10.1371/journal.pone.0339195.g003

https://doi.org/10.1371/journal.pone.0339195.t001
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RNA combinations exhibited superior comprehensive diagnostic performance (AUC = 0.950, 95% CI: 0.910–0.985; sensi-
tivity = 0.936; specificity = 0.892).

Model calibration was evaluated using the Hosmer-Lemeshow goodness-of-fit test to assess the agreement between 
predicted probabilities and observed outcomes. As shown in S3 Fig, the calibration curve of 3-exosome RNA combination 
(CXCL5, LINC00989, MAP3K7CL) aligns well with the ideal calibration line (calibration slope = 0.933, Brier score = 0.060, 
p = 0.795), particularly in the high-probability range (>0.7) and most relevant for clinical diagnosis, which indicated excel-
lent agreement between predicted probabilities and observed frequencies. The calibration slope close to 1.0 indicates 
accurate probability predictions, while the low Brier score confirms high predictive accuracy. These results indicate that 
the 3-exosome RNA combination provides not only effective discrimination between SCLC and normal cases, but also 
accurate probability estimates for clinical risk assessment. Therefore, the advantage of the multi-biomarker combination 
lies in its ability to integrate complementary information from different molecular markers, providing a more comprehensive 
of disease characteristics and achieving a more accurate diagnosis.

3.3  Comparative analysis of the biomarker screening process

To investigate differences in exosome RNA expression between SCLC patients and healthy individuals, principal com-
ponent analysis (PCA) was first applied to the 13,188 preprocessed RNA features to extract principal components for 
unsupervised clustering. As shown in Fig 4A, SCLC patient samples (orange triangles) and healthy control samples 
(green circles) presented as two distinct clusters in the principal component space, with the two groups forming relatively 
independent clustering regions, indicating that exosome RNAs can effectively distinguish SCLC patients from healthy 
individuals.

To systematically evaluate the rationality of each step in the screening process, we compared the diagnostic perfor-
mance of four models: a full-feature diagnostic model based on 13,188 preprocessed RNAs, a diagnostic model based 
on 206 differentially expressed RNAs after initial screening, our final screened 3-exosome RNA combination (LINC00989, 

Fig 4.  (A) Principal component analysis based on 13,188 RNA features. Orange triangles represent SCLC patients, green circles represent healthy 
controls. (B) ROC curve comparison of four models: All RNA features, 206 differentially expressed RNAs, 3-exosome RNA combination models, and 
2-exosome RNA combination models.

https://doi.org/10.1371/journal.pone.0339195.g004

https://doi.org/10.1371/journal.pone.0339195.g004
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CXCL5, and MAP3K7CL) diagnostic model, and a 2-exosome RNA model (CXCL5 and MAP3K7CL) for comparison with 
the validation dataset. As shown in Fig 4B, ROC curve analysis results demonstrated that the model based on 13,188 
RNAs exhibited excellent diagnostic efficacy (AUC = 0.996, red curve). The 206 differentially expressed RNA combination 
showed similarly excellent performance (AUC = 0.992, blue curve), as removing substantial interfering information while 
retaining key features maintained diagnostic performance. The final screened 3-exosome RNA combination maintained 
high diagnostic accuracy (AUC = 0.950, green curve) while dramatically reducing the number of features (98.5% reduction 
compared to 206 differentially expressed RNAs), with only a 4.2% decrease compared to the 206 differentially expressed 
RNA model. This result indicates that the feature selection process effectively extracted the most diagnostically valuable 
information from the 206 differentially expressed RNAs. The 2-exosome RNA combination (CXCL5 and MAP3K7CL, 
AUC = 0.937, black curve) is only marginally lower than the 3-exosome RNA combination.

3.4  Validation and analysis of SCLC diagnostic biomarkers in external datasets

To evaluate the generalization capability of the constructed diagnostic model, SCLC-related datasets were searched in the 
GEO database for validation. Since the GEO dataset contained expression data for only one mRNA (CXCL5 and MAP-
3K7CL), lacking data for LINC00989, the diagnostic performance of the two-exosome mRNA combination was evaluated. 
Due to the limited sample size in the validation cohort (79 SCLC patients and 7 controls), we employed linear classifica-
tion models to avoid overfitting. Among the tested models, Linear SVM achieved optimal performance with an AUC value 
of 0.718 (95% CI: 0.535–0.901), sensitivity of 0.714, and specificity of 0.696 (Table 2, S2 Fig). Logistic Regression (LR) 
and Linear Discriminant Analysis (LDA) demonstrated comparable performance (AUC = 0.712, 95% CI: 0.534–0.890). 
Despite the absence of LINC00989 expression data and the sample type mismatch (tissue vs. exosome), the two avail-
able mRNA biomarkers still achieved clinically meaningful diagnostic performance, indirectly validating the effectiveness of 
our feature selection method.

To further validate the diagnostic specificity of the 3-exosome RNA combination for SCLC, exosome RNA expression 
profiles from three other cancer types were obtained from the same database, including gastric cancer, hepatocellular car-
cinoma, and breast cancer. As shown in Fig 5, ROC curve analysis results revealed that the 3-exosome RNA combination 
demonstrated significant performance differences across different types of cancer. In gastric cancer, the 3- 
exosome RNA combination achieved an AUC value of 0.876, in hepatocellular carcinoma, the AUC value was 0.623, 
and in breast cancer, the AUC value reached 0.797. However, although the highest diagnostic accuracy was observed 
in SCLC (AUC = 0.950), gastric cancer and breast cancer demonstrated accurate diagnosis performance (AUC = 0.876). 
These results suggest that while some biomarkers may share expression patterns across certain cancer types [24,25], 
the three-biomarker combination achieves optimal diagnostic performance for SCLC, demonstrating its clinical utility as an 
SCLC-specific diagnostic panel.

4.  Discussion

Through bioinformatics analysis and rigorous feature selection strategies, this study successfully screened three exo-
some RNAs (LINC00989, CXCL5, and MAP3K7CL) from blood exosome RNA expression profiles of SCLC patients 
as potential diagnostic biomarkers for SCLC. The screened three exosome RNAs and their combination demonstrated 

Table 2.  Performance of Two Exosome RNA (CXCL5, MAP3K7CL) Combination in External Validation Set.

Model AUC (95% CI) Sensitivity Specificity

Linear SVM 0.718 (0.535-0.901) 0.714 0.696

LR 0.712 (0.534-0.890) 0.714 0.696

LDA 0.712 (0.534-0.890) 0.714 0.696

https://doi.org/10.1371/journal.pone.0339195.t002

https://doi.org/10.1371/journal.pone.0339195.t002
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excellent diagnostic performance in distinguishing SCLC patients from healthy individuals, with an AUC value of 
0.950, sensitivity of 0.936, and specificity of 0.892, providing new biomarkers for accurate SCLC diagnosis while offer-
ing new perspectives for investigating the molecular pathological mechanisms of SCLC. The identification of these 
biomarkers was achieved through integration of three complementary feature selection algorithms (LASSO, Random 
Forest, and SVM-RFE) with stability assessment across 20 iterations and nested cross-validation, addressing the 
challenges of small-sample, high-dimensional data analysis and enhancing the reliability and robustness of biomarker 
discovery in SCLC.

The diagnostic challenges in SCLC are primarily manifested in two aspects: first, most patients are already in advanced 
stages at diagnosis, with traditional serological markers NSE and ProGRP having limited diagnostic performance; second, 
the high molecular heterogeneity of SCLC makes early diagnosis difficult to achieve with single biomarkers. Compared to 
these traditional protein biomarkers, our 3-RNA panel demonstrates several advantages. Traditional markers are released 
through cell lysis and require substantial tumor burden, while exosome RNAs are actively secreted and directly reflect 
cellular transcriptional states, potentially enabling earlier detection [8,9]. Our 3-RNA combination achieved substantially 
higher diagnostic performance (sensitivity 93.6%, specificity 89.2%). Additionally, the multi-biomarker combination cap-
tures multiple biological dimensions, including immune regulation (CXCL5), inflammatory signaling (MAP3K7CL), and 
systemic platelet-related responses (LINC00989), providing more comprehensive disease characterization than traditional 
protein markers. In this context, the multi-biomarker combination strategy of exosome RNAs demonstrates unique advan-
tages. The 3-exosome RNA combination screened through machine learning algorithms can integrate complementary 
molecular information, effectively overcome the limitations of single biomarkers, and provide a new technical pathway for 
precise SCLC diagnosis and high-risk population screening.

Fig 5.  ROC curves of the 3-exosome RNA combination across different cancer types. SCLC AUC = 0.950, gastric cancer AUC = 0.876, hepatocellu-
lar carcinoma AUC = 0.623, breast cancer AUC = 0.797.

https://doi.org/10.1371/journal.pone.0339195.g005

https://doi.org/10.1371/journal.pone.0339195.g005
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Compared to existing research, this study possesses several distinctive features: the 3-exosome RNA combination 
shows higher sensitivity and specificity than traditional SCLC serological markers (sensitivity typically 60–70%), indicating 
that exosome RNAs are excellent diagnostic biomarkers, providing new possibilities for early clinical screening of lung 
cancer patients. The application of nested cross-validation and SMOTE techniques effectively addressed the challenges 
of class imbalance, ensuring the reliability of model evaluation.

Based on the GEO dataset, we evaluated the diagnostic performance of two exosome mRNAs (CXCL5 and MAP-
3K7CL). Despite lacking LINC00989 data and the fundamental difference between tissue and exosome samples, the 
combination of two exosome mRNAs achieved clinically meaningful diagnostic efficacy in the independent validation 
cohort (Linear SVM model AUC = 0.718), considering the constraints of incomplete biomarker coverage and limited control 
sample size (n = 7). This result indirectly validates the effectiveness of our feature selection method, though future valida-
tion using exosome-based SCLC datasets with complete biomarker coverage would provide more substantial evidence 
for clinical translation. Furthermore, specificity analysis using exosome RNA data from other cancers revealed that the 
3-exosome RNA combination demonstrated variable performance across cancer types (gastric cancer, AUC = 0.876; 
hepatocellular carcinoma, AUC = 0.623; breast cancer, AUC = 0.797), with SCLC showing the highest diagnostic accuracy 
(AUC = 0.950). While the model shows cross-reactivity with specific cancer types, particularly gastric cancer, it achieves 
optimal performance in SCLC, supporting its potential clinical utility for SCLC diagnosis.

The three screened biomarkers (LINC00989, CXCL5, and MAP3K7CL) were all significantly downregulated in SCLC 
exosomes, possessing crucial biological significance. LINC00989 is a long non-coding RNA that functions as a tumor sup-
pressor in various cancers, primarily participating in tumor progression through regulation of platelet function and immune 
responses [22–25]. CXCL5, as a key chemokine, regulates immune responses and cell migration through CXCR2 
receptors, and its downregulation in exosomes may reflect the molecular mechanisms by which SCLC cells maintain an 
immunosuppressive state [24,26–29]. MAP3K7CL, as a negative regulator of the p38 MAPK signaling pathway, leads to 
excessive activation of pro-inflammatory pathways when downregulated, while affecting B cell and T cell functional regu-
lation, participating in the formation of immune escape mechanisms [30–35]. The analytical results of this study are highly 
consistent with reported findings, indicating that the screened exosome RNAs play important regulatory roles in processes 
such as platelet function, immune regulation, and inflammatory signaling in SCLC (S2 Text).

Our 3-exosome RNA combination has vast potential for clinical translation, which covers three key aspects: technical 
feasibility, clinical workflow integration, and practical advantages. First, the biomarker panel is readily implementable using 
existing clinical infrastructure in technical feasibility perspective. Exosome isolation can be performed using commercially 
available kits with standardized protocols [36], followed by biomarker measurement using standard RT-qPCR technology 
widely available in clinical laboratories [37], which ensured reproducibility across different centers and reducing technical 
barriers to adoption. Second, regarding clinical workflow integration, we propose a tiered diagnostic strategy. The 3- 
exosome RNA combination could serve as initial screening for high-risk populations (heavy smokers aged >50 years) 
[38], with positive results triggering confirmatory testing with traditional biomarkers and imaging, while tissue biopsy would 
be reserved for concordant positive cases. This stepwise approach allows seamless integration into existing lung can-
cer screening programs without requiring major modifications to established clinical pathways. Third, this strategy offers 
significant advantages in both cost-effectiveness and patient care in practical implementation standpoint. By improving 
patient triage and risk stratification, the approach has the potential to reduce unnecessary invasive procedures and asso-
ciated diagnostic costs [39]. The blood-based test provides additional benefits, including non-invasive sampling, suitability 
for repeated monitoring, and absence of radiation exposure [40].

Clinical translation of these findings requires several additional efforts in three key directions. First, validation, using 
independent exosome-based SCLC cohorts with complete biomarker coverage (including LINC00989), is needed to 
address the current tissue-based validation limitations. Second, multi-center studies across diverse populations and tech-
nical platforms should be established to achieve good reproducibility and optimal decision thresholds. Third, longitudinal 
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studies tracking treatment response and recurrence detection could expand the clinical utility of this biomarker panel. 
These studies will facilitate clinical translation of the 3-exosome RNA combination for early SCLC detection.

5.  Conclusions

In this work, a novel biomarker screening strategy coupled with bioinformatics analysis and machine learning methods, 
suitable for large sample, high-dimensional data, was developed by combining multi-algorithm fusion feature selection 
with nested cross-validation. 3-exosome RNA diagnostic biomarkers (LINC00989, CXCL5, and MAP3K7CL) were suc-
cessfully screened from blood exosome RNA expression profiles of SCLC patients. The screened three exosome RNAs 
and their combination demonstrated excellent performance in diagnosing SCLC patients versus healthy individuals 
(AUC = 0.950, sensitivity = 0.936, specificity = 0.892). In addition, validation analysis using exosome RNA expression data 
of other cancers revealed that the 3-exosome RNA combination achieved optimal diagnostic performance for SCLC, 
demonstrating 3-exosome RNA combination was the most excellent diagnostic panel for SCLC in potential clinical util-
ity. This provides new research protocols for SCLC-specific biomarker screening and early diagnosis, holding significant 
research importance in precision lung cancer diagnosis.
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