
Artificial intelligence-assisted proteomic signatures for discriminating 
malignant from benign pulmonary nodules

Juan Luo a,1, Qiongye Dong a,1, Jianyi Yang b,1, Hui Shan a, Qianqian Zhong c, Yongjian Zhang c,  
Guangxi Wang d,*, Jixian Liu b,*, Yuxin Yin a,*

a Precision Medicine Institute, Peking University Shenzhen Hospital, Shenzhen, Guangdong, 518036, China
b Thoracic Surgery, Peking University Shenzhen Hospital, Shenzhen, Guangdong, 518036, China
c Medical Examination Department, Peking University Shenzhen Hospital, Shenzhen, Guangdong, 518036, China
d Institute of Systems Biomedicine, Department of Pathology, School of Basic Medical Sciences, Peking University Health Science Center, Beijing, 100191, China

A R T I C L E  I N F O

Keywords:
Lung adenocarcinoma (LUAD)
Proteomics
Data-independent acquisition (DIA)
LightGBM
Noninvasive diagnosis

A B S T R A C T

Lung cancer remains a major global health burden. Although low-dose CT (LDCT) is effective for early detection, 
its clinical application is limited by a high false-positive rate and the need for subsequent invasive confirmation, 
such as biopsy. Meanwhile, the extensive protein-level alterations observed in lung cancer provide a rationale for 
developing minimally invasive plasma proteomics-based screening a panel of biomarkers. In this study, untar
geted proteomic profiling was performed on a tissue cohort (n = 61, paired tumor and normal adjacent tissue 
samples spanning pre-invasive (AAH/AIS), MIA and IAC), a discovery plasma cohort (n = 221), and an inde
pendent validation plasma cohort (n = 144). Integrative tissue-plasma analysis was used to identify concordant 
proteins. Classifier training was conducted on the plasma proteomics data through a LightGBM-based pipeline 
with a two-stage feature selection strategy to derive plasma protein panels and construct binary classifiers that 
distinguish malignant from benign nodules. The diagnostic performance of the trained models was then evalu
ated in an independent validation cohort. Furthermore, binary classifiers were constructed to discriminate the 
invasiveness of lesions among LUADs. A subset of proteins was identified whose expression in both tissue and 
plasma was significantly associated with tumor invasiveness. The compact pipeline identified reproducible 
plasma protein panels and trained LightGBM classifiers that robustly discriminated malignant from benign 
pulmonary nodules. The classifiers maintained strong performance in the independent validation cohort (AUC- 
ROC: 0.949-0.986). We developed separate classification models to stratify lung adenocarcinoma subtypes by 
distinct patterns of invasiveness (AUC-ROC: 0.762-0.803). High-depth proteomics combined with LightGBM 
enables the identification of robust plasma protein panels for discriminating pulmonary nodules and stratifying 
invasiveness. This generalizable strategy, along with reproducible biomarker panels, supports non-invasive early 
diagnosis of lung adenocarcinoma.

Introduction

Lung cancer remains a leading cause of cancer-related morbidity and 
mortality worldwide, as most cases are diagnosed at advanced, less 
curable stages.1,2 Lung adenocarcinoma (LUAD), the predominant his
tological subtype of lung cancer,3 typically progresses from pre-invasive 
lesions such as atypical adenomatous hyperplasia (AAH) and adeno
carcinoma in situ (AIS), through minimally invasive adenocarcinoma 
(MIA), to invasive adenocarcinoma (IAC).4,5 Early detection is critical in 

lung cancer, as the 5-year survival rate exceeds 65% for stage I disease, 
but falls to 5% for stage IV disease.6 Accurate identification and early 
intervention for indolent pre-invasive and early lesions such as AAH and 
AIS can therefore substantially improve the long-term survival 
outcome.4 However, these clinical dilemmas are compounded by an 
incomplete understanding of the protein-level molecular alterations that 
underlie the sequential progression from AAH and AIS to invasive LUAD.

Low-dose computed tomography (LDCT) has proven effective for 
lung cancer screening and reducing lung cancer mortality. However, its 
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clinical utility is limited by difficulties in differentiating malignant from 
benign pulmonary nodules.7,8 In major cohort studies such as the NLST 
and NELSON trials, the false positive rate of LDCT screening reached 
approximately 30%. Moreover, more than 95% of screen-detected 
nodules are ultimately benign, leading to patient anxiety, repeated ex
aminations and unnecessary invasive procedures.9,10 In routine clinical 
practice, management strategies such as serial CT follow-up, PET-CT, 
minimally invasive biopsy, and multidisciplinary consultation are often 
required, yet these approaches do not always adequately balance diag
nostic accuracy against the risks of overtreatment and delayed 
diagnosis.

Liquid biopsy modalities offer minimally invasive, repeatable ap
proaches for cancer detection, but each has limitations for population- 
level early screening.11,12 Circulating tumor cells (CTCs) are exceed
ingly rare in early disease and remain technically difficult to isolate.13

Circulating tumor DNA (ctDNA) can capture tumor-specific genomic 
and epigenomic alterations, but early lesions often release only very 
limited amounts of ctDNA, resulting in diminished detection sensitivity 
for early-stage lesions.14 Circulating metabolite profiles are highly sus
ceptible to dietary intake, medication, comorbidities and pre-analytical 
confounders.15 By contrast, circulating proteins, measured through 
high-depth plasma proteomics or targeted assays, offer a promising 
complementary strategy for nodule triage and early diagnosis. Plasma 
proteins may reflect both tumor-derived signals (secreted proteins, EVs, 
et.al.) and host responses (immune or inflammatory signatures).16–18

Indeed, plasma and serum protein biomarkers already have clinical 
precedent and several have been approved by the FDA for other 
indications.19

Recent methodological advances, particularly robust data- 
independent acquisition (DIA) mass-spectrometry workflows, now 
enable reproducible, large-scale quantification of thousands of proteins 
in clinical specimens, supporting the discovery of multi-protein signa
tures that may outperform single analytes for complex phenotypes.20–25

Nevertheless, untargeted proteomics also presents technical challenges, 
including the wide dynamic range of plasma proteins, batch effects, and 
missingness, which can complicate biomarker discovery and model 
development. Generating reproducible and clinically actionable signa
tures therefore requires careful study design, conservative featur
eselection to minimize overfitting and independent validation.

To address these gaps, we performed an integrated, multi-cohort 
proteomic study. We profiled high-throughput proteomes from three 
cohorts, a tissue cohort comprising paired tumor and adjacent non- 
tumor samples, a discovery plasma cohort and an independent valida
tion plasma cohort, spanning the AAH/AIS, MIA, and IAC continuum. A 
central innovation of our work is a two-stage, repeat-resampled feature 
selection and modelling pipeline centred on LightGBM.26 LightGBM is a 
histogram-based, leaf-wise gradient boosting framework that efficiently 
handles high-dimensional data, captures non-linear interactions among 
proteins, tolerates missing values without aggressive imputation, and 
provides regularized training with interpretable feature importance 
metrics. These properties make LightGBM well suited to proteomic 
biomarker discovery and clinical classifier development.27

Using this framework, we found that both lung tissue and plasma 
proteomes undergo substantial remodeling as LUAD progresses from 
pre-invasive (AAH/AIS) to MIA and IAC, with increasingly extensive 
alterations. We further established a systematic workflow integrating 
DIA high-throughput proteomics with the LightGBM artificial intelli
gence algorithm to identify candidate plasma protein panels for early 
detection of lung cancer. Potential protein panels were derived in the 
discovery cohort, using rigorous cross-validation and exhaustive 
hyperparameter tuning, and the resulting frozen models were evaluated 
in a blinded independent validation cohort to assess generalizability. We 
also developed a fully reproducible computational pipeline for robust 
proteomic biomarker panel discovery. Together, these analyses yielded 
binary classifiers capable of discriminating malignant lung lesions from 
benign pulmonary nodules, and stratifying lesions by the degree of 

lesion invasiveness. These findings provide a translational foundation 
for targeted diagnostic assay development and prospective clinical 
validation.

Results

Study design and clinical characteristics of the collected cohorts

In order to identify plasma protein panels, we implemented a phased 
discovery–validation proteomics workflow integrating plasma and tis
sue cohorts (Fig. 1A). Three independent cohorts were collected, 
including one tissue cohort and two plasma cohorts (a discovery cohort 
and an independent validation cohort). The tissue cohort comprised 
paired tumor and adjacent non-tumor tissue samples across major lung 
cancer subtypes, including pre-invasive (AAH/AIS), MIA, and IAC. The 
plasma cohorts comprising patients with pathologically confirmed lung 
cancer, as well as individuals with pulmonary nodules (PNs) detected 
during routine physical examinations. Patients in the tissue cohort with 
pre-invasive lesions (AAH/AIS) were younger (mean age 46 years) than 
those with IAC (mean age 58 years). Similarly, in the plasma cohorts, the 
benign-nodule and AAH/AIS groups were younger (mean 49 and 47 
years, respectively) than the IAC group (mean 56 years). All samples 
were profiled with an untargeted data-independent acquisition mass- 
spectrometry (DIA-MS) pipeline to yield proteome-wide measurements.

Using the discovery plasma cohort, we conducted a two-stage feature 
selection procedure and trained gradient-boosted decision-tree classi
fiers via LightGBM under rigorous cross-validation to limit overfitting 
and to derive a parsimonious biomarker panel. The final classifier was 
frozen upon completion of discovery-phase training and applied to the 
independent validation cohort without retraining. In the held-out vali
dation cohort set, the model robustly discriminated malignant nodules 
from benign pulmonary nodules, achieving excellent AUC-ROC perfor
mance (Table 1).

Assessment of tissue and plasma proteomic data

Tissue and plasma specimens were analyzed by an untargeted DIA- 
MS pipeline with comprehensive quality control (QC) throughout 
acquisition. A commercial A549 digest was repeatedly analyzed as the 
process QC for the tissue cohort, while a pooled plasma aliquot was run 
interspersed among samples for the plasma cohort. QC replicates 
demonstrated high technical reproducibility across the study. The tissue 
QC runs yielded a mean of 5966 quantified proteins with a technical 
coefficient of variations (CVs) of 0.72% (Fig. 2a). Across tissue sample 
groups, we quantified on average 7096 proteins in normal tissue, 7214 
in AAH, 7220 in AIS, 7150 in MIA, and 7236 in IAC. Median CVs across 
all biological replicates were 3-4% for each group, indicating stable 
performance of the tissue pipeline. Tissue protein intensities spanned 
more than seven orders of magnitude, and the ten most abundant pro
teins contributed roughly 24% of the total tissue proteome signal 
(Fig. 2d).

To maximize plasma proteomic depth, samples were depleted of the 
14 most abundant proteins (High Select™ Depletion Spin Columns) 
prior to MS. Repeated plasma QC runs quantified a mean of 570 proteins 
(Fig. 2b) and showed excellent agreement (average Pearson correlation 
coefficient 0.97, range 0.96–0.98) (Fig. 2c) across the entire workflow. 
In the plasma discovery cohort, average numbers of quantified proteins 
were 561 (PNs), 569 (AAH), 565 (AIS), 565 (MIA), and 563 (IAC). 
Median CVs across biological replicates were 2% for QC, and 3-5% 
across biological groups, supporting high analytical consistency. As 
expected after depletion, immunoglobulins (IgG) and other removed 
high-abundance species were not among the top detected proteins. 
Nevertheless, the ten most abundant plasma proteins accounted for 
approximately 57.34% (57.45% for the validation cohort) of the total 
plasma signal (Fig. 2e). The independent validation plasma cohort 
showed comparable proteomic depth and reproducibility (group means 
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560–568 proteins; median CVs 2-5%; Fig. S1). Together, these QC 
metrics demonstrate that our DIA-MS workflow achieves both high 
proteome coverage and robust technical reproducibility for tissue and 
plasma profiling, providing a solid foundation for downstream differ
ential analysis and classifier development.

Tissue proteomics analysis reveals progressive remodeling across LUAD 
subtypes

To characterize proteomic changes across the spectrum of LUAD, we 
performed large-scale deep untargeted DIA-MS profiling of tumor tissues 
and matched normal adjacent tissues (NATs) samples from a tissue 

cohort (cohort1 in Fig. 1) comprising 61 patients with pre-invasive 
(AAH/AIS), MIA and IAC subtypes.

Unsupervised principal-component analysis (PCA) separated tumor 
and NATs samples along PC1 (Fig. 3a), with PC1 explaining approxi
mately 5.9% of the variance. Paired differential abundance analysis 
(Tumor versus matched NATs) demonstrated extensive proteomic 
reprogramming in LUAD (Fig. 3b). Pathway enrichment of differentially 
abundant proteins showed concordant biological themes. Tumor tissue 
was enriched for translational and metabolic programs, including ribo
some, amino acid degradation, and metabolism pathways, consistent 
with increased biosynthetic and energetic demands. In contrast, path
ways related to complement and coagulation cascades, ECM-receptor 

Fig. 1. Study design and overview of proteomics analyses in clinical cohorts. Three cohorts were collected, namely, tissue cohort 1 (N = 61), plasma discovery cohort 
2 (N = 221) and plasma validation cohort 3 (N = 144) (top). High-throughput MS-based proteomics were used to profile the collected samples in three cohorts 
(bottom middle). An integrative analysis of tissue and plasma proteomic data were performed (bottom left). LightGBM was utilized to construct binary predictive 
models in the plasma discovery cohort to discriminate malignant pulmonary nodule from benign pulmonary nodule samples the models were validated in the in
dependent plasma validation cohort.

Table 1 
The classifiers showed modest but measurable discriminative ability in the validation cohort.

Model Accuracy Specificity Sensitivity Precision F1_score AUC

AAH/AIS/MIA/IAC vs PNs 0.931 0.735 0.991 0.924 0.956 0.986
AAH/AIS vs PNs 0.878 0.853 0.900 0.878 0.889 0.949
MIA/IAC vs PNs 0.837 0.676 0.914 0.853 0.883 0.951
AAH/AIS vs MIA 0.718 0.850 0.579 0.786 0.667 0.762
AAH/AIS vs IAC 0.736 0.725 0.750 0.686 0.716 0.799
MIA vs IAC 0.700 0.816 0.563 0.720 0.632 0.803
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interaction, focal adhesion, and PI3K-Akt signaling pathway were 
comparatively decreased in tumors, indicating substantial alterations in 
the remodeling of cell-matrix interactions and signaling, cell prolifera
tion and migration during LUAD procession (Fig. 3c).

Considering subtype-specific patterns, a total of 1,148 proteins were 
significantly upregulated in tumors relative to NATs in at least one 
subtype (including 617 in AAH/AIS, 366 in MIA, and 728 in IAC), rep
resenting approximately 15.6% of the quantified tissue proteome. 
Conversely, 904 proteins were significantly downregulated (including 
583 in AAH/AIS, 293 in MIA and 679 in IAC) in at least one subtype 
(representing 12.3% of the proteome) (Fig. 3d). Across AAH/AIS, MIA 
and IAC, 157 proteins were consistently upregulated and 195 consis
tently downregulated relative to NATs (Table S2). These shared alter
ations highlight common biological programs associated with the 
progression from pre-invasive to invasive disease.

Group-level heatmaps of mean expression revealed a stage-wise 
gradient of proteomic change from NATs and pre-invasive lesions 
(AAH/AIS) through MIA to IAC (Figs. 3e, S2d). Many proteins upregu
lated in tumors showed stepwise increases with advancing invasiveness, 
whereas downregulated proteins showed progressive loss in IAC, sup
porting a model of stepwise proteomic remodeling during LUAD pro
gression. Notably, a subset of 23 co-dysregulated proteins (Fig. 3f) 
exhibited large (>2-fold) and statistically robust (FDR-adjusted p-values 

< 0.01) changes in tumors versus NATs across three comparisons. 
Several of these are predicted secreted or plasma-accessible proteins, 
encoded by cancer-associated genes, or potential therapeutic targets.

Integrated analysis of plasma and tissue proteomics in LUAD

To identify proteins whose abundance changes are concordant be
tween tumor tissue and the circulation, we performed an integrated 
analysis combining tissue proteomes (paired tumor and normal adjacent 
tissues across LUAD subtypes) with plasma proteomes from patients 
with pulmonary nodules and lung cancer (cohort 2 in Fig. 1). A total of 
455 proteins were confidently quantified in both tissue and plasma 
datasets (Fig. 4a, Table S3). We then compared mean tumor tissue 
abundance to mean plasma levels for each protein and visualized the 
relationship in a scatter plot (Fig. 4b). Two principal clusters emerged, a 
diagonal cluster of proteins showing strong tissue-plasma concordance 
(blue box), and a vertical cluster of proteins that were abundant in tissue 
but present at low levels in plasma (red box). This partitioning is 
consistent with patterns previously reported in an integrated analysis of 
tissue-plasma in the context of liver diseases.28

To determine whether proteomic alterations tracked with histo
pathological invasiveness, we assigned each sample an ordinal inva
siveness score (NATs in the tissue cohort and PNs in the plasma cohort, 
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Fig. 2. Quality assessment of MS platform and proteomics data. (a). The proteins number identified in the QC (A549 cell) of tissue cohort. (b). The protein number 
identified in the QC of plasma cohort. (c). Pearson's correlation coefficients of QC replicates in the plasma proteomics experiments. (d-e). Quality assessment of 
proteomic data in tissue cohort (d) and plasma discovery cohort (e). Number of proteins discovered in five groups (up), Ranked proteins based on their median 
intensity within five groups. (middle). Distribution of CVs of biological samples (bottom).
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followed by AAH/AIS, MIA, and IAC) and calculated Spearman's cor
relations between invasiveness and protein abundance separately in 
tissue and plasma. We then intersected proteins that showed significant 
correlation with invasiveness in both of plasma and tissue datasets. This 
analysis identified 11 proteins with consistent positive correlations and 
16 proteins with consistent negative correlations across tissue and 
plasma (Figs. 4c, S3a, b). The concordant directions and effect sizes 
supported a biological link between tumor processes and their circu
lating proteomic readouts.

Boxplot of these concordant proteins in different groups in the tissue 
and plasma cohorts, together with protein annotations (Figs. 4d, S3c), 
demonstrate that many tumor-associated perturbations are reflected 
systemically and detectable in plasma. Most of the 27 correlated proteins 
were annotated as plasma proteins or predicted secreted proteins. 
Among the 11 positive regulated proteins, most have been reported in 
the literature to be upregulated in lung cancer or associated with inva
sive phenotypes. Mechanistically, they converge on extracellular matrix 
remodeling (TIMP1, CTSD, FAP),29–31 metabolic and redox adaptation 
(GAPDH, LDHB, PRDX6),32–34 altered glycosylation and receptor 

signaling (GALNT2, MOGS),35,36 and cell cycle progression and tumor 
formation (S100A6),37 all processes that can promote tumor migration 
and invasion. Particularly, we observed that tissue LDHB levels 
increased from AAH/AIS to MIA before decreasing in IAC. In contrast, 
plasma LDHB levels increased continuously throughout the progression 
from AAH/AIS to IAC, suggesting that plasma LDHB likely reflects tissue 
leakage that escalates with the degree of infiltration. This phenomenon 
may be associated with enhanced exosome release from tumor cells — 
highly expressed LDHB is secreted into the circulatory system.38 Overall, 
our integrated tissue–plasma analysis identified a subset of proteins 
whose expression in both tissue and plasma is significantly associated 
with tumor invasiveness. These concordant changes reflect underlying 
tumor biology and support the potential of plasma proteomics as a 
promoting non-invasive source of candidate biomarkers for further 
identification.

Construction of classification models from untargeted plasma proteomics

To derive non-invasive plasma protein panels that discriminate lung 

Fig. 3. Tissue proteomic analysis reveals global alterations across lung adenocarcinoma subtypes. (a). Principal-component analysis (PCA) of tissue proteomes. (b). 
Differential protein abundance between tumor and matched NATs. (c). Pathway enrichment of differentially expressed proteins. (d). Subtype-specific counts of 
differentially expressed proteins. (e). Heatmap of union of differentially expressed genes in three subtypes shows stage-wise alterations. (f). Boxplot showing log2 fold 
change between tumors and paired NATs for LUAD-associated proteins annotated with potential clinical utility by the Human Protein Atlas.
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Fig. 4. Integrated tissue–plasma proteomic analysis identifies tissue-plasma concordant proteins associated with LUAD invasiveness. (a). Overlap of proteins 
confidently quantified in tissue and plasma datasets. A total of 455 proteins were detected in both compartments. (b). Scatter plot comparing mean tumor tissue 
abundance (x-axis) with mean plasma abundance (y-axis) for proteins quantified in both datasets. (c). Heatmap of mean protein abundance in different groups of the 
proteins with consistent positive correlations in both tissue and plasma (n = 11) and consistent negative correlations (n = 16). (d). Boxplots of selected concordant 
positive proteins across histological groups in tissue (top) and plasma (bottom), annotated by the Human Protein Atlas.
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cancer from indeterminate pulmonary nodules, we trained gradient- 
boosted tree classifiers (LightGBM) on the discovery plasma proteome 
(cohort 2 in Fig. 1) using a conservative, cross-validated feature selec
tion pipeline and rigorous internal validation. Raw untargeted protein 
quantifications were first filtered to retain proteins detected in >80% of 
samples, then log-transformed and normalized (see Methods). From the 

processed discovery data, we trained three LightGBM classifiers and 
applied them (without further retraining) to an independent validation 
cohort. Fig. 5a provides a schematic overview of the overall machine 
learning workflow. The three binary tasks were: (1) lung adenocarci
noma versus pulmonary nodules, (2) non-invasive lesions (AAH/AIS) 
versus pulmonary nodules, and (3) invasive lesions (MIA/IAC) versus 

Fig. 5. Feature ranking and validation performance of LightGBM classifiers built from untargeted plasma proteomics. (a). Flowchart of model optimization 
(hyperparameter tuning and feature selection) and validation (performance evaluation). (b–d) Mean CVPFI rankings of mean permutation importance across CVPFI 
repeats for feature selection for each binary task. (e–g) Receiver-operating-characteristic (ROC) curves for the three frozen classifiers when applied without retraining 
to the independent validation cohort. b, e. Adenocarcinoma (all stages) vs pulmonary nodules. c, f. Non-invasive lesions (AAH/AIS) vs pulmonary nodules. d, g. 
Invasive lesions (MIA/IAC) vs pulmonary nodules.
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pulmonary nodules. Feature ranking was performed using mean cross- 
validated permutation feature importance (CVPFI). The top-ranked 
proteins are shown in Fig. 5b–d and the top ten proteins were selected 
to build the classifiers. These proteins not only changed (increased or 
decreased) with disease progression but also exhibited significant vari
ation across different histological subtypes (Fig. S4), as exemplified by 
C1QA, APCS, IGHG3, and FN1. The corresponding ROC curves on the 
validation cohort are shown in Fig. 5e-g. On the independent validation 
set, the models achieved AUCs of 0.986, 0.946, and 0.951, with mean F1 
scores of 0.956, 0.889, and 0.883, respectively. In summary, a compact 
ten-protein panel derived from untargeted DIA-MS and selected via a 
conservative, cross-validated pipeline yields highly discriminative 
classifiers that generalize to an independent cohort, supporting the 
promise of plasma proteomics for non-invasive lung cancer discrimi
nation from benign pulmonary nodules.

Separability of lung adenocarcinoma invasive subtypes by plasma 
proteomics

To determine whether plasma proteomes can resolve tumor inva
siveness within lung adenocarcinoma, we applied the same LightGBM- 
based, cross-validated feature selection pipeline used above to pair
wise subtype comparisons, using a slightly less parsimonious feature set 
to capture subtler differences between subtypes. After preprocessing and 
hyperparameter tuning (Methods), we retained the top 35 features (by 
CVPFI ranking) to train binary classifiers for the following pairwise 
tasks: AAH/AIS vs MIA, AAH/AIS vs IAC, and MIA vs IAC 
(Tables S4–S6). Models were trained in the discovery cohort and eval
uated as frozen predictors on the independent validation cohort. Ranked 
proteins and the AUC plot were presented (AUCs of 0.762, 0.799, and 
0.803), and the top 10 of these proteins are displayed (Fig. 6). In the 

independent validation cohort, the classifiers demonstrated modest but 
measurable discriminative performance (Table 1). Analysis of the 35- 
protein panels in each model revealed significant variation in the 
expression of some proteins across histological subtypes (Tables S7–S9). 
These results indicate that plasma proteomes carry information related 
to tumor invasiveness at the population level, yet pairwise discrimina
tion among adjacent stages is substantially less accurate than dis
tinguishing cancer versus benign nodules. Likely contributors to this 
reduced accuracy include the biological continuity across the adeno
carcinoma progression spectrum, dilution of tumor-derived signals in 
plasma, inter-patient heterogeneity, and limited sample sizes for indi
vidual subtypes. In summary, plasma proteomics shows promise for 
indicating tumor invasiveness across cohorts, but reliable discrimination 
of adjacent invasive subtypes for individual patients will require larger, 
better-powered datasets and further methodological refinement.

Discussion

Current early lung cancer screening strategies have important limi
tations in terms of accuracy, accessibility and the potential for over
diagnosis.39,40 Although LDCT enables sensitive detection of pulmonary 
nodules, its clinical utility is limited by suboptimal specificity. Many 
benign lesions detected by LDCT require additional imaging evaluations, 
prolonged surveillance, or even invasive diagnostic procedures, which 
may increase patient anxiety and impose an incremental healthcare 
burden.41 In addition, LDCT has limited ability to discriminate tumor 
invasiveness or molecular subtypes, potentially delaying appropriate 
treatment decisions. Moreover, cost and resource constraints further 
limit access to population screening in some regions, compounding these 
challenges.42

Given the complexity of lung cancer, plasma proteomics offers a 

Fig. 6. Feature ranking and validation performance of LightGBM classifiers built from untargeted plasma proteomics. (a–c) Mean CVPFI rankings of mean per
mutation importance across CVPFI repeats for feature selection for each binary task. (d–f) Receiver-operating-characteristic (ROC) curves for the three frozen 
classifiers when applied without retraining to the independent validation cohort. a, d. Non-invasive lesions (AAH/AIS) vs MIA; b, e. Non-invasive lesions (AAH/AIS) 
vs IAC; c, f. MIA vs IAC.
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complementary, minimally invasive approach that may help address 
several of these gaps.43 Plasma is readily obtainable, allows repeat 
sampling for longitudinal monitoring, and can reveal circulating pro
teins reflecting the underlying biology of diseases.44,45 A validated 
plasma proteomic classifier enables accurate discrimination between 
malignant and benign pulmonary nodules, which reduces unnecessary 
biopsies, follow-up surveillance and downstream diagnostic testing for 
benign lesions, relieves patient anxiety, improves early detection of 
malignant lesions,43,46 and supports subtype-specific management and 
referrals for targeted therapies.47 Plasma proteomics—by providing 
minimally invasive, repeatable measurements of circulating 
proteins—offers a promising route to improve nodule classification. 
Moreover, discovery of subtype-specific protein signatures for lung 
adenocarcinoma could inform precision treatment: different histologic 
or molecular subtypes may exhibit differential sensitivity to targeted 
therapies or immunotherapy, and proteomic biomarkers could help 
stratify patients for the most effective interventions. Taken together, 
plasma proteomic profiling has the potential to enhance diagnostic ac
curacy, enable earlier detection, and guide personalized management 
strategies for patients.46

Here, we conducted MS-based proteomic profiling of plasma and 
integrated these data with a paired tissue proteome (tumor and adjacent 
non-tumor tissue) spanning multiple lung cancer subtypes. The sample 
sizes of the three cohorts were determined according to their respective 
study objectives and sample availability. Because tissue specimens are 
difficult to obtain due to limited clinical resources and stringent inclu
sion criteria, the tissue cohort was relatively small. By contrast, the 
plasma discovery cohort was larger to reduce the influence of technical 
and biological variability and improve the robustness of biomarker 
screening. The validation cohort was used solely to test predefined 
biomarkers, thereby substantially reducing the burden of multiple 
comparisons and allowing a small sample size to be sufficient. Impor
tantly, this cohort imbalance did not compromise the subsequent pro
teomic analysis or model development, consistent with previous 
studies.24,25,28 The result reveals a stage-wise gradient of proteomic 
changes during LUAD progression, characterized by the progressive 
dysregulation of proteins with increasing invasiveness. In addition, our 
integrated tissue–plasma analysis identified a subset of proteins whose 
expression in both tissue and plasma is significantly associated with 
tumor invasiveness. Specifically, most of these 27 correlated proteins 
were annotated as plasma proteins or predicted secreted proteins. It has 
been reported that genomics and transcriptomics have established the 
molecular basis of LUAD by identifying driver mutations and tran
scriptional networks underlying subtype heterogeneity.48 Moreover, 
metabolomic analysis of resected lesions and plasma from invasive 
LUAD patients has delineated key metabolic reprogramming events.49

However, proteomic studies that integrate tissue and plasma profiles to 
characterize protein remodeling remain underdeveloped. Here, we 
bridge this gap through an integrated research model, which provides 
direct evidence for a stepwise proteomic remodeling process from 
pre-invasive lesions to invasive adenocarcinoma.

At the same time, we investigated the feasibility of detecting pul
monary nodules using a state-of-the-art, MS-based proteomics work
flow, and trained LightGBM classifiers in a rigorously cross-validated 
discovery set, and then evaluated the final locked model, with all pre
processing procedures and model parameters fixed, in an independent 
validation cohort. The resulting AI-assisted proteomic signatures 
reproducibly discriminated malignant from benign pulmonary nodules, 
and supported subtype-level classification. As the plasma proteome 
spans a very wide dynamic range, high-abundance proteins (for example 
immunoglobulins) can mask lower-abundance proteins that may carry 
clinical signal.50 To mitigate this, we applied high-abundance protein 
depletion together with state-of-the-art mass spectrometry methods 
(DIA) to increase depth and reproducibility of detection.51,52 To eval
uate and mitigate potential batch effects, we pooled the discovery and 
validation cohorts for systematic assessment and incorporated regularly 

injected pooled QC samples during acquisition to monitor instrument 
performance and support inter-batch correction for the untargeted DIA 
proteomics. The number of proteins identified across all QC samples 
were comparable, with median CVs below 5%. Furthermore, we applied 
a two-stage feature-selection pipeline. We first performed a rapid 
pre-selection using LightGBM’s built-in feature-importance (gain) 
metric,26 followed by a model-agnostic, CVPFI ranking to obtain stable 
importance estimates. The reduced feature set was used to train a 
LightGBM classifier with repeated cross-validated hyperparameter tun
ing and resampling to stabilize performance estimates. The final locked 
model was then evaluated on the independent validation cohort to 
quantify generalizability. This QC-guided, two-step selection and 
independent-validation workflow was designed to minimize 
batch-driven artifacts and overfitting, stabilize feature ranking, and 
provide conservative, reproducible estimates of classifier performance, 
thereby improving confidence in downstream clinical translation.

Ensemble tree-based learners are well suited to proteomic classifiers 
because they capture non-linear relationships and interactions among 
features and are relatively robust to noisy predictors. We chose 
LightGBM26 for classifier construction: a histogram-based gradient 
boosting framework that grows tree leaf-wise and natively accommo
dates missing values by optimally assigning missing-value directions 
during split evaluation. These properties reduce the need for aggressive 
imputation and increase computational efficiency for high-resolution 
proteomics data. To further control overfitting and stabilize perfor
mance, we carried out extensive repeated cross-validated hyper
parameter tuning and cross-validated permutation feature importance, 
selecting a concise panel of proteins that showed consistent predictive 
value. In the study, we developed and validated plasma protein panels 
and trained LightGBM classifiers that robustly discriminated malignant 
from benign pulmonary nodules. Final classifiers maintained strong 
performance in the independent validation cohort (AUC-ROC: 
0.949-0.986), and each diagnostic panel comprised ten plasma proteins. 
Our study also established separate classification models for stratifying 
LUAD invasiveness subtypes, with robust performance (AUC-ROC: 
0.762–0.803) while maintaining a consistent panel size of 35 plasma 
proteins per model. This approach highlights the potential of plasma 
protein biomarkers for distinguishing malignant from benign pulmonary 
lesions and supports their application as a minimally invasive adjunct 
for early lung cancer detection and pulmonary nodule assessment. 
Notably, our aim is not to replace LDCT-based screening, but rather to 
complement existing imaging approaches by providing additional mo
lecular information that may improve risk stratification and diagnostic 
decision-making for LDCT-detected pulmonary nodules.

Several inherent limitations associated with this work ought to be 
acknowledged. Although the discovery and validation cohorts were 
independently collected, both were of modest size and derived from a 
single center. Consequently, the generalizability of our findings requires 
further evaluation in larger, prospective, blinded, and multicenter 
studies. Future studies are also needed to assess classifier performance 
across diverse populations and clinical settings before routine clinical 
implementation. Moreover, cases featuring multiple lesions that include 
benign, pre-invasive, and invasive subtypes are uncommon. It is also 
challenging to track a single patient from the initial detection of a pul
monary nodule to the eventual development of lung cancer while 
obtaining serial samples. Consequently, larger cohorts with long-term 
follow-up are essential to validate our findings. In addition, biological 
confounders that we reduced by design may still influence protein 
abundances, and technical variability between platforms or laboratories 
could affect classifier performance. Lastly, while untargeted discovery 
identifies candidate biomarkers, translation into a routine clinical test 
will likely require development of a targeted, analytically validated 
assay (for example, a multiplexed SRM/PRM or immunoassay) and 
prospective clinical evaluation 53,54 With further validation and transi
tion to targeted assays, plasma proteomic classifiers may ultimately 
improve the risk stratification of pulmonary nodules, reduce 
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unnecessary interventions and inform personalized management stra
tegies for patients with pulmonary nodules.

Conclusions

In conclusion, we applied an enhanced DIA-MS workflow to three 
independent cohorts. A subset of proteins was identified whose 
expression in both tissue and plasma was significantly associated with 
tumor invasiveness. Furthermore, we developed a two-stage, LightGBM- 
centered feature selection pipeline. In the discovery cohort, we then 
trained classifiers through stringent repeated cross-validation and 
extensive hyperparameter tuning. This approach identified compact 
plasma protein panels capable of robustly discriminating malignant 
from benign pulmonary nodules, as well as models for invasiveness 
stratification. The overall strategy, combining a reproducible DIA-MS 
platform with a generalizable LightGBM pipeline, effectively supports 
the non-invasive early diagnosis of lung adenocarcinoma.

Methods

Ethics

The LUAD samples for this study were collected from Peking Uni
versity Shenzhen Hospital in China between January 2024 and February 
2025, and patients were randomly selected at their first visit and had not 
received any anti-cancer treatments prior to surgery. The control sam
ples were collected from donors with pulmonary nodules that were 
identified during routine physical examinations via CT or LDCT scans. 
The protocol was approved by institutional review boards and the Ethics 
Committee of Peking University Shenzhen Hospital (approval number: 
2023 − 178). The study was conducted according to the principles of the 
Declaration of Helsinki, and oral and written informed consent was 
obtained from all participants. We ensured that the data users or all 
persons involved in this study agreed to protect the confidentiality of the 
participants when handling data containing potentially identifiable in
formation about all patients.

Samples collection and characteristics

All samples in this study were divided into three cohorts: tissue 

cohort 1 (N = 61), plasma discovery cohort 2 (N = 221) and plasma 
validation cohort 3 (N = 144). In the discovery and internal validation 
cohorts, plasma of 86 cases of pulmonary nodules was obtained from 
individuals undergoing annual physical examination at physical exam
ination center, and cases of patients with lung adenocarcinoma were 
collected from the thoracic surgery departments. Subjects of pulmonary 
nodules were those with stable evaluations by follow-up CT scans over 1- 
3 years at the time of analysis, and lung adenocarcinoma cases were 
obtained before lung resection surgery and confirmed by pathological 
diagnosis, which contained 86 patients with AAH and AIS, 96 patients 
with MIA, and 82 patients with IAC. Their associated clinical data 
(including gender, age, tumor size, histological subtype, differentiation 
degree, TNM stage, tumor purity, smoking status) were collected 
(Table 2). The inclusion criteria were an age range of 24-75 years and no 
history of any other pulmonary diseases. Exclusion criteria included 
pregnancy, history of malignancy, concurrent pneumonia or other pul
monary diseases, and any prior radiotherapy or chemotherapy. All tis
sues were surgically resected, and the corresponding normal adjacent 
tissues (more than 3 cm apart from tumor edge) were collected and 
immediately placed into sterile cryovials. The vials were then immersed 
in liquid nitrogen and stored at − 80◦C until subsequent analysis. In 
addition, plasma sample was collected using Vacutainer EDTA tubes and 
centrifuged at 3500 rpm for 10 min, then stored at − 80◦C for analysis.

Lung tissue proteome sample preparation

The collected tissue samples were thoroughly washed two times with 
phosphate-buffered saline (PBS) to remove residual blood and cellular 
debris. Subsequently, these samples were lysed in ice-cold lysis buffer 
(4%SDS, 100 mM Tris-HCl, pH 8.0) containing protease inhibitors for 10 
minutes. Samples were homogenized on ice (total 2 min, in 60 s bursts) 
and centrifuged at 16,000 × g for 15 min at 4◦C to pellet debris. Su
pernatants were collected and protein concentrations measured by BCA 
assay. Extracted proteins were reduced with 10 M dithiothreitol (DTT) 
for 30 min and alkylated with 200 mM iodoacetamide (IAA) for 30 min 
at room temperature in the dark. Proteins were precipitated with 10% 
(w/v) trichloroacetic acid (TCA) at 4◦C for 30 min and pelleted by 
centrifugation at 16,000 × g for 15 min. Pellets were washed twice with 
cold acetone to remove residual TCA, air-dried briefly, and resuspended 
for enzymatic digestion. Proteins were digested with trypsin at an 

Table 2 
Detailed characteristics of all patients.

Tissue cohort Plasma cohort

Characteristic AHH/AIS(n = 19) MIA(n = 19) IAC(n = 23) PNs (n = 86) AHH/AIS(n = 86) MIA(n = 96) IAC(n = 82)

Age(mean±SD) 46.00±12.74 53.00±7.62 58.87±11.40 49.06±10.66 47.57±11.09 47.48±11.20 56.63±11.49
Gender ​ ​ ​ ​ ​ ​ ​
Male 10(52.63%) 6(31.58%) 12(52.17%) 51(59.30%) 25(29.07%) 24(25.00%) 36(43.90%)
Female 9(47.37%) 13(68.42%) 11(47.83%) 35(40.7%) 61(70.93%) 72(75.00%) 46(56.10%)
Smoking history ​ ​ ​ ​ ​ ​ ​
Smoking 1 3(15.79%) 5(21.74%) 15(17.44%) 10(11.63%) 11(11.46%) 22(26.83%)
Nosmoking 18 16(84.21%) 18(78.26%) 71(82.56%) 76(88.37%) 85(88.54%) 60(73.17%)
Nodule type ​ ​ ​ ​ ​ ​ ​
GGO 10(52.63%) 10(52.63%) / ​ 77(89.53%) 76(79.17%) 6(7.32%)
PSN<50% 8(42.11%) 4(21.05%) 6(26.09%) ​ 9(10.47%) 16(16.67%) 27(32.93%)
PSN>50% / 4(21.05%) 9(39.13%) ​ / 3(3.13%) 20(24.39%)
SN 1(5.26%) 1(5.26%) 8(34.78%) ​ / 1(1.04%) 29(35.37%)
Nodule size ​ ​ ​ ​ ​ ​ ​
<10mm 13(68.42%) 5(26.32%) / ​ 64(74.42%) 69(71.88%) 5(6.10%)
10–20 mm 6(31.58%) 13(68.42%) 10(43.48%) ​ 22(25.58%) 27(28.13%) 52(63.41%)
20-30mm / 1(5.26%) 9(39.13%) ​ ​ ​ 13(15.85%)
>30 mm / / 4(17.39%) ​ ​ ​ 12(14.63%)
Stage ​ ​ ​ ​ ​ ​ ​
0 19(100%) ​ ​ ​ 82(95.35%) 1(1.04%) ​
I ​ 19(100%) 18(78.26%) ​ 4(4.65%) 95(98.96%) 70(85.37%)
II ​ ​ 3(13.04%) ​ ​ ​ 5(6.10%)
III ​ ​ 2(8.70%) ​ ​ ​ 6(7.32%)
IV ​ ​ ​ ​ ​ ​ 1(1.22%)

J. Luo et al.                                                                                                                                                                                                                                      Translational Research 296 (2026) 185–197 

194 



enzyme-to-substrate ratio of 1:50 at 37◦C for 16 h. Resulting peptides 
were desalted using SepPak C18 cartridges (Waters, MA), concentrated 
by vacuum centrifugation (SpeedVac), and subjected to LC–MS/MS 
analysis.

Plasma proteome sample preparation

Collected plasma samples were first depleted of high-abundance 
proteins using High Select™ Depletion Spin Columns (Thermo Scienti
fic High Select HAS, A36366) according to the manufacturer's in
structions. Depleted plasma was processed using a modified Filter-Aided 
Sample Preparation (FASP) protocol. Briefly, the depleted plasma was 
transferred to a 10 kDa cutoff Microcon filter unit (Millipore) and 
centrifuged at 14,000 × g at 20 ◦C for 15 min. Subsequently, 100 μL lysis 
buffer (8 M urea in 100 mM Tris, pH 8.5) was added to the filter to wash 
the plasma twice by centrifugation at 14,000 × g at 20◦C for 15 min per 
wash. Proteins retained on the filter were reduced with 100 μL 100 mM 
dithiothreitol (DTT) at 37◦C for 60 min and alkylated with 100 μL 200 
mM iodoacetamide (IAA) at 37◦C for 60 min in the dark. The precipitate 
in the filter was washed twice with 200 μL 100 mM triethylammonium 
bicarbonate (TEAB) and centrifuged at 14,000 × g, at 20◦C for 15 min. 
Proteins were digested with trypsin at an enzyme-to-substrate ratio of 
1:50 at 37◦C for 16 hours. After digestion, peptides were recovered, 
desalted using SepPak C18 cartridges (Waters, MA), and vacuum-dried 
by Speed Vac centrifuge at 35◦C prior to analysis.

Liquid chromatography-mass spectrometry acquisition

Plasma sample acquisition order was randomized to minimize batch 
effects. Dried peptides were reconstituted in 0.1% formic acid and 
loaded onto a trap column (Acclaim™ PepMap™ 100 75 μm × 2 cm 
column, nanoViper 2kv C18, 3 μm, 100A, Thermo Fisher Scientific), and 
separated on an analytical column (Acclaim™ PepMap™ RSLC C18 75 
μm × 25 cm column, Thermo Fisher Scientific). Tissue samples were 
analyzed on a single-column setup with an Aurora Ultimate analytical 
column (25 cm × 75 µm, C18 1.7 µm) maintained at 50◦C. Solvent A was 
0.1% formic acid in water and solvent B was 80% acetonitrile with 0.1% 
formic acid. The flow rate was 300 nL/min and the gradient was: 0 min, 
3%B; 0-3 min, 3-8%B; 3-86 min, 8-35%B; 86-96 min, 35-40%B; 96-100 
min,90% B; 100-120 min, 90% B.

MS data were acquired on an Orbitrap Exploris 480 (ThermoFisher 
Scientific, United States) operated in data-independent acquisition 
(DIA) mode. Instrument parameters were: RF lens frequency 40%; pos 
spray voltage: 25kv; ion transfer tube temperature: 320◦C. Full MS scans 
were acquired from 350 to 1200 m/z in the Orbitrap mass analyzer at a 
high resolution of 120,000 with an auto matic gain control (AGC) target 
of 3E+06 and a maximum ion injection time of 50 ms. MS2 scans were 
acquired at a 30,000 resolution with AGC value of 2E+06 and a maximal 
ion injection time of 50 ms. HCD fragmentation was used with stepped 
normalized collision energy of 25%, 30%, and 35%. Data were recorded 
in profile mode. The DIA isolation scheme (centered isolation window) 
was: 361.5-517.0 m/z, 524.0-657.0 m/z, 664-797 m/z, 807.5-1181.5 
m/z (wide window). Raw data were collected with Xcalibur 
v4.4.16.14 (Thermo Fisher Scientific).

Data preprocessing and protein quantification for tissue and plasma 
untargeted proteomics

Raw DIA data acquired from tissue and plasma samples were pro
cessed using Spectronaut2 (v17.0) following the vendor-recommended 
workflow.55 DirectDIA search parameters were: enzyme specificity 
trypsin, a maximum of two missed cleavage, fixed modification with 
carbamidomethylation on C, variable modifications with oxidation on M 
and N-terminus protein acetylation. Proteotypic peptides only were 
retained and false discovery rates (FDR) were controlled at 1% for 
peptide-spectrum matches (PSMs), peptides and proteins. The search 

database was the reviewed human UniProt FASTA (Homo sapiens, n =
20,433 reviewed entries; 2024 release). Label- free quantification was 
enabled with a minimum ratio count of 2, and intensity-based absolute 
quantification (iBAQ) values were calculated for protein-level quantifi
cation. Proteins with missing values in >20% of plasma samples or 
>25% of tissue samples were excluded from downstream analyses. After 
filtering, 581 protein groups remained in the plasma cohort and 7,349 
protein groups remained in the tissue cohort. Samples with 
protein-group counts outside the whiskers of the boxplot (statistical 
outliers) were excluded from downstream analysis. Protein abundance 
was log2-transformed, and median normalization (normal
izeMedianAbsValues from limma package) was applied to generate the 
final normalized protein matrix for subsequent analysis. Data were 
processed using R (v4.5.1).

Mass-spectrometry quality control and assessment

Instrument and workflow performance were monitored throughout 
data acquisition. For tissue-proteome QC, an A549 cell protein digest 
was repeatedly measured across the run to assess the reproducibility. For 
plasma-proteome QC, a pooled quality control (QC) sample, generated 
by combining aliquots of tryptic-digested plasma peptides from multiple 
donors, was injected regularly among analytical samples to monitor 
instrument stability. Pearson correlation coefficients between QC runs 
were calculated in R (v4.5.1), and the resulting correlation matrix was 
visualized as a heatmap using the pheatmap R package. All other sta
tistical plots were generated using GraphPad Prism v8.0.

Grouping paired differential-protein and functional enrichment analysis in 
tissue cohort

Because of the limited sample size of the AAH group in the tissue 
cohort, AAH and AIS samples were combined into a single non-invasive 
group in the analysis. Tumor and adjacent normal (paired) samples were 
analyzed as matched pairs. For each of the three groups (AAH/AIS [non- 
invasive], MIA, and IAC), differential abundance was assessed using 
two-sided paired t-tests. Raw P-values were adjusted for multiple testing 
by the Benjamini–Hochberg procedure to control the false discovery rate 
(FDR). Differentially expressed proteins were defined as |log2 fold 
change| > log2(1.5) and FDR < 0.05. Proteins that were consistently up- 
regulated (or consistently down-regulated) across all three group com
parisons were taken forward for downstream functional enrichment 
analysis. Enrichment analyses were performed in R using the cluster
Profiler package with appropriate human annotation (e.g., org.Hs.eg. 
db), and significance was assessed on FDR-adjusted P-values (q < 0.05). 
Visualizations—including volcano plots and heatmaps—were generated 
with ggplot2 and pheatmap. All statistical analyses were conducted in R 
(v4.5.1).

Integrated analysis of plasma and tissue proteomes

A total of 455 proteins were detected in both the plasma and tissue 
proteomic datasets and carried forward for integrative analysis. To 
assess relationships between protein abundance and disease malignancy 
and invasiveness, samples in each cohort were assigned an ordinal score 
with four levels. For the plasma cohort, samples were scored as: 0 =
benign pulmonary nodule, 1 = non-invasive (AAH/AIS), 2 = MIA, 3 =
IAC, while for the tissue cohort samples were scored as: 0 = distal 
adjacent normal, 1 = non-invasive (AAH/AIS), 2 = MIA, 3 = IAC. For 
each of the 455 shared proteins, we computed the association between 
abundance and the assigned ordinal score separately in the plasma and 
tissue cohorts using Spearman’s rank correlation (two-sided). Spear
man’s rho (ρ) was estimated and interpreted as the strength of mono
tonic association. Proteins with an absolute correlation coefficient |ρ| >
0.15 were considered correlated with malignancy/invasiveness. Corre
lation results were summarized as correlation matrices and visualized 
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with heatmaps (pheatmap), and per-group distributions were plotted 
with boxplots generated by ggplot2. All analyses were performed in R 
(v4.5.1).

Classifier construction using with LightGBM and performance evaluation 
for LUAD early diagnosis biomarkers

In this study, we developed a binary classifier based on the LightGBM 
gradient boosting algorithm with decision tree base learners to identify 
robust predictive biomarkers from plasma proteomic profiles. Model 
training was performed using normalized plasma protein abundances as 
input features, with sample phenotypes assigned as classification labels. 
To evaluate the generalizability of the model and minimize overfitting, 
the modeling cohort was randomly split into a discovery set and an in
dependent validation set at a 6:4 ratio. Specifically, among the 365 
samples in the modeling cohort (86 PNs, 101 AAH/AIS, 96 MIA, and 82 
IAC), 221 samples were allocated to the discovery set (52 PNs, 61 AAH/ 
AIS, 58 MIA, and 50 IAC) and 144 samples to the internal validation set 
(34 PNs, 40 AAH/AIS, 38 MIA, and 32 IAC). After model training and 
internal cross-validation, feature importance scores were generated for 
individual plasma proteins and used to prioritize candidate biomarkers 
with the strongest discriminatory power. The finalized model was then 
evaluated on the blinded internal validation set without any data 
leakage or post hoc parameter adjustment, ensuring an unbiased 
assessment of performance and stability. The model objective was set to 
binary classification, and both L1 (alpha) and L2 (lambda) regulariza
tion were enabled to mitigate overfitting. Hyperparameter optimization 
was performed via grid search nested within a ten-fold cross-validation 
(CV) loop. To stabilize performance estimates, the entire ten-fold CV 
procedure was repeated 1,000 times with random fold assignments, and 
the hyperparameter set that maximized the mean AUC on held-out folds 
was selected. Random seeds were fixed where applicable to ensure 
reproducibility. The final tuned hyperparameters are listed in table S1.

With hyperparameters fixed, we applied a two-step feature selection 
strategy to derive a small, robust biomarker panel. In step one, we 
performed a rapid pre-selection using LightGBM’s built-in feature- 
importance metric (gain). Importance scores were recorded across 1,000 
repeated CV runs and averaged. The top 200 features by mean impor
tance were retained for the next step. In step two, we applied cross- 
validated permutation feature importance (CVPFI), a model-agnostic 
permutation-based approach that produces stable importance esti
mates by averaging fold-specific permutation importances and that can 
account for feature correlations by grouping and permuting highly 
correlated features together. CVPFI was computed with 10-fold CV and 
repeated 100 times to stabilize estimates. Mean CVPFI score across re
peats was used to rank features. The ten proteins with the most consis
tently high CVPFI scores were selected as the final panel.

All feature-selection steps and model evaluations used area under the 
receiver operating characteristic curve (AUC–ROC) as the performance 
metric, while CVPFI used average precision as the scoring metric. 
Hyperparameter tuning was implemented with GridSearchCV (scikit- 
learn), the classifier was implemented with the package LightGBM 
v3.2.1 and the CVPFI was implemented with permutation_importance 
(scikit-learn). All implementations relied on python v3.8.0. Code is 
available upon request.

Model performance was quantified using AUC–ROC throughout 
hyperparameter tuning, feature selection, and final model evaluation. In 
addition, CVPFI employed average precision (AP), the area under the 
precision–recall curve, as its scoring metric to better capture perfor
mance on imbalanced classes. The ROC curve plots sensitivity (true 
positive rate) against 1-specificity (false positive rate) across decision 
thresholds. AUC–ROC summarizes a model’s discriminative ability in
dependent of class prevalence, while AP emphasizes precision at 
different recall levels and is therefore complementary for imbalanced 
data.
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