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Objective

Non‑small‑cell lung cancer (NSCLC) has
high cancer‑relatedmortality. LDCT has
limitations for screening, and
conventional protein biomarkers lack
su�cient sensitivity for early‑stage
NSCLC.�is study aimed to characterize
plasmametabolic alterations in stage IA
NSCLC and build amachine‑learning
metabolitemodel for non‑invasive early
diagnosis.

Methods
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Study cohorts: 545multi‑center subjects: 363
pathologically con�rmed stage IA NSCLC patients and 182
non‑NSCLC controls. Patients receiving prior anti‑cancer
therapy were excluded.

Metabolomic pro�ling: Plasma untargeted LC‑MS
metabolomics was performed. Di�erential metabolites
were screened, followed by KEGG pathway enrichment
analysis.

Model construction and validation: LASSO regression for
feature selection and random forest algorithm were used to
construct the SMM diagnosticmodel.Model performance
was validated in independent cohorts and comparedwith
conventional tumor biomarkers and other machine‑learning
algorithms.

Results
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NSCLC patients exhibited distinct plasmametabolic
reprogramming. 45 di�erential metabolites were detected.
Glutathione and cysteine‑methioninemetabolic pathways
were signi�cantly disturbed, indicating abnormal oxidative
stress and perturbedmethyl pool.

�e 9‑metabolite SMMmodel achieved AUROC = 0.815
(95%CI: 0.784‑0.846, sensitivity 0.832, speci�city 0.910) in
external validation. Citrate, kynurenine and arginine
contributedmost to prediction.

SMM outperformed conventional tumor‑marker panel.
Combined use of SMM and routine biomarkers improved
sensitivity to 0.874. Random‑forest‑based SMM showed the
best performance among tested algorithms.

Conclusions

Stage IA NSCLC shows obvious plasma
metabolic dysregulation.�e SMM
model achieves superior non‑invasive
early‑diagnostic performance compared
with routine protein biomarkers.
Combining SMMwith clinical markers
further increases diagnostic sensitivity.
�is metabolomics‑machine‑learning
strategy has good translational
prospects for NSCLC early screening.
Further development of quantitative
assays and simpli�ed detection kits will
support its clinical application。

Figure 1. Signi�cant di�erences in serum metabolic pro�les
of NSCLC patients.

Figure 2. Identi�cation of abnormally expressed serum
metabolites in NSCLC patients.

Figure 3. Identi�cation of signi�cantly dysregulatedmetabolic
pathways in NSCLC patients.

Figure 4. Construction of an early diagnosticmodel for
NSCLC based on di�erential serum metabolites.


