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AI for Lung Cancer

• Purpose

• Detection: CXR, CT, MRI, PET/CT

• Selection: patient, procedure type, lesion

• Prediction: malignancy risk, genetic mutation, PD-L1 expression, treatment 

response

• Prognostication:, recurrence, survival

• Tool

• DL

• Radiomics



Radiomics vs. DL

Bera et al. Nat Rev Clin Oncol 2022;19:132–146



Radiomics

Bera et al. Nat Rev Clin Oncol 2022;19:132–146

Shur et al. Radiographics 2021;41:1717–1732



Radiomics

Shang et al. AJR Am J Roentgenol 2024;223:e2431675



Radiomics vs. DL

Bera et al. Nat Rev Clin Oncol 2022;19:132–146



Prediction of Aggressiveness

Nam et al. Radiology 2022;305:441–451



Prediction of Aggressiveness

Nam et al. Radiology 2022;305:441–451



Prediction of Genetic Mutation

Ryan et al. Discov Oncol 2025;16:1585



Prediction of Genetic Mutation

Fuster-Matanzo et al. Eur Radiol 2026;36:2157–2185

EGFR, Radiomics model
Pooled sensitivity: 0.754 (95% CI: 0.727–0.780)
Pooled specificity: 0.656 (95% CI: 0.619–0.692)

EGFR, Combined model (radiomics + clinical)
Pooled sensitivity: 0.806 (95% CI: 0.776–0.833)
Pooled specificity: 0.685 (95% CI: 0.636–0.730)



Prediction of Genetic Mutation

Fuster-Matanzo et al. Eur Radiol 2026;36:2157–2185

ALK
Pooled sensitivity: 0.754 (95% CI: 0.638–0.841)
Pooled specificity: 0.775 (95% CI: 0.698–0.837)

KRAS
Pooled sensitivity: 0.475 (95% CI: 0.153–0.820)
Pooled specificity: 0.819 (95% CI: 0.539–0.946)



Prediction of PD-L1 Expression

Salimi et al. Acad Radiol 2025;32:6913–6928

TPS1
Pooled AUC: 0.85

Pooled sensitivity: 0.76
Pooled specificity: 0.76

TPS50
Pooled AUC: 0.88

Pooled sensitivity: 0.72
Pooled specificity: 0.76



Treatment Response

Xie et al. Front Oncol 2022;12:990608



Treatment Response

Cousin et al. Cancers (Basel) 2023;15:1968



Treatment Response

Sako et al. JAMA Net Open 2026;9:e2555759



Treatment Response

Sako et al. JAMA Net Open 2026;9:e2555759



Real World?

Lou et al. Lancet Digit Health 2019;1:e136–e147

https://clinicaltrials.gov/study/NCT05802186



Real World?

https://clinicaltrials.gov/study/NCT07408531

https://cordis.europa.eu/project/id/848294



Real World?

Lou et al. Lancet Digit Health 2019;1:e136–e147

https://clinicaltrials.gov/study/NCT05802186



Real World?



Real World?

Lim et al. Eur Radiol 2024;34:1934–1945



Real World?

Nam et al. Radiology 2022;305:441–451



Real World?

O’Shea et al. Radiology 2026;318:e241962



Real World?



Virtual Scenario 1-1 (EGFR in ADC)

• Pre-test probability of EGFR mutation in Korea: 43.3%

• Expected performance of a predictive model (AUC): 0.801 vs. 0.9

• Expected sensitivity and specificity (equal-variance binormal ROC):

• Balanced model: 72.5% & 72.5% (AUC 0.801) vs. 81.8% & 81.8% (AUC 0.9)

• High-sensitivity model: 90.0% & 46.6% (AUC 0.801) vs. 90.0% & 70.2% (AUC 0.9)

• High-specificity model: 46.6% & 90.0% (AUC 0.801) vs. 70.2% & 90.0% (AUC 0.9)

• Expected PPV and NPV:

• Balanced model: 66.8% & 77.5% (AUC 0.801) vs. 77.4% & 85.4% (AUC 0.9)

• High-sensitivity model: 56.3% & 85.9% (AUC 0.801) vs. 69.8% & 90.2% (AUC 0.9)

• High-specificity model: 78.1% & 68.8% (AUC 0.801) vs. 84.3% & 79.8% (AUC 0.9)

Lee et al. J Pathol Transl Med 2015;49:481–488

Felfli et al. Int J Mol Sci 2023;24:11433



Virtual Scenario 1-2 (EGFR in ADC)

• Pre-test probability of EGFR mutation in Korea: 43.3%

• False-negative rate of biopsy-driven EGFR mutation test: 5% vs. 10%

• Post-test probability of EGFR mutation in biopsy-negative patients: 3.7% vs. 7.1%

• Expected performance of a predictive model (AUC): 0.801 vs. 0.9

• Re-biopsy yield (using a high-specificity model): 

• 5% False-negative rate of biopsy: 15.1% (AUC 0.801) vs. 21.1% (AUC 0.9)

• 10% False-negative rate of biopsy: 26.2% (AUC 0.801) vs. 34.9% (AUC 0.9)

• Number needed to re-biopsy (using a high-specificity model): 

• 5% False-negative rate of biopsy: 6.6 (AUC 0.801) vs. 4.7 (AUC 0.9)

• 10% False-negative rate of biopsy: 3.8 (AUC 0.801) vs. 2.9 (AUC 0.9)

Lee et al. J Pathol Transl Med 2015;49:481–488

Felfli et al. Int J Mol Sci 2023;24:11433



Virtual Scenario 1-3 (EGFR in ADC)

• Pre-test probability of EGFR mutation in Korea: 43.3%

• Performance of liquid biopsy-driven EGFR mutation test: sensitivity of 66%, specificity of 96% 

• Post-test probability of EGFR mutation in biopsy-negative patients: 21.3%

• Expected performance of a predictive model (AUC): 0.801 vs. 0.9

• Post-test probability of EGFR mutation in biopsy-negative and CT model positive-patients (using 
a sensitivity model):

• AUC 0.801: 31.3% 

• AUC 0.9: 45.0%

Lee et al. J Pathol Transl Med 2015;49:481–488

Felfli et al. Int J Mol Sci 2023;24:11433

Wang et al. SLAS Technol 2021;26:42–54



Virtual Scenario 2-1 (PD-L1 in NSCLC)

• Pre-test probability of PD-L1: 60.4% (TPS ≥1%), 29.1% (TPS ≥50%)

• Expected performance of a predictive model (AUC): 0.85 (TPS ≥1%), 0.88 (TPS ≥50%)

• Expected sensitivity and specificity (equal-variance binormal ROC):

• Balanced model: 76.8% & 76.8% (TPS ≥1%), 79.7% & 79.7% (TPS ≥50%) 

• High-sensitivity model: 90.0% & 57.3% (TPS ≥1%), 90.0% & 64.8% (TPS ≥50%)

• High-specificity model: 57.3% & 90.0% (TPS ≥1%), 64.8% & 90.0% (TPS ≥50%)

• Meta-analysis: 76% & 79% (TPS ≥1%), 72% & 86% (TPS ≥50%)

• Expected PPV and NPV:

• Balanced model: 83.5% & 68.5% (TPS ≥1%), 61.7% & 90.5% (TPS ≥50%)

• High-sensitivity model: 76.3% & 79.0% (TPS ≥1%), 51.2% & 94.0% (TPS ≥50%) 

• High-specificity model: 89.7% & 58.0% (TPS ≥1%), 72.7% & 86.2% (TPS ≥50%)

Kim et al. Tuberc Respir Dis 2020;83:51–60

Salimi et al. Acad Radiol 2025;32:6913–6928



Virtual Scenario 2-2 (PD-L1 in NSCLC)

• Pre-test probability of PD-L1: 60.4% (TPS ≥1%), 29.1% (TPS ≥50%)

• False-negative rate of biopsy-driven PD-L1 expression test: 15% (TPS ≥1%), 24% (TPS ≥50%) 

• Post-test probability of PD-L1 expression in biopsy-negative patients: 18.6% vs. 9.0%

• Expected performance of a predictive model (AUC): 0.85 (TPS ≥1%), 0.88 (TPS ≥50%)

• Re-biopsy yield (using a high-specificity model): 

• TPS ≥1%: 56.7%

• TPS ≥50%: 39.0%

• Number needed to re-biopsy (using a high-specificity model): 

• TPS ≥1%: 1.8

• TPS ≥50%: 2.6

Kim et al. Tuberc Respir Dis 2020;83:51–60

Salimi et al. Acad Radiol 2025;32:6913–6928

Zhou et al. Clin Transl Oncol 2026 doi: 10.1007/s12094-026-04420-7 (Online ahead of print)



AI Application for Lung Cancer

• Reducing intra-observer and inter-observer variability

• Potential for measuring intratumoral heterogeneity

• Potential for predicting aggressiveness

• Inherent limitation in predicting microscopic changes

• Technical variability vs. Variability d/t biological signal

• Various clinical scenarios; Limited real-world validation

• Population, Intervention, Comparison, Outcome



Thank You for Attention
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