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Current AI Solution at Our institution

Current State and Strategy for Establishing  a Digitally Innovative Hospital; Yonsei Med J 2020 Aug;61(8):647-651



AI in Lung Cancer Now Introduction

Retrospective to Prospective

Moving from initial algorithm development on historical datasets to 
rigorous prospective validation in Randomized Controlled Trials 
(RCTs). Verifying real-world clinical utility beyond theoretical 
performance.

Full Care Continuum

Deep learning models now span the entire patient journey: from 
early detection via Radiomics (screening) to diagnosis, treatment 
response prediction (Pathomics), and personalized therapy 
selection.

Maturation of Deep Learning

Advanced architectures (CNNs, Transformers) demonstrating 
superior performance on complex medical imaging (CT, CXR) and 
digital pathology data compared to traditional machine learning 
methods.

Regulatory Frameworks

Emergence of standardized reporting guidelines like CONSORT-AI 
ensuring transparency, reproducibility, and rigorous evaluation of 
AI interventions in clinical settings.



Evidence Landscape

Radiomics (Imaging)

Quantitative extraction of features from medical images (LDCT, 
CXR) to uncover patterns invisible to the human eye. Focus on risk 
stratification and early detection.

Pathomics (Tissue)

Deep learning analysis of digitized whole-slide images (WSI) for 
automated grading, spatial phenotyping, and treatment response 
prediction.

Multimodal Integration

Synthesizing radiologic, pathologic, and genomic data for holistic 
patient profiling and precision treatment selection.

AI Integration Across Care Continuum

Radiomics

Early Detection

Risk Prediction

Nodule Classification

Pathomics

Auto-Grading

Spatial Analysis

ICI Response

Multimodal Integration

Genomics Clinical Data

Ongoing Prospective Validation

Key Studies: ①Sybil, ②AI-CXR RCT, ③CTRS 

Key Studies: ④ANORAK, ⑤Deep-IO 

Key Study: ⑥ A-STEP

Introduction



S e c t i o n  I

Radiomics

From risk prediction to treatment response biomarkers in CT/CXR



Radiomics Overview Radiomics Overviews

Quantitative Imaging Features

Radiomics extracts high-dimensional data from LDCT and Chest X-
rays (CXR) beyond human visual perception. It transforms medical 
images into mineable data, quantifying tumor heterogeneity, 
texture, and shape.

Risk Stratification

AI models like Sybil predict future lung cancer risk (1-6 years) from 
a single scan, potentially expanding screening eligibility to non-
smokers or lower-risk groups currently excluded by guidelines.

Detection & Diagnosis

AI-assisted detection significantly improves sensitivity and reduces 
reading time in screening populations. Validated in RCTs (e.g., Nam 
et al., Radiology 2023) showing improved nodule detection rates.

Treatment Response

Developing radiomic biomarkers (e.g., CTRS) to predict 
immunotherapy (ICI) response. Moving towards non-invasive 
virtual biopsies to monitor treatment efficacy and guide therapy 
selection.



① Sybil: Single LDCT to Predict Lung Cancer Risk Radiomics;  Sybil (JCO 2023)

Mikhael PG et al. Journal of clinical oncology 2023; 41(12): 2191-200



① Sybil: Single LDCT to Predict Lung Cancer Risk Radiomics;  Sybil (JCO 2023)

Study Overview (Mikhael et al.)

Deep learning model predicting future lung cancer risk from a 
single low-dose CT scan without requiring clinical data or 
radiologist annotation.

Key Performance Results

0.92
AUC (1-Year Prediction)

0.75
AUC (6-Year Prediction)

3
Validation Cohorts

0
Clinical Inputs Required

Clinical Implication

Enables opportunistic screening and risk stratification beyond 
current smoking-history criteria (USPSTF), potentially identifying 
non-smokers at high risk.

Validation Across Diverse Cohorts
Consistent performance across institutions

NLST (n=6,282) MGH (n=8,821) Chang Gung (n=12,280)

Sybil outperforms traditional risk models (plco2012) which rely on 
demographic data, solely using 3D volume imaging features.

Mikhael PG et al. Journal of clinical oncology 2023; 41(12): 2191-200



② AI-Assisted CXR Screening RCT

Nam et al. Radiology 2023;307(2):e221894. 

Radiomics; Nam et al. Radiology 2023



② AI-Assisted CXR Screening RCT Radiomics; Nam et al. Radiology 2023

Study Design & Population

Randomized Controlled Trial (RCT) in a real-world health screening 
setting in South Korea.

n = 10,479 participants (health screening population)
AI-Assisted Reading vs. Standard Reading (1:1)

Key Findings

AI assistance significantly improved detection rate of actional nodules 
(solid nodules≥ 8 mm or  subsolid nodules (solid portion ≥6 mm) 
without increasing false referrals excessively.

0.59%
AI-Assisted Reading 

0.25%
Standard Reading

Odds ratio, 2.4,  P=0.008

Workflow Impact

Reduced reading time per case, suggesting efficiency gains alongside 
diagnostic accuracy improvements.

Nam et al. Radiology 2023;307(2):e221894. 



③ CT Response Score (CTRS) Radiomics; CTRS (JCO Clin Cancer Inform 2024)

Sako et al. JCO Clin Cancer Inform. 2024;8:e2400133.



③ CT Response Score (CTRS) Radiomics; CTRS (JCO Clin Cancer Inform 2024)

Study Overview

"Real-World and Clinical Trial Validation of a Deep Learning 
Radiomic Biomarker for PD-(L)1 ICI Response"

N = 1,829 10 Institutions 
(US, Europe)

Real-World Data

Key Findings

Predictive Power: Deep learning radiomic biomarker 
(CTRS) successfully predicted response to ICI therapy 
in advanced NSCLC.

Outcome Stratification: Significantly stratified 
Progression-Free Survival (PFS) and Overall Survival (OS) 
across multiple validation cohorts.

Independence: Performance was independent of PD-L1 
status, suggesting complementary value.

Sako et al. JCO Clin Cancer Inform. 2024;8:e2400133.



S e c t i o n  I I

Pathomics

AI from whole-slide images for grading and immunotherapy prediction



Pathomics Overview Pathomics Overviews

Digital Pathology Revolution

Transition from glass slides to Whole Slide Images (WSI) enables 
pixel-level phenotyping. AI algorithms can extract quantitative 
features from H&E stained slides that are imperceptible to the 
human eye.

Spatial Heterogeneity

Quantification of tumor microenvironment (TME) and spatial 
architecture. Assessing intratumoral heterogeneity and immune 
cell distribution patterns to predict disease progression and 
recurrence.

Standardized Grading

Automated histopathological grading systems (e.g., ANORAK) 
reduce inter-observer variability among pathologists. Providing 
consistent, objective scoring for complex patterns like lepidic, 
acinar, or micropapillary.

Predictive Biomarkers

Direct prediction of molecular alterations and treatment responses 
from routine histology. AI models like Deep-IO predicting 
Immunotherapy (ICI) response and gene mutations without 
additional genomic testing.



Pan X et al. Nature Cancer 2024;5(2):347-363

④ ANORAK: AI based histopathological grading of LUAD Pathomics; ANORAK (Nature Cancer 2024)



Pathomics; ANORAK (Nature Cancer 2024)

Pan X, et al. TRACERx Consortium 

Pixel-Wise Phenotyping

The ANORAK model performs precise segmentation of 6 distinct lung 
adenocarcinoma growth patterns (lepidic, papillary, acinar, cribriform, 
micropapillary, solid) at the pixel level, moving beyond simple patch 
classification.

Study Scale & Validation

Developed on TRACERx multi-region data and validated across 4 
independent cohorts (n=1,372 patients). It captures spatial heterogeneity 
often missed by human grading.

Key Findings

ANORAK-derived grades showed superior prognostic stratification 
compared to pathologist consensus. It remained an independent 
predictor of disease-free survival (DFS) in multivariate analysis.

HR: 0.48, P=0.003 
(AI grade 1–2 vs grade 3)

DFS Hazard Ratio (TRACERx)

WSI Segmentation Output

④ ANORAK: AI based histopathological grading of LUAD

Pan X et al. Nature Cancer 2024;5(2):347-363



Rakaee M et al. Jama Oncol. 2025;11(2):109-118.

⑤ Deep-IO: H&E to ICI Response Pathomics; Deep-IO (JAMA Oncol 2025)



⑤ Deep-IO: H&E to ICI Response

Multi-Center Validation Study

Deep learning model predicting immunotherapy response directly 
from H&E-stained slides. Multicenter cohort (N=958 total, 
validation n=344) across US and Europe.

Superior Predictive Performance

Deep-IO demonstrated independent predictive value for survival 
outcomes.

PFS Prediction: HR 0.56 (95% CI: 0.42-0.76, p<0.001)

OS Prediction: HR 0.53 (95% CI: 0.39-0.73, p<0.001)

Synergy with PD-L1

Combining Deep-IO with PD-L1 improved response prediction 
accuracy compared to either biomarker alone.

Pathomics; Deep-IO (JAMA Oncol 2025)

Rakaee M et al. Jama Oncol. 2025;11(2):109-118.



S e c t i o n  I I I

Multimodal AI

Integrating radiomics, pathomics, and clinicogenomic 
information



Why Multimodal AI? Multimodal AI

Overcoming Limitations

Single-modality approaches often face 
ceiling effects and confounding 

variables. Integrating diverse data 
streams provides a more holistic view 

of tumor biology that no single test can 
capture alone.

Synergistic Power

Combines macroscopic radiographic 
burden (CT), microscopic tissue 

architecture (Pathology), and 
molecular landscape (Genomics). The 

whole is greater than the sum of its 
parts for predictive accuracy.

Precision Selection

Moving beyond simple prognostication 
to actual treatment selection (e.g., 

Mono-ICI vs. Chemo-ICI) and dynamic 
monitoring of therapeutic response 

through longitudinal data integration.

"The next frontier involves systems that synthesize radiomics, pathomics, and clinicogenomic information to guide 
personalized therapeutic strategies."



Saad MB et al. Nature Communications (2025) 16:6828

⑥ A-STEP: Clinicogenomic Treatment Selection Multimodal AI; A-STEP (Nature Communications,2025)



Saad MB et al. Nature Communications (2025) 16:6828

⑥ A-STEP: Clinicogenomic Treatment Selection Multimodal AI; A-STEP (Nature Communications,2025)



⑥ A-STEP: Clinicogenomic Treatment Selection Multimodal AI; A-STEP (Nature Communications,2025)

Study Objective

To develop a machine learning-driven strategy for selecting the 
optimal first-line therapy (ICI Monotherapy vs. Chemo-
Immunotherapy) in metastatic NSCLC.

Multimodal Methodology

Integration of clinical variables (age, sex, ECOG, histology) and 
genomic features (molecular alterations from panel sequencing). 

Discovery cohort: 678 matched cases; Validation cohort: 318 cases

Key Findings

The A-STEP ensemble model successfully identified patient 
subgroups benefiting from specific regimens, demonstrating 
significant Weighted Risk Reduction (WRR) compared to standard 
of care selection. 

Implication

Moving beyond single biomarkers (like PD-L1) to comprehensive 
clinicogenomic profiling for precise therapeutic decision-making

Saad MB et al. Nature Communications (2025) 16:6828



S e c t i o n  I V

Research Design & 
Methodology

From reporting standards to AI-specific trial designs



AI Trial Design Innovations

Concept

Generating control groups using historical 
trial data and Real-World Data (RWD) via 
machine learning matching.

Key Application

Replacing placebo arms in rare mutations 
(e.g., ROS1, RET) where recruitment is 
challenging.

Reduces patient burden (fewer on placebo)

Accelerates trial timeline

Lowers trial costs

Concept

Creating computational patient avatars to 
simulate treatment responses in silico 
before actual dosing.

Key Application

Precision cohort enrichment by predicting 
likelihood of response/toxicity for inclusion 
criteria.

Optimized inclusion/exclusion

Personalized dosing simulation

Reduced failure rates in Phase II/III

Concept

Training algorithms across institutions 
without sharing raw patient data (model 
travels, data stays).

Key Application

Building robust, generalizable AI models 
across multi-center global networks while 
preserving privacy.

Privacy-preserving collaboration

Access to diverse datasets

Reduced data silo effects

Synthetic Control Arms Digital Twins Federated Learning

Research Methodology



CONSORT-AI: Reporting Guideline Research Methodology

AI Algorithm Specification

Explicitly state the AI model version, input data requirements (e.g., 
image resolution, stain normalization), and pre-processing steps. 
Ensure reproducibility by detailing software dependencies and 
availability.

Training & Validation Datasets

Describe the source of training data and how it differs from the trial 
population. Report demographics to assess potential algorithmic 
bias. Define strict separation between development, internal 
validation, and test sets.

Human-AI Interaction

Define the protocol for AI intervention: Is it a 'second reader', a 
'triage tool', or a 'concurrent aid'? Specify how clinicians should 
resolve disagreements with AI predictions and any required 
training.

Performance & Failure Modes

Prespecify clinical endpoints (not just AUC) and error analysis 
plans. Report performance across subgroups to detect bias. 
Establish protocols for handling AI failures or unavailable outputs 
(e.g., poor image quality).

Liu et al., Nature Medicine 2020



S e c t i o n  V

Ongoing Prospective 
Trials

Screening, treatment selection, and workflow evaluations



Ongoing Trials

Trial Name / Region Design / Scale Target Population AI Application Primary Endpoint

DACAPO
NCT05704920 (France)

RCT
N = 2,722

Heavy Smokers
High-risk (50-80y)

AI-integrated LDCT 
workflow (CAD)

Detection Rate
Cost-effectiveness

Taiwan AI-LDCT
NCT07280559 (Taiwan)

Pragmatic RCT
N ≈ 3,000

General Screening
Smokers & Non-smokers

AI-assisted Interpretation 
Support

Diagnostic Accuracy
Workflow Efficiency

LC-SHIELD
NCT06295497 (Hong Kong)

Prospective Cohort
N = 5,000

Never-Smokers
High-risk (Family Hx)

AI as First Reader for Triage
Early Detection Rate
In Asian Non-smokers

Sybil Validation
USA (MGH, BWH)

Prospective 
Validation
Multi-site

Incidental & Screening
Diverse Cohorts

6-Year Risk Prediction 
Model

AUC / Calibration
Real-world Utility

Data from ClinicalTrials.gov and ASCO/ESMO abstracts (2024-2025

Ongoing Prospective Trials
From Detection to Risk Prediction: AI in Lung Cancer Screening



Ongoing Prospective Trials
Beyond Diagnosis: AI for Response Prediction, Genomics, and Cost-Effectiveness

Trial Name / ID Design & Region AI Application Primary Endpoint Key Goal

DeepGEM
NCT07110259

China
Cluster RCT (N=1,200)

Pathology → Mutation
Predicting EGFR/ALK/ROS1 from H&E 
images

Concordance with NGS,
Turnaround Time (TAT)

Pre-screening
(No Sequencer)

AEGEAN Substudy
NCT03800134

Global
Phase III RCT (N=802)

Multimodal Monitor
Radiomics + ctDNA dynamics integration

Pathological Complete 
Response (pCR)

Non-invasive
Response Tracking

China Cost RCT
NCT06988579

China
Cluster RCT (N=7,294)

Radiologist Assist
AI-aided reading workflow optimization

Healthcare Costs,
Diagnostic Accuracy

Economic
Viability

Wuhan Diagnosis
NCT04000620

China
Prospective (Diagnostic)

Deep Learning Staging
Automated TNM staging from CT imaging

Staging Accuracy vs.
Pathological Staging

Treatment
Planning

Data from ClinicalTrials.gov and ASCO/ESMO abstracts (2024-2025

Asian Pragmatism

Large-scale cluster RCTs (>1,000 patients) 
are predominantly led by Asian centers 
(China, Taiwan), focusing on practical 
implementation in high-volume settings.

Ongoing Trials

Beyond Accuracy

Newer pragmatic RCTs (e.g., DACAPO, 
Taiwan) are evaluating cost-effectiveness
and workflow efficiency rather than just 
diagnostic sensitivity. 

AI Role Evolution

AI is evolving from a concurrent CAD 
"second opinion" to an independent 
"first reader" for triage (LC-SHIELD) or a 
long-term risk predictor (Sybil). 



Challenges & Futures Challenges & Future Directions

Generalizability Gap

Ensuring consistent model performance across diverse patient 
populations (e.g., Asian vs. Western), varying scanner 
manufacturers (GE, Siemens, Philips), and different imaging 
protocols. Overcoming the "domain shift" problem.

Calibration over Discrimination

Moving beyond simple AUC metrics to rigorous risk calibration. A 
model must not only rank patients correctly (discrimination) but 
also provide accurate probability estimates (calibration) to be 
clinically actionable.

Demonstrating economic value is crucial for adoption. Does AI 
reduce total costs (e.g., fewer biopsies, earlier stage detection) to 
justify reimbursement? Trials like the China Cost RCT (NCT06988579) 
are addressing this.

Cost-Effectiveness & Reimbursement Governance & Liability

Establishing clear audit trails for AI-assisted decisions. Defining 
liability when human and AI disagree. Protocols for continuous 
monitoring and "version control" as algorithms update over time.



Conclusions and Take-Home Messages Summary

From Research to Practice

AI in lung cancer is rapidly transitioning from retrospective 
experimental utility to clinical necessity. Prospective trials 
(DACAPO, Taiwan AI-LDCT) are now validating real-world 
effectiveness.

Value of Integrated AI

While radiomics and pathomics offer independent value, 
multimodal integration (clinicogenomics + imaging) demonstrates 
superior performance for precision treatment selection and risk 
stratification.

Methodological Rigor

Standardized reporting (CONSORT-AI) and pragmatic trial designs 
are critical enablers. Focus is shifting towards demonstrating cost-
effectiveness, workflow efficiency, and robust external validity.

Upcoming Milestones

The completion of ongoing large-scale trials (2024–2026) will 
provide definitive evidence to shape future clinical guidelines, 
reimbursement policies, and widespread adoption in lung cancer 
care.



Success usually has a lot of 

failure wrapped up in it. 

We only truly fail when we shrink away from  

challenges to stay in a comfort zone 

Stephen Curry
The Greatest  Sh oot er • Gol d en State Warriors

f o r  y o u r  a t t e n t i o n
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