Applications of Al-powered
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Al 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
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Radiomics vs. DL

Radiomics Al approach

Texture
Intensity and tumour Peritumoural ~ Radiomics of  Tumour vessel Feature
statistics heterogeneity radiomics tumour shape radiomics selection ML model

i

Input Deep learning Al approach
2Dor 3D c Litiorat lvar ,
image data CHRVOILLIONAL Ly €IS Tain Fully connected layers
: . - ———> [[80% response
‘ J% : ] - \\ Pl [:l 20% non-response
l , —n ] — :
e Pooling Flattening
neg Pooling
}
Predict '
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Bera et al. Nat Rev Clin Oncol 2022;19:132-146



Radiomics

Class of feature

Intensity-based
measures and
first-order statistics

Heterogeneity and
texture

Shape and volume

Peritumoural
radiomics

Radiomics of tumour
vascularity

Features

Direct physical or functional
measures from fully quantitative
modalities, and basic statistical
measures characterizing the
distribution of intensity values
within aregion

Features of spatial arrangement
and local heterogeneity of image
intensity values

Measure of 2D or 3D tumour
morphology

Characterization of TME through
application of radiomic features
(such as texture) within the
surrounding TME

Measurements of the functionor
shape of the tumour-associated
vasculature
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Common examples

Mean, median, standard deviation
skewness and kurtosis of image
intensity values, attenuation value

Ll

5

on CT"'% maximum standardized

uptake value on FDG-PET*

Grey-level co-occurrence matrix™

L

grey-level run length matrix'®, local

binary patterns'®, Gabor wavelets
Laws’ energy measures™

Volume, surface-to-volume ratio,
sphericity, compactness, fractal
dimensionality”

Texturalheterogeneity of the

peritumoural radius surrounding a
169

tumour™, stroma'™, lymph nodes
potential metastatic sites'"

Vessel tortuosity and structural
organization’*"%'"1 kinetic and

textural measures of tumour vessels!’?

166

=

L)

Shape ——
200

3 Medan
FI rSt § 100 :Ac;:.jme

@ ———— 90%-tile
order s
features %o 10 20 300

Pixel intensity
Image
texture
Original Edge emphasis Length scale Low grey emphasis

Image
filters

Bera et al. Nat Rev Clin Oncol 2022;19:132-146
Shur et al. Radiographics 2021;41:1717-1732



Radiomics

Data acquisition Habitat imaging

Invasive

Noninvasive

Training

Validation

External testing
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Tumor region
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First-order features

Texture features

Shape features

Pearson correlation
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Model comparison

r'l‘he whole-tumor model

[ The integrated model

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




Radiomics vs. DL

Patient level Regional level Tumour level

Annotation detail

Deep learning Radiomics

E — e —
SNUH RADIOLOGY Bera et al. Nat Rev Clin Oncol 2022;19:132-146




Prediction of Aggressiveness
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Prediction of Aggressiveness

A Nonaggressiva sublype ¢ Aggressive sublype B PNO = pN1 pN2 E No perineural invasion * Perineural invasion F VPlabsent * VP present
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Prediction of Genetic Mutation

—

Onco- Radiomic Features Imaging Reported Key

genic Modality Sensitivity / Refer-

Driver Specificity ences

EGFR Air bronchograms, pleural retraction, small lesion size,  CT ~70-85% / [28]
absence of fibrosis 65-80%

KRAS Round tumor shape, nodules in non-tumor lobes, CT ~65-75% / [28]

G12C smoking history 60-80%

ALK Central location, absence of pleural tail, large pleural CT ~68-80% / [42]
effusions, disorganized vasculature 62-78%

BRAF Spiculated margins, subsolid nodules, cavitation, CT, PET Limited data [50]

V600OE  heterogeneity on PET

HER2 Ground-glass opacities, ill-defined margins, multifocal  CT Not reported [63]
lesions

ROST Peripheral location, lobulated margins, high FDG CT, PET Not reported [52, 53,
uptake, distinctive vasculature 64]

NTRK Well-circumscribed nodules, minimal necrosis, homo-  CT Not reported [65]
geneous enhancement

MET Large tumor size, irreqular margins, high metabolic CT, PET Not reported [66]
activity on FDG-PET

RET Well-defined nodules, peripheral location, moderate CT, PET Not reported [52]

FDG uptake

SN U H E RADIOLOGY

Ryan et al. Discov Oncol 2025;16:1585



Prediction of Genetic Mutation

Sensitivity FPR (1-Specificity) Sensitivity FPR (1-Specificity)

*

5.91 (4.747.27) Summary{ : L 3 9.07 (7.32-11.10)

*
*

Summary{

EGFR, Radiomics model EGFR, Combined model (radiomics + clinical)
Pooled sensitivity: 0.754 (95% Cl: 0.727-0.780) Pooled sensitivity: 0.806 (95% Cl: 0.776—0.833)

Pooled specificity: 0.656 (95% Cl: 0.619-0.692) Pooled specificity: 0.685 (95% Cl: 0.636—0.730)
SNUH E RADIOLOGY Fuster-Matanzo et al. Eur Radiol 2026;36:2157-2185



Prediction of Genetic Mutation

Sensitivity FPR (1-Specificity)
_ _ DOR (95% Cl)
1204 — —— 11.5 (2.54-52.05)
o - - [ 89.28)
o o T S [¢ _2%)
Surmary ¢ < 11.10 (5.82-19.10)

Pooled sensitivity: 0.754 (95% Cl: 0.638-0.841)
Pooled specificity: 0.775 (95% Cl: 0.698—-0.837)
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Hirzptne ol sl, 215481

Sensitivity FPR (1-Specificity)
DOR (85% Cl)

_ —_—

L J ‘ ‘ 2 : 4.28 (2.26-7.39)
' —, . b ' —

KRAS
Pooled sensitivity: 0.475 (95% Cl: 0.153—0.820)
Pooled specificity: 0.819 (95% Cl: 0.539-0.946)

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



Prediction of PD-L1 Expression

Snyls : SENSITIVITY (95% C1) Stucyld : SPECIFICITY (5% C) Syl | SENSITIVITY (95% C) Studyld : SPECIFICITY (95% CY
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| | | |
| | | |
| | | |
| | | |
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I | | |
| | . | |
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| | | |
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|
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|

|

|

Q6633 =900, p= 000

128643 [79.25 - 93.62) 12 = 90.62 (85,98 - 95.05]

12 = 68.02 [37.69 - 98,35 12.= 50.07 [18.71 - 99.44]

1
SENSITIVITY SPECIFICITY SENSITIVITY SPECIFICITY

TPS1 TPS50
Pooled AUC: 0.85 Pooled AUC: 0.88
Pooled sensitivity: 0.76 Pooled sensitivity: 0.72

Pooled specificity: 0.76 Pooled specificity: 0.76
SNUH 6 RADIOLOGY Salimi et al. Acad Radiol 2025;32:6913—6928



Treatment Response

A Data set 5 Radiomic models C Training
TPO model Best model for survival prediction

Survival analysis

Clinical
Delta model risk P Iy
Feature extraction factors P C-index
TP1 CT Scan RN :
ey Nomogram model constructing Survival analysis
TP1 model ’—
e ——— i _ Calibration curve
! .L-“\g_m-.—— — it
Feature extraction o Progression probability for each

patient

SNUHY% raoioocy Xie et al. Front Oncol 2022:12:990608



Treatment Response

a Clinical model b Radiomics single lesion model I Delta-radiomics model d Combined single lesion model e Combined delta-radiomics model
AUC = 0.64 (95% CI.0.46-0.82) AUC = 0.6 (95% Cl:0.42-0.78) AUC = 0.77 (95% CI:0.61-0.93) AUC = 0.60 (95% CI1:0.52-0.86) AUC =0.78 (95% CI1:0.62-0.93)
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Radiomics single lesion model g Delta-radiomics model h Combined single lesion model . Combined delta-radiomics model
AUC = 0.66 (95% C1:0.48-0.83) AUC = 0.8 (95% CI:0.65-0.95) AUC = 0.66 (95% C1:0.48-0.84) AUC =0.78 (95% CL:0.62-0.94)
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SN U H 6 RADIOLOGY Cousin et al. Cancers (Basel) 2023;15:1968



Treatment Response

[A] RCF test RECIST

Q5 prabability

50ws CR/PR:HA, 2.12 (95% 01, 1.42-3.16)
PD ws 5D: HR, 1.74 (95% I, 1.26-2.42)

PO ws CR/PR: HR, 3.79 (95% I, 2.49-5.77)
C-index: 0.63

CR/PR (n=120)

PD(n=121)

Mo. at risk
CR/PR 120
5D 181
PD 121

3 [ 9 12 15 13 21 24

119 99 | 13 54 41 33 27
162 1la oz 62 a7 43 34 29
a7 52 40 28 24 12 B 5

[D] GARMET RECIST

5D ws PR:HR, 1.34 (95% 1, 0.57-3.13)
50 ws PD: HR, 0.14 (5% CI, 3.28-25 43)
PDws PR: HR, 12.21 (95% 1, 4.13-36.04)

= = = =
s T ] [=]
1 1 1 i

0% probability

=
[ ]
1

RCP test tumor volume change

Intermediate vs high: HR, 2.46 (35% C1, 1.67-3.64)
Low vs intermediate: HR, 1.84 (95%C1,1.32-2.57)
Low ws high: HR, 4.55 (35% Cl, 2.97-6.98)
C-index: 0,68

High {n=143)

ntermediate

Mo at risk
High 143
Intermediate 192
Low 95

Time, mo

133 110 389 T4 b2 50 37 31
173 113 90 Bl 45 35 20 25
T2 44 32 21 18 11 7 5

[E] GARMET tumor volume change

Intermediate ws high: HR, 1.00 (95% (1, 0.43-2.34)
Low ws intermediate: HR, 2.44 (35% C1, 1.02-5.85)
Low ws high: HR, 2.44 (95% Cl, 0.95-6.26)

C-index: 0.58

[€] RCP test Serlal CTRS

Intermediate vs high: HR, 2.31 (35% Cl, 1.57-3.41)
Low vs intermediate: HR, 2,83 (95% Cl, 2.03-3.04)

Low vs high: HR, 6.19 (95% 1, 4.12-9.28)

C-imdex: 0.73

1.0+
0.8+ High {n= 149}
-y
E
= 064
B
=
=% D_d_
g ttermediate
(n=185)
024
Low (m=07)
L] T T T T T T T
] 3 [ 9 12 15 13 11 24
Time, mo
Mo, at risk
High 140 142 123 1M 74 &6 54 43 36
Intermediata 185 171 113 36 B3 49 35 16 11
Low o7 65 35 25 14 10 7 4 4

Garnet serfal CTRS

Intermediate vs high: HR, 2.91 (35% Cl, 1.16-7.31)
Low vs imtermediate: HR, 6.19 (95% 1, 2.39-16.01)

Low vs high- HR, 18.00 (95% 1, 5.40-59.97)

C-imdex: 0.71

C-index: 0.70
1.0 + L0 . 1.0 }
| j—| PR (n=15) High (n=13) )
0.8- I.L|—o-| 0.3 “ 054 High (n=13)
ol = Pl
= = =
T 061 -] 0.6 T 0.6+
1] m
¥ =] o ¥ =]
o D 3]
= D44 S 044 = 044
o S0 (n=122)
0.2 0.2 021
PO {n=15) Low (n=15) L Low (n=14)
o T T T T T T T T 0 T T T T T T T T o T T T T T T T T
0 E] & g 1z 15 18 21 M 0 1 & 9 12 15 18 21 24 0 3 & g 1z 15 18 21 24
Time, mo Time, mo Time, mad
No. at risk Mo. at risk Mo. at risk
PR 15 15 15 15 1z 11 10 77 High 12 13 13 12 1 9 8 5 4 High 17013 13 12 1 w0 o 8 8
s0 2 211 18 16 13 12 12 10 & Intermedizte 22 21 17 1§ 13 12 12 10 & Intermediate 27 25 24 22 15 12 12 @ 5
w15 1 1 & 1 (i} (i} 00 Low 5 13 1 2 2 2 2 1 Laow 1 12 5 2 1 1 00 (i}
Sako et al. JAMA Net Open 2026;9:€2555759
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Treatment Response

[A] PD-L1 high (250%)

Intermediate vs high: HR, 2.15 (95% CI, 1.06-4.36)
Low vs intermediate: HR, 4.33 (95% CI, 2.37-7.91)
Low vs high: HR, 9.16 {95% Cl, 4.48-18.71)
C-index: 0.75

High (n=67)

ntermediate (n =55

Low (n=36)

1.0+
0.8+
=y
5 0.6+
b
o
2
o 0.4
w
o
0.24
G T
0 3
Mo. at risk
High 67 67
Intermediate G5 62
Low 36 22

[D] RECIST CRor PR

6 g 12 15 18 21 24
Time, mo

55 50 40 35 29 23 19
46 43 33 29 21 17 4
13 9 5 4 3 2 2

Intermediate vs high: HR, 3.18 (95% CI, 1.37-7.41)
Low vs intermadiate: HR, 2.10 (95% CI, 0.91-4.88)
Low vs high: HR, 5.60 (95% C1, 2.29-13.66)
C-index: 0.70

1.0
High (n=67)
0.8+
= ntermediate (n=47)
= 0.6 I | —
o
o 1 1 T LIl T
- L
o044
w
[=] Low (n=15)
0.2+
(1] 3 6 g 12 15 15 21 24
Time, mo
Mo. at risk
High 67 66 57 46 40 35 27 23 19
Intermediate 47 42 33 26 20 14 10 7 5
Low 15 11 9 7 6 5 4 3 3

PD-L1 low (1%-49%)

Intermediate vs high: HR, 2.44 (95% CI, 1.19-5.02)
Low vs intermediate: HR, 2.80 {95% CI, 1.35-5.78)
Low vs high: HR, 5.72 (95% CI, 2.53-12.92)

C-index: 0.72
1.0+
0.5
B High (n=42)
= 0.6
32
=
S .44
wl
[s]
Il
0.2 1
Low (n=20) ntermediate (n=45)
U T T T T T T T T
0 3 6 9 12 15 18 21 24
Time, mo
No. at risk
High 42 38 31 24 17 12 9 7 5
Intermediate 45 40 24 12 10 8 5 4 2
Low 20 15 9 6 3 1 0 0 0
[E] RECISTSD
Intermediate vs high: HR, 1.72 (95% CI, 1.02-2.90)
Low vs Intermediate: HR, 3.40 (95% C, 1.90-6.09)
Low vs high: HR, 5.47 (95% CI, 2.75-10.91)
C-index: 0.68
1.0
0.5+
= High (n=64)
= 0.6
=
=
2
= 044
wi
o
0.2+
Low {n=28)
o 3 [ 9 12 15 18 21 24
Time, mo
Mo. at risk
High 64 59 50 43 31 24 22 17 15
Intermediate 83 a4 57 43 29 23 21 17 14
Low 28 19 9 6 2 L] 0 0 a

PD-L1 negative (<1%)

Intermediate vs high: HR, 2.75 (85% C1, 1.28-5.85)
Low vs intermediate: HR, 3.50 (95% CI, 1.94-6.33)
Law vs high: HR, 11.57 (95% CI, 4.15-32.25)
C-index: 0.77

High (n=31)

ntermed

Low (n=27)

6 9 12 15 18 21 24
Time, mo

27 20 17 16 13 10 9
33 24 15 9 8 4
6 4 2 1 1 1}

=

Intermediate vs high: HR, 1.89 (95% C1, 0.80-4.49)
Low vs intarmadiate: HR, 2.65 (95% CI, 1.56-4.52)
Low vs high: HR, 4.55 (95% C1, 2.01-10.32)
C-index: 0.74

High (n=18)

Low {n=>54)

1.0+
0.8
-
T 0.6
=
2
(=1 D4_
w
o
0.2
D T
0 3
Mo. at risk
High 31 28
Intermediate 53 50
Low 27 16
RECIST PD
1.0
0.8
-
F 0.6
=
o
2
S 044
w
o
0.2
] T
o 3
Mo. at risk
High 18 17
Intermediate 4% 45
Low 54 35

6 g 12 15 18 21 24
Time, mo

16 11 g 7 5 3 2

18 12 3 5

o]
=
-

Sako et al. JAMA Net Open 2026;9:€2555759



Real World?

A Male (n=2953)

0.075- Model
2015 CM5 eligibility
2022 CM5 eligibility
CXR-LC
L u— Mo screening
— —— Screen all

Met benefit

Rislk threshald, ¥

ﬂ Current smoking (n=2255)

0.075-
0.050
g
T
=
goosy e ——
0
T T T 1
1.0 1.5 2.0 25 3.0

Risk threshald, %
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|?| Female (n=3324)
0.0754

0.050+

Met benefit

.
1.0 1.5 2.0 25 3_'0
Risk threshold, %
|£| Mo current smoking (n=4022)
0.075+
0.050-
E
5
8
E 0.025+
U s o
1.0 1.5 2.0 2.5 3.0

Risk threshold, %

Study Overview

Brief Summary

The goal of this clinical trial is to evaluate whether an Al tool that alerts providers to
patients at high 6-year risk of lung cancer based on their chest x-ray images will
improve lung cancer screening CT participation. The main question it aims to answer
is: Does the Al tool improve lung cancer screening CT participation at 6 months after
the baseline outpatient visit?

The intervention is an alert to the provider to discuss lung cancer screening CT
eligibility, for patients considered at high risk of lung cancer based on CXR-LC Al tool.
Intervention and non-intervention arms will be compared to determine if lung cancer
screening CT participation increases.

Individuals who are considered high-risk by the tool, but who do not meet the
Medicare/USPSTF pack-year or quit-date lung screening eligibility criteria may be
offered research lung screening CT.

Official Title

Deep Learning Using Routine Chest X-Rays and Electronic Medical Record Data to
|dentify High Risk Patients for Lung Cancer Screening CT

Study Start (Actual) @

2025-05-20

Primary Completion (Estimated) @

20270701

Study Completion (Estimated) @
20270701

Enrollment (Estimated) @

1500

Study Type @
Interventional
Phase @

Not Applicable

Lou et al. Lancet Digit Health 2019;1:e136—e147
https://clinicaltrials.gov/study/NCT05802186



Real World?

Study Overview

Brief Summary

This research study aims to investigate methods for enhancing lung cancer
screening. The study will investigate whether an artificial intelligence (Al) tool, known
as Sybil, can aid in predicting the risk of lung cancer. The investigators will also
examine whether expanding the screening criteria (based on the guidelines of the
Potter and American Cancer Society (ACS)) can help identify individuals at risk who
are not currently included in the U.S. Preventive Services Task Force (USPSTF)
guidelines.

Detailed Description

This is a prospective, non-randomized, multi-cohort implementation study designed
to evaluate the feasibility, acceptability, and outcomes of Sybil Al, an Al-based lung
cancer risk prediction model, in both guideline-eligible and expanded-eligibility
populations undergoing low-dose CT (LDCT) lung cancer screening (LCS). The study
includes two interventional cohorts (Cohorts 1 & 2). Aim 1 of the study is to
prospectively apply Sybil Al risk scores to a cohort that meets the USPSTF lung
screening criteria and the expanded eligibility (Potter & ACS) and evaluate patient
comprehension and acceptability. Aim 2 of the study is to collect and analyze blood-
based biospecimens to identify immunometabolic biomarkers and assess their
integration with Sybil Al and the Brock model for improved risk stratification.

SN U H E RADIOLOGY

Study Start (Actual) @

2026-03-12
Primary Completion (Estimated) @

2028-02

Study Completion (Estimated) @

2038-02
Enroliment (Estimated) @
2500

Study Type @

Interventional

Phase @

Not Applicable

Project description

E
Evaluating strategies in lung cancer screening

Lung cancer (LC) is the main cause of cancer deaths in the EU, claiming 338 000 lives each year The crucial next
method fo prevent a great number of these deaths is low-dose CT (Computer Tomography) screening for lung
cancer. However, its implementation meets several obstacles resulting in limited and slow use while the need is at
perhaps 25 million CT screens annually in Europe, and there are many uncertainties related to the most optimal
and cost-effective strategy to apply. Personalised treatment based on the baseline CT result can reduce LC
mortality and harm associated with screening; it can also significantly reduce costs. The EU-funded 4-IN THE
LUNG RUN project consists of a randomised controlled trial engaging 24 000 individuals aiming to evaluate when
It is safe to increase nisk-based screening intervals after a negative baseline CT. It is a multi-center implementation
trial in 5 countries, with an addifional focus on individual optimal recruitment and smoking cessation strategies, co-
morbidity reducing strategies (like the use of a calcium score for CVD), and biomarkers

Show the project objective

Fields of science (EuroSciVoc) ®

social sciences > sociology > demography > mortality

humanities » history and archaeology > history

natural sciences > chemical sciences > inorganic chemistry > alkaline earth metals

medical and health sciences > clinical medicine > oncology

Project Information

4-IN THE LUNG RUN
Grant agreement ID: 848294
Project website (4

pol @

10.3030/8482394 (4

Project closed
EC signature date
6 December 2019

End date
31 December 2025

Start date
1 January 2020

Funded under
SOCIETAL CHALLENGES - Health, demographic
change and well-being

Total cost ()
€7999948.75

EU contribution (D
€7 999 948,75

Coordinated by
ERASMUS UNIVERSITAIR MEDISCH CENTRUM

ROTTERDAM
Netherlands

https://clinicaltrials.gov/study/NCT07408531
https://cordis.europa.eu/project/id/848294



Real World?

A
CT images
Outcome
::>» Deep profiler
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Fatient cohort Data curation 4 Validation (209%) ¢
Holdout Clinical variables
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v

Classical radiomics
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Study Overview

Brief Summary

This phase Il trial tests the effectiveness and safety of artificial intelligence (Al) to determine dose
recommendation during stereotactic body radiation therapy (SBRT) planning in patients with primary
lung cancer or tumors that has spread from another primary site to the lung (metastatic). SBRT uses
special equipment to position a patient and deliver radiation to tumors with high precision. This method
may kill tumor cells with fewer doses over a shorter period and cause less damage to normal tissue.
Even with the high precision of SBRT, disease persistence or reappearance (local recurrence) can still
occur, which could be attributed to the radiation dose. Al has been used in other areas of healthcare to
automate and improve various aspects of medical science. Because the relationship of dose and local
recurrence indicates that dose prescriptions matter, decision support systems to help guide dose based
on personalized prediction Al algorithms could better assist providers in prescribing the radiation dose
of lung stereotactic body radiation therapy treatment.

Detailed Description

PRIMARY OBJECTIVE:

I. To obtain preliminary evidence of efficacy (reduction in local failure free survival) in patients receiving
SBRT to the lung with personalized artificial intelligence dose guidance (Deep Profiler + iGray).

Study Start (Actual) @

2023-11-20
Primary Completion (Estimated) @

2026-08-01

Study Completion (Estimated) @
2031-08-01

Enrollment (Estimated) @

70

Study Type @

Interventional

Phase @

Not Applicable

Lou et al. Lancet Digit Health 2019;1:e136—e147
https://clinicaltrials.gov/study/NCT05802186
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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)

6 Lee et al. J Pathol Transl Med 2015;49:481-488
SNUH RADIOLOGY 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)

6 Lee et al. J Pathol Transl Med 2015;49:481-488
SNUH RADIOLOGY 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):
e AUCO0.801:31.3%
« AUCO0.9:45.0%

Lee et al. J Pathol Transl Med 2015;49:481-488
6 Felfli et al. Int J Mol Sci 2023;24:11433
SNUH RADIOLOGY 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 21%), 29.1% (TPS 250%)
Expected performance of a predictive model (AUC): 0.85 (TPS 21%), 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:
e Balanced model: 83.5% & 68.5% (TPS 21%), 61.7% & 90.5% (TPS >50%)
* High-sensitivity model: 76.3% & 79.0% (TPS 21%), 51.2% & 94.0% (TPS >50%)
* High-specificity model: 89.7% & 58.0% (TPS 21%), 72.7% & 86.2% (TPS >50%)

6 Kim et al. Tuberc Respir Dis 2020;83:51-60
SNUH RADIOLOGY 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 21%), 29.1% (TPS 250%)
* False-negative rate of biopsy-driven PD-L1 expression test: 15% (TPS 21%), 24% (TPS 250%)
* 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 21%), 0.88 (TPS >50%)
* Re-biopsy yield (using a high-specificity model):
* TPS 21%:56.7%
* TPS 250%: 39.0%
* Number needed to re-biopsy (using a high-specificity model):
e TPS>1%:1.8
* TPS 250%: 2.6

Kim et al. Tuberc Respir Dis 2020;83:51-60
6 Salimi et al. Acad Radiol 2025;32:6913-6928
SNUH RADIOLOGY Zhou et al. Clin Transl Oncol 2026 doi: 10.1007/s12094-026-04420-7 (Online ahead of print)



Al 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

SNUH 6 RADIOLOGY
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