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Prognostic Impact of Minimal Pleural Effusion in
Non-Small-Cell Lung Cancer

Jeong-Seon Ryw, Hyo Jin Ryu, Si-Nae Lee, Azra Memon, Seul-Ki Lee, Hae-Seong Nam, Hyun-Jung Kim,
Kyung-Hee Lee, Jae-Hwa Cho, and Seung-Sik Hwang
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Minimal Pleural Effusion
in Small Cell Lung Cancer:
Proportion, Mechanisms, and
Prognostic Effect’

Purpose:

Materials and
Methods:
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To determine the [requency and investigate possible
mechanisms and prognostic relevance of minimal (<10-
mm thickness) pleural effusion in patients with small cell
lung cancer (SCLC).

The single-center retrospective study was approved by the
institutional review board of the hospital, and informed
consent was waived by the patients. A cohort of 360 con-
secutive patients diagnosed with SCLC by using histologic
analysis was enrolled in this study. Based on the status
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Model pretraining in pTanyNanyM0 non-small cell lung cancers (n=1756)

3D CT tumor patch Clinical information

Age

Pretrained model output 2. Sex
. Solid portion size on CT scans
m E m m 4. Consolidation-to-tumor ratio

Cumulative survival prediction

2-, 4-, 6-year risk score

Model validation in an independent segmentectomy test set
(clinical stage IA non-small cell lung cancers; n=222)

Study outcomes Analytic methods
Freedom-from recurrence 1. Prognostic discrimination
Lung cancer-specific survival || 2. Clinical utility
Overall survival A. Benchmarking to the trial eligibility criteria
B. Subgroup analyses in the randomized
clinical trial-eligible patients
3. Multivariable Cox regression analysis
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© Artificial Intelligence—Powered Spatial

= Analysis of Tumor-Infiltrating Lymphocytes as

Complementary Biomarker for Inmune
Checkpoint Inhibition in Non-Small-Cell
Lung Cancer

Sehhoon Park, MD, PhD?; Chan-Young Ock, MD, PhD?; Hyojin Kim, MD, PhD?; Sergio Pereira, PhD?; Seonwook Park, PhD?;

Minuk Ma, MS?; Sangjoon Choi, MD*; Seckhwi Kim, MD, PhD%; Seunghwan Shin, MD?; Brian Jaehong Aum, PhD?;

Kyunghyun Paeng, MS?; Donggeun Yoo, PhD?; Hongui Cha, PhD!; Sunyoung Park, PhD'; Koung Jin Suh, MD®; Hyun Ae Jung, MD, PhD?;
Se Hyun Kim, MD, PhD®; Yu Jung Kim, MD, PhD®; Jong-Mu Sun, MD, PhD?; Jin-Haeng Chung, MD, PhD?; Jin Seok Ahn, MD, PhD!;
Myung-Ju Ahn, MD, PhD?!; Jong Seok Lee, MD, PhD®; Keunchil Park, MD, PhD?; Sang Yong Song, MD, PhD*; Yung-Jue Bang, MD, PhD’;
Yoon-La Choi, MD, PhD*; Tony S. Mok, MD2; and Se-Hoon Lee, MD, PhD!-°

Q
)

['E’U[i

sy1odor

Park et al., J Clin Oncol, 2022



Clinical Research: Pathology

&

Cancer Cancer

epithelium stroma infiltrating
lymphocyte
Whole-slide images Ground-truth annotation Deep learning-based Lunit SCOPE 10
in randomly selected grids Al model training D E
B 1.0 |
= g
[ Al model development | |  External validation | i o yd
<Al training> <Al validation> TCGA LUAD/LUSC .E‘ g . //
SMC /—_\ SMC ‘ Pathologic Genome E %‘ 7
— e validation correlates QCJ i q:, 0.4 P
(n=110) (n =923) %] Internal validation AUROC | ¢? External validation AUROC
iSpecimen \___/ iSpecimen 0.2 CE 0.9715 0.2 - CE 0.9539
» SMC lung IO outcome P CS 0.9503 CS 0.9871
Lot = Iokgoneliden N (n = 299) o TIL 09252 e TIL 09591
Cureline 9 2 0.0 1 0.0
2.8 x 10" um” CE/CS area annotated SNUBH lung 10 outcome ; ' ’ ; ’ ’ ’ ; ’ ’ ’ v
6.0 x 10° TIL annotated (n =219) 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Specificity Specificity

Park et al., J Clin Oncol, 2022



Clinical Research: Pathology
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Genomic data

Cell

Genomic characterization of metastatic patterns
from prospective clinical sequencing of 25,000
patients
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Limitations of the study

Our study has several limitations. First, while the overall cohort is
large, sample size varied significantly between tumor types, which
prevented us from drawing robust conclusions inless common tu-
mor types. Therefore, the lack of significant differences in those
tumor types might be due to a lack of statistical power and should
be interpreted with caution. Also, our definition of tumor types
could be further refined in some cases, to account, for example,
for different predominant histologic subtypes in lung adenocarci-
nomas (Caso et al., 2020). This might provide additional valuable
insights but would also result in decreased sample sizes and lower
statistical power for those refined groups. Second, the ICD billing
codes used in our study likely do not fully capture all metastatic
events and may be affected by inter-physician variability. Future
improvements to the clinical data extraction process could
come from the use of natural-language processing and machine
learning approaches, which will be required to mine the wealth
of data contained in EHR systems at scale| Third, because of
our use of a targeted sequencing panel, we may be missing bio-
logically or clinically relevant signals that could be discovered
using alternative approaches such as whole-exome or whole-
genome sequencing. Finally, all analyses presented here have
been performed using a single representative sample for eachpa-
tient. In the future, longitudinal sampling of multiple anatomical lo-
cations at different time points from the same patient will allow us
to investigate additional questions about the timing of genomic
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SpaGCN: Integrating gene expression, spatial
location and histology to identify spatial domains
and spatially variable genes by graph
convolutional network

Researchbriefing

STAligner
enablesthe
integration
and alignment
of multiple
spatial trans-
criptomics
datasets

The problem

Spatial transcriptomics (ST) technologies

ways asureg f
sion and corresponding spatial coordi
nates In tissues, Compared with single-
slice ST data analysis for deciphering
spatlal heterogenelty', Integrative analysls
of multiple ST datasets can provide more
comprehensive characterizations of struc
tures that share the same spatial pattern
of gene expression’. However, integrating
and comparing spatial data across differ-
entconditions, technologies, and develop-
mental stages is challenging, as the batch
effectsacross different datasets may mask
the actual biological signals and hamper
dataintegration. Although a variety of

s exis

SpaGCN

® Check for updates

be further evaluated by 2-dimensional
visualization.

Weapplied STAligner tovarious ST
datasets, Including human cortical slices
from different samples, mouse olfactory
bulbslices generated using two profiling
technologies, mouse hippocampus tissue
slices from normal mice and an Alzheimer’s
disease model, and spatiotemporal atlases
of mouse organogenesis (Fig. 1b). STA
ligner effectively captures shared tissue
structures across distinctslices, identifies
disease-related substructures, and tracks
dynamic changes of the tissue structures
during mouse embryonic development.
Moreover, the shared spatial domains
and nearest nelghbor pairs pinpointed by
STAligner canbe employed as correspond
f

o

STAligner
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Spatial charting of single-cell transcriptomes in
tissues
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Table 1] List of supervised machine learning methods for SL prediction

Model & Ref. Year Description

SLEMFY 2018  SL®MF uses logistic matrix factorization to learn gene representations, which are then used to identify potential SL interactions. The authors
design animportance weighting scheme to distinguish known and unknown SL pairs and combine PPl and GO information for the prediction.

GRSMF* 2019 GRSMF is a method based on graph regularized self-representation matrix factorization (MF). It learns self-representation from known SL
interactions and further integrates GO information to predict potential SL interactions.

CMFW* 2020 CMFW is a collective matrix factorization-based method that integrates multiple heterogeneous data sources for SL prediction.

DDGCN™ 2020 DDGCN is the first graph neural network (GNN)-based method for SL prediction. It uses graph convolutional network (GCN) and known SL
interaction matrix as features. The authors use coarse-grained node dropout and fine-grained edge dropout to address the issue of overfitting
of GCNs on sparse graphs.

GCATSL™ 2021 GCATSL proposes a graph contextualized attention network to learn gene representations for SL prediction. The authors use data of GO and
PPl to generate a set of feature graphs as model inputs and introduce attention mechanisms at the node and feature levels to capture the
influence of neighbors and learn gene expression from different feature graphs.

SLMGAE™ 2021 SLMGAE is a method for predicting SL interactions by leveraging a multi-view graph autoencoder. The authors incorporate data from PPl and
GO as supporting views, while utilizing the SL graph as the main view, and apply a graph autoencoder (GAE) to reconstruct these views.

MGE4SL™ 2021  MGEA4SL is a method based on Multi-Graph Ensemble (MGE) to integrate biological knowledge from PPl, GO, and Pathway. It combines the
embeddings of features with different neural networks.

KG4sL™ 2021 KG4SLis a novel model based on graphical neural networks (GNN), and the first method that utilizes knowledge graph (KG) for SL prediction.
The integration of KG helps the model obtain more information.

PTGNN* 2021  PTGNN is a pre-training method based on graph neural networks that can integrate various data sources and leverage the features obtained
from graph-based reconstruction tasks to initialize models for downstream link prediction tasks.

PiLSL" 2022 PiLSL is a graph neural network (GNN)-based method that predicts SL by learning the representation of pairwise interaction between
two genes.

NSF4SL* 2022 NSF4SL is a contrastive learning-based model for SL prediction that eliminates the need for negative samples. It frames the SL prediction task
as a gene ranking problem and utilizes two interacting neural network branches to learn representations of SL-related genes, thereby
capturing the characteristics of positive SL samples.

SLGNN"® 2023 SLGNNis a knowledge graph neural networks-based method for synthetic lethality prediction that models gene preferences in distinct

relationships in a knowledge graph, providing better interpretability.

Feng et al., Nat Commun, 2024
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The Framework of KDDSL Develop Combination Therapies based on KDDSL: BP-level and gene-level induced SL
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Rank  Layeri Layer2 Layer3 Rank Layer1 Layer2 Layer3
1 MNeutrophil degranulation Peptidyl-l{.rrcl;ine F'Dsilive_regulatiu-n of gene 1 Regulation of Mitotic DNA damage Intracellular protein
- _ _ expression _ neurctransmitter levels | checkpoint signaling transport
2 Pasitive rggqratru_n of Cholesterol metabolic Neggtwe regulalmﬁ of 2 Chemical synaptic Synaphc sianalng Supramolecular fiber
phosphatidylinositol 3- | process multicellular organismal 1 | izati
kinase signaling process bl il . _ organization
3 MNucleobase-containing  Megative regulation of cell  Regulation of transcription 3 Regulation of regulated  DNA biosynthetic process Negative reg'-l_lat":’n of
small malecule metabolic population proliferation by RMA polymerase |1 EEEFET':_W pathway _ o gene expression N
process 4 Exocytic process Requlation of transcription by Cellular protein-containing
4 Bone development Leukocyte degranulation Positive regulation of FMNA polymerase || complex assembly
transcription, DNA- 5 Signal release |Double-5trand break repair| Positive regulation of gene
_ _ _ _ - templated expression
5 Reg ulallc:.n of signal Cytokine-mediated signaling Cellu!ar response to 6 Regulation of signal Histone maodification Regulation of cell growth
transduction by p53 class pathway cytokine stimulus transduction by p53 class
mediator .
[ MNegative regulation of Alcohol biosynthetic process Peplidyl-amine acid rsnedlatc-r — Positi lati i cell Anatomical
epidermal growth factor madification 7 ynapse organization ositive regulation of ce natomical structure
receptor signaling projection organization homeostasis
athway B Axon guidance negative regulation of G1/5  Negative regulation of
7 Cholesterol biosynthetic | Skin development Regulation of cell growth transition of mitotic cell cycle multicellular organismal
[OCess process
gg;snfgf;:’;ﬁ? RNA metabolic process signal transduction by | | DNA damage stimulus morphogenesis
. . ) . 53« diat
g Megative regulation of MF- Protein-DMNA complex Regulation of muscle Eesuftiﬁﬁsinm;ellla or "
kappaB transcription assembly system process arest g cydl
factor activity
10 Lamellipodium assembly Regulation of responseto  Regulation of 10 Positive regulation of Cytokine-mediated signaling Organelle localization

DMA damage stimulus

inflammatory response

ATP-dependent aclivity

pathway

Table 54. Important subsystems of EGFR-related SL pairs. (Layer represents Table 85. Important subsystems of mTOR-related SL pairs.

the position where the subsystems located in the neural network. As the laver
number increases, subsystems in this layer tend to be relatively broader)

Wang et al., J Adv Res, 2024
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Crystal structure of AL747-E749 EGFR TKD

Despite significant efforts, we were unable to crystallize any of the
activated exon 19 EGFR TKD variants listed in Fig. 1b. We did suc-
ceed in determining a 3 A crystal structure of the AL747-E749 var-
iant, however (PDB ID 7TVD, see Supplementary Fig. 4 and Table 2).
This variant was indistinguishable in kinetic assays from wild type
(Table 1), unexpectedly failing to show elevated kinase activity. The
AL747-E749 variant crystallized in the same space group as the wild
type EGFR TKD**°, and formed the same asymmetric dimer
reported to stabilize the active kinase conformation in crystals of
other EGFR TKDs. As shown in Fig. 3¢, d, the only discernible dif-
ferences between the wild type TKD and AL747-E749 are a short-
ening of strand B3 (from its C-terminal end) and loss of the first turn
of helix aC. These changes result from deletion of the three residues
(L747,R748, and E749: orange in Fig. 3d) from the beginning of the
B3/aC loop. Truncation of both 3 and aC is necessary to allow the
shortened (5-residue) B3/aC loop in the AL747-E749 variant still to
connect these two secondary structure elements, aided by a slight
displacement of aC towards the ATP-binding site compared with its
position in dimers of wild type, L858R or other variants with acti-
vating mutations (green arrow in Fig. 3c¢). The predicted salt bridge
between E762 in aC and K745 in strand B3, required to stabilize ATP
interactions of the latter in the active TKD, is precisely maintained in
AL747-E749 (Supplementary Fig. 4). The AL747-E749 TKD structure
also shows that a 3-residue deletion from the B3/aC loop can be
tolerated without major disruption. AlphaFold2*—based predic-
tions performed using ColabFold* suggested that longer deletions
in profile 2 variants (notably AS752-1759) further truncate aC from
its amino-terminus to allow the loop still to reach between the 3
and aC secondary structure elements (Supplementary Fig. 5). This
likely leads to more profound distortion and/or alterations in aC
position and interactions—consistent with our failure to crystallize
such exon 19 variants. The profile 1 variants have less truncated aC
helices.

Rosenburgh et al., Nat Commun, 2022
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(Table 1), unexpectedly failing to show elevated kinase activity. The
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other EGFR TKDs. As shown in Fig. 3¢, d, the only discernible dif-
ferences between the wild type TKD and AL747-E749 are a short-
ening of strand B3 (from its C-terminal end) and loss of the first turn
of helix aC. These changes result from deletion of the three residues
(L747,R748, and E749: orange in Fig. 3d) from the beginning of the
B3/aC loop. Truncation of both 3 and aC is necessary to allow the
shortened (5-residue) B3/aC loop in the AL747-E749 variant still to
connect these two secondary structure elements, aided by a slight
displacement of aC towards the ATP-binding site compared with its
position in dimers of wild type, L858R or other variants with acti-
vating mutations (green arrow in Fig. 3c¢). The predicted salt bridge
between E762 in aC and K745 in strand B3, required to stabilize ATP
interactions of the latter in the active TKD, is precisely maintained in
AL747-E749 (Supplementary Fig. 4). The AL747-E749 TKD structure
also shows that a 3-residue deletion from the B3/aC loop can be
tolerated without major disruption. AlphaFold2*—based predic-
tions performed using ColabFold* suggested that longer deletions
in profile 2 variants (notably AS752-1759) further truncate aC from
its amino-terminus to allow the loop still to reach between the 3
and aC secondary structure elements (Supplementary Fig. 5). This
likely leads to more profound distortion and/or alterations in aC
position and interactions—consistent with our failure to crystallize
such exon 19 variants. The profile 1 variants have less truncated aC
helices.
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AlphaFold

cO () AlphaFold2.ipynb
oY 4% 2Y Ny Y =7 Saw

w— |+ 3E 4 HAE Drive2 SA

v ColabFold v1.5.5: AlphaFold2 using MMsegs?2

Easy to use protein structure and complex prediction using AlphaFold2 and Alphafold2-multimer. Sequence
alignments/templates are generated through MMseqs2 and HHsearch. For more details, see bottom of the
o notebook, checkout the ColabFold GitHub and Nature Protocols.

0ld versions: v1.4, v1.5.1, v1.5.2, v1.5.3-patch

Mirdita M, Schiitze K, Moriwaki Y, Heo L, Ovchinnikov S, Steinegger M. ColabFold: Making_protein folding
accessible to all. Nature Methods, 2022




AlphaFold

cO () AlphaFold2.ipynb

I +¥ £7 Yy Y =7 E8¥

+ 3E + HAE Drive2 SAt

v ColabFold v1.5.5: AlphaFold2 using MMsegs?2

Easy to use protein structure and complex prediction using AlphaFold2 and Alphafold2-multimer. Sequence
alignments/templates are generated through MMseqs2 and HHsearch. For more details, see bottom of the
notebook, checkout the ColabFold GitHub and Nature Protocols.

0ld versions: v1.4, v1.5.1, v1.5.2, v1.5.3-patch

Mirdita M, Schiitze K, Moriwaki Y, Heo L, Ovchinnikov S, Steinegger M. ColabFold: Making_protein folding
accessible to all. Nature Methods, 2022

National Center for Biotechnology Information

National Library of Medicine

Protein B

Advanced

FASTA « Send to:

surface glycoprotein [Severe acute respiratory syndrome coronavirus 2]

NCBI Reference Sequence: YP_009724390.1
GenPept I|dentical Proteins ~ Graphics

»P_009724390.1 surface glycoprotein [Severe acute respiratory syndrome coronavirus 2]
MFYFLYLLPLYSSUCYHLT TRTALPPAY THSFTRGYYYPDEY FRSSYLHST UDLFLPFFSHY TWFHA | HY
SETHGTKRFONPYLPFNDGYYFASTERSN | | RGW I FGTTLOSKTOSLL | YNNATHYY | kY CEFOFCHOPF
LGYYYHKNNESWMESEFRYY SSANNCTFEYY SOPFLMDLEGK QGNFENLREFYFKN | DGYFK Y SKHTPI
HLYROLPUGFSALEPLYDLPIGIN | TRFATLLALHRSYLTPGDSSSGHT AGAAAYYYGYLIOPRTFLLEYN
ENGT | TDAYDCALDPLSETKCTLKSFTYEKG I YUTSHFRYOPTES I YRFPH | THLCPFGEYFHATREASY
YAWHRKR | SHCY ADY SYLYNSASFSTFRCYGY SPTRLWDLCF THYYADSFY | RGDEYRQ | APGOTGK | 4D
YHYKLPOOFTGCY | A WNSHHLDSKYGENYNYLY FLFRESHLKPFERD | STE | YAGSTPCNGYEGFHCYF
PLOSYGFUPTHGYGY OPYRYYY LSFELLHAPAT YCGPKESTHLY KNKCYNFNFNGLT GT GYLTESNKKFL
PFULFGRD I ADTTOAYROPOTLE LD | TRCSFGGYSY | TRGTHTSHEY AYLYODYNCTEY PYA | HADULT
PTWRYY STGSMYFUTRAGEL | GAEHYHNSYECD | P I GAG] CASYUTUTHSPRRARSYASDS | | AYTHELG
AENSYAYSHHSI A IPTHFT I SYTTEILPYSHMTETSYDCTHY | CGOSTECSHLLLOYGSFCTULHRALTGI
AYEQDKNTREVFARYKQ I YKTPP 1 KDFGGFNFSE I LPDPSKPSKRSF | EDLLFNKVTLADAGE | KEY GDC
LGDT AARDL | CALKFNGLTYLPPLLTDEM | ALY TSALLAGT | TSGHTFGEAGAALE I PFAMIMAYRFNG] G
YTUHYLYENDRL | AHOFNSA | GK | QDSLSSTASALGRLODYY HONALALNT LYKOLSSHFGA | SSYLNDI
LSRLDKYEAEWLI DRLI TGRLASLATYYTUUL I RAAE T RASANLAATKMSECYLGUSKRY DFCGKGYHLM
SFPOSAPHGYYFLHY TYWPADEKNFTTARA | CHOGKAHFPREGYFY SNGTHWFYTLURNFYEPQ I TTONT
FYSGNCOVY | GIWHNTYYDPLOPELDSFREELDEYFKNHT SPDYDLGD| S5 1 NASWYH [ QKE | DRLNEY A
KMLNESL | DLOELGKYEDY | KWPWY | WLGF I AGLIA IWMYT | MLCCMT SCCSCLKGCCSCRSCCKFDEDD
SERVLEGYELRYT




AlphaFold

cO () AlphaFold2.ipynb

I +¥ £7 Yy Y =7 E8¥

+ 3E + HAE Drive2 SAt

v ColabFold v1.5.5: AlphaFold2 using MMsegs?2

Easy to use protein structure and complex prediction using AlphaFold2 and Alphafold2-multimer. Sequence
alignments/templates are generated through MMseqs2 and HHsearch. For more details, see bottom of the
notebook, checkout the ColabFold GitHub and Nature Protocols.

0ld versions: v1.4, v1.5.1, v1.5.2, v1.5.3-patch

Mirdita M, Schiitze K, Moriwaki Y, Heo L, Ovchinnikov S, Steinegger M. ColabFold: Making_protein folding
accessible to all. Nature Methods, 2022

National Center for Biotechnology Information

National Library of Medicine

Protein B

Advanced

FASTA « Send to:

surface glycoprotein [Severe acute respiratory syndrome coronavirus 2]

NCBI Reference Sequence: YP_009724390.1
GenPept I|dentical Proteins ~ Graphics

»P_009724390.1 surface glycoprotein [Severe acute respiratory syndrome coronavirus 2]
MFYFLYLLPLYSSUCYHLT TRTALPPAY THSFTRGYYYPDEY FRSSYLHST UDLFLPFFSHY TWFHA | HY
SETHGTKRFONPYLPFNDGYYFASTERSN | | RGW I FGTTLOSKTOSLL | YNNATHYY | kY CEFOFCHOPF
LGYYYHKNNESWMESEFRYY SSANNCTFEYY SOPFLMDLEGK QGNFENLREFYFKN | DGYFK Y SKHTPI
HLYROLPUGFSALEPLYDLPIGIN | TRFATLLALHRSYLTPGDSSSGHT AGAAAYYYGYLIOPRTFLLEYN
ENGT | TDAYDCALDPLSETKCTLKSFTYEKG I YUTSHFRYOPTES I YRFPH | THLCPFGEYFHATREASY
YAWHRKR | SHCY ADY SYLYNSASFSTFRCYGY SPTRLWDLCF THYYADSFY | RGDEYRQ | APGOTGK | 4D
YHYKLPOOFTGCY | A WNSHHLDSKYGENYNYLY FLFRESHLKPFERD | STE | YAGSTPCNGYEGFHCYF
PLOSYGFUPTHGYGY OPYRYYY LSFELLHAPAT YCGPKESTHLY KNKCYNFNFNGLT GT GYLTESNKKFL
PFULFGRD I ADTTOAYROPOTLE LD | TRCSFGGYSY | TRGTHTSHEY AYLYODYNCTEY PYA | HADULT
PTWRYY STGSMYFUTRAGEL | GAEHYHNSYECD | P I GAG] CASYUTUTHSPRRARSYASDS | | AYTHELG
AENSYAYSHHSI A IPTHFT I SYTTEILPYSHMTETSYDCTHY | CGOSTECSHLLLOYGSFCTULHRALTGI
AYEQDKNTREVFARYKQ I YKTPP 1 KDFGGFNFSE I LPDPSKPSKRSF | EDLLFNKVTLADAGE | KEY GDC
LGDT AARDL | CALKFNGLTYLPPLLTDEM | ALY TSALLAGT | TSGHTFGEAGAALE I PFAMIMAYRFNG] G
YTUHYLYENDRL | AHOFNSA | GK | QDSLSSTASALGRLODYY HONALALNT LYKOLSSHFGA | SSYLNDI
LSRLDKYEAEWLI DRLI TGRLASLATYYTUUL I RAAE T RASANLAATKMSECYLGUSKRY DFCGKGYHLM
SFPOSAPHGYYFLHY TYWPADEKNFTTARA | CHOGKAHFPREGYFY SNGTHWFYTLURNFYEPQ I TTONT
FYSGNCOVY | GIWHNTYYDPLOPELDSFREELDEYFKNHT SPDYDLGD| S5 1 NASWYH [ QKE | DRLNEY A
KMLNESL | DLOELGKYEDY | KWPWY | WLGF I AGLIA IWMYT | MLCCMT SCCSCLKGCCSCRSCCKFDEDD
SERVLEGYELRYT




Digital t

REALWORLD PATIENT

The patient and the tumor from which
Data are

A "\
B) &5

Clinical assessments

2Cted in marny ways.

.
e Imaging Lab tests

VVUQ —-=p “

"
Verification, validation, <
and uncertainty quantification s‘
As the patient and tumor are : ;-p.\; mere
constantly evolving and the ‘;
dataco change -
over time, VV

Kertainty quantification \ ¢
Blosersors

o be addressed for all "
ts of the digjtal twin,

including the patient’s data,

ng and smulation, and 4
-

Human and digital
twin interaction

d predictions
the
1 make

ision making

7 Utilizing the simulat
] and related uncerta
clinician and patien
informed clinical-ds

i also the clinical
nts, which affect the data

the digital tvn

DIGITALTWIN

slons

of the patient and tumor with
LEI".V.IT.\Y.% from the real worl

e AR
o D" 03’ B
o8 o o
oa Y- oy \
5 D A ) :c b
o'u o 4 ic“oo o ‘;, ~
- - o
9 :
005"0 # o "Z,t, 2P 2
% | B g &y
- = =y ¥ ,
a e
. ’
2
QU()
Modeling . '
Simulations & predictions

fidelities

’V[TY'WIHP ara o]
i tied and =

and resolutions




Digital twin

Genome Proteome

Transcriptome Metabolome

— Health

PREDICTIONS Care

Spatial Scale Time Scale




Digital twin

p

- N8 e X e B o e A B B e R A e iy B P SF e SRl —
- ~ "

\
= / » \
& I f \>‘ '
S ; D |
2 [
o : !
S 1 Modeling & I
s Diagnosis & I simulation |

|
treatment |
49 % 5. AT : ? .
ot 3 WEEATE 9 I
oA = L : ® |
g‘w%ﬁ-}ffgn b i 4 0 . :
Environmental Connections Optimal treatment . Early interve.ntion &1
& social u strategy prevention :
I
I
EX R : |
~‘;'?. = 1 . '
Yl ' | = |
| e = I . |
ey o B ) I
= | = | |
a. —r 2% 08 . ; Virtual I
9 Multi-omics Patient reported " Health trajectory clinical trials I
3 \ prediction I
- . o \ - . !
2 Physical Entity Digital Twin /
b N ,/
~ B e e e T e e e e e e i -
Birth Death >

Katsoulakis et al., npj Digit Med, 2024



Personalized
o Medicine 2
Wellness Clinical Trials
Management Digital Twins Biomarker
Design & Care and Drug
Coordination fOf Health Discovery
Surgical Bio _
Planning manufacturing
\ /
Device Design

Katsoulakis et al., npj Digit Med, 2024




Digital twin

Check for
Updates

Lung cancer multi-omics digital human
avatars for integrating precision medicine into
clinical practice: the LANTERN study

Filippo Lococo™ ™, Luca Boldrini™**, Charles-Davies Diepriye®, Jessica Evangelista'?, Camilla Nero'#, Sara Flamini?,
Angelo Minucc'?, Elisa De Paolis™®, Emanuele Vita", Alfredo Cesario'#?, Salvatore Annunziata®'®,

Maria Lucia Calcagni"'®, Marco Chiappetta', Alessandra Cancellieri’'!, Anna Rita Larici'?, Giuseppe Cicchetti™'?,
Esther G.C. Troost'*1%1>1617 Réza Adany'® Niria Farré'®, Ece Ozturk?’, Dominique Van Doorne?, Fausto Leoncini’#,
Andrea Urbani"®?*, Rocco Trisolini"?, Emilio Bria', Alessandro Giordano''°, Guido Rindi""", Evis Sala™'?,

Giampaolo Tortora'”, Vincenzo Valentini'?, Stefania Boccia'?*, Stefano Margaritora'#* and Giovanni Scambia'#f

DEMOGRAPHICS AND
PHYSIOLOGY

INTERNET OF
THINGS

CLINICAL DATA

(Medical history, clinic-functional data,
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immunology and treatment information)

WP1

Omics data collection

T1.1: Ethical Protocol preparation
and approval in all the
recruiting centres

[1%t Month]

T1.2: Clinical study

implementation [Month 2-30]

...
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RADIOMICS AND | (-
QUANTITATIVE
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G|
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Omics data archiving and
inter-actionability

T2.1: Data Archiving QA
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WP3

Omics data modelling, Digital
Human avatar (DHA) creation
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identification and selection:
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15-26]

Task 3.3. Predictive model and DHA
validation [Month 21-32]
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WP4

DHA Implementationin
healthcare

Coordinating Team: AdPEE
supporting Teams: DEB, FPG

T4.1: Stakeholder engagement,
with particular reference to
Patients Involvement
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T4.2: ELSI and HTA assessment
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Digital twin




= Hallmarks of Al in Lung cancer research
= Pattern recognition
= Sensitivity to subtle changes

= Application of Al into Lung cancer research
= Clinical research: Radiomics, Pathologic data
= Multiomics data: Spatial transcriptomics
= Discovery of treatment target: Synthetic lethality
= Prediction of protein structure: Alphafold
= Digital twin
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