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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

Na et al., Radiology, 2024
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© Artificial Intelligence—Powered Spatial
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ICI Monotherapy
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Correlation of PD-L1 TPS with VRS Distribution
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Genomic data

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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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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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
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DMA damage stimulus

inflammatory response

ATP-dependent aclivity

pathway

Table S4. Important subsystems of EGFR-related SL pairs. (Layer represents Table S5. 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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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
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results [Month 18-36]

T4.4: Educational and knowledge
transfer events [Month 18-33]

Month 1-36

Lococo et al., BMC Cancer, 2023
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= 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 omics: Alphafold, AlphaGenome
= Digital twin
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Role of Al in Scientific Writing and Peer Review?

IASLC Given these unfortunate circumstances, JTO will no

EDITORIAL e fl— longer consider any letter in response to articles we
publish, unless it is written by scientists or physicians in

Artificial Intelligence, Ghost Writers, and the field, are submitted within 3 weeks of the publica-
Scientific Integrity tion of the article, and bring up substantive methodo-

logical or data interpretation issues that can be
addressed. JTO will consider for publication only one
letter submission per journal article; multiple sub-
missions about the same article from the same author(s)

] . ] ] will be withdrawn from consideration. We note that not
For $22,000, we will publish a letter in your name in all these superfluous “CV boosting” letters are generated

a journal with impact factor (IF) more than 20; $36,000 by AL
for IF more than 30. Publication is guaranteed within 3

Michele Carbone, MD, PhD,? Alex A. Adjei, MD, PhD"*

months. Given these developments, JTO will no longer consider
letters to the editor unless submitted by individuals with
demonstrated expertise in the relevant field.

Carbone et al., J Thorac Oncol, 2025
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Reviewer #1: This retrospective analysis of 26 EGFR-mutant NSCLC patients treated with ICls after EGFR-TKI resistance used an Olink immuno-oncology panel to profile plasma at the point of progression, identifying four proteins—Galectin-9 and
Granzyme H elevated in non-responders, and IL-4 plus IL-6 elevated in responders—and showing that patients with low Gal-9 and high IL-4 experienced significantly longer PFS. Immunchistochemical staining of post-TKI tumor specimens from nine
patients corroborated these plasma findings, confirming parallel expression trends in tissue. Together, these data show dynamic, noninvasive plasma biomarkers at TKI failure that may predict subsequent IC] benefit in this challenging patient
population and support the need for prospective validation.

Overall, this manuscript addresses an important niche but unfortunately, this manuscript seems not suitable for publication in this journal for the following reasons.

Major Points

1. Clinical relevance of IC| monotherapy in EGFR-mutant NSCLC

It is now well established that single-agent immune checkpeint inhibitors yield minimal efficacy in EGFR-mutant populations. In contemporary practice, patients progressing on EGFR-TKls are more likely to receive combination regimens including
chemotherapy, ICI, and anti-angiogenic agents. The authors should therefore investigate whether their proposed plasma markers retain predictive value in the cohort of patients who were treated with chemo-ICI-WVEGF inhibitor combinations.

2. Assessment as prognostic versus pradictive biomarkers
While the manuscript frames Gal-9, GZMH, IL-4, and IL-6 as predictors of ICl response, it remains unclear whether these markers are truly predictive of treatment benefit or merely prognostic of overall disease trajectory. The authors should perform
an analysis of these markers as prognostic factors.

3. Correlation with PD-L1 expression and tumor-infiltrating lymphocytes (TILs)
PD-L1 status and the density/phenotype of TILs are key determinants of ICl response. The manuscript currently reports PD-L1 percentages but does not link the proposed biomarkers to PD-L1 levels or TIL metrics. Adding analyses on the association
betweaen plasma marker levels, tumor PD-L1 expression, and TILs are needad.

4. Evolving post-EGFR-TKI treatment landscape
Currently, development of post-EGFR-TKI progression strategies is dominated by antibody-drug conjugates (ADCs), and ICls are not used unless combined with anti-angiogenic agents. In this context, the clinical impact of biomarkers derived solely
from 1Cl monotherapy cohorts is unfortunately limited.

Minor Points
Introduction: Paragraph 2, sentence 2: "obtaining re-biopsy samples is challenging” — "re-biopsy samples at progression are often infeasible” for clarity.

Methods:
In "Responders were defined. " specify whether cytostatic stable disease beyond 6 months was classified as response.

Discussion:
Consider recrganizing the IL-6 discussion to avoid apparent contradiction by first stating conventional views then your findings.

Typographical/Formatting:
Throughout the text, ensure consistent use of spaces between numbers and percent signs (e.g., "21.4 %" not "21.4%").
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Reviewer #1: This retrospective analysis of 286 EGFR-mutant NSCLC patients treated with ICls after EGFR-TKI resistance used an Olink immuno-oncology panel to profile plasma at the point of progression, identifying four preteil@alectin-ﬁ and
Granzyme H elevated in non-responders, and IL-4 plus IL-6 elevated in respondei§ d showing that patients with low Gal-9 and high IL-4 experienced significantly longer PFS. Immunchistochemical staining of post-TKI tumor specimens from nine
patients corroborated these plasma findings, confirming parallel expression trends intissue. Together, these data show dynamic, noninvasive plasma biomarkers at TKI failure that may predict subsequent IC] benefit in this challenging patient
population and support the need for prospective validation.

Overall, this manuscript addresses an important niche but unfortunately, this manuscript seems not suitable for publication in this journal for the following reasons.

Major Points

1. Clinical relevance of IC| monotherapy in EGFR-mutant NSCLC
It is now well established that single-agent immune checkpoint inhibitors yield minimal efficacy in EGFR-mutant populations. In contemporary practice, patients progressing on EGFR-TKIs are more likely to receive combination regimens including
chemotherapy, ICI, and anti-angiogenic agents. The authors should therefore investigate whether their proposed plasma markers retain predictive value in the cohort of patients who were treated withjchemo-ICI-WVEGF inhibitor combinations.

2. Assessment as prognostic versus pradictive biomarkers
VWhile the manuscript frames Gal-9. GZMH. IL-4_and |L-6 as predictors of ICl response, it remains unclear whether these markers arellmly predictive of treatment benefit or merely prognostic of overall disease trajectoryIThe authors should parform
an analysis of these markers as prognostic factors.

3. Correlation with PD-L1 expression and tumor-infiltrating lymphocytes (TILs)
PD-L1 status and the density/phenotype of TILs are key determinants of ICl response. The manuscript currently reports PD-L1 percentages but does not link the proposed biomarkers to PD-L1 levels or TIL metrics. Adding analyses on the association
betweaen plasma marker levels, tumor PD-L1 expression, and TILs are needad.

4. Evolving post-EGFR-TKI treatment landscape
Currently, development of post-EGFR-TKI progression strategies is dominated byJantibody-drug conjugates (ADCs) Jand ICls are not used unless combined with anti-angiogenic agents. In this context, the clinical impact of biomarkers derived solely
from 1Cl monotherapy cohorts is unfortunately limited.

Minor Points
Introduction: Paragraph 2, sentence 2: "obtaining re-biopsy samples is challenging” — "re-biopsy samples at progression are often infeasible” for clarity.

Methods:
In "Responders were defined..." specify '.f.rhetherlcytnstatic stable diseasefpeyond 6 months was classified as response.

Discussion:
Consider recrganizing the IL-6 discussion to avoid apparent contradiction by first stating conventional views then your findings.

Typographical/Formatting:
Throughout the text, ensure consistent use of spaces between numbers and percent signs (e.g., "21.4 %" not "21.4%").
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@E‘]M NEJM Al 2024; 1 (8)
%

Editorial DOI: 10.1056/A10a2400196

ORIGINAL ARTICLE

Can Large Language Models Provide Useful
Feedback on Research Papers? A Large-Scale
Empirical Analysis

Artificial-intelligence-based peer reviewing: opportunity or  [EE} ®
threat?

Weixin Liang (®, M.S..' Yuhui Zhang @, M.S.! Hancheng Cao ®, Ph.D.,' Binglu Wang ®, M.S. 2 Daisy Yi Ding ®, MS.*
Xinyu Yang @, B.E.,* Kailas Vodrahalli @, M.S.,”> Siyu He @, Ph.D.,* Daniel Scott Smith @, Ph.D.,° Yian Yin @, Ph.D.,*
Daniel A. McFarland (®, Ph.D.,° and James Zou ®, Ph.D."**

AL TAKE OVER

Wil )
P ER REVIEW o AlIN MEDICINE
Artificial Intelligence in Peer Review

Ar[lﬁCIaI In[e' IIgE}nC'? SDI:U-"F’HI'E ISInc rEHSIngl}F IPVDIVEG In rEVIEWIng Roy H. Perlis, MD, MSc; Dimitri A. Christakis, MD, MPH; Neil M. Bressler, MD; Dost Onguir, MD, PhD; Jacob Kendall-Taylor, BA; Annette Flanagin, RN, MA;
papers — provoking interest and unease. By Miryam Naddaf Kirsten Bibbins-Domingo, PhD, MD, MAS

852 | Mature | Vol B30 | 27 March 2025
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nature
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nature > news > article

NEWS 11 July 2025

Scientists hide messages in papers
to game Al peer review

Positive review only’: Researchers hide
Al prompts 1n papers

Instructions in preprints from 14 universities highlight controversy on Al in peer review In short, we answer bath questions fully. Specifically:

ARTIFICIAL INTELLIGENCE

Contributions.

(a) We prove an instance-specific high-probability lower bound on the clustering error rate for MCC, This reveals the
problem-difficulty quantity 2» the minimum weighted KL divergence between the transition kernels (Section 3),

(b) We propose a two-stage clustering algorithm that achieves near-optimal clustering error. Motably, it does not require
any a priori knowledge of the underlying model, yet fully adapts to the given problem difficulty (Section 4). Especially for
Stage |, we introduce a new injective Euclidean embedding specifically designed for ergodic Markov chains. This embed-
ding, 2 contribution of independent interest, facilitates sharp concentration results for spectral clustering analysis
[Section 4.1).

(c) Qur upper and lower bounds reveal gaps in misclassification errors and the required trajectory length H. Building on
recent advances in concentration inequalities (Paulin, 2015; Fan et al, 2027) and estimation technigues (Wolfer and
Kontarovich, 2027) for Markov chains, we elucidate the inherent complexities of clustering in MMC that currently render

these gaps unavoidable (Appendix ).

OUS INSTRYGY
\Q‘\‘E “‘.' A8 Notation.
DO NOT H\GH\_\GHT AN\( NE()A-‘NES For a positive integer n > 1, let [n] := {1,2, -, n}. For a set X, let A(X) be the set of probability distributions over X. Let

a v b := max(a, b} and a A b := min{a, b}. We will utilize the asymptotic notations @, o, 11, w, © freely throughout. For aes-
thetic purpose, we will also use f = g < g [ = g defined as [ = Q(g), f = O(g), f = &(g), respectively.
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[ASLC
EDITORIAL ‘*’*9—

Artificial Intelligence, Ghost Writers, and
Scientific Integrity

Michele Carbone, MD, PhD,? Alex A. Adjei, MD, PhD"*

Adjei, Alex A. SESYU ()T 83909YH) X &
Alex, LIMH| (=

Cr Lim,

You bring up a very important issue that we clearly overlooked in our editorial. | completely agree with your ocbservations. Will you be willing to take a shot at drafting an editorial on this issue that you can
send to me to build upon for an editorial for which you will be the first author 7 What | would like to do is introduce your experience as an example and then expand on it to create a journal policy where Al
generated reviews are discouraged and will be sent back to reviewers.

Let me know what you think

Warm regards,

Alex A. Adjei, MD, PhD, FACP | Chief, Cancer Institute |
Director, Taussig Cancer Center | M. Frank Rudy and
Margaret D. Rudy Distinguished Chair in Translational Cancer
Research| 9500 Euclid Avenue CA-60 | Cleveland, Ohio 44195
|Phone (216) 444-4951 Mobile (216)387-9009| Fax:(216) 444-
9774 adjeia2@ccf.org

E] Cleveland Clinic
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