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ABSTRACT
Purpose  This study evaluated the dynamic changes in 
the tumor microenvironment (TME) in patients with non-
small cell lung cancer (NSCLC) and acquired resistance to 
epidermal growth factor receptor (EGFR)-tyrosine kinase 
inhibitors (TKIs) using an artificial intelligence (AI)-powered 
spatial TME analyzer. We then assessed the predictive 
efficacy of immune-checkpoint inhibitors (ICIs)-based 
treatment.
Experimental design  An AI-powered whole-slide image 
analyzer was used to segment cancer areas (CAs) and 
cancer stroma and to identify tumor-infiltrating lymphocytes 
(TILs), tertiary lymphoid structures, fibroblasts, and 
endothelial cells (ECs) in the tumor tissue. We analyzed 143 
NSCLC samples after resistance to EGFR-TKIs from two 
cohorts: (1) 89 patients treated with ICI monotherapy and 
(2) 54 patients from the ATTLAS phase III trial comparing 
atezolizumab plus bevacizumab, paclitaxel, and carboplatin 
(ABCP) versus pemetrexed plus carboplatin.
Results  Post-TKI samples showed reduced TILs in the 
CA (p=0.045) and increased ECs in the CA (p=0.005) 
compared with pre-TKI samples. These changes differed 
according to EGFR mutation subtype. Higher TILs in CA 
were associated with a better overall response rate (ORR) 
and progression-free survival (PFS). Similarly, higher EC 
levels in CA correlated with improved ORR and PFS. In the 
ATTLAS cohort, these factors were associated with clinical 
benefits from ABCP, with a significant association with TILs 
and a marginal association with ECs.
Conclusion  Our findings suggest that EGFR-TKIs affect 
the immune landscape of patients with EGFR-mutated 
NSCLC. Higher TILs or ECs in the CA were significantly 
associated with a favorable response to subsequent ICI-
based treatment.
Trial registration number  NCT03991403.

INTRODUCTION
Epidermal growth factor receptor 
(EGFR) mutations represent a major 

molecular subtype of non-small cell lung 
cancer (NSCLC), accounting for approxi-
mately 40%–60% of cases in South-East Asian 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Epidermal growth factor receptor (EGFR)-mutant 
non-small cell lung cancer (NSCLC) is generally 
unresponsive to immune-checkpoint inhibitors due 
to an immune-cold tumor microenvironment (TME).

	⇒ While EGFR-tyrosine kinase inhibitor (TKI) resistance 
may induce TME changes, spatial remodeling and 
its impact on ICI efficacy remain unclear.

	⇒ Artificial intelligence (AI)-based spatial analysis has 
shown potential in predicting immunotherapy out-
comes but has not been applied in this setting.

WHAT THIS STUDY ADDS
	⇒ Using an AI-powered spatial analyzer, this study as-
sessed paired pre-TKI and post-TKI samples from 
patients with EGFR-mutant NSCLC.

	⇒ Post-TKI samples exhibited decreased intratumoral 
tumor-infiltrating lymphocytes (TILs) and increased 
endothelial cells (ECs), with distinct patterns based 
on EGFR mutation subtype.

	⇒ Higher TIL or EC levels after TKI resistance were as-
sociated with better response and progression-free 
survival to ICI-based therapies.

	⇒ AI-derived features correlated well with transcrip-
tomic data, supporting their biological and clinical 
relevance.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ This approach enables non-invasive, scalable TME 
profiling from H&E slides.

	⇒ Spatial biomarkers may guide immunotherapy deci-
sions in EGFR-TKI-resistant NSCLC.

	⇒ Incorporating EC metrics may enhance predictive 
accuracy beyond TILs alone.
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populations and 10%–20% of Caucasians.1 EGFR tyro-
sine kinase inhibitors (TKIs)-based treatments serve as 
the standard first-line treatment for NSCLC harboring 
EGFR mutations, owing to their remarkable efficacy.2–6 
However, nearly all patients eventually develop acquired 
resistance to TKIs, leaving platinum-based chemotherapy 
as the standard second-line option, despite its limited 
benefits. This highlights the urgent need for novel strate-
gies to improve outcomes after the development of resis-
tance to EGFR-TKIs.

Immune checkpoint inhibitors (ICIs) have demon-
strated significant survival benefits in patients with 
NSCLC without driver mutations.7–9 However, EGFR-
mutant NSCLC has consistently shown limited respon-
siveness to ICIs, largely because of the immune-cold 
tumor microenvironment (TME).10 11 Moreover, combi-
nation therapies of ICIs with platinum-doublet chemo-
therapy have failed to show statistically significant clinical 
benefits compared with platinum-doublets alone in this 
population.12 13 Despite these challenges, some studies 
have reported remarkable responses to ICI monotherapy 
in specific subsets of patients.14 Additionally, recent phase 
III randomized clinical trials (ATTLAS) have shown 
that adding atezolizumab and bevacizumab to chemo-
therapy improves the median progression-free survival 
(PFS) compared with chemotherapy alone in patients 
with EGFR-TKIs resistance.15 These findings underscore 
the need for predictive biomarkers to identify patients 
who are most likely to benefit from ICIs monotherapy or 
combination treatment with ICIs after developing resis-
tance to EGFR-TKIs.

Emerging evidence suggests that significant changes 
occur in the TME after resistance to EGFR-TKIs14 
develops, which may affect the efficacy of ICIs. The spatial 
heterogeneity of tumor-infiltrating lymphocytes (TILs), 
tertiary lymphoid structures (TLS), cancer-associated 
fibroblasts (CAFs), as well as angiogenic signals are key 
factors influencing treatment outcomes.16–19 However, 
quantifying the spatial distribution of these TME constit-
uents (ie, their localization within tumor vs stromal areas) 
is challenging. Additionally, limitations arise in assessing 
the spatial distribution on H&E whole-slide images (WSIs) 
owing to interobserver variability.20 21

To address these challenges, we previously demon-
strated the clinical utility of an artificial intelligence 
(AI)-powered spatial TIL analyzer (Lunit SCOPE IO, 
Lunit, Seoul, South Korea) applied to H&E WSIs to 
classify immune phenotypes (IPs) as inflamed, immune-
excluded, or immune-desert based on the spatial distri-
bution of TILs, showing its ability to stratify patients with 
distinct survival outcomes across multiple cancer types, 
including NSCLC.22–24 In addition, AI-based quantifica-
tion of other TME components—including TLSs, endo-
thelial cells (ECs), and fibroblasts (Fibs)—has also shown 
promise in identifying novel prognostic and predictive 
biomarkers.25–27

In the present study, we aimed to evaluate four major 
objectives: first, using our previously published AI-powered 

IP (AI-IP) analyzer based on TIL spatial distribution, we 
sought to assess dynamic changes in IPs before and after 
EGFR-TKI resistance. Second, we aimed to introduce an 
extended version of our AI-powered TME analyzer that 
integrates TIL-based classification and spatial features of 
TLSs, ECs, and Fibs and evaluated its robustness through 
validation with spatial transcriptomics and bulk RNA 
sequencing data. Third, we applied an AI-powered TME 
analyzer to H&E-stained slides from paired pre-TKI and 
post-TKI tumor samples of patients with EGFR-mutant 
NSCLC to investigate dynamic changes in the composi-
tion and spatial distribution of TME constituents. Fourth, 
we evaluated the predictive value of post-TKI TME profiles 
for response to ICI monotherapy or combination therapy 
using data from a real-world clinical cohort and a post 
hoc analysis of the ATTLAS randomized trial.15

MATERIALS AND METHODS
Patients and materials
Patients’ data and pathological slides were collected from 
Samsung Medical Center. Key eligibility criteria included 
pathologically confirmed NSCLC and the presence of 
EGFR mutations identified by molecular testing, radio-
logic disease progression after EGFR tyrosine kinase 
inhibitor (TKI) treatment, and subsequent treatment 
with ICI-based therapy following EGFR-TKI resistance. 
Patients were excluded if archival tissue or patholog-
ical slides obtained after EGFR-TKI treatment were not 
available.

Immune phenotyping using AI-powered TIL analyzer
We first applied our previously developed AI-IP analyzer,24 28 
which classifies tumors into inflamed, immune-excluded, 
or immune-desert categories according to the spatial 
distribution of TILs. The WSIs are divided into tiles of 0.5 
mm×0.5 mm each. Tiles classified as having an inflamed 
IP were defined by an intratumoral TIL (iTIL) density 
≥130/mm². The immune-excluded IP was characterized 
by an iTIL density <130/mm² combined with a stromal 
TIL (sTIL) density ≥260/mm², whereas the immune-
desert IP was assigned when both iTIL and sTIL densities 
were below these thresholds.

The distribution of phenotypes across the tiles was 
analyzed to determine the slide-level IP for a specific WSI. 
A WSI was classified as inflamed IP if ≥33.3% of the tiles 
exhibited the inflamed IP within the WSI. If ≥33.3% of 
the tiles showed the immune-excluded IP and the propor-
tion of inflamed IP tiles was <33.3%, the WSI was catego-
rized as immune-excluded IP. In cases where neither of 
these conditions was met, the WSI was designated as an 
immune-desert IP.

AI-powered TME analyzer using WSI
To extend beyond TIL-based phenotyping, we further 
applied an expanded version of the AI-powered TME 
analyzer. The AI-powered H&E WSI analysis tool, Lunit 
SCOPE IO (Lunit), was developed using data from >26 
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tumor types, including NSCLC. The analyzer is based on 
a multilevel deep learning architecture described by Ryu 
et al.29 Detailed information for the model is described in 
online supplemental methods and online supplemental 
tables 1 and 2.

Validation of AI-powered cell type predictions using spatial 
transcriptomics
For more objective evaluation, we validated cell type 
prediction by the AI model, by demonstrating that the 
AI-predicted cell types exhibit differential gene expres-
sion of well-characterized cell type markers. A paired H&E 
image and Xenium spatial transcriptomic dataset from a 
lung adenocarcinoma case (https://www.10xgenomics.​
com/datasets/preview-data-ffpe-human-lung-cancer-​
with-xenium-multimodal-cell-segmentation-1-standard)30 
was used (a panel of 377 tumor-related and TME-related 
genes). The Xenium analysis pipeline provided xy cell 
coordinates with cell-level transcript quantification. We 
matched Xenium-detected cells with Lunit SCOPE IO-de-
tected cells by identifying the reciprocally nearest pairs 
based on physical distance, with a median and mean 
distance of <2 μm.

We identified gene markers for each cell type inferred 
from the model through differential gene expression 
analysis. For example, for each of the 377 genes, we 
calculated the fraction of model-predicted ECs with tran-
script detection (Ntranscript>0) and compared it against 
the detection fraction across all other cells. The statis-
tical significance of differential enrichment was assessed 
using Fisher’s exact test. To address the imbalance in cell 
type populations within the slide, bootstrap sampling was 
performed by selecting a set of 1000 ECs and another set 
of 1000 cells from all other classes. The enrichment statis-
tics were computed and averaged across 100 independent 
bootstrap samples. This analysis was repeated for tumor 
cells, TILs, and Fibs.

The biological relevance of the identified gene markers 
in the model-inferred cell types was assessed using bulk 
RNA sequencing (RNA-seq) data of relevant cells from 
the Encyclopedia of DNA Elements consortium portal (​
encodeproject.​org).31 The cell samples included lung 
microvascular ECs, Calu-3 lung adenocarcinoma cells, 
activated T-cells, and lung Fibs. We averaged the tran-
scripts per million values from experimental replicates. 
The gene quantification files used for this analysis were 
accessed by searching for the following accession IDs 
in the portal: ENCFF506QCN/ENCFF953GWT (lung 
ECs), ENCFF472SUX/ENCFF425ABP (lung adenocarci-
noma cells), ENCFF952MIY/ENCFF532XCI (lung Fibs), 
and ENCFF810MOY/ENCFF090JUO (activated T cells; 
online supplemental figure S1).

Programmed death-ligand 1 immunohistochemistry
Programmed death-ligand 1 (PD-L1) IHC was 
performed using the PD-L1 IHC 22C3 PharmDx assay 
and Dako Autostainer Link 48 (Dako, California, USA) 

according to the manufacturer’s instructions. PD-L1 
expression was determined using tumor proportion 
score (TPS).

Bulk RNA sequencing
RNA extraction and sequencing
Tumor tissues obtained from patients with NSCLC were 
dissected at 20–40 mg and homogenized 3–4 times for 
15 s at 30 Hz using a Tissue Lyser II (Qiagen, Hilden, 
Germany). RNA was extracted using an RNeasy Mini 
Kit (Qiagen) according to the standard tissue RNA 
extraction protocol. Total RNA concentration was calcu-
lated using Quant-IT RiboGreen (R11490; Invitrogen, 
Waltham, Massachusetts, USA). To assess the integrity of 
total RNA, the samples were evaluated using a TapeSta-
tion RNA screentape (5067–5576, Agilent, Santa Clara, 
California, USA). Only high-quality RNA preparations 
(RNA integrity >7.0) were used for the library construc-
tion. Total RNA was subjected to rRNA depletion using 
a Ribo-Zero Gold rRNA Removal Kit (MRZG12324, Illu-
mina, San Diego, California, USA). Subsequently, 2 μL 
of a 100-fold diluted external RNA controls consortium 
(ERCC) Mix2 solution of the ERCC RNA Spike-In Mix 
(4456740, Ambion, Austin, Texas, USA) was added. An 
RNA-seq library was prepared using the TruSeq RNA 
Sample Prep Kit (Illumina). The libraries were then 
subjected to an Illumina HiSeq2000 platform (Illumina), 
and paired-end (2×100 bp) sequencing was performed by 
Macrogen (Seoul, South Korea).

RNA-seq data preprocessing
RNA-seq datasets were processed using the STAR-RSEM 
workflow executed via the nf-core/RNA-seq pipeline 
(V.3.14.0) in Nextflow31 under default parameter settings. 
All analyses were conducted on an Ubuntu V.18.04.6 
operating system, with containerized environments 
managed through Docker to ensure reproducibility. 
Raw sequencing reads were trimmed using TrimGalore 
(V.0.6.5) to remove adapter sequences and low-quality 
bases. The cleaned reads were aligned with the human 
reference genome (hg38) using the STAR software 
(V.2.7.10a). Gene-level quantification was performed 
using RSEM (V.1.3.1) with reference to the GENCODE 
V.46 annotation. Following completion of the pipe-
line, quality-control metrics, including alignment rates, 
duplication rates, and read distribution across genomic 
features, were reviewed using MultiQC (V.1.19) and 
RSeQC (V.5.0.2).

RNA-seq data analysis
Gene-level quantification was normalized using the 
trimmed mean of M-values method, and low-abundance 
genes were excluded to improve the robustness of down-
stream analyses. To account for potential batch effects, 
the remove batch effect function of the Limma package 
(V.3.58.1)32 was applied.
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Correlation analysis between RNA-seq data and Luni-derived 
variables
TME subtype was classified according to the method 
described by Bagaev et al.16 Single-sample gene set 
enrichment analysis (ssGSEA) was performed using the 
GSVA33 package (V.1.50.5) to calculate the pathway-level 
activity scores for individual samples. Predefined gene 
sets were curated from various sources to assess specific 
biological features. The following gene sets were derived 
from the Molecular Signatures Database34: angiogenesis, 
vascular endothelial growth factor (VEGF) signaling, 
antigen presentation, and B-cell receptor signaling. 
Additional gene sets included interferon-gamma 
(IFNG),35 cytolytic activity,36 immunologic constant of 
rejection signature,37 T-cells, B-cells,38 CAFs,16 and TLS 
signatures 1,19 2,39 and 3.40 Spearman’s rank correlation 
coefficients were calculated to explore the relation-
ship between ssGSEA-derived pathway activity scores 
and Lunit-derived variables. In addition, the relation-
ship between TME subtypes derived from RNA-seq data 
using the method described by Bagaev et al16 and Lunit 
IP types was analyzed.

Statistical analysis
The normality of continuous variables was assessed using 
the Shapiro-Wilk test. For paired comparisons, appro-
priate statistical tests were applied based on data distri-
bution. Paired t-tests were used for normally distributed 
data, whereas Wilcoxon signed-rank tests were used for 
non-normally distributed data. Categorical variables were 
compared using the χ2 test or Fisher’s exact test. Overall 
survival (OS) was defined as the time from the start of 
antiprogrammed cell death protein 1 (PD-1)/PD-L1 
therapy or enrollment in the ATLLAS trial to the date 
of death from any cause or the last follow-up. PFS was 
defined as the time from the initiation of anti-PD-1/L1 
therapy or enrollment in the ATLLAS trial to the date of 
disease progression, as determined using RECIST V.1.1. 
The Kaplan-Meier method was used to estimate survival 
outcomes, which were compared between groups using 
the log-rank test. Univariable and multivariable analyses 
for PFS and OS were performed using Cox proportional 
hazard models, with variables showing a univariable p 
value ≤0.1 entered into the multivariable models. Inter-
actions between TME phenotypes and key baseline clin-
icopathological characteristics were analyzed using a 
stratified Cox proportional hazards model. Cut-off values 
for spatial features such as TILs, ECs, TLSs, and Fibs were 
identified using maximally selected rank statistics imple-
mented in the ‘maxstat’ R package,41 based on their asso-
ciation with survival outcomes. These thresholds were 
then used to stratify patients into high and low groups. A 
p value of <0.05 was considered statistically significant. All 
statistical analyses were performed using the R software 
(V.4.3.2; R Foundation for Statistical Computing, Vienna, 
Austria).

RESULTS
Patients and study design
We initially screened patients who underwent ICI therapy 
after acquiring resistance to EGFR-TKIs between October 
2015 and July 2022 at the Samsung Medical Center, Seoul, 
Korea. In addition, we conducted a post hoc analysis of 
patients in the ATTLAS trial,15 who had H&E-stained tissue 
sample slides after acquiring resistance to EGFR-TKI. In 
total, 157 NSCLC patient samples were available for analysis. 
Among them, 143 patients were eligible for the current anal-
ysis after excluding 14 patient samples that did not meet the 
tissue quality criteria for the AI-powered WSI analysis. Among 
these, 89 patients (62.2%) had paired tumor tissue samples 
prior to treatment with EGFR-TKIs. A total of 89 patients were 
treated with ICI monotherapy after resistance to EGFR-TKIs 
developed and 54 patients were enrolled in the ATTLAS 
clinical trials; 36 patients were treated with atezolizumab plus 
bevacizumab, paclitaxel, and carboplatin (ABCP); and 18 
patients were treated with pemetrexed plus carboplatin (PC) 
(figure 1A).

Using Lunit SCOPE IO (Lunit), we initially conducted 
AI-IP analysis,22–24 classifying pre-TKI and post-TKI samples 
into inflamed, immune-excluded, or immune-desert pheno-
types based on TIL spatial distribution. We then evaluated 
how EGFR-TKI treatment affected the changes in these 
IPs and whether these changes could effectively predict 
prognosis following subsequent ICI-based monotherapy or 
combination therapy. Furthermore, using an AI-powered 
TME analyzer, we conducted a detailed comparison of key 
components, including TILs, TLSs, ECs, and Fibs, to assess 
the dynamic changes following TKI treatment and their 
potential roles in predicting the efficacy of ICI-based therapy.

For biological validation, we further analyzed the H&E 
slides from the public Xenium spatial transcriptomics dataset 
(10x Genomics, Pleasanton, California, USA) using an 
AI-powered TME analyzer to compare the distribution and 
characteristics of ECs, Fibs, TILs, and tumor cells, and vali-
dated the findings with spatial transcriptomic data. In addi-
tion, we compared the AI-powered TME analyzer inference 
results with bulk RNA-seq data from 42 samples (10 pre-TKI 
and 32 post-TKI samples from our cohort).

Landscape of AI-IP analysis
The Lunit SCOPE IO model is an AI-IP analyzer that classifies 
IP based on spatial TIL distribution and density. To perform 
spatial analysis of TILs distribution within WSI of various sizes, 
each WSI was divided into 0.5 mm×0.5 mm tiles, with the IP 
of each tile classified based on the following criteria: tile-level 
inflamed IP, if the TIL density within the total cancer area 
(CA) in the tile is ≥130/mm2 (in which CA refers to cancer 
epithelium or, in the case of nonepithelial tumors, the non-
stromal tumor cells); tile-level immune-excluded IP, if the 
TIL density within the total CA is <130/mm2 and that within 
the total cancer stroma (CS) is >260/mm2; and tile-level 
immune-desert IP, if the TIL densities are below threshold 
in both the CA and CS within the tile. The overall WSI-level 
inflamed score, immune-excluded score, and immune-
desert scores were calculated by dividing the number of tiles 
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Figure 1  The scheme of AI-powered TME analyzer and the workflow of the current study. (A) Study flow diagram. 
(B) Landscape of AI-IP analysis. (C) Representative images of TME analyzer. (D) Alluvial plot presenting the comparison of the 
AI-IP and RNA expression-based TME subtype. (E) Proportional bar plot showing PD-L1 expression tumor proportion scores, 
according to immune phenotype. ABCP, atezolizumab plus bevacizumab, paclitaxel, and carboplatin; AI, artificial intelligence; 
AI-IP, artificial intelligence-powered immune-phenotype; CA, cancer area; CP, carboplatin plus paclitaxel; CS, cancer stroma; 
EGFR, epidermal growth factor receptor; IDP, immune-desert immune phenotype; IEP, immune-excluded immune phenotype; 
IIP, inflamed immune phenotype; PD-L1, programmed death-ligand 1; TIL, tumor-infiltrating lymphocyte; TKI, tyrosine kinase 
inhibitor; TME, tumor microenvironment; TPS, tumor proportion score.



6 Bang YH, et al. J Immunother Cancer 2025;13:e012374. doi:10.1136/jitc-2025-012374

Open access�

with the respective phenotypes by the total number of tiles 
analyzed (figure 1B). The representative IP for each WSI was 
as follows: inflamed when the inflamed score was ≥33.3%, 
immune-excluded when the immune-excluded score was 
≥33.3% and the inflamed score was <33.3%, and immune-
desert otherwise (figure 1B,C).

We further analyzed RNA-seq results from samples collected 
pre-TKI and post-TKI to evaluate the robustness of the AI-IP 
analysis. When comparing previously defined transcriptomic-
based TME subtypes,16 half of the inflamed AI-IP were 
immune-enriched subtypes (5/10, 50.0%), whereas most 
of the patients with immune-excluded AI-IP and immune-
desert AI-IP were classified as fibrotic or immune-enriched 
and fibrotic subtypes (6/12, 50.0%) and as depleted subtypes 
(11/20, 55.0%), respectively (figure 1D). The proportion of 
patients with PD-L1 TPS ≥50% was not significantly different 
based on the AI-IP (32.9% vs 13.9% vs 35.7%, p=0.292) 
(figure 1E).

Validation of AI-based cell type predictions by AI-powered 
TME analysis using spatial transcriptomics
We validated the WSI-based AI cell-type prediction by quan-
tifying cell-specific gene expression levels in each of the 
AI-predicted cell types using a paired dataset of H&E WSI 
and Xenium spatial transcriptomic in lung adenocarcinoma 
(figure  2A–F). We mapped spatial transcriptomic-detected 
transcripts (from 377 genes in the Xenium panel of tumors 
and TME-related genes) to AI-predicted cell coordinates in 
the WSI (figure  2A,B). Through differential gene expres-
sion analysis, we identified canonical marker genes for each 
AI-predicted cell type: ECs (eg, VWF and PECAM1),42 43 TILs 
(eg, CD3E), Fibs (eg, ACTA2 and COL5A2),44 45 and tumor 
cells (EPCAM; figure  2C–F). In addition, other identified 
gene markers were also assessed through bulk RNA-seq data 
of relevant cells from the ENCODE consortium portal (​enco-
deproject.​org31; online supplemental figure S1).

Correlation between TILs, Fibs, ECs, and TLSs inferred by Lunit 
SCOPE IO and bulk transcriptomics data
We further conducted a correlation analysis between the 
AI-powered segmentation results of TILs, TLS, ECs, and 
Fibs and RNA-seq derived scores in the combined pre-TKI 
and post-TKI samples (figure  2G–H). TILs on CA were 
significantly positively correlated with the IFNG signature 
(‍ρ‍=0.498, p<0.001), and ECs on CA with the angiogenesis 
signature (‍ρ‍=0.315, p=0.042), but not VEGF signatures (‍ρ
‍=0.183, p=0.710). Fibs across CA and CS were associated with 
the cancer-associated fibroblast signature (‍ρ‍=0.581, p<0.001), 
and TLS area per CA correlated with the TLS signature 3 (‍ρ
‍=0.439, p=0.003), respectively.

Patient characteristics
Baseline characteristics are summarized in table 1 and 
online supplemental table 3. The median age of patients 
treated with ICI or enrolled in the ATLLAS trial was 
64 (range 32–93) years. Of the patients, 69 were male 
(48.3%) and 85 had never smoked (table  1). Among 
the patients who underwent ICI monotherapy, most 

patients underwent platinum-based treatment prior to 
ICIs, and approximately half of the patients underwent 
ICIs as third-line treatment (n=49, 55.1%; table  1). 
More than half of the patients (n=55, 61.8%) showed 
exon 19 deletion (19del) mutation, and 32 patients 
had L858R mutation (n=32, 55.6%) when they received 
first-line EGFR-TKI. Approximately half of the patients 
(n=64, 44.7%) acquired T790M mutation after first-line 
EGFR-TKI treatment (online supplemental table 3 and 
figure 3A). The median duration of EGFR-TKI was 12.7 
months (range 4.8–71.8 months).

Dynamic changes of the TME after acquired resistance to 
EGFR-TKI
We compared the TPS of the 32 patients with the avail-
able pre-TKI and post-TKI TPS data. The TPS was 
increased after EGFR-TKI (figure 3B), showing patients 
with a TPS ≥50% increased from seven (21.9%) to 14 
(43.8%) after EGFR-TKI (figure  3C). Among the 89 
patients with paired pre-TKI and post-TKI pathological 
samples, IP of pre-TKI biopsy exhibited inflamed in 10 
(11.2%), immune-excluded in 26 (29.2%), and immune-
desert in 53 (59.6%). Among the 10 inflamed IP, three 
patients (30.0%) remained with inflamed IP, two of 26 
with immune-excluded IP (7.6%), and eight of 53 with 
immune-desert IP (15.1%) changed to inflamed IP after 
EGFR-TKI (figure 3D).

We further compared the TILs on CA, TLS per CA, 
ECs on CA, and Fibs across CA and CS before and 
after TKI treatment. Interestingly, while no significant 
differences were found in TLS per CA (p=0.884) and 
Fibs on CA (p=0.819), TILs on CA were significantly 
decreased (p=0.045), whereas ECs on CA were signifi-
cantly elevated after resistance to EGFR-TKI treatment 
(p=0.006; figure 3E).

Notably, no significant differences in TILs on CA or 
ECs on CA were observed among the EGFR mutation 
subtypes or post-TKI T790M status in the pretreatment 
samples (online supplemental figure S2A), and the 
change patterns of the TME varied according to the 
EGFR mutation subtype and the presence of acquired 
T790M mutation after EGFR-TKI treatment (figure 4). 
In patients with the L858R mutation, there was a 
significant increase in ECs on CA (p=0.009), whereas 
TILs on CA were generally maintained without a 
notable reduction (p=0.625). In contrast, patients 
with 19del (p=0.045) or acquired T790M mutations 
exhibited a reduction in TILs on CA (p=0.033), 
whereas no significant difference was observed in ECs 
on CA (p=0.221 and p=0.097, respectively), compared 
with others (figure  4). Comparative analysis between 
post-TKI samples indicated significantly higher ECs 
(p=0.009) and TILs (p=0.023) in the CA in L858R than 
in patients with 19del (online supplemental figure 
S2B). Furthermore, among post-TKI samples, T790M-
positive tumors demonstrated significantly lower TILs 
compared with T790M-negative tumors (p<0.001), 

https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
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Figure 2  Transcriptomic characteristics of TME assessed by AI-powered spatial analysis. (A–B) Representative figure 
showing the spatial distribution of AI-powered inferred cells and their matched Xenium points from spatial transcriptomics 
data. Comparison between cell inference based on an AI-powered TME analyzer (upper panel) and gene expression data 
from spatial transcriptomics (lower panel; Xenium, 10x Genomics). Spatial transcriptomic data were downloaded from the 10x 
Genomics website (https://www.10xgenomics.com/datasets/preview-data-ffpe-human-lung-cancer-with-xenium-multimodal-
cell-segmentation-1-standard). (C–F) Volcano plots showing DEGs in the spatial transcriptomic data matched with AI-predicted 
cell types from H&E slides for tumor cells (C), lymphocytes (D), ECs (E), and Fibs (F). A paired H&E image and Xenium spatial 
transcriptomic dataset from a lung adenocarcinoma case were used, focusing on a panel of 377 tumor-related and TME-
related genes. The X-axis represents the change in the cell fraction with transcript detection relative to other cell types. The 
cell fraction was defined as the fraction of AI-predicted cell types that expressed specific genes. The Y-axis represents the −
log10(p value) calculated using Fisher’s exact test. (G) Correlation heatmap of the transcriptomics-based score and AI-powered 
TME analysis. (H) Scatter plots showing the correlation between transcriptomics-based scores and the AI-powered TME. AI, 
artificial intelligence; CA, cancer area; CAF, cancer-associated fibroblast; CS, cancer stroma; DEG, differentially expressed gene; 
EC, endothelial cell; Fib, fibroblast; ICR, immunological constant of rejection; TIL, tumor-infiltrating lymphocyte; TME, tumor 
microenvironment; TLS, tertiary lymphoid structure; VEGF, vascular endothelial growth factor.

https://www.10xgenomics.com/datasets/preview-data-ffpe-human-lung-cancer-with-xenium
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with marginally lower ECs on cancer in T790M-positive 
tumors (p=0.054) (online supplemental figure S2B).

Efficacy outcomes after acquired resistance for EGFR-TKI 
according to the AI-powered TME subgroups
With a median follow-up duration of 45.9 months, inflamed 
IP after TKI showed higher overall response (38.5% vs 9.9%, 
p=0.006) and better PFS (4.8 vs 1.8 months, HR 0.48 (95% 
CI 0.26 to 0.90), p=0.019) to ICI mono-treatment than other 

IPs (figure 5A), while there was no significant difference in 
the PD-L1 expression level (online supplemental figure S3 
and online supplemental figure S4). In the ATLLAS cohort, 
no significant differences were observed between the ABCP 
and PC groups based on inflamed IP or non-inflamed IP 
(p=0.190; online supplemental figure S5).

We further evaluated the potential roles of TILs in CA, 
ECs in CA, fibers in CA plus CS, and the TLS area per CA. 

Table 1  Baseline characteristics

Total
(n=143)

Patients treated with ICI 
monotherapy
(n=89)

Patients enrolled in the ATTLAS 
clinical trial
(n=54)

Age ≥65 years 57 (39.9%) 33 (37.1%) 24 (44.4%)

Sex

 � Male 69 (48.3%) 43 (48.3%) 26 (48.1%)

 � Female 74 (51.7%) 46 (51.7%) 28 (51.9%)

ECOG

 � 0 12 (8.4%) 5 (5.6%) 7 (13.0%)

 � 1 126 (88.1%) 79 (88.8%) 47 (87.0%)

 � 2 5 (3.5%) 5 (5.6%) 0 (0.0%)

Smoking history

 � Never smoker 85 (59.4%) 54 (60.7%) 31 (57.4%)

 � Ex-smoker 42 (29.4%) 26 (29.2%) 16 (29.6%)

 � Current-smoker 16 (11.2%) 9 (10.1%) 7 (13.0%)

EGFR mutation status

 � L858R 50 (35.0%) 29 (32.6%) 21 (38.9%)

 � 19del 91 (63.6%) 59 (66.3%) 32 (59.3%)

 � Others 2 (1.4%) 1 (1.1%) 1 (1.9%)

Acquired T790M mutation

 � Positive 64 (44.8%) 34 (38.2%) 30 (55.6%)

 � Negative 79 (55.2%) 55 (61.8%) 24 (44.4%)

First EGFR-TKI

 � Gefitinib 52 (36.4%) 23 (25.8%) 29 (53.7%)

 � Erlotinib 14 (9.8%) 13 (14.6%) 1 (1.9%)

 � Afatinib 74 (51.7%) 53 (59.6%) 21 (38.9%)

 � Osimertinib 1 (0.7%) 0 (0.0%) 1 (1.9%)

 � Lazertinib 2 (1.4%) 0 (0.0%) 2 (3.7%)

Exposure to platinum prior to ICI 82 (92.1%)

ICI regimen

 � Atezolizumab 48 (53.9%)

 � Pembrolizumab 35 (39.3%)

 � Nivolumab 5 (5.6%)

 � Durvalumab 1 (1.1%)

ICI treatment line

 � 2 7 (7.9%)

 � 3 49 (55.1%)

 � ≥4 33 (37.1%)

The data are presented as numbers (%).
19del, exon 19 deletion; ECOG, Eastern Cooperative Oncology Group; EGFR, epidermal growth factor receptor; ICI, immune-checkpoint inhibitor; 
TKI, tyrosine-kinase inhibitor.

https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
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Figure 3  Dynamic change of TME after acquired resistance to EGFR-TKI. (A) Overall landscape assessed by AI-IP analysis. 
(B) Dynamic change of PD-L1 expression after resistance to EGFR-TKI. (C) Alluvial plot presenting the change of PD-L1 
expression after resistance to EGFR TKI. (D) Alluvial plot presenting the change of AI-IPs comparing pre-EGFR-TKI and post-
EGFR-TKI treatment samples. (E) Dynamic change of AI-powered TME analysis in patients after resistance to EGFR-TKI. 
ABCP, atezolizumab plus bevacizumab, paclitaxel, and carboplatin; AI, artificial intelligence; CA, cancer area; CP, carboplatin 
plus paclitaxel; CS, cancer stroma; EC, endothelial cell; EGFR, epidermal growth factor receptor; Fibs, fibroblasts; TIL, tumor-
infiltrating lymphocyte; TKI, tyrosine kinase inhibitor; TLS, tertiary lymphoid structure; TPS, tumor proportion score.
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Interestingly, among the patients treated with ICIs mono-
therapy, patients with higher TILs in CA demonstrated 
superior overall response rate (ORR, 41.7% vs 9.7%, 
p=0.003) and PFS (4.9 vs 1.8 months, HR 0.41 (95% CI 
0.21 to 0.79), p=0.006; figure 5B,C). Similarly, higher EC 
levels in CA correlated with better ORR (19.3% vs 3.7%, 
p<0.01) and PFS (2.0 vs 1.4 months, HR 0.44 (95% CI 
0.28 to 0.71), p<0.001; figure 5B,C). In contrast, patients 
with higher Fibs in CA and CS exhibited inferior PFS (1.8 
vs 2.0 months, HR 1.68 (95% CI 1.05 to 2.68), p=0.026; 
figure  5C). Similar trends were observed in the multi-
variable analysis (online supplemental table 4). In the 
ATTLAS trial cohort, these factors were associated with 
clinical benefits from ABCP, with a significant association 
for TILs (HR 0.42 (95% CI 0.19 to 0.91, p=0.027)) and 
a marginal association for ECs (HR 0.29 (95% CI 0.07 
to 1.15, p=0.067); figure 5D,E and online supplemental 
figure S5).

DISCUSSION
In this study, we used an AI-powered TME analyzer to 
evaluate dynamic changes in the TME following acquired 

resistance to EGFR-TKIs in patients with NSCLC. Notably, 
the AI-derived analyses of TILs, Fibs, ECs, and TLSs demon-
strated strong correlations with the results obtained from 
spatial and bulk transcriptomics, underscoring the robust-
ness of the AI-powered approach. Our findings revealed 
significant reductions in TILs and increases in ECs within 
the CA following EGFR-TKI treatment. These changes were 
closely associated with clinical outcomes, as higher TILs 
or EC levels in the CA were significantly associated with 
improved response rates and prolonged PFS in patients 
receiving ICI monotherapy or combination therapy.

We previously reported that AI-IP analysis based on 
spatial TIL distribution22–24 could effectively stratify IPs 
to predict the efficacy of ICIs. Similarly, in the present 
study, patients exhibiting inflamed IPs (4.8 vs 1.8 months, 
p=0.019) or higher TILs on CA (4.9 vs 1.8 months, 
p=0.006) after EGFR-TKI treatment exhibited signifi-
cantly better PFS than those with other IPs. Notably, 
changes in IPs were observed following resistance to TKI, 
suggesting that EGFR-TKIs could induce TME remod-
eling, highlighting the need for post-TKI biopsy to guide 
treatment strategies.

Figure 4  Dynamic change of TME according to the EGFR mutant type. Comparison analysis of pre-TKI and post-TKI TILs 
on CA and ECs on CA based on exon 21 L858R (A), exon 19 deletion (B), acquired T790M-positive (C), and acquired T790M-
negative (D) status. P values were calculated using the Wilcoxon rank-sum test. CA, cancer area; EC, endothelial cell; EGFR, 
epidermal growth factor receptor; TIL, tumor-infiltrating lymphocytes.

https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
https://dx.doi.org/10.1136/jitc-2025-012374
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Figure 5  Efficacy outcomes with ICI after acquired resistance to EGFR-TKI. (A) Progression-free survival with ICIs 
monotherapy according to the IP after acquired resistance to EGFR-TKI. (B) Proportion bar plot indicating best response 
according to the TILs on CA, and ECs on CA. (C) Forest plot of HR (dot) and 95% CI (arrow) for PFS and OS according to the 
baseline characteristics and variables inferred from AI-powered TME analyzer. (D–E) Progression-free survival comparison 
between the ABCP arm and the PC arm in patients with higher TILs on CA (D) or ECs on CA (E) following EGFR-TKI treatment 
in the ATTLAS cohort. ABCP, atezolizumab plus bevacizumab, paclitaxel, and carboplatin; CA, cancer area; CS, cancer stroma; 
EC, endothelial cell; ECOG, Eastern Cooperative Oncology Group; EGFR, epidermal growth factor receptor; Fibs, fibroblasts; 
ICI, immune-checkpoint inhibitor; IP, immune-phenotype; PC, pemetrexed plus carboplatin; PD, progressive disease; PD-L1, 
programmed death-ligand 1; PR, partial response; SD, stable disease; TIL, tumor-infiltrating lymphocyte; TKI, tyrosine kinase 
inhibitor; TLS, tertiary lymphoid structure; TPS, tumor proportion score.
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Interestingly, the observed TME changes following 
EGFR-TKI resistance varied according to the mutation 
subtype. Patients with 19del or acquired T790M mutations 
exhibited a reduction in TILs, transitioning toward an 
immune-desert phenotype, likely reflecting TME remod-
eling in response to EGFR signaling inhibition. Although 
EGFR-driven pathways (such as PI3K/AKT and MAPK/
ERK) are suppressed by TKI therapy, compensatory mech-
anisms, such as upregulation of immunosuppressive signals 
(such as PD-L1 and transforming growth factor-β) or alter-
ations in angiogenic pathways (such as VEGF), may drive 
immune cell exclusion of these subtypes.46 Conversely, 
patients with L858R mutations had preserved TIL levels and 
demonstrated increased EC abundance, possibly because 
of the differential modulation of vascular remodeling or 
immune signaling pathways post-TKI.47 These distinct 
TME adaptations may explain the superior response to ICI-
based therapies observed in patients with L858R mutations, 
as supported by the ATTLAS trial,15 where patients with 
L858R mutations showed favorable outcomes in the ABCP 
group. Collectively, these findings suggest that mutation-
specific TME characteristics contribute to the differential 
clinical benefits observed across EGFR mutation subtypes 
and warrant further investigation.

Our study revealed an increase in the proportion of 
patients with PD-L1 TPS ≥50% post-EGFR-TKI treat-
ment, consistent with prior reports.14 This increase 
may reflect treatment-induced changes in the TME, 
such as enhanced PD-L1 expression via compensa-
tory mechanisms following the inhibition of EGFR 
signaling. However, unlike previous reports where 
high PD-L1 levels were associated with improved 
outcomes,14 our cohort showed no clear predictive 
value of PD-L1 TPS ≥0%. This may be explained 
by the presence of immunosuppressive factors in 
EGFR-mutated NSCLC, such as increased regulatory 
T-cell activity and CD73 expression, which may limit 
immune activation despite high PD-L1 levels.14 These 
findings underscore the challenges of relying on static 
biomarkers such as PD-L1 TPS to capture the dynamic 
and multifaceted nature of the TME, highlighting the 
potential of AI-powered TME analysis to provide addi-
tional insights into TME characteristics.

While our study focused on H&E-based AI analysis of the 
TME, several recent studies have also employed AI-pow-
ered analysis to characterize tumor-intrinsic pathological 
patterns, demonstrating clinical relevance.48 49 Further-
more, as spatial omics technologies, including spatial 
transcriptomics, spatial proteomics, and multiplexed 
imaging, continue to evolve, they are increasingly being 
integrated into clinical research to enable more compre-
hensive dissection of the TME.50–54 Combining such 
approaches with spatial molecular data may enhance the 
precision of immune landscape profiling and facilitate 
the identification of more robust and clinically actionable 
biomarkers.55 56

This study has several limitations. First, the relatively 
small cohort with limited paired pretreatment data 

limits the generalizability of our findings. Second, 
heterogeneity in EGFR mutation subtypes, timing of 
post-TKI biopsies, biopsy site or specimen type, and 
subsequent treatment patterns may have affected the 
assessment of TME dynamics, although these reflect 
real-world clinical practice. Third, the safety profile 
of ICIs could not be comprehensively assessed due to 
the retrospective design. Fourth, while exploratory 
biomarkers such as TLS, Fibs, and ECs were associated 
with clinical outcomes, their interpretation relied 
on cohort-specific cutoffs that may not fully capture 
underlying biological heterogeneity and could limit 
generalizability. Future studies involving larger, multi-
institutional cohorts are required to validate these 
findings and establish clinically applicable thresh-
olds. Fifth, functional immune states such as T-cell 
exhaustion could not be assessed from H&E images; 
expanding spatial transcriptomic and proteomic data-
sets may enable the development of more refined AI 
models for comprehensive TME characterization.

In conclusion, AI-powered TME analysis provides a 
robust framework for evaluating TME changes and strati-
fying patients with NSCLC according to ICI efficacy after 
developing EGFR-TKI resistance. Higher TILs or ECs 
in the CA were significantly associated with a favorable 
response to ICI or combination treatment with ICI as a 
subsequent treatment.
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