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Abstract
Background  The transformation of non-small cell lung cancer (NSCLC) into small cell lung cancer (SCLC) is a 
recognized treatment resistance mechanism, most often arising from EGFR-mutant lung adenocarcinoma (LUAD). 
However, the underlying mechanisms of transformation remain poorly understood.

Methods  Single-cell RNA sequencing was employed to analyze the tumor cell heterogeneity and to map the 
intratumoral immune cell landscape of 73,195 cells from five LUAD, three transformed small cell lung cancer (T-SCLC) 
and four SCLC patients. Multiplex immunofluorescence (mIF) staining and in vitro studies were further conducted to 
validate the stem-like feature of a malignant cell cluster and the enrichment and the function of interferon-stimulated 
gene-positive (ISG+) lymphocytes in transformation.

Results  Although increased intratumoral heterogeneity was observed upon SCLC transformation, a stem-like 
malignant cell subpopulation was identified to recur across subtypes and groups as the pioneering force of lineage 
plasticity for SCLC transformation. Further mIF staining and transcription factor analysis validated the stem-like feature. 
Additionally, tumor immune microenvironment (TIME) analysis revealed that ISG+ T cells and B cells were enriched in 
T-SCLC. Further cell co-culture analyses disclosed that ISG+ lymphocytes promoted neuroendocrine differentiation 
in LUAD cells via type I interferons (IFN-Is). Deciphering cell-cell interactions revealed that the stem-like malignant 
cells might activate and attract ISG+ T cells. Finally, we developed an ISG-associated gene signature that significantly 
correlates with poor prognosis in LUAD.

Conclusion  Our findings provide a comprehensive understanding of the lineage plasticity and the immune 
landscape in T-SCLC, highlighting the crucial role of the stem-like cell cluster and ISG+ lymphocytes in LUAD-to-SCLC 
transformation.
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Introduction
Transformed small cell lung cancer SCLC (T-SCLC), 
as a new phenotype of small cell lung cancer (SCLC), 
arises from non-small cell lung cancer (NSCLC) under 
the selective pressure of targeted therapy, chemotherapy, 
immunotherapy, or even spontaneously without treat-
ment [1]. As an important mechanism of resistance to 
epidermal growth factor receptor tyrosine kinase inhibi-
tors (EGFR-TKIs), SCLC transformation is the most 
extensively documented in EGFR-mutant lung cancer 
patients [2–4]. In these cases, T-SCLC retains the EGFR 
mutations originally present in the NSCLC stage while 
adopting the aggressive behaviors as SCLC. The median 

overall survival (OS) from the time of SCLC transfor-
mation was only 10.9 months, even worse than de novo 
SCLC [4, 5]. Until now there is no standard treatment 
established for T-SCLC. Hence, a comprehensive molec-
ular understanding of T-SCLC holds the promise of 
developing innovative and effective treatment strategies.

While T-SCLC was initially regarded as a homogeneous 
entity, the significant heterogeneity is increasingly rec-
ognized for this malignancy, as recent analyses revealed 
distinct transcriptomic subtypes of T-SCLC as de novo 
SCLC based on the relative expression of achaete-scute 
homologue 1 (ASCL1), neurogenic differentiation factor 
1 (NEUROD1), POU class 2 homeobox 3 (POU2F3) and 
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Yes 1 associated transcriptional regulator (YAP1) [6, 7]. 
Lineage plasticity is well recognized as a driving force for 
cell-state transitions, ultimately leading to SCLC trans-
formation [8]. This raises new questions, such as whether 
there is plasticity between subtypes and whether a small 
subpopulation with stem-like, high-plasticity features 
recurs across different subtypes. However, most of the 
current data relies on bulk DNA and RNA sequencing, 
which is only able to estimate the average clonal genotype 
of a tumor with low representation, making it difficult to 
distinguish malignant cells or dissect the intratumoral 
heterogeneity.

The tumor immune microenvironment (TIME) plays 
a critical role in carcinogenesis, progression and drug 
resistance. Cancer cells can modify the surrounding 
TIME, which in turn regulates cancer cell behavior. Pre-
vious studies reported that T-SCLC exhibits a progressive 
suppression of anti-tumor immune response pathways 
compared with pre-transformation tissue, similar to the 
immune features of SCLC as a “cold” tumor [7]. We also 
characterized the decreased levels of CD8 T cells and NK 
cells, alongside increased infiltration of M2 macrophages 
during the process of SCLC transformation [9]. Despite 
these findings, the unique scenario of TIME in T-SCLC 
remains largely undefined. The application of single-cell 
RNA sequencing (scRNA-seq) technology provides valu-
able insight into the interactions between distinct cell 
types in the TIME, potentially elucidating how the TIME 
characteristics contribute to SCLC transformation.

Here, we applied scRNA-seq on fresh tumor tissues 
from T-SCLC, as well as comparative lung adenocar-
cinoma (LUAD) and de novo SCLC, to characterize the 
tumor cells and TIME landscape of T-SCLC. Our study 
identify a previously unidentified tumor cell cluster with 
stem-like characteristics as the pioneering force of lin-
eage plasticity. Moreover, TIME analysis determined the 
abundance and the crucial role of interferon-stimulated 
genes-positive (ISG+) lymphocytes in SCLC transforma-
tion. Further cell-cell interaction revealed the crosstalk 
between ISG+ T cells and the stem-like malignant cells. 
Together, our study provides the first comprehensive and 
in-depth characterization of the cellular and molecular 
features of T-SCLC.

Methods
Patient selection
The study was approved by the Research Ethics Com-
mittee of Guangdong Provincial People’s Hospital (No. 
GDREC2019304H(R1)). All patients with T-SCLC and 
SCLC provided written informed consent for participa-
tion. Tumor tissues were freshly obtained from patients 
undergoing lymph node biopsy at the hospital. A total of 

twelve samples were collected from twelve patients (Table 
S1). Among those, four samples were from treatment-
naïve SCLC patients, three were from T-SCLC patients 
who had transformed from EGFR-mutant NSCLC fol-
lowing treatments, and the remaining five samples were 
from LUAD patients, which had been reported in a previ-
ous study [10]. After resection and biopsy, tumor-tissue 
samples were immediately transferred for tissue prepara-
tion and subjected to single-cell isolation.

Single-cell dissociation
Tissues were placed in MACS Tissue Storage Solution 
(Miltenyi Biotec) until processing. Tissue samples were 
processed as described in previous study [11].

Single-cell RNA sequencing and analysis
Single-cell RNA-seq experiment was performed by 
NovelBio Bio-Pharm Technology Co., Ltd. The detailed 
method of scRNA-seq pipeline and scRNA analysis 
were the same as previous described [11]. The public 
single-cell gene expression profiles of LUAD samples 
were downloaded from the Gene Expression Omnibus 
(GSE131907). We merged and integrated this public 
dataset with our data following the Scanpy workflow [12]. 
Firstly, we applied the log1pCP10K normalization on the 
raw counts and selected highly variable genes. Next, we 
regressed out the effects of the total count per cell and 
the percentage of mitochondrial gene count. Then, the 
first 50 principal components were calculated and sam-
ple-level batch effects were removed using the Harmony 
package [13]. Utilizing a graph-based cluster method, we 
finally acquired unsupervised cell clusters based on the 
top 10 principal components and annotated the clusters 
referring to the expression patterns of literature-derived 
marker genes.

CNV estimation
T cells and fibroblasts were used as reference cell types 
to identify somatic copy number variations (CNVs) using 
the infercnv R package (version 0.8.2). Each cell was 
scored based on the extent of its CNV signal, which was 
defined as the mean of the squared CNV values across 
the genome. Putative malignant cells were defined as 
those with a CNV signal greater than 0.05 and a CNV 
correlation greater than 0.5.

Differentially abundant subpopulation analysis
To detect differentially abundant subpopulations among 
the three groups and within each patient, we used the 
DA-seq algorithm [14]. Significant group-specific cells 
were identified, corrected for FDR, and visualized using 
contour plots.
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Pseudo-time analysis
Monocle 3 alpha (​h​t​t​p​​:​/​/​​c​o​l​e​​-​t​​r​a​p​​n​e​l​​l​-​l​a​​b​.​​g​i​t​h​u​b​.​i​o​/ 
monocle-release/monocle3/) [15] was applied as an inde-
pendent tool to construct single-cell trajectories. The 
function learn graph was run with default parameters on 
on the top 1,000 DEGs, identified using the differential-
GeneTest function (expressed in at least 300 cells with an 
FDR < 0.05).

Differential gene expression analysis
To identify DEGs, the FindMarkers function in the Seurat 
package was used, employing the Wilcox rank-sum algo-
rithm with the following criteria: lnFC > 0.25, p < 0.05, 
and min.pct > 0.1. The p-value calculated by the wilcox 
rank-sum test was adjusted using the FDR.

Gene enrichment analysis
Curated gene sets, including Hallmark, KEGG and Reac-
tome gene sets (n = 910), were downloaded from the 
Molecular Signature Database (MSigDB, ​h​t​t​p​​:​/​/​​s​o​f​t​​w​a​​r​e​.​​
b​r​o​​a​d​i​n​​s​t​​i​t​u​​t​e​.​​o​r​g​/​​g​s​​e​a​/​m​s​i​g​d​b​/​i​n​d​e​x​.​j​s​p). Single-sample 
Gene Set Variation Analysis (ssGSVA) was applied to the 
scRNA-seq data, and pathway scores were calculated for 
each cell using the gsva function in the GSVA software 
package [16]. Pathway enrichment analysis was conduct-
ing using the limma R software package, and significantly 
enriched signaling pathways were identified with an FDR 
Q value < 0.01.

Multiplex immunofluorescence (mIF) assay and analysis
For multiplex immunofluorescence staining, the follow-
ing markers were used: CD3 (Abcam, ab16669, 1:1000), 
visualized with Cy3-Tyramide (1:500); CD20 (Protein-
tech, 60271-1-Ig, 1:100), visualized with Cy5-Tyramide 
(1:500); MX1 (Sigma-Aldrich, MABF938, 1:200) and 
KRT5 (Servicebio, Cat#GB111246, 1:1000), visualized 
with if488-Tyramide (1:500); SOX9 (Cell Signaling tech-
nology, Cat#82630, 1:200), visualized with if555-Tyra-
mide (1:500); ALDH1A1 (Santa Cruz, Cat#sc-374149, 
1:100), visualized with if647-Tyramide (1:500) and nuclei 
were stained with DAPI (1:1000). The slides were scanned 
using the Pannoramic MIDI (3DHISTECH). Quantifi-
cation of positive area (µm²), tissue area (µm²), and co-
localization positive area (µm²) was performed using the 
Area Quantification FL v2.1 module in Halo v3.0.311.314 
software (Indica labs).

Epithelial cluster 5 (epi 5)-associated gene module 
construction and scoring
We constructed epi5-associated gene module based on 
the top 30 genes ranked by log2 fold change in the epi5 
cells. The module scores were calculated across mouse 
samples at different time points during the LUAD-SCLC 
transition using the UCell R package v.2.0.1 based on the 

Mann-Whitney U statistic [17]. Briefly, epi5-associated 
gene list was passed to the ScoreSignatures_UCell func-
tion. The resulting cell-wise scores were added to the 
Seurat object using the AddMetadata Seurat function.

Cell culture
NCI-H1975, HCC827 and HEK-293T cell lines were 
purchased from American Type Culture Collection 
(ATCC). NCI-H1975 and HCC827 cells were cultured 
in RPMI1640 medium, while HEK-293T cells were cul-
tured in DMEM medium. All culture media were supple-
mented with 10% fetal bovine serum (FBS, Gibco) and 1× 
penicillin/streptomycin (Gibco). Cells were maintained at 
37 °C in a humidified incubator with 5% CO2.

Culturing of human primary T and B cells, and co-culture
Primary human CD3+ T and CD19+ B cells were pur-
chased from Oricells® (Shanghai AoNeng Biotechnol-
ogy Co., Ltd.). Collection protocols and donor informed 
consent were approved by an Institutional Review Board 
(IRB) at Oricells®. For human CD3+ T cells culture, viable 
T cells were seeded in fresh RPMI1640 medium supple-
mented with 10% FBS and 10 ng/mL recombinant human 
IL-2 (PeproTech) at a density of 1 × 106 cells/mL. To acti-
vate T cells, 25 µL/mL of ImmunoCult™ Human CD3/
CD28/CD2 T Cell Activator (STEMCELL) was added to 
the cell suspension. After 3 days of activation, activated T 
cells were used for gene editing. For human CD19+ B cells 
culture, viable B cells were seeded in fresh RPMI1640 
medium supplemented with 10% FBS and 1 × 2-Mercap-
toethanol (Gibco) at a density of 2.5 × 106 cells/mL. To 
activate the B cells, 10ug/mL of lipopolysaccharides (LPS, 
Beyotime) was added to the cell suspension. After 2 days 
of activation, activated B cells were used for gene editing. 
For tumor-T or tumor-B cells co-culture, NSCLC cells 
(5 × 105) were seeded in 6-well plates 1  day prior to the 
addition of an equal number of T or B cells. After 24 h 
of co-culture, the supernatant containing T or B cells 
was discarded, and tumor cells were washed twice with 
phosphate-buffered saline (PBS) before being harvested 
for protein expression analysis.

MX1 overexpression lentivirus production
For MX1 overexpression, human MX1 cDNA in pLX304 
(DNASU) was amplified, and cloned into a modified 
pLX304 vector with a V5 tag at the N terminus of the 
receptor. Lentiviral particles were produced in HEK-293T 
cells after co-transfection of the above lentivirus vectors, 
psPAX2 and pMD2.G in 10-cm dishes, following the pro-
tocol described in our previous study [18, 19]. Activated 
T and B cells were plated at 2 × 106 cells per well in 6-well 
plates. A total of 1 mL of virus-containing supernatant 
with 10 ng of polybrene was added to the cells. After 
16 h, the medium was replaced with regular medium, and 

http://cole-trapnell-lab.github.io/
http://software.broadinstitute.org/gsea/msigdb/index.jsp
http://software.broadinstitute.org/gsea/msigdb/index.jsp
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the cells were cultured for another 48 h. Then the super-
natant was collected by centrifugation at 300 g for 10 min 
and stored as conditioned medium, while the cells were 
harvested for protein expression analysis and co-culture 
experiments.

Type I interferon treatment
Human NSCLC cells were treated with various concen-
trations of recombinant human IFN-α 2b, IFN-β and 
IFN-ω (Genscript). Cells were harvested for protein 
expression analysis 24 h after treatment.

Western blotting
Western blotting was performed as described in previ-
ous work [18]. Cell lysates were analyzed by immunob-
lotting with antibodies specifically targeting MX1 and 
the indicated proteins. The primary antibodies used 
in this study were as follows: MX1 (1:1000; Sigma-
Aldrich; Cat# MABF938); Chromogranin A (1:1000; 
Abcam; Cat#ab15160); Synaptophysin (1:1000; Zen-
bio; Cat#R25834); NSE (1:1000; Abcam; Cat#ab53025); 
GAPDH (1:1000; Cell Signaling technology; Cat#2118).

Identification of the most activated TFs in ISG+ T and B cells
To identify TFs activated in MX1+ T and B cells, we first 
applied the “fitGAM” function of tradeSeq-1.4.0 R pack-
age [20] to identify the most upregulated genes in ISG+ 
T and B cells according to single-cell RNA-seq data. 
Based on these results, we then utilized the “findMotif-
sGenome.pl” function in Homer-4.11 to identify the top 
5 most activated TFs that potentially bind to the upreg-
ulated genes. Finally, for visualization, we ranked these 
TFs by significance based on p-values.

Cell communication analysis
Cell-cell communication analysis was performed using 
CellChat-1.1.2 of the R package [21]. First, we first cre-
ated a CellChat object with the “createCellChat” function, 
based on the RNA expression matrix and cell informa-
tion. Ligand–receptor interaction databases, including 
“Secreted Signaling”, “ECM-Receptor”, “Cell–Cell Con-
tact”, were further used for downstream analyses. We 
calculated the communication probability by the “com-
puteCommunProb” function. To identify global commu-
nication patterns, the “selectK” function was applied to 
determine the number of patterns for both incoming and 
outgoing communication, with nPatterns = 6. To analyze 
the specified pathways, we utilized “plotGeneExpression”, 
“netVisual_heatmap”, “netVisual_chord_cell” and “netVi-
sual_individual” functions to visualize the corresponding 
results.

Construction and validation of the MX1-specific gene 
signature
To generate a clinically applicable gene expression sig-
nature, we performed multistep analysis. First, we com-
pared the gene expression profiles between MX1+ T and 
B cells and the other T and B cells, identifing DEGs. The 
DEG list was then filtered based on the following crite-
ria to select the most significant DEGs: an expression fold 
change > 1.5 or < − 1.5, an FDR < 0.01, and high expression 
(normalized UMI count > 1, expressed in at least 50% of 
cells in either group). In total, 65 significant DEGs met 
these criteria and were used to constructed the MX1-
specific gene signature (Table S2).

The signature was then validated using a publicly avail-
able dataset, which was downloaded from UCSC Xena (​
h​t​t​p​​s​:​/​​/​x​e​n​​a​b​​r​o​w​​s​e​r​​.​n​e​t​​/​d​​a​t​a​​p​a​g​​e​s​/​?​​c​o​​h​o​r​​t​=​G​​D​C​%​2​​0​T​​
C​G​A​​%​2​0​​L​u​n​g​​%​2​​0​A​d​e​n​o​c​a​r​c​i​n​o​m​a​%​2​0​(​L​U​A​D​)​%​2​6​r​e​m​
o​v​e​H​u​b​=​h​t​t​p​s​%​3​A​%​2​F​%​2​F​x​e​n​a​.​t​r​e​e​h​o​u​s​e​.​g​i​.​u​c​s​c​.​e​d​u​%​
3​A​4​4​3). First, a sample–gene expression matrix (for the 
65 signature genes) was extracted from each normalized 
bulk RNA-seq dataset. Second, for each sample, a score 
of 1 or − 1 was assigned to each of the 12 signature genes 
based on its relative expression (> or ≤ median value). 
These scores were then summed to create a signature 
score for each sample. Finally, the samples were catego-
rized into high-activity or low-activity groups based on 
their corresponding signature scores: scores ≤ median 
were categorized as low-activity, and scores > median 
were categorized as high-activity. The Cox proportional 
hazards model, implemented in the R package “survival”, 
was used to adjust for tumor stage and MSI-status in sur-
vival analyses. Kaplan-Meier survival curves were gener-
ated using the R function “ggsurvplot”.

siRNA transfection
siRNAs targeting interferon alpha and beta receptor sub-
unit 1 (IFNAR1) gene were purchased from Sangon Bio-
tech (Shanghai, China). The siRNA target sequences for 
IFNAR1 are listed in Table S3. For siRNA knockdown, 
NSCLC cells were transfected with control or IFNAR1 
siRNA using DharmaFECT (Dharmacon, USA) accord-
ing to the manufacturer’s guidelines.

qRT-PCR
Total RNA was isolated from cells in 6-well plates using 
the TRIeasy® Total RNA Extraction Reagent (YEASEN, 
Shanghai, China). Following genomic DNA removal, 
total RNA was reverse transcribed into cDNA. qRT-PCR 
was amplified and measured on the Bio-Rad CFX96 (Bio-
Rad, USA) in the presence of SYBR Green master mix 
(YEASEN, Shanghai, China). Then, the fluorescence val-
ues were collected, and a melting-curve analysis was per-
formed. Primers are listed in in Table S4.

https://xenabrowser.net/datapages/?cohort=GDC%20TCGA%20Lung%20Adenocarcinoma%20(LUAD)%26removeHub=https%3A%2F%2Fxena.treehouse.gi.ucsc.edu%3A443
https://xenabrowser.net/datapages/?cohort=GDC%20TCGA%20Lung%20Adenocarcinoma%20(LUAD)%26removeHub=https%3A%2F%2Fxena.treehouse.gi.ucsc.edu%3A443
https://xenabrowser.net/datapages/?cohort=GDC%20TCGA%20Lung%20Adenocarcinoma%20(LUAD)%26removeHub=https%3A%2F%2Fxena.treehouse.gi.ucsc.edu%3A443
https://xenabrowser.net/datapages/?cohort=GDC%20TCGA%20Lung%20Adenocarcinoma%20(LUAD)%26removeHub=https%3A%2F%2Fxena.treehouse.gi.ucsc.edu%3A443
https://xenabrowser.net/datapages/?cohort=GDC%20TCGA%20Lung%20Adenocarcinoma%20(LUAD)%26removeHub=https%3A%2F%2Fxena.treehouse.gi.ucsc.edu%3A443
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Statistical analysis
All statistical analyses were performed by GraphPad 
Prism software, version 8. Data are presented as the 
means ± SD. Statistical comparisons between groups 
were performed using two-tailed Student’s t-tests, and a 
p-value of < 0.05 was considered statistically significant.

Results
Single-cell gene expression atlas of T-SCLC, LUAD and SCLC
To characterize the gene expression atlas of T-SCLC 
tumors at the single-cell level, we prospectively collected 
seven fresh tumor clinical samples respectively from 
three T-SCLC patients and four de novo SCLC patients. 
Moreover, publicly available scRNA-seq data from five 
LUAD patients were analyzed as controls (Fig.  1A). 
Accordingly, all of the samples were divided into three 
groups: LUAD, T-SCLC and SCLC, all of which were col-
lected from lymph node metastases. Moreover, both de 
novo SCLC and LUAD patients were treatment-naive 
prior to biopsy, while T-SCLC patients underwent biopsy 
after developing resistance to EGFR TKI-targeted ther-
apy. In addition, two of the five samples from the LUAD 
group harbored EGFR mutations, and all samples from 
T-SCLC patients retained the EGFR mutations from their 
LUAD origin (Table S1).

We analyzed a total of 73,195 single cells after quality 
control, comprising 24,422 malignant cells and 48,773 
nonmalignant cells. All of the cells were classified into 
the following eight major types according to their canoni-
cal markers: epithelial cells (EPCAM, KRT19, KRT18, 
INSM1), proliferative epithelial cells (TOP2A, MKI67), 
fibroblast cells (COL1A1, FN1, DCN, LUM), endothe-
lial cells (PECAM1, VWF, PLVAP, CD34), T cells (CD2, 
CD3E, CD3D, NKG7), plasma cells (IGHG1, MZB1, 
JCHAIN), B cells (CD79A, MS4A1, CD79B) and myeloid 
cells (LYZ, CD14, CD68, CD163) (Fig. 1B). Top 10 differ-
ential gene expression further confirmed the identifica-
tion of each cell type (Figure S1A).

We conducted comprehensive cell-type annotations for 
each group and each patient using established markers 
and computational tools (Fig. 1C). Similar to the obser-
vations in previous studies [22, 23], stromal and immune 
cells from different patients tended to cluster together by 
cell types, indicating that these cell types exhibit largely 
conserved expression profiles across patients, despite 
variations in their relative proportions. However, epithe-
lial cells showed higher heterogeneity and group-specific 
expression signatures, which may be associated with the 
histological diversity characteristic of different patient 
groups. Notably, proliferative epithelial cells were sig-
nificantly enriched in the SCLC group compared to the 
T-SCLC and LUAD groups, consistent with the charac-
teristic of rapid proliferation in SCLC (Fig. 1D).

To characterize the TIME remodeling during SCLC 
transformation, we calculated the fraction of differ-
ent cell types in the LUAD, T-SCLC and SCLC groups 
(Fig. 1E). We observed a decreased fraction of T cells in 
the SCLC group, consistent with previous reports char-
acterizing the ‘immune desert’ phenotype commonly 
seen in SCLC. In addition, B cells and plasma cells were 
predominant in the T-SCLC group, but statistical analy-
sis showed no significant difference (p>0.05), likely due 
to limited sample sizes. Myeloid cells were enriched in 
the LUAD group, while fibroblast and endothelial cells 
were almost absent, possibly due to the biopsy type of 
endobronchial ultrasound-guided transbronchial needle 
aspiration (EBUS-TBNA), which is less likely to capture 
stromal components (Figure S1B).

Heterogeneity of T-SCLC malignant cells at single-cell 
resolution
A total of 24,422 epithelial cells were obtained and almost 
all of them were distinguished as malignant cells by 
inferred copy-number variation (CNV) analysis (Figure 
S2). Consistent with previous studies [23, 24], epithelial 
biomarkers, such as epithelial cell adhesion molecule 
(EPCAM) and insulinoma-associated protein 1 (INSM1), 
were uniformly expressed at high levels across LUAD 
and SCLC malignant cells (Figure S3A). All of the malig-
nant cells were classified into six clusters (Fig.  2A). The 
total malignant cell proportions were similar between 
the T-SCLC group and the SCLC group, whereas cluster 
6 occupied the majority of the epithelium compartment 
in the LUAD group (Fig. 2B). Most of the cells from the 
LUAD group were assigned to a single cluster, while the 
cells from the T-SCLC and SCLC groups spread across 
multiple clusters, indicating increased intertumoral het-
erogeneity during the transformation from LUAD to 
SCLC (Fig. 2B).

Cluster 1 exhibited highly proliferative characteris-
tics, suggested by the significantly high expression lev-
els of cell cycle-related genes such as TOP2A, CENPF 
and MKI67 (Fig.  2C and S3B). Cluster 1 was mainly 
composed of cells from the SCLC and T-SCLC samples, 
with minimal presence in the LUAD group (Fig. 2B), in 
agreement with much fewer proliferative epithelial cells 
in the LUAD group (Fig.  1D). Cluster 2, which com-
prised cells mainly from the SCLC and T-SCLC groups, 
exhibited upregulated expression of neuroendocrine-
related genes such as HES6, INSM1, SCGN and DLL1, 
validating the neuroendocrine characteristics of SCLC 
(Fig.  2C and S3B). ASCL1, as a canonical transcrip-
tion factor for SCLC, was widely expressed across mul-
tiple clusters and strongly expressed in Cluster 3, while 
another lineage transcription factor, NEUROD1, was 
exclusively expressed in Cluster 4 (Fig. 2C). Both of them 
were previously implicated as key determinants in the 
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Fig. 1  scRNA-seq profiling of the landscape of T-SCLC. (A) Workflow of the sample collection, sequencing, bioinformatic analysis and validation. (B) 
Bubble plot of canonical marker genes for each cell type. (C) The uniform manifold approximation and projection (UMAP) plot of all clustered cells, color-
coded by cell type, group, and patient. (D) Proportions of cell types in each group. (E) Boxplot showing the cellular fractions of T, B, plasma and myeloid 
cells in LUAD (n = 5), T-SCLC (n = 3), and SCLC (n = 4) patients. The center line indicates the median value, the lower and upper hinges represent the 25th 
and 75th percentiles, respectively, and whiskers denote 1.5× the interquartile range. Each dot represents to one sample
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Fig. 2 (See legend on next page.)
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developmental maturation of neuroendocrine cells in the 
lung [25, 26]. Cluster 5, the only cluster recurring across 
the three groups, showed upregulated expression of the 
basal cell markers, KRT5 and TP63, suggesting a basal 
cell origin (Fig.  2C and S3B). Cluster 6, which was spe-
cific to the LUAD group, showed obviously high expres-
sion of the canonical markers (SFTPB, SFTPA1, SFTPA2 
and SLC34A2) of alveolar type 2 (AT2) cells, suggesting 
an origin from AT2 cells, which is consistent with previ-
ous reports that AT2 cells could develop into LUAD cells 
[27, 28] (Fig. 2C and S3B).

Based on differential expression of ASCL1, NEU-
ROD1, POU2F3 and YAP1, de novo SCLC can be clas-
sified into four molecular subtypes: SCLC-A, SCLC-N, 
SCLC-P and SCLC-Y [29]. Although T-SCLCs conform 
to all major subtypes of de novo SCLCs based on bulk-
RNA sequencing [6], the bulk approach lacks the resolu-
tion to reveal cell-to-cell heterogeneity. We next explored 
whether individual malignant cells could vary according 
to these classifications (Fig. 2D). Our results revealed that 
ASCL1 was highly expressed in almost all tumor cells of 
four SCLC samples and one T-SCLC sample. These five 
SCLC-A tumors consisted of a large number of cells uni-
formly expressing high levels of ASCL1, while only a few 
cells expressed one of the other three transcription regu-
lators (NEUROD1, POU2F3 and YAP1). Another tumor 
from the T-SCLC group mapped to SCLC-N, with most 
individual cells expressing high levels of NEUROD1. 
Strikingly, malignant cells from the remaining T-SCLC 
tumor exhibited low levels of YAP1 and no detectable 
expression of ASCL1 or NEUROD1, known as the non-
neuroendocrine cells, which suggests the existence of 
potential new subtype dominated by other transcription 
factors (TFs). As expected, YAP1 was mainly expressed 
in tumor cells of LUAD rather than T-SCLC and SCLC. 
These single-cell results confirmed the diversity of cancer 
cell states in T-SCLC and indicated that lineage plastic-
ity could activate diverse transcriptional programs during 
the SCLC transformation process.

To further explore what biological states or processes 
involved among individual malignant cells, we performed 
gene set enrichment analysis (GSEA) using the ‘Hallmark’ 
gene set collections for those genes with high variability 
(Fig.  2E). Clusters 1 and 2 were enriched in cell cycle-
related pathways, such as E2F targets, G2M checkpoint 
and Myc targets. In contrast, cluster 6 was enriched in 
multiple immune response-related pathways, including 

inflammatory response, IL6-JAK-STAT3 signaling and 
TNFA-NFκB signaling, which were distinct from those in 
clusters 1 and 2. Intriguingly, pathways enriched in clus-
ters 3, 4 and 5 are partially identical to those enriched in 
cluster 6, as well as clusters 1 and 2. Notably, cluster 5 
showed marked upregulation of Notch signaling, epithe-
lial mesenchymal transition (EMT) pathway and PI3K-
AKT-mTOR signaling, which are known to play crucial 
roles in lineage plasticity and neuroendocrine transfor-
mation [7, 8].

Next, we used the scRNA-seq data to infer CNVs, 
revealing the intercluster and intergroup heterogeneity. 
For cluster 6, prominent arm-level insertions were found 
in chromosomes 1q, 5q, 6p and 10, along with deletions 
in chromosomes 14q and 18, while CNVs of other clus-
ters exhibited more patient-specific variations, indicat-
ing more significantly intertumor heterogeneity (Fig. 2F). 
The CNV profiles of the three groups further confirmed 
higher intratumoral heterogeneity in T-SCLC and SCLC 
compared to LUAD (Figure S3C).

To further explore the transcriptional changes during 
SCLC transformation, we performed differential gene 
expression and pathway enrichment analyses of malig-
nant cells from the three groups. Compared to LUAD, 
T-SCLC showed increased expression of genes related 
to neuronal development and differentiation (HES6, 
DPYSL3, MTPN, UCHL1, INSM1, ZNF24 and MTURN), 
cell growth (GNG4, CDKN2A and DCAF7), hypoxia 
(UCP2 and HP1BP3), Neurotransmitter transport 
(RAB3B, SLC38A1), which were further upregulated in 
SCLC (Fig. 2G). Conversely, progressively downregulated 
expressions were observed in genes associated with anti-
gen-presentation and interferon response (HLA-DPB1, 
HLA-DRB1, HLA-DRA, HLA-C and HLA-B) and genes 
related to cytokine-mediated signaling pathway (CD74, 
IFI6 and IFITM2). These results indicated that T-SCLC 
occupied an intermediate state, consistent with prior 
observation [6] (Fig. 2H).

Identification of a stem-like cell cluster as the pioneering 
force of lineage plasticity in T-SCLC
Pulmonary basal cells are known to serve as multipotent 
progenitors, capable of lineage plasticity [30]. Therefore, 
we performed an in-depth analysis of epithelial cluster 
5 (epi 5) which exhibited features consistent with basal 
cell origin. First, we constructed the development trajec-
tory of epithelial cells using Monocle 3, and pseudotime 

(See figure on previous page.)
Fig. 2  Heterogeneity of T-SCLC malignant cells at single-cell resolution. (A) UMAP plot of epithelial cells clustered and color coded by cluster and patient. 
(B) The proportion of each cluster across the three groups. (C) UMAP plot of canonical marker genes for each cluster. (D) Expression of ASCL1, NEUROD1, 
YAP1 and POU2F3 in epithelial cells from each patient. (E) Pathway enrichment analysis using the hallmark gene set collections for each cluster. (F) Copy 
number variation (CNV) inference across chromosomes (columns) with amplification (red) and deletions (blue) based on cluster. (G) Heatmap highlight-
ing differentially expressed genes (DEGs) progressively upregulated from LUAD to T-SCLC to SCLC. (H) Heatmap highlighting DEGs progressively down-
regulated from LUAD to T-SCLC to SCLC
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analysis revealed that epi 5 was positioned at the begin-
ing of the differentiation trajectory, indicating a highly 
undifferentiated state with strong differentiation poten-
tial (Fig.  3A). Further RNA velocity analysis validated 
the directionality of differentiation from epi 5 to other 
epithelial clusters (Figure S3D). In addition, a 3D UMAP 

projection of epithelial cells further showed that epi 5 
occupied a central position, acting as a bridge population 
connecting two distinct lineages: neuroendocrine cells 
and AT2 cells (Fig. 3B).

Next, to further understand the characteristics of epi 5 
cells, we performed gene expression analysis. The results 

Fig. 3  Identification of a stem-like cell cluster as the pioneering force of lineage plasticity in T-SCLC. (A) Monocle 3 pseudotime trajectory analysis re-
vealed different stages of epithelial cell differentiation. The UMAP plot is colored by inferred pseudotime. (B) 3D UMAP projection of epithelial cells. (C) 
Expression of stemness-related genes across six epithelial cell clusters. (D) The gene set enrichment analysis (GSEA) shows the significantly upregulated 
and downregulated pathways in epithelial cluster 5 compared to the other five clusters. (E) Gene Ontology analysis of differentially enriched biological 
processes between epithelial cluster 5 and the other clusters. (F) Representative images of KRT5, SOX9 and ALDH1A1 in situ multiplex immunofluores-
cence (mIF) staining in T-SCLC tumor tissues. Scale bars, 50 μm. (G) The proportions of KRT5+SOX9+ cells in KRT5+ cells and KRT5+ALDH1A1+ cells in KRT5+ 
cells by mIF co-localization analysis. (H) Motif enrichment analysis visualizing critical transcription factors (TFs) activated in epithelial cells from cluster 5. 
(I) The expression scores of epi 5-associated gene module in the primary LUAD, the residual LUAD, and the transforming state

 



Page 11 of 20Huang et al. Journal of Translational Medicine          (2026) 24:358 

showed that epi 5 exhibited higher expression of stem-
ness-related genes, including ZFP36L1, HES1, HEY1, 
SOX9, NOTCH3, FOXC1 and ALDH1A1 (Fig. 3C). Con-
sistently, pathway enrichment analysis uncovered path-
ways related to Notch signaling, stemness differentiation 
and EMT in epi 5, reflecting the stem-like characteris-
tics of this cluster (Fig. 3D and E). Unexpectedly, MYC-
related pathways were obviously downregulated in epi 5. 
To further validate the stem-like properties of epi5 cells, 
we performed in situ multiplex immunofluorescence 
(mIF) staining using antibodies against KRT5, SOX9, 
and ALDH1A1 (Fig. 3F). Co-localization analysis of mIF 
data showed the mean proportion of KRT5+SOX9+ cells 
in KRT5+ cells was 40%, while that of KRT5+ALDH1A1+ 
cells in KRT5+ cells was approximately 26%. These results 
confirm the presence of epi 5 cells with stem-like charac-
teristics (Fig. 3G).

We then used SCENIC to investigate the TFs acti-
vated in epi 5, and the top TFs identified were TCF7L1 
and SOX9. TCF7L1 regulates cell differentiation in 
embryonic stem cells [31], and SOX9, as a stem cell tran-
scriptional regulator, promotes lineage plasticity [32] 
(Fig.  3H). These findings suggest that epi 5, a stem-like 
cell cluster, may serve as a pioneering force driving lin-
eage plasticity in SCLC transformation.

In addition, we further validate the existence of the 
stem-like cell cluster using public scRNA-seq data from 
a mouse model of histological transformation [27]. First, 
we constructed an epi 5-associated gene module based 
on the top 30 genes ranked by log2 fold change in the epi 
5 cells. Subsequently, the scores of this gene module were 
calculated across mouse samples at different time points 
during the LUAD-SCLC transition. The result showed 
that the scores of the epi 5-associated gene module 
increased gradually along the transition from the primary 
LUAD to the residual LUAD, and then to the transform-
ing state, further reinforcing our findings (Fig. 3I).

ISG+ T cells were enriched in T-SCLC
The T/natural killer (NK) cell compartment comprised of 
six major clusters, including naive T cells, CD4+ T cells, 
CD8+ T cells, proliferating T cells, CD16+ NK cells and 
CD56+ NK cells according to the differential gene expres-
sion (Fig. 4A and B, and S4A). These clusters were widely 
present across all three groups (Figure S4B). NK cells, 
known for their innate cytotoxicity, were more abundant 
in the LUAD group compared to the SCLC and T-SCLC 
groups. Tumor-infiltrating NK cells in this study exhib-
ited a potent killing capacity, characterized by the pref-
erential expression of killer cell lectin-like receptors 
(KLRC1, KLRF1 and KIR2DL4) and FCGR3A, an impor-
tant receptor for initiating antibody-dependent cellular 
cytotoxicity [9, 33] (Figure S4C). These results indicate a 
lower frequency of activated tumor-infiltrating NK cells 

in SCLC than LUAD, consistent with previous bulk-RNA 
data [34].

CD4+ T cells and CD8+ T cells were further reclustered 
into seven and six subgroups, respectively (Fig.  4C and 
D, S4D and E). Notably, in both CD4+ T and CD8+ T cell 
subgroups, the proportion of ISG+ T cells in T-SCLC was 
significantly higher than in LUAD and SCLC (Fig. 4D and 
F). Further pseudotemporal trajectory analysis of T cells 
revealed that CD4+ ISG+ T cells were in the late stage of 
CD4+ T cell differentiation, and CD8+ ISG+ T cells were 
in the intermediate-to-late differentiation stage of CD8+ 
T cell differentiation, indicating that these subgroups 
were well-differentiated and relatively mature (Fig.  4G 
and H). The marker gene expression and DEG analyses 
consistently showed high expression of interferon (IFN) 
activation markers such as IFI6, IFI44, ISG15 and STAT1, 
along with interferon stimulated protein (ISP) includ-
ing MX1, MX2, the IFIT family and OAS3, in both CD4+ 
ISG+ and CD8+ ISG+ T cells, revealing a close association 
between these subgroups and type I interferon (IFN-I) 
(Fig.  4I). GSEA further showed prominent enrichment 
of IFN-I-related pathways, such as IFN-I production, 
response to IFN-I and RIG-I-like receptor signaling 
pathways, in ISG+ T subgroups compared with other 
subgroups. This indicated that ISG+ T cells possessed a 
potent capacity to promote IFN-I production and sig-
naling activation (Fig.  4J). Based on the high similarity 
between CD4+ ISG+ T and CD8+ ISG+ T cells, as indi-
cated by the above results, we next analyzed these two 
subgroups together, collectively termed as ISG+ T cells.

To validate the presence of ISG+ T cells in lung cancer 
patients, mIF staining was applied in the LUAD, T-SCLC 
and SCLC tissues with antibodies against CD3, CD20 
and MX1 (Fig. 4K). MX1 was selected as it was broadly 
and significantly expressed in ISG+ T cells, as suggested 
by sc-RNA seq data. Unsurprisingly, the mIF results fur-
ther confirmed the presence of ISG+ T cells in T-SCLC 
samples, with a significantly higher abundance compared 
to LUAD and SCLC samples (Fig. 4L). Moreover, ISG+ T 
cells were rarely detected in SCLC samples, consistent 
with the scRNA-seq results.

Considering the significantly higher proportion of ISG+ 
T cells in T-SCLC, we next investigated whether ISG+ 
T cells were involved in SCLC transformation. Firstly, 
we developed a stable MX1-overexpressing subline 
(MX1OE T cells), representing ISG+ T cells, by transfect-
ing CD3+ T cells with pLX304-MX1. The corresponding 
negative control subline (Vector T cells) was generated 
by transfecting CD3+ T cells with pLX304 empty vec-
tor. Western blotting analyses confirmed significantly 
upregulated MX1 expression in MX1OE T cells as com-
pared with Vector T cells (Fig.  4M). Subsequently, we 
set up in vitro co-culture experiments using LUAD cell 
lines (H1975 or HCC827) and CD3+ T cells (MX1OE T 
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Fig. 4 (See legend on next page.)

 



Page 13 of 20Huang et al. Journal of Translational Medicine          (2026) 24:358 

or Vector T cells). Compared to Vector T cells, MX1OE T 
cells markedly promoted the expression of three typical 
neuroendocrine markers, chromogranin A (CHGA), syn-
aptophysin (SYP) and neuron-specific enolase (NSE), in 
both H1975 and HCC827 cells, indicating the promotion 
of neuroendocrine transformation (Fig.  4N). Suspect-
ing that IFN-I cytokines produced by MX1+ T cells were 
responsible for this effect, we next treated both LUAD 
cell lines with conditioned medium (CM) collected from 
the supernatant of MX1OE T or Vector T cells after 48 h 
culture. Consistently, the expression of neuroendo-
crine markers was significantly increased in both H1975 
and HCC827 cells after treatment with medium condi-
tioned by MX1OE T cells (Fig.  4O), consistent with the 
the expression of CHGA/SYP/ENO2 in the scRNAseq 
data (Figure S4F). Moreover, similar results were also 
observed in H1975 and HCC827 cells treated with IFN-I 
(IFN-α, IFN-β or IFN-ω) for 24  h in a dose-dependent 
manner (Fig.  4P). However, inhibition of the expression 
of IFNAR1, an important IFN-I receptor gene, using siR-
NAs significantly impeded the upregulation of CHGA 
and SYP expression (Figure S4G and H). Cumulatively, 
these results demonstrated that IFN-I produced by MX1+ 
T cells may play a crucial role in promoting neuroendo-
crine differentiation of LUAD cells.

ISG+ B cells were involved in SCLC transformation
Tumor-infiltrating B cells and plasma cells (TIBs) used to 
be overlooked and their roles in the immunobiology of 
solid tumors such as lung cancer remain poorly under-
stood. Here, we detected and characterized TIBs by 
scRNA-seq.  TIBs were divided into two main subtypes: 
plasma and B cells, with a higher proportion of plasma 
cells observed in the SCLC group than the T-SCLC and 
LUAD groups (Fig.  5A). Plasma cells and B cells were 
further reclustered into 2 and 4 subclusters, respectively, 
including IgG plasma, IgA plasma, naive B, memory B1, 
memory B2 and ISG+ B cells. These subclusters were 
identified through the top 10 differentially expressed 
genes (Fig. 5B and S5). As mentioned above, the fractions 
of B cells among all the cells were markedly enriched in 
the T-SCLC group compared with the LUAD and SCLC 

groups (Fig. 1E). In adaptive immunity, naive B cells dif-
ferentiate into either memory B cells or plasma cells [35]. 
We next constructed the developmental trajectory of B 
cells using Monocle 2, and pseudotime analysis revealed 
various states of B cell differentiation. ISG+ B cells were 
widely distributed across the trajectory and were more 
likely enriched at the early developmental stage (Fig. 5C). 
The expression levels of IgA, IgG and IgM transcripts 
further indicated the immature, naive-like status of ISG+ 
B cells [35] (Fig. 5D).

Similar to ISG+ T cells, ISG+ B cells also showed the 
upregulated expression of IFN activation markers as well 
as ISP (Fig.  5E). In addition to the RIG-I-like receptor 
signaling pathway, the Th1 and Th2 cell differentiation 
signaling was also markedly enriched in the ISG+ B clus-
ter, while IL-17 signaling was downregulated (Fig.  5F). 
This suggests an alternative differentiation pathway of 
T helper lineage, with a shift from a Th17 cell pheno-
type towards Th1 or Th2 cells, which is closely related 
to IFN signaling. The presence of ISG+ B cells were also 
validated by mIF staining, revealing a significantly higher 
abundance of ISG+ B cells in T-SCLC than LUAD and 
SCLC (Fig. 4K and L).

Next, we employed motif enrichment analysis to iden-
tify critical TFs activated in ISG+ T and B cells (Fig. 5G 
and J). The analysis revealed that interferon-regulatory 
factors (IRFs) and signal transducer and activator of tran-
scription (STAT) proteins were highly upregulated and 
bound directly to regulatory regions of MX1 in both ISG+ 
B and T cells. IRF2 and IRF7 have been shown to be posi-
tive regulators of IFN-I production, ISGs expression, and 
other pro-inflammatory cytokines/chemokines induc-
tion. Moreover, IRF7 expression could be induced by 
IFN-I in ISG+ T cells, inducing a feedforward loop that 
further amplified IFN-I expression [36]. IRF9 directly 
interacts with STAT1:STAT2 heterodimers to comprise 
interferon-stimulated gene factor 3 (ISGF3) that plays a 
crucial role in the JAK/STAT pathway and regulates ISG 
expression in response to IFN-I [37]. In addition, stem-
ness-related TFs NEUROD1 and YY1 were activated in 
ISG+ T and B cells, respectively.

(See figure on previous page.)
Fig. 4  Interferon-stimulated genes-positive (ISG+) T cells were enriched in T-SCLC. (A) UMAP plot of total T/NK cells across all samples, color-coded by 
six clusters. (B) Bubble plot shows the top 5 highest expression genes in each cluster. (C) UMAP plot of the density of CD4+ T cells color-coded by seven 
clusters. (D) The proportions of the seven clusters of CD4+ T cell clusters across the three groups. (E) UMAP plot of the density of CD8+ T cells color-coded 
by six clusters. (F) The proportions of the six clusters of CD8+ T cell clusters across the three groups. (G) Monocle 3 pseudotime trajectory analysis revealed 
different stages of CD4+ T cell differentiation. The UMAP plot is colored by inferred pseudotime. (H) Monocle 3 pseudotime trajectory analysis revealed 
different stages of CD8+ T cell differentiation. (I) Significantly upregulated and downregulated genes in the ISG+ CD4+ and ISG+ CD8+ T cell clusters. (J) Sig-
nificantly enriched pathways in the ISG+ CD4+ and ISG+ CD8+ T cell clusters. (K) Representative images of CD3, CD20 and MX1 in situ immunofluorescence 
staining in the three groups. Scale bars, 100 μm. (L) Quantification analysis of immunofluorescence staining in the LUAD group (n = 6), the T-SCLC group 
(n = 3) and the SCLC group (n = 5). *, p < 0.05; **, p < 0.01 compared with the SCLC group, unpaired t-test. (M) Western blotting analysis of MX1 protein 
expression in CD3+ T cells infected with MX1 overexpression (MX1OE) or vector lentivirus and incubated for 48 h. (N) Western blotting analysis of neuro-
endocrine markers in H1975 and HCC827 cells after co-cultured with vector or MX1OE T cells for 24 h. (O) Western blotting analysis for neuroendocrine 
markers in H1975 and HCC827 cells after culturing with conditioned medium (CM) from vector T or MX1OE T cells for 24 h. (P) Western blotting analysis for 
neuroendocrine markers in H1975 and HCC827 cells after treatment with different dose of the indicated type I interferon (IFN-α, IFN-β and IFN-ω) for 24 h
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Based on the close relation between ISG+ B cells and 
IFN-I, we next investigate whether ISG+ B cells help pro-
mote the transformation of LUAD to SCLC through IFN-
I, similar to ISG+ T cells. Firstly, human CD19+ B cells 
were infected with MX1OE or vector lentivirus and incu-
bated for 48 h to generate a stable MX1-overexpressing 
cell subline (MX1OE B cells), mimicking ISG+ B cells, and 
the corresponding control cell subline (Vector B cells) 
(Fig.  5K). Western blotting analyses further confirmed 
that MX1OE lentivirus obviously upregulated MX1 
expression at the protein level. Then H1975 and HCC827 
cell lines were co-cultured with MX1OE B cells or Vec-
tor B cells for 24 h. Co-culture significantly enhanced the 
expression of three neuroendocrine markers (Fig.  5L). 
Further treatment of both LUAD cell lines with medium 
conditioned by MX1OE B cells similarly promoted 
the expression of neuroendocrine markers (Fig.  5M). 
Together, these findings indicated that IFN-I produced by 
MX1+ B cells may contribute to the transdifferentiation 
from LUAD toward to a neuroendocrine cancer.

Identification of intercellular communication specially for 
epi 5 cells and ISG+ lymphocytes and development of an 
ISG-associated signature
The tumor microenvironment is characterized by com-
plex cell-cell interactions among different cell popu-
lations that ultimately modulate diverse biological 
processes, including SCLC transformation. Given that 
epi 5 was identified as a driving force of lineage plastic-
ity, we focused on exploring intercellular communica-
tions specially involving epi 5 cells as senders or receivers 
(Fig.  6A, B and S6). Activated leukocyte cell adhesion 
molecule (ALCAM) signaling was significantly stronger 
when epi 5 cells interacted with ISG+ T cells (Fig. 6C). To 
interrogate the information flow of ALCAM pathways 
more exactly, we further deployed ligand-receptor (L-R) 
pairs and found that the ALCAM-CD6 pair mediated this 
interaction (Fig. 6D). CD6, a T-cell costimulatory recep-
tor, and its ligand ALCAM are involved in T cell activa-
tion and trafficking [38], suggesting that epi 5 cells may 
activate ISG+ T cells through ALCAM-CD6 interaction. 
In addition, MK and FN1 signaling pathways were more 
activated between epi 5 and ISG+ T cells compared with 
other T cell populations, as ITGA4 + ITGB1 receptors 
were more highly expressed in ISG+ T cells (Fig. 6E and 
F, S7A and B). ITGA4 combines with ITGB1 on the cell 

surface to form the fully functional integrin very late 
antigen-4 (VLA-4), which helps inflammatory cells, par-
ticularly T lymphocytes, move toward to the given tis-
sues [39]. Consequently, these findings suggest that ISG+ 
T cells may migrate toward epi 5 cells via MK and FN1 
signaling pathways.

Considering ISG+ T cells and ISG+ B cells mainly 
derived from T-SCLC patients, we next explored the 
interplay specifically between ISG+ lymphocytes and 
other cell types. Despite the general similarities in the 
communication patterns between ISG+ lymphocytes 
and other lymphocytes, GALECTIN signaling pathway 
was identified to be much more abundant in ISG+ lym-
phocytes than other lymphocytes as an outgoing com-
munication (Figure S7C). To further interrogate the 
ligand-receptor (L-R) pairs of GALECTIN pathways, 
we identified that LGALS9-CD45, LGALS9-CD44 and 
LGALS9-HAVCR2 were involved in the interaction of 
ISG+ T cells and ISG+ B with multiple cell types such as 
endothelial cells, B cells, T cells and myeloid cells (Fig-
ure S7D-F). Previous studies reported that galectin-9, 
encoded by LGALS9, interacts with PD-1 and mucin-
domain containing-3 receptor (TIM-3) to regulate T 
cell death and immunotherapy efficacy. Thus, galectin-9 
might be critical in regulating the immune response in 
T-SCLC and was a potential target for immunotherapy 
[40].

Given the crucial role of ISG+ lymphocytes impact in 
shaping the TIME, particularly in pathological transfor-
mation, we next sought to identify key ISG-associated 
genes for predicting the OS of LUAD patients. Compared 
to other T and B cells, twenty-six ISG-related genes 
were significantly upregulated in both ISG+ T and B cells 
(Fig.  6G). Among all the DEGs, we selected the top 65 
genes to generate an ISG-associated signature, which was 
mainly expressed in immune cells but rarely observed 
in epithelial cells (Fig. 6H, Table S2). Then, multivariate 
Cox regression analyses were performed to calculate the 
regression coefficients for each gene of the signature. An 
activity scoring system was established based on a linear 
combination of gene expression levels, weighted by the 
regression coefficients, dividing patients into high-activ-
ity and low-activity groups. The prognostic performance 
of the activity scoring system based on ISG-associated 
signature was evaluated in a TCGA LUAD cohort, 
where the high-activity group had significantly worse 

(See figure on previous page.)
Fig. 5  ISG+ B cells were involved in SCLC transformation. (A) The proportion of each B/plasma cell cluster across the three groups. (B) UMAP plot of total 
B cells divided into four clusters. (C) The development trajectory of B cells inferred by Monocle 2. (D) Violin plots shows the differences in expression levels 
of indicated Ig subclass coding genes across six clusters and among the three groups. (E) Heatmap of DEGs between the ISG+ B cell clusters and other 
clusters. (F) GSEA shows significantly upregulated and downregulated pathways in the ISG+ B cell cluster compared with other clusters. (G, H) Visualization 
of motif enrichment to identify critical TFs activated in ISG+ T cells. (I, J) Visualization of motif enrichment to identify critical TFs activated in ISG+ B cells. (K) 
Western blotting analysis of MX1 protein expression in CD19+ B cells infected with MX1OE or vector lentivirus and incubated for 48 h. (L) Western blotting 
analysis of the indicated proteins in H1975 cells and HCC827 cells after co-culture with vector B or MX1OE B cells for 24 h. (M) Western blotting analysis of 
the indicated proteins in H1975 cells and HCC827 cells after culture with CM from vector B or MX1OE B cells for 24 h
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Fig. 6  Cell-cell interaction analysis targeting epithelial cluster 5 and ISG+ T cells, and the development of ISG-associated gene signature. (A, B) Dot plots 
show selected outgoing and incoming communications of epi 5 cells through ligand-receptor pairs. (C) The Heatmap shows the activity of ALCAM signal-
ing involved in the interactions between the 9 cell clusters. (D) The circle plot shows the predicted interactions mediated by ALCAM-CD6 in each pair of 
cell types. (E) The Heatmap shows the activity of MK signaling involved in the interactions between the 9 cell clusters. (F) The circle plot shows the pre-
dicted interactions mediated by MDK-(ITGA4 + ITGB1). (G) Heatmap of ISG-related significantly upregulated genes in ISG+ B and T cells compared to other 
T and B cells. (H) UMAP plots of the expression of ISG-related signature in each cluster of the LUAD, T-SCLC and SCLC groups. (I) Kaplan-Meier survival curve 
for high-activity (n = 255) and low-activity (n = 256) groups in the TCGA-LUAD cohort. Survival curves were compared by the Log-Rank test (p = 0.028)
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OS compared with the low-activity group (p = 0.028) 
(Fig.  6I). Given the above, the ISG-associated signature 
holds strong prognostic potential and may represent 
promising preventive and therapeutic targets for SCLC 
transformation.

Discussion
T-SCLC is defined as a distinct phenotype of SCLC, with 
a prognosis that is similar or even worse than the classic 
type of SCLC [8]. To date, the poor understanding of the 
transformation mechanism and the lack of effective treat-
ments remain major obstacles to improve the survival of 
T-SCLC patients. Although increased attention has been 
paid to SCLC transformation in recent years, most stud-
ies have relied on rough bulk-sequencing due to the chal-
lenges of obtaining fresh sample. In the present study, we 
used scRNA-seq to provide the first high-resolution atlas 
of T-SCLC malignant cells and the surrounding immune 
microenvironment, comparing them with LUAD and 
de novo SCLC. We identified a stem-like malignant cell 
subpopulation with the potential for plasticity, as well as 
ISG+ T and B clusters enriched in T-SCLC, potentially 
promoting SCLC transformation through IFN-I produc-
tion. Moreover, we developed an ISG-associated sig-
nature and found that patients with high activity of this 
signature had poor OS.

Lineage plasticity, a fundamental property of cancer, 
enables tumor cells to shift between different cell states, 
has attracted increased interest in recent years. Currently 
intratumoral heterogeneity partly reflects the lineage 
plasticity of tumor cells. Here, we uncovered obviously 
more distinct clusters of tumor cells that co-existed in 
both T-SCLC and SCLC compared to LUAD. These 
clusters significantly differed in terms of marker genes, 
molecular signaling pathways, differentiation state and 
CNV profiles, indicating a dramatic increase in transcrip-
tional heterogeneity during the process of SCLC trans-
formation. Moreover, we verified the intermediate and 
transitional state of T-SCLC, as multiple genes and path-
ways showed consistent shifts from LUAD to T-SCLC 
and ultimately to SCLC, which has been reported pre-
viously based on bulk sequencing data [4, 41]. Notably, 
we detected an epithelial cluster shared among tumors 
across subtypes and groups, which demonstrated potent 
differentiation potential according to the transcriptional 
differentiation trajectory. Also, gene expression, path-
way enrichment and mIF staining further point to the 
stem-like characteristic of this subpopulation, suggesting 
it as the potentially pioneering force of lineage plastic-
ity for SCLC transformation. A more recent study using 
genetically engineered mouse models traced the histo-
logical transformation from LUAD to SCLC [30], identi-
fying an undifferentiated, stem-like state emerges during 
the transformation, with the tumor cells exhibiting a 

“basal-like” appearance and activation of PI3K/AKT sig-
naling pathway. Consistent with this, we found that epi 
5 cells exhibited basal cell origins with marked upregula-
tion of Notch and PI3K-AKT-mTOR signaling pathways. 
Moreover, the expression of the epi 5-associated gene 
module was gradually elevated along the histological 
transition in the mouse models. However, our analyses 
showed significant downregulation of MYC pathway in 
epi 5 cells, whereas MYC transcriptional output increased 
in a time-dependent manner along the transformation 
trajectory in the mouse model. This discordance may be 
partially attributed to the different subtypes of T-SCLC 
in our study, as MYC is known to promote a SCLC sub-
type temporal shift from ASCL1 to NEUROD1 to YAP1 
[42]. At present cancer therapies mainly focus on a single 
oncogenic pathway or immune checkpoint but underes-
timate the high plasticity of tumor cells [43]. Targeting 
intratumoral heterogeneity or stem-like cells has been 
proposed as a novel strategy to overcome treatment 
resistance and disease progression [44, 45]. Therefore, 
further studies are warranted to elucidate the precise role 
of stem-like cells in SCLC transformation and to assess 
their potential therapeutic implications.

Further exploration of tumor-infiltrating immunocytes 
showed the immune microenvironment heterogene-
ity among the three groups, with different proportions 
of each cell cluster. More importantly, our data identi-
fied the enrichment of ISG+ T cell and B cell subsets in 
T-SCLC for the first time, and mIF staining further vali-
dated this finding. Our study presented significant upreg-
ulation of IFN-I production and enrichment of IFN-I 
signaling in ISG+ T and B cells, suggesting that these 
clusters are closely related to IFN-I. The role of IFN-I in 
tumor progression is highly complex, with activities that 
either suppress or promote tumor growth depending on 
the contexts. For instance, several studies have indicated 
that IFN-I mediates antineoplastic effects by modulat-
ing cancer immunoediting [46, 47]. Conversely, IFN-I 
has been reported to induce PD-L1 expression, thereby 
protecting cancer cells from T cell–mediated cytotoxic-
ity [48, 49]. Notably, researchers have recently focused 
on the association between IFN and stemness. Muselle et 
al. have highlighted that IFN-I promotes the appearance 
of cancer stem cells with immune privilege and therapy 
resistance [50]. Moreover, IFN-γ produced by activated 
T cells even directly converts non-cancer stem cells to 
cancer stem cells, driving metastatic progression [51]. 
In this study, in vitro experiments revealed that IFN-
Is promoted neuroendocrine differentiation in LUAD 
cells, but the cell morphology and growth rate did not 
show obviously changes, suggesting that IFN-Is may be 
important but insufficient to lead to SCLC transforma-
tion. Further research on molecular mechanisms would 
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broaden the understanding of the role of IFN-I in SCLC 
transformation.

Cell-to-cell communication, especially between the 
immune system and tumors, plays a pivotal role in tumor 
development and the response to treatments. The investi-
gation of cell-cell interaction in T-SCLC revealed that epi 
5 cells activated ISG+ T cells via ALCAM signaling, while 
ISG+ T cells migrated toward epi5 cells through VLA-
4, an important receptor in the MK and FN1 signaling 
pathways. Previous multiple studies reported that VLA-4 
played a critical role in T cell adhesion, trafficking, and 
transendothelial migration in response to “inside-out” sig-
nals initiated by chemokine and antigen receptors [52–55]. 
The results indicated close interaction between epi 5 cells 
and ISG+ T cells, while no intercellular communication 
was observed with ISG+ B cells. In addition, we disclosed 
that the GALECTIN pathway was specifically activated in 
ISG+ T and B cells, facilitating crosstalk with myeloid cells, 
endothelial cells and also among themselves. Galectin-9 
expression is induced by INF-I and reflects the IFN signa-
ture in systemic autoimmune disease [56]. Furthermore, 
as a well-established T cell inhibitory receptor, galectin-9 
is known to mediate immunosuppression and is associ-
ated with poor prognosis in lung cancer [57]. Nowdays 
intercellular interaction has been widely recognized as the 
pharmacological basis of immunotherapy [58]. The most 
successful example to date is that of PD-1/PD-L1 immune 
checkpoint inhibitors. A previous study showed that dis-
rupting the ALCAM-CD6 axis via ALCAM knockdown 
in non small cell lung cancer leads to increased inhibi-
tory receptor scores on T cells and a significant reduction 
in activated T cells, potentially contributing to an immu-
nosuppressive tumor microenvironment [59]. Another 
study by Morosi et al. demonstrated that suppression of 
ALCAM-CD6 communication impairs cDC1-CD8+ T cell 
synapse formation [60]. In addition, a humanized IgG4 
anti-VLA-4 monoclonal antibody effectively blocked tran-
sendothial and fibronectin-driven migration of CD4+ and 
CD8+ T cells [39]. On the contrary, both small-molecule 
activators and agonists of VLA-4, such as 7HP349 and 
THI0019, have been shown to facilitate the preferential 
localization of tumor-specific T cells to tumors [61, 62]. 
Consequently, disruptions in the interaction between epi 5 
cells and ISG+ T cells might hold great therapeutic poten-
tial for preventing or restraining SCLC transformation.

In recent years, the expansion of sample size and the 
diversity of data have increased the interest not only in 
exploring the key factors for tumor but also developing 
various models for prediction and prognosis [63, 64]. 
Considering the specific gene expression patterns of 
ISG+ lymphocytes, we developed an ISG-associated gene 
signature that is significantly correlated with prognosis. 
Currently immunoproteomics, as an important bridge 
connecting the genome and phenotype, provides new 

strategies for generating more precisely predictive and 
prognostic models. Thus, it is worth further investigating 
the prognostic value of the ISG-associated gene signature 
in combination with proteomics in the future.

One limitation of the present study is the scarcity of 
T-SCLC samples due to the difficulty of obtaining fresh 
tissues, although we utilized the public mouse-model 
samples to further validate the findings. Therefore, a 
larger sample size study is warranted to establish the role 
of epi 5 and ISG+ T cells in SCLC transformation. Never-
theless, our study provides a relatively complete picture 
of the TME in T-SCLC so far, laying the groundwork for 
further cellular and molecular explorations. In the future, 
as the advances of multi-omics and nanomaterials [12], 
the characteristics of epi 5 and ISG+ T cells would offer 
valuable insights for guiding the development of thera-
peutic strategies, ultimately conquering this devastating 
disease.
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