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A B S T R A C T   

Small-cell lung cancer (SCLC) is generally considered a ’homogenous’ disease, with little documented inter- 
tumor heterogeneity in treatment guidance or prognosis evaluation. The precise identification of clinically 
relevant molecular subtypes remains incomplete and their translation into clinical practice is limited. In this 
retrospective cohort study, we comprehensively characterized the immune microenvironment in SCLC by inte
grating transcriptional and protein profiling of formalin-fixation-and-paraffin-embedded (FFPE) samples from 29 
patients. We identified two distinct disease subtypes: immune-enriched (IE-subtype) and immune-deprived (ID- 
subtype), displaying heterogeneity in immunological, biological, and clinical features. The IE-subtype was 
characterized by abundant immune infiltrate and elevated levels of interferon-alpha/gamma (IFNα/IFNγ) and 
inflammatory response, while the ID-subtype featured a complete lack of immune infiltration and a more pro
liferative phenotype. These two immune subtypes are associated with clinical benefits in SCLC patients treated 
with adjuvant therapy, with the IE-subtype exhibiting a more favorable response leading to improved survival 
and reduced disease recurrence risk. Additionally, we identified and validated a personalized prognosticator of 
immunophenotyping, the CCL5/CXCL9 chemokine index (CCI), using machine learning. The CCI demonstrated 
superior predictive abilities for prognosis and clinical benefits in SCLC patients, validated in our institute 
immunohistochemistry cohort and multicenter bulk transcriptomic data cohorts. In conclusion, our study pro
vides a comprehensive and multi-dimensional characterization of the immune architecture of SCLC using clinical 
FFPE samples and proposes a new immune subtyping conceptual framework enabling risk stratification and the 
appropriate selection of individualized therapy.   

1. Introduction 

Small-cell lung cancer (SCLC) has been regarded as a ’homogenous’ 
disease, with patients receiving similar treatment approaches over the 

past few decades. Despite the addition of immunotherapy to platinum- 
based frontline chemotherapy, the improvements in overall response 
rate, progression-free survival, and overall survival have been minimal 
[1]. In contrast to non-small-cell lung cancer (NSCLC), where molecular 
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stratification and predictive biomarkers have revolutionized treatment 
approaches, the underlying mechanisms driving therapeutic benefits in 
SCLC remain poorly understood [2]. Consequently, there is a lack of 
guidance for clinical research and the development of layered treatment 
strategies in SCLC. 

The immune landscape within the tumor microenvironment has been 
widely recognized as a crucial determinant of prognosis and the anti
tumor immune response [2]. Our previous observational study in 247 
resected SCLCs [3], along with the IMPower 133 [4] and CASPIAN [5] 
studies, demonstrated the potential for prolonged survival in a subset of 
SCLC patients through surgery or immune-based interventions. How
ever, owing to technical limitations, previous studies have provided only 
a limited perspective on the immune microenvironment in SCLC, often 
focusing on a small number of specific cell types such as CD4 + or CD8 +
T cells [6], tumor-associated macrophages, cancer-associated fibroblasts 
or particular gene signatures [7]. The impact of the immune landscape 
on prognosis and immune response is known to involve multiple 
specialized cell types that interact in a highly coordinated manner, as 
revealed in other cancer types [8–13]. However, the current under
standing of the tumor immune landscape features of SCLC remains far 
more unclear [14]. Advancements in integrative multi-omics strategies 
have revolutionized therapeutic development for various tumor types 
[15–17]. Therefore, a comprehensive characterization of the immune 
landscape in SCLC is crucial for advancing therapeutic strategies and 
improving patient outcomes. 

This study aims to elucidate the immunological architecture of SCLC 
through a multi-dimensional analysis incorporating targeted NanoString 
panel RNA sequencing, transcriptional profiling, and protein profiling 
and to understand the impact of the immunological architecture on 
prognosis and therapeutic clinical benefits. We identified immune- 
enriched (IE-subtype) and immune-deprived disease subtypes (ID-sub
type) characterized by distinct immune features and clinical outcomes. 
Finally, we developed and validated a two-chemokine index (CCI) for 
immunophenotyping, which shows promise in the risk stratification of 
patients and aids in selecting personalized treatment strategies in clin
ical settings. 

2. Methods and materials 

2.1. Patient Cohorts and study design 

This study was performed according to the Declaration of Helsinki 
and approved by the Ethics Committee of National Cancer Center/ 
Cancer Hospital, Chinese Academy of Medical Sciences and Peking 
Union Medical College (approval NO.22/250–3452), and all patients 
have exempted an informed consent due to the retrospective nature. All 
data were anonymously analyzed. 

In this retrospective study, the high-quality formalin-fixed and 
paraffin-embedded (FFPE) tumor tissues of 59 patients with resected 
limited-stage SCLC who received no chemo/radio-therapy before sur
gery were recruited between January 2009 and February 2016 from the 
archival electronic medical record system (EMRS) at the Department of 
Pathology, Cancer Hospital, Chinese Academy of Medical Sciences 
(CHCAMS). 

The clinicopathologic information of 59 SCLC patients (e.g., age, 
gender, smoking history, tumor location, tumor thrombosis, treatment 
modes, T stage, N stage, M stage, overall survival, disease-free survival, 
etc.) from EMRS was manually curated and compiled. Inclusion criteria 
for sample analysis were as follows: (i) histological confirmation of pure 
SCLC without any combined histology after radical resection of lung 
cancer plus systemic lymph node dissection; (ii) limited stage classifi
cation according to the Veteran’s Administration Lung Study Group’s 2- 
stage classification scheme (VALSG) [18], and (iii) absence of synchro
nous or prior multiple primary lung cancer of other histology nor 
coexisting tumors from other organs. This study was designed with two 
cohorts: CHCAMS cohort-1, including 29 samples available for 

transcriptomic and proteomic profiling, and CHCAMS cohort-2, 
including 30 samples available for independent validation by immu
nohistochemistry (IHC). 

2.2. RNA isolation and processing for customized neuroendocrine and 
immune signature 

Archived FFPE blocks with sufficient tumor contents were collected 
for RNA extraction. Three Section (8 µm in thickness) were sectioned 
from each sample block. An additional tissue Sections (3–4 µm in 
thickness) from each sample was stained with H&E for pathological 
verification of the tumor region and border for macrodissection before 
RNA extraction. Total RNA was isolated using the RNeasy FFPE kit 
(Qiagen 73504) from fresh FFPE tumor sections and quantified using 
NanoDrop spectrophotometry (Thermo Fisher Scientific) and quality 
controlled using 2100 bioanalyzer (Agilent Technologies). RNA integ
rity was defined by the percentage of 300 ng with a passing threshold of 
50% for digital counting using NanoString nCounter technology. 

300 ng RNA of each sample extracted from corresponding FFPE 
tumor tissues from SCLC patients was analyzed on the NanoString 
nCounter system (NanoString Technologies, Seattle, WA, USA) using a 
custom-designed panel incorporating mRNA expression of 277 genes 
involved in immune checkpoint inhibitors, innate immunity, immune 
cell type biomarkers and neuroendocrine signature. After probe binding, 
the gene-specific fluorescence barcodes were hybridized, scanned, and 
quantified on the nCounter FLEX digital analyzer. Quality control (QC) 
and raw data processing were performed using the nSolver (v4.0.70). A 
binding density between 0.1 and 2.25 was regarded as good imaging QC 
and an R2 over 0.95 of serial diluted spike-in positive controls was 
regarded as good internal QC for quantification. Raw data were 
normalized by the geometric mean of endogenous housekeeping genes. 
For further downstream analysis, normalized data were used directly as 
count values. 

2.3. Acquisition and processing of whole transcriptional atlas and protein 
profiling for immune-oncology (I/O) targets 

Transcriptional and protein profiling was generated using the 
NanoString GeoMx Digital Spatial Profiler (DSP) (NanoString, Seattle 
WA, USA) of 83 regions of interests (ROIs) from 29 resected SCLC as 
previously described [19]. All experiments were performed at Fynn 
Biotechnologies (Jinan, China). In general, the FFPE tissue section was 
deparaffinized and immunofluorescence-stained using Pan-CK (Novus 
NEP2–33200) and CD45 (CST13917) plus a nuclear stain SYTO13 
(NanoString 121300310). Individual ROIs were selected to delineate 
cancer and infiltrating immune cells, respectively, with appropriate cell 
counts. A whole transcriptome atlas covering over 18,000 genes was 
used for transcriptional profiling. Hybridized probes were photocleaved 
by ultraviolet and oligonucleotide barcodes were collected and 
sequenced on an Illumina NovaSeq 6000 with a sequencing depth factor 
of 100 per µm2. For protein profiling, experiments were carried out on a 
parallel-sectioned slide following the abovementioned process. 
Ultraviolet-photocleavable oligo-conjugated panel sets along with the 
above three visualization markers, containing 42 protein markers, were 
used for protein detection and quantification similarly upon 
ultraviolet-mediated illumination, target-specific oligo barcodes, details 
seen in NanoString Website (GeoMx DSP Configuration Files | 
NanoString). 

The RNA data obtained underwent quality control checks and were 
normalized using the Q3 normalization method. The limit of quantita
tion (LOQ) of each ROI was determined using the formula: LOQ =
Geomean (NegProbe) × GeoSD (NegProbe)2. A total of 18,676 genes 
were included in the downstream analysis. For the assessment of the 42 
proteins from the DSP immune-related panels or modules, the raw 
protein data were normalized using housekeeping proteins (Histone H3, 
GAPDH, RPS6) to eliminate inter-ROI expression bias and target 

L. Yang et al.                                                                                                                                                                                                                                    



Pharmacological Research 194 (2023) 106844

3

expression was also evaluated by comparison with three negative con
trols (mouse IgG1, mouse IgG2a, and rabbit IgG) before downstream 
analysis. Pseudo-bulk sequencing data for RNA and protein were 
generated by calculating the average expression levels of RNAs and 
proteins across all ROIs within each sample [20,21]. 

2.4. Public multicenter SCLC patient cohorts 

A total of four multicenter SCLC patient cohorts with available 
transcriptomic data and clinical information were collected from the 
Gene Expression Omnibus (GEO) database and corresponding publica
tions, including 50 patients from the GSE60052 cohort [22], 49 patients 
from George’s study (George cohort) [23], 18 patients from the 
GSE149507 cohort [24] and 17 anti-PD-1/PD-L1 antibody-treated pa
tients from Roper’s study (Roper cohort) [25]. 

2.5. Functional and gene set enrichment analysis 

Twenty-nine knowledge-based functional gene expression signatures 
(Fges) covering known immune, stromal, and other major cellular 
functional components of the tumor were obtained from Bagaev’s study 
(Supplementary Table 1) [26]. Fifty hallmark gene sets were obtained 
from Molecular Signatures Database (MSigDB, v7.2) [27]. Gene set 
enrichment analysis (GSEA) was carried out by the R package ’cluster
Profiler’ (v4.2.2) [28]. The enrichment score (ES) of the GSEA method 
was used to calculate the enrichment level of specific gene sets or 
pathways. These ES scores were examined genes on the rank list from 
top to bottom. ES score was increased if a gene participated in the 
composition of the pathway or gene set, otherwise decreased. Normal
ized enrichment score (NES) was normalized to related pathways or 
gene set size. Positive NES represented the enrichment level at the top 
and negative NES represented the enrichment level at the bottom of the 
rank list. The single sample gene set enrichment analysis (ssGSEA) was 
performed using the R package ’GSVA’ (v1.42.0) [29]. Enrichment 
analysis for gene ontology (GO) biological process gene sets was con
ducted by the ClueGO (plugin for Cytoscape software) [30]. 

2.6. Unsupervised clustering for molecular subtyping 

The unsupervised consensus clustering analysis was applied to mo
lecular data of SCLC tumor samples to identify potential molecular 
subtypes with the clustering number from 2 to 5 using the R package 
’ConsensusClusterPlus’ (v1.58.0) [31]. We selected the 80% item 
resampling (pItem), 1000 resamplings of ’reps’, k-means method of 
’clusterAlg’ and Euclidean of ’distance’ as the key input parameters on 
the consensus clustering models. The best consensus clustering k was 
chosen using the reference of cumulative distribution functions (CDF). 

2.7. Immune infiltration estimations 

Immune infiltration was computationally estimated using two im
mune cell gene signature-based methods, including the xCell method 
and the ssGSEA method. The xCell method (https://xcell.ucsf.edu/) was 
used to evaluate infiltrating levels of 64 immune and stroma cell types 
[32]. Twenty-eight immune cell gene sets were collected from previous 
publications (Supplementary Table 2) [33,34], and the ssGSEA method 
was used to quantify 28 infiltrating immune cells. We used the T cell 
exhaustion (TEX) signature [35], immune checkpoint inhibitory (ICI) 
signature [36,37] and cytotoxic signature to assess T cell dysfunction 
and exclusion level based on the ssGSEA method (Supplementary 
Table 3). 

2.8. Identification and development of a 2-chemokine signature 

To further investigate the interplay between immune subtypes in 
SCLC, we utilized an ensemble filtering pipeline among multi-platform 

expression profiles of 200 IFNγ pathway genes (Supplementary 
Table 4). First, expression levels of 200 IFNγ-related genes were 
compared between two immune subtypes from the NanoString panel 
profile with the Wilcoxon test. Genes with a P-value < 0.05 were 
considered statistically significant. The limma R package (v3.50.3) was 
used to identify differentially expressed genes. Genes with P-value<
0.05 and fold-change (FC) > 1.5 were reserved to be statistically 
significant. 

A 2-chemokine signature (CCL5/CXCL9 Index, CCI) was developed 
with the eXtreme Gradient Boosting machine-learning algorithm 
(XGBoost R package, v1.5.2.1). The kernel function of CCI was ’binary- 
logistic’ and the max number of boosting iterations was 3000. To ensure 
the robust performance of the model, the tree depth was considered as 4, 
and the subsample ratio of training instance and columns in each tree 
were 50%. The evaluation metrics of validation data were displayed 
using ’error’ on CCI. The CCI modeled via machine learning showed the 
best trade-off of predictive performance and model complexity. With 
CCI specified on the 0–1 index, the superior threshold was defined as 0.4 
in the training cohort. 

2.9. Immunohistochemistry (IHC) validation 

IHC was performed on 4 µm thick full sections from selected blocks 
by fully automatic Roche immunohistochemical instruments (Bench
Mark ULTRA IHC/ISH System, Roche Diagnostics, BenchMark ULTRA 
system (roche.com)) according to the standard protocols. After depar
affinization, antigen retrieval of sections was at 97 ◦C for 30 min. Then 
sections were blocked in H2O2 at room temperature for 5 min and 
incubated at 4 ℃ overnight with primary antibodies against CXCL9 
(ab9720, 1:100) and CCL5 (ab9679, 1:200), and incubated at room 
temperature with CD45(Kit-0024, MXB Biotechnologies) for 40 min, and 
then with HRP-labeled secondary antibody for 30 min at 37 ◦C. The 
interpretation of all IHC slides was completed by QuPath software 
v0.3.2 (https://qupath.github.io), an open-source and user-friendly 
software to evaluate and analyze digitally pathological characters on 
whole-slide imaging [38], for assessing via a combined score based on 
the intensity and the extent of staining under 200 × field microscopy. 

2.10. Statistical analysis 

All statistical analyses and graphical visualization were performed 
using R software (v4.1.3) and associated R packages. Tests involving 
categorical comparisons of distributions were performed using Fisher’s 
exact tests, unless otherwise specified. Comparison between continuous 
variables was performed using Student’s t-test or Wilcoxon rank-sum 
tests. The correlation between two continuous variables was deter
mined by Pearson’s correlation test. Univariable and multivariable Cox 
proportional hazards regression analysis was performed to evaluate the 
hazard ratio (HR) and 95% confidence interval (CI) of risk metrics with 
R package ’survival’ (v3.4–0). The Kaplan-Meier survival curves and 
log-rank tests were performed to compare the survival difference be
tween two and more groups using the R package ’survminer’ (v0.4.9). 
The two-sided P-value < 0.05 was considered statistically significant. 

3. Result 

3.1. Integrated targeted gene expression (TGE) and whole transcriptome 
atlas (WTA) profiling identifies immune subtypes of SCLC 

We conducted Pearson correlation analysis for NanoString targeted 
TGE profiling to identify co-expression patterns of pre-defined genes and 
biological activities using unsupervised hierarchical clustering and 
generated three major functional modules involved in the immune 
compartment, EMT and metabolic processes, and pro-tumor pathways in 
SCLC tumor microenvironment (Fig. 1 A and Fig. S1A). Remarkably, 
these three modules showed no obvious correlation with each other. To 
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further characterize the cellular and functional properties of the TME, 
we scored 29 Fges using ssGSEA from the whole transcriptomic profile. 
Unsupervised hierarchical clustering analysis of 29 Fges dichotomized 
29 SCLC samples into two clusters with significantly varied immune 
compartments (Fig. 1B and Fig. S1B). One cluster can be characterized 
by higher levels of immune infiltrate, termed immune-enriched subtype 
(IE-subtype), compared with another cluster termed immune-deprived 
subtype (ID-subtype). However, there are no obvious differences in 
angiogenesis/fibroblast compartment, EMT signature, and tumor pro
liferation rate between IE-subtype and ID-subtype (Fig. 1B). Differences 
in the immune microenvironment between two clusters distinguished by 
our approach were also consistently observed when analyzing the 
abundance of tumor-infiltrating immune cells using ’xCell’ method [32] 
or previously reported immune cell signatures by ssGSEA [33,34] 
(Fig. S1C). The gene signature expression pattern between immune 
subtypes is histologically correlated with lymphocyte spatial organiza
tion. IHC analysis in pathological sections also confirmed higher 
tumor-infiltrating lymphocytes (TILs) in IE-subtype compared with 
ID-subtype (mean H-score 151.24 vs. 105.29, P = 0.036) (Fig. 1C and D). 
Furthermore, immune subtyping identified in our cohort was also 
robustly reproduced in another public GSE149507 cohort (Fig. S1D-F), 
indicating that immune subtyping is duplicable and reliable. 

We performed DE analysis between IE-subtype and ID-subtype to 
uncover the main biological features underlying immune subtypes. We 
found that immune-related processes, including lymphocyte-mediated 
immunity and adaptive immune response, were enriched in IE- 
subtype. In contrast, the cellular metabolic process, organelle organi
zation, organ development and regulation of cellular process were 
enriched in ID-subtype (Fig. 1E). Pathway-level ssGSEA comparison 
analysis from 50 hallmark pathways obtained from MsigDB displayed 
that IE-subtype tumors featured by significantly enriched in IFN-α 
response, IFN-γ response and inflammatory response. Conversely, the 
E2F and MYC targets gene sets were significantly enriched in ID-subtype 
tumors, implying a more proliferative phenotype (Fig. 1 F). Similar re
sults also were observed in the external GSE149507 cohort (Fig. S1G). 

3.2. Highly multiplexed digital spatial profiling reveals distinct T-cell 
infiltration and function in immune-enriched and immune-depleted SCLC 

The specific TGE and transcriptomic profiling does not uncover the 
spatial relationship and protein information for TILs in TME. Here, we 
quantitated the expression of 39 immuno-oncology proteins in 29 SCLC 
FFPE samples. We selected 83 ROIs in SCLC samples using fluorescent 
anti-CD45 (visualization marker for TIL ROIs) and anti-pan cytokeratin 
(PanCK, visualization marker for neoplastic epithelial cell ROIs) anti
body (Fig. 2 A and Fig. S2). T cell scores, cytotoxicity scores, ICI scores 
and TEX scores (calculated as detailed in Methods) were higher in DSP 
CD45 + and CD3 + (markers for T cells) protein status than in CD45- 
and CD3- groups (Fig. 2B, C). Furthermore, gene expression and proteins 
for human IO drug target CD44 (R=0.62, P < 0.001) and human im
mune activation target IDO1 (R=0.49, P = 0.007) displayed a signifi
cant and positive association (Fig. S3A), serving as the validation for the 
CHCAMS cohort-1 gene expression based immune-related score. 

Furthermore, we investigated the difference in co-localization pat
terns of 39 human IO proteins between CD3 + and CD3- SCLC samples 

(classified with the median split of barcode score). As shown in Fig. 2D, 
CD3 + T cells in immune-infiltrated FFPE co-localized with beta-2- 
microglobulin and immune-checkpoint target B7-H3 and T-cell immu
noglobulin mucin family member 3 (Tim3). In contrast, the CD3- T cell 
group co-localized with signatures of inducible T-cell co-stimulator 
(CD11c) and CD44 (Fig. 2D). We further arranged each ROI into the 
immune-rich (CD45 hot spot, CD45 ++) or the immune-poor (CD45-/+) 
regimentation, utilizing the top and bottom quartile of CD45 barcode 
scores (Fig. 2E). When compared to immune-poor ROIs, CD45 + +

immune-rich hot spot revealed significantly increased protein expres
sion of CD3, CD4, CD8, immune-checkpoint targets and immune acti
vation targets (Fig. 2 F). 

When considered in aggregate protein expression patterns (29 sam
ples, 83 ROIs and 39 IO proteins), we identified four protein modules to 
assess their correlations with clinical-biological functions. Abnormal
ities in module 2, module 3 and module 4 genes did not associate with 
specific tumor characteristics but correlated with immune activation, 
immune-checkpoint target, and cytotoxicity (Fig. S3B). In contrast, the 
proteins in module 1 were correlated with tumor proliferation and in
vasion, including B7-H3, CD56, Ki-67 and Histone H3. Meanwhile, up- 
regulated distribution in B7-H3, CD56, Ki-67 and Histone H3 were 
predominantly observed in CHCAMS cohort-1 SCLC patients with ID- 
subtype (Fig. S3C). Collectively, highly multiplexed ROIs of human IO 
proteins highlighted critical differences in TILs rich versus TILs poor 
subtypes and identified the tumor-related protein signatures in ID- 
subtype associated with more aggressive tumors. 

3.3. Immune subtypes are associated with clinical benefits in SCLC 
patients treated with adjuvant therapy 

To investigate the potential association between immune subtyping 
and the clinical efficacy of chemo/radio-therapy, we examined the 
disease-free survival (DFS) and disease recurrence rates in relation to the 
IE-subtype and ID-subtype. Survival analysis revealed notable differ
ences in DFS between the two immune subtypes. Specifically, patients 
with the IE-subtype exhibited a more favorable clinical outcome, with a 
3- and 5-year DFS rate of 69.2%. In contrast, patients with the ID- 
subtype demonstrated a less favorable prognosis, with a 3- and 5-year 
DFS rate of 46.7% and 37.3% (Fig. 3 A). Furthermore, the ID-subtype 
patients displayed a higher disease recurrence rate of 60% compared 
to those with the IE-subtype, who had a lower disease recurrence rate of 
38.5% (Fig. 3B). 

To further test the clinical relevance of the immune subtyping in 
SCLC immunotherapy, we recapitulated immune subtyping for 17 pa
tients who received anti-PD-1/PD-L1 therapies in the Roper cohort 
(Fig. S4A, B), and observed that IE-subtype on Roper cohort shown 
substantially increased enrichment of immune-related pathways 
(Fig. 3 C). Notably, quantitative immune response review of Roper 
cohort revealed the IE-subtype was enriched with clinical benefit (CB) 
state (50%) and ID-subtype displayed a highest rate of no clinical benefit 
(NCB) state (81.8%) (Fig. 3 C). Among patients with prognostic com
parison after immunotherapy, the Kaplan-Meier analysis revealed that 
IE-subtype patients achieved a significantly longer OS compared to ID- 
subtype patients (log-rank P < 0.001, Fig. 3D). Multivariable Cox 
regression analysis also indicated that the immune subtyping was 

Fig. 1. Characterization of SCLC subgroups defined by immune gene profiling. (A) Unsupervised hierarchical clustering of the Pearson correlation matrix 
among genes from targeted gene expression profiling identifies three co-expression functional modules. (B) Heatmap of activity scores of 29 knowledge-based 
functional gene expression signatures (Fges) derived from single sample gene set enrichment analysis (ssGSEA) between IE-subtype and ID-subtype. The violin 
plot showed a distribution difference of 29 Fges activity scores between IE-subtype and ID-subtype. P value is calculated with the Wilcoxon test. (C) Representative 
hematoxylin and eosin (H&E) and IHC staining images of the two immune subtypes (200 × magnification). (D) Quantification of staining intensities for the indicated 
immune markers between IE-subtype and ID-subtype. Error bars represent mean ± SEM. P value is calculated with the Wilcoxon test. (E) Volcano plot showing 
differentially expressed genes (DEGs) between IE-subtype and ID-subtype (IE-subtype vs. ID-subtype). Red points represent overexpressed DEGs in IE-subtype and 
blue points under-expressed DEGs in IE-subtype. Green points represent only |log FC| > log 1.5 DEGs. Grey points represent insignificant DEGs. Network plot 
showing the enriched biological process in IE-subtypes and ID-subtype derived by Cytoscape plugin ClueGO. The P-value is calculated with the limma R package. (F) 
Bar plot depicting the enrichment scores of 50 hallmark gene sets between IE-subtype and ID-subtype. 
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Fig. 2. Multiplexed protein detection with GeoMx DSP validates distinct T-cell infiltration and function between immune subtypes in SCLCs. (A) CD45 
hotspots (blue fluorescence) in representative ROIs from SCLC FFPE sample. (B, C) Box plots showing the monotonic association of T cell score, cytotoxicity score, ICI 
score and TEX score between CD45 + and CD45- groups, and between CD3 + and CD3-groups. P value was calculated with the Wilcoxon test. (D) Unsupervised 
hierarchical clustering of 39 human IO proteins detected with GeoMx DSP showed the CD3 neighbors in 29 SCLC FFPE samples with high and low T-cell infiltration 
groups (median split). (E) CD45 hotspots (blue fluorescence) in representative regions of interest (ROIs). ROIs (n = 83) were assigned to either the immune-rich 
(CD45 "hotspot"; top 25% quartile of CD45 barcode scores) or the immune-poor category (bottom 25% quartile of CD45 barcode scores). (F) Box plots showing 
protein expression levels of PD-L1, PD-1, CD4, CD3, CTLA4, GZMB, CD8, VISTA, GITR, IDO1, Tim-3 and CD40 between CD45 + + and CD45-/+ subtypes. P value is 
calculated with the Wilcoxon test. 
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retained as an independent immunotherapy prognostic factor for OS 
(HR=0.054, 95% CI 0.005–0.552, P = 0.014, Fig. S4C). These findings 
underscore the potential impact of immune subtyping on the clinical 
efficacy of chemo/radio-therapy or immunotherapy in SCLC patients. 

3.4. A CCL5/CXCL9 chemokine index as a personalized prognosticator of 
immunophenotyping for clinical translation 

The above hallmark gene set analyses indicated that IFN-γ response 
is most significantly enriched in IE-subtype, highlighting the key 
contribution of IFN-γ pathway activation to differential functional states 
of the two immune types. Prompted by the above observations, we used 
multi-platform profiles and a filtering pipeline algorithm to discover the 
shared axis on 200 IFNγ-related genes (Fig. 4 A). We found that the 
expression of two specific chemokines (CCL5 and CXCL9) was signifi
cantly associated with the immune subtyping. These two chemokines 
were significantly upregulated in IE-subtype SCLC samples relative to 
ID-subtypes, which was further validated in the external GSE149507 
cohort (Fig. 4B). These results indicated that expression levels of CCL5 
and CXCL9 denoted a main difference in immune properties for the two 
immune subtypes. Therefore, we defined a computational index for the 
CCL5/CXCL9 chemokine axis (CCI) as a personalized prognosticator of 
immune subtyping for clinical translation. The CCI dichotomized SCLC 

cases into a high CCI (CCIhi) group and low CCI (CCIlo) group using 0.4 
as a threshold for representing the IE-subtype and ID-subtype. We next 
tested the prognostic value of the CCI using multicenter bulk tran
scriptomic cohorts. The Kaplan-Meier analysis revealed that the CCIhi 

cases were associated with superior prognosis and prolonged patient 
survival time compared to CCIlo cases across different cohorts (log-rank 
P = 0.051 for the GSE60052 cohort, P = 0.076 for the George cohort 
and P = 0.074 for CHCAMS cohort-1) (Fig. 4 C). Furthermore, the CCI 
also displayed robust and excellent prognostic value in SCLC immuno
therapeutic patients. The CCIlo cases in the Roper cohort were also 
correlated with inferior prognosis and shortened patient survival (log- 
rank P = 0.001, Fig. 4D). 

To determine whether the CCI could be utilized as a prognostic tool 
in the clinical application using IHC quantitative profile, we re-collected 
other 30 SCLC patients’ FFPE sample and clinical information (CHCAMS 
cohort-2, IHC) as shown in Fig. 4E, and measured protein expression of 
CCL5 and CXCL9 using the quantitative computerized IHC analysis for 
experimental verification at the protein level. Using the H-score of CCL5 
and CXCL9 from the quantitative analysis as input, the CCI stratified 30 
patients into CCIhi (n = 12) and CCIlo (n = 18) groups (Fig. 4E). As ex
pected, tumors in the CCIhi group showed significantly higher CCL5 
(Wilcoxon, P < 0.001) and CXCL9 (Wilcoxon, P = 0.003) protein 
expression than cases in the CCIlo group (Fig. 4 F, G). As indicated by the 

Fig. 3. Clinical relevance of immune subtyping in SCLC patients. (A) Kaplan-Meier curves for disease-free survival based on immune subtypes in the CHCAMS 
cohort-1. P value is calculated with the log-rank test. (B) The proportional distribution of recurrent and non-recurrent patients between IE-subtype and ID-subtype in 
the CHCAMS cohort-1. (C) Heatmap of scaled activity scores of pro-tumor immune and anti-tumor immune pathways between IE-subtype and ID-subtype in Roper 
cohort (immunotherapy). Violin plot showing the difference of pro-tumor immune and anti-tumor immune pathways between IE-subtype and ID-subtype. P value is 
calculated with the Wilcoxon test. (F) Kaplan-Meier curves for overall survival between IE-subtype and ID-subtype in the Roper cohort (immunotherapy). P value is 
calculated with the log-rank test. 
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representative IHC image in the SCLC sample, the protein expression of 
CCL5 and CXCL9 almost exclusively and was commensurate with each 
other in the CCIhi group, while the density of CCL5 and CXCL9 were low 
in the CCIlo group both for tumor cells and TILs (Fig. 4H). In line with the 
results of bulk transcriptomic cohorts, the CCI assisted in survival pre
diction and allowed the identification of patient subgroups with good or 
poor outcomes in the CHCAMS cohort-2 cohort. Kaplan-Meier analysis 
showed that tumors in the CCIhi group were significantly associated with 
superior prognosis and prolonged survival in terms of OS (log-rank 
P = 0.044) and DFS (log-rank P = 0.018, Fig. 4I) relative to cases in the 
CCIlo group. Multivariaable Cox regression analyses also indicated that 
the CCI is an independent predictor of patients’ prognosis after being 
adjusted by clinicopathologic characteristics in multiple bulk tran
scriptomic cohorts and IHC cohorts (Table 1). Together, these results 
experimentally confirmed the stability and reliability of the CCI, and 
validated the translational relevance of the CCI as a promising predictive 
tool. 

3.5. Immune subtypes stratify SCLC patients and differ across NE 
subtypes and TF subtypes 

To investigate the association of immune subtyping with previously 
reported TF subtyping and NE subtyping in SCLC tumors, we conducted 
an analysis using a meta-cohort of 145 SCLC samples through merging 
CHCAMS cohort-1, GSE60052 cohort, George cohort and Roper cohort 
used in this study. We categorized the samples into the six traditional 
subtypes previously reported in studies [37,38]: SCLC-A, SCLC-N, 
SCLC-P, SCLC-Y, NE-high, and NE-low. Interestingly, we observed that 
patients in IE-subtype and ID-subtype belonging to the IE-subtype and 
ID-subtype were distributed across the different TF subtypes and NE 
subtypes (Fig. 5A). The ID-subtype showed a predominant presence of 
SCLC-A (78.05%), SCLC-N (15.85%), and NE-high (92.68%) subtypes. In 
contrast, the IE-subtype not only exhibited enrichment in SCLC-A 
(66.67%), SCLC-N (14.29%), and NE-high (60.32%) subtypes but also 
displayed an increased population of SCLC-P (14.29%) and NE-low 
(39.68%) subtypes (Fig. 5A). 

To further assess the prognostic significance of the CCI across 
traditional SCLC subtypes, the stratification analysis was performed in 
meta-cohorts (N = 145). Survival analysis revealed that CCIhi tumors in 
both NE-high (log-rank P = 0.014) or NE-low (log-rank P = 0.010) 
subtypes exhibited significantly better survival compared to CCIlo tu
mors (Fig. 5B, C). Among the TF subtypes, patients in the SCLC-A sub
type demonstrated a more pronounced benefit from CCIhi, as evidenced 
by significantly prolonged OS compared to those in the CCIlo group (log- 
rank P = 0.009, Fig. 5D). Moreover, CCIhi tumors in the SCLC-N, SCLC-P 
and SCLC-Y subtypes showed a strong trend toward improved OS 
compared to CCIlo tumors (3ys: 71.4% and 5ys: 71.4% in SCLC-N CCIhi 

versus 3ys: 38.5% and 5ys: 23.1% in SCLC-N CCIlo; 3ys: 85.7% and 5ys: 
68.6% in SCLC-P CCIhi versus 3ys: 50% and 5ys: 50% in SCLC-P CCIlo), 
although statistical significance was not reached, likely due to the 
limited sample size (Fig. 5E-G). These findings highlight the robust 
prognostic value of the CCI across TF subtyping and NE subtyping in 
SCLC. 

4. Discussion 

Using multicenter SCLC cohorts and multi-dimensional molecular 

profiling, the current study unveiled and experimentally validated the 
underlying immune heterogeneity of SCLC that stratified patients into 
immune subtypes for assisting prognosis and therapeutic predictions. 
We used multi-dimensional analysis of RNA sequencing and protein 
quantification to identify IE-subtype and ID-subtype characterized by 
distinct immune features and clinical outcome of prognosis and thera
peutic efficacy. Specifically, we finally defined a two-chemokine index 
CCI to differentiate IE-subtype and ID-subtype by IHC, which is of great 
potential for patient risk stratification and selection of beneficiaries for 
immunotherapy. To our knowledge, this is the first comprehensive 
multi-dimensional study of the immune microenvironment in SCLC by 
using clinical FFPE samples for integrating transcriptomics and protein 
expression analysis. 

Although ICIs have revolutionized cancer care, durable responses are 
observed only in a minority of patients, sometimes at the cost of severe 
toxicities. The same happens in SCLC, especially in unselected patients 
[39]. Therefore, the a priori identification of responders would improve 
clinical outcomes and is critically needed [39]. Here, we show that 
immune classification of IE-subtype and ID-subtype can further stratify 
patients with survival and responses to chemo-or chemo-plus immuno
therapy. The immune classification in this study is superior to the 
traditional NE and TF subtypes in differentiating prognosis and treat
ment response. As compared with the immune subtypes, neither the NE 
subtype nor the TF subtype can fully distinguish the immune status of 
SCLC [40], although NE-low SCLCs are associated with increased im
mune cell infiltration (i.e., CD45 +, CD3 +, and CD8 + cells), which can 
be called "hot" or "immune oasis" phenotype as compared to NE-high 
tumors with an "immune desert" phenotype [41]. Our immune sub
type is unique in that it can distinguish the prognosis in each subgroup of 
NE and TF with better adaptability and robustness than the traditional 
NE and TF subgroups [42]. 

We defined two distinct immune subtypes utilizing unsupervised 
hierarchical clustering analysis of transcriptomics data of SCLC from the 
archival FFPE clinical samples. Compared to previous research based on 
frozen tissue samples, cell lines, or xenografts [34], our immune clas
sification is closer to real-world clinical pathological conditions, and the 
CCI we developed is more suitable for further clinical verification. Like 
other malignancies, SCLC exhibits a highly versatile network with 
inherent complexity in the tumor microenvironment, composed of 
cancer cells, immune cells, and supporting cells, along with a wide range 
of metabolites and cytokines. It has been confirmed that tumor cells can 
influence the immune contexture by expressing cell 
membrane-associated coinhibitory receptors or secreting various solu
ble factors to modulate certain immune subsets, shaping the tumor 
microenvironment into an immunosuppressive landscape [43]. There
fore, firstly, we developed a customized mRNA panel of 277 genes tested 
on Nanostring nCounter and identified that the immune-related 
pathway was independent of the pro-tumor pathway and EMT/Metab
olism development, which indicated that tumor parenchyma (cancer 
cells) and immune stroma play a relatively independent role in the 
pathogenesis and evolution of SCLC. It is theoretically feasible to focus 
on the research of prognostic grouping strategy based on 
tumor-promoting and tumor-suppressing immunity characteristics. We 
also discovered the underlying transcriptomic features that stratify SCLC 
into IE-subtype and ID-subtype, and validated in different cohorts of 
bulk RNA sequencing and IHC for prognosis and treatment efficacy, 
reinforcing the notion and robustness of our immune subtypes that 

Fig. 4. A two-chemokine (CCL5/CXCL9) index (CCI) is a robust and personalized prognosticator in SCLC. (A) Workflow for identifying CCL5/CXCL9 che
mokine Index (CCI). (B) Box plots showing expression levels of CCL5 and CXCL9 between IE-subtype and ID-subtype in CHCAMS cohort-1 and GSE149507 cohort. P 
value is calculated with the Wilcoxon test. (C, D) Kaplan-Meier curves for overall survival between risk groups stratified by the CCI in multicenter SCLC cohorts. P 
value is calculated with the log-rank test. (E) Workflow for validating the CCI in recollected SCLC cohort through the quantitative computerized immunohisto
chemistry analysis at the protein level (CHCAMS cohort-2, n = 30). (F) Heatmap of scaled H-scores of CCL5 and CXCL9 chemokines and clinical features between 
CCIhi and CCIlo groups. (G) Bar plot showing the protein levels of CCL5 and CXCL9 between CCIhi and CCIlo groups. Error bars represent mean ± SEM. P value is 
calculated with the Wilcoxon test. (H) Representative hematoxylin and eosin (H&E) and CCL5 and CXCL9 IHC staining images (200 × magnification). (I) Kaplan- 
Meier curves for the overall survival and disease-free survival between risk groups stratified by the CCI in the CHCAMS cohort-2 (IHC). 
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unique immune molecular features can distinguish SCLC across TNM 
stages, smoking and gender, etc.[44]. IE-subtype exhibits significantly 
adaptive immune and lymphocyte-mediated immunity including anti
gen processing and presentation, positive regulation of CD4 +T cell 
differentiation involved in immune response, and leukocyte mediated 

cytotoxicity, etc., while ID-subtype has more metabolism, signaling, 
DNA damage, cell proliferation and development, etc. Specifically, 
IE-subtype exhibits significantly higher infiltrative pro-tumor and 
anti-tumor immune cells (like T cells, B cells, Macrophage, DC, myeloid 
cells, and checkpoint molecules, etc.), while no significant difference in 
angiogenesis, cancer-associated fibroblasts, matrix, and matrix remod
eling, EMT signatures. 

We validated the underlying transcriptomic stratification of ID- 
subtype and IE-subtype on a highly multiplexed DSP and revealed 
distinct T-cell infiltration in IE-subtype featured by significantly 
enriched in IFN-α response, IFN-γ response and inflammatory response, 
while ID-subtype enriched in the E2F and MYC targets gene sets. By 
histology, it can be seen that IE-subtype patients have higher infiltration 
of CD45 + lymphocytes in the tumor center, which has been confirmed 
as a favorable prognostic factor for resected SCLC [45]. Intriguingly, 
IE-subtype is enriched in T cell activity as can be seen that T cell score, 
cytotoxicity score, ICI score and TEX score are significantly higher in 
CD45 + and/or CD3 + patients than that of CD45- and/or CD3- cases. 
As for CD3 + patients, clustering analysis reveals more correlation with 
I/O target molecules such as B7-H3, Tim3, etc. Similar results are found 
in different ROIs stratified by CD45 that PD-L1, PD-1, CTLA-4, GZMB, 
VISTA, GITR, IDO1, Tim-3, and CD40 are significantly up-regulated with 
a higher expression of CD45. On the other hand, a higher expression of 
B7-H3, CD56, Histone H3 and Ki-67 is found in ID-subtype, and they are 
clustered into one functional module when all enrolled protein markers 
are analyzed, indicating that they contribute to a higher invasive nature 
of ID-subtype cases. B7-H3, also known as CD276, recently recovered 
from having an inhibitory ability towards both CD4 + and CD8 +T cells. 
In SCLC, B7-H3 is not associated with the level of CD3, CD8, or 
CD20 + TILs, but is correlated with tumor progression from both 
immunological and non-immunological aspects, and may contribute to 
the anti-cancer drugs resistance with various mechanisms [46]. And this 
is partly attributed to a higher recurrence and lower overall survival of 
the ID-subtype than that of IE-subtype. 

Our immune subtyping can be helpful for predicting survival and 
selecting potential beneficiaries prior to therapy for the following rea
sons: [1] we found IE-subtype patients had significantly longer survival 
both for adjuvant radio/chemotherapy and immunotherapy; [2] we 
identified two specific chemokines(CCL5 and CXCL9) from IFN-γ 
pathway contributing to differential functional states of the two immune 
types; [3] we defined a computational index for the CCL5/CXCL9 che
mokine axis (CCI) as a personalized prognosticator of immune subtyping 
for clinical translation. Furthermore, the CCI also displayed robust and 
excellent prognostic value in SCLC immunotherapeutic cohort patients. 
Recently, more attention has been paid to chemokines in SCLC for tar
gets or modulators for augmenting the anti-tumor immune responses in 
chemo-/immune-therapeutic strategies [47]. As CC and CXC key mem
bers in highly dynamic and versatile chemokines networks in the tumor 
microenvironment, CCL5 and CXCL9 play an essential role in tumor 
progression, tumor-related inflammation and immunity. In solid tumors, 
co-expression of CCL5 and CXCL9 can promote T cell migration and 
recruitment, and be amplified by the INF-γ pathway, which makes the 
tumor cells reactive to ICIs and prolongs the survival period[48]. In 
SCLC, the expression of CCL5 positively correlates with patient survival 
and immune infiltration and can predict better ICB treatment response 
[49]. In NSCLC, high expression of CXCL9 in patients with more sig
nificant ICI immune response was confirmed by bronchoalveolar lavage 
fluid, suggesting that CXCL9 is a promising predictor for immunother
apeutic response [50]. Similar to lung cancer, CCL5 and CXCL9 are 
included in the four chemokines (CCL4, CCL5, CXCL9, and CXCL10) to 
form a T-inflamed phenotype in pancreatic cancer, which is correlated 
with a high expression of immune checkpoints (PD-L1, PD-1, and 
CTLA4, etc.) for the potential use of hierarchical markers for immuno
therapy, similar as in hepatocellular carcinoma for predicting the effi
cacy of immunotherapy [51]. From a multi-dimensional perspective, our 
study has revealed the prognostic and immunotherapeutic biomarker 

Table 1 
Multivariaable Cox analysis of overall survival and disease-free survival among 
SCLC bulk transcriptomic and IHC cohorts.  

Cohorts Variables HR 95% CI P- 
value 

GSE60052 (overall 
survival) 

CCI:      
Low 
(reference)      
High  0.400 0.16–1.001  0.050 
Age  1.002 0.956–1.050  0.945 
Gender:      
Female 
(reference)      
Male  0.224 0.032–1.583  0.134 
Smoking 
history:      
No (reference)      
Yes  3.003 0.654–13.781  0.157 
T stage  1.326 0.744–2.364  0.338 
N stage  3.119 1.473–6.604  0.003 

George cohort (overall 
survival) 

CCI:      
Low 
(reference)      
High  0.325 0.062 – 1.695  0.182 
Age  1.045 0.950–1.150  0.366 
Gender:      
Female 
(reference)      
Male  0.542 0.107–2.735  0.458 
T stage  1.509 0.558–4.082  0.418 
N stage  1.586 0.700–3.591  0.269 

CHCAMS cohort (overall 
survival) 

CCI:      
Low 
(reference)      
High  0.325 0.062–1.695  0.182 
Age  1.045 0.950–1.150  0.366 
Gender:      
Female 
(reference)      
Male  0.542 0.107–2.735  0.458 
T stage  1.509 0.558–4.082  0.418 
N stage  1.586 0.700–3.591  0.269 

CHCAMS IHC cohort 
(overall survival) 

CCI:      
Low 
(reference)      
High  0.253 0.065–0.984  0.047 
Age:      
< = 65 
(reference)      
> 65  4.618 0.863–24.714  0.074 
Gender:      
Female 
(reference)      
Male  0.663 0.143–3.084  0.600 
T stage  1.328 0.517–3.408  0.555 
N stage  2.011 0.640–6.321  0.232 

CHCAMS IHC cohort 
(disease-free survival) 

CCI:      
Low 
(reference)      
High  0.212 0.065–0.688  0.010 
Age:      
< = 65 
(reference)      
> 65  2.610 0.533–12.775  0.236 
Gender:      
Female 
(reference)      
Male  1.259 0.340–4.667  0.730 
T stage  1.784 0.856–3.718  0.122 
N stage  0.796 0.265–2.390  0.685  
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potential of the CCL5/CXCL9 chemokine index in SCLC. Specifically, it 
has a promising clinical application in separating IDs and IEs before 
treatment. As per our definition, CCI depends on H-scores for CCL5 and 
CXCL9 at the immunohistochemical level. Therefore, accurately judging 
the immunohistochemical staining intensity and area remains chal
lenging in clinical settings, especially for definitive CCI subtyping as 
CCIhi or CCIlo. To address this issue, strengthening the quality control of 
diagnostic physicians or utilizing artificial intelligence-assisted quanti
tative scoring may prove beneficial. 

5. Conclusions 

This study dissected the heterogeneity of the immune architecture of 
SCLC at high resolution and proposed a new immune subtyping con
ceptual framework to assess patient survival outcomes and therapeutic 
response enabling risk stratification and the appropriate selection of 
individualized therapy. To our knowledge, this is the first comprehen
sive multi-dimensional study of the immune microenvironment in SCLC 
using clinical FFPE samples with significant clinical application 
potential. 

Fig. 5. Immune subtypes stratify SCLC patients and differ across the TF subtypes and NE subtypes. (A) Sankey diagram showing the crosstalk in the immune 
subtype and TF subtype and NE subtype. Pie plots showing the distribution of traditional molecular subtypes in IE-subtype and ID-subtype. (B-G) Kaplan-Meier curves 
for the overall survival between CCIhi and CCIlo groups within the stratification of TF subtype and NE subtype on meta-cohort. P value is calculated with the log- 
rank test. 
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