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Immunogenic cell death signature
predicts survival and reveals the
role of VEGFA + Mast cells in lung
adenocarcinoma
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Lung cancer is prevalent worldwide and is a major cause of cancer-related mortality. Despite being

the primary model forimmunotherapy research, the response rates of lung cancer patients to
immunotherapy are unsatisfactory. Furthermore, research on immunogenic cell death (ICD) in lung
cancer is limited, which limits the development of strategies that combine ICD-related therapies

with immunotherapy. In this study, we compiled and summarized 69 genes associated with ICD and
developed an IRS. Across seven independent datasets, the IRS was identified as an independent
prognostic factor. IRS was positively associated with multiple tumor proliferation pathways and
negatively associated with immune-related pathways. Additionally, IRS negatively correlated with the
infiltration of various immune cells, supporting its association with survival outcomes. Based on the
correlation between IRS and immune activity, we validated the ability of IRS to predictimmunotherapy
efficacy across seven immunotherapy datasets and demonstrated that patients who respond to
immunotherapy tend to have a lower IRS. Moreover, utilizing single-cell RNA sequencing, we revealed
the role of mast cells in the TME with the highest IRS. Through interactions with various receptors on
macrophages, endothelial cells, and tumor cells, mast cells promote tumor progression, providing a
comprehensive explanation for poor prognosis and lack of response to immunotherapy in patients with
high IRS. Our study offers new guidance for combination therapies in lung adenocarcinoma patients
and elucidated the mechanism by which mast cells contribute to cancer development within the TME.
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Cancer remains the leading cause of death and a major barrier to improving life expectancy worldwide. Its
prominence as the primary cause of death has become increasingly evident. Regardless of gender, lung
cancer has the highest mortality rate among all cancers, significantly affecting global health!2. Among all the
pathological types, lung adenocarcinoma (LUAD) has revolutionized cancer treatment, extending the survival of
patients who respond to it. However, immunotherapy remains effective only effective in a minority of patients®*.
Therefore, there is an urgent need to uncover the molecular mechanisms behind immunotherapy resistance to
identify novel therapeutic strategies.

Immunogenic cell death (ICD) is a form of regulated cell death (RCD) distinct from other RCDs primarily
by its ability to trigger specific antigen-mediated immune responses, which in turn leads to the formation of
immunological memory. As dying cells release damage-associated molecular patterns (DAMPs), such as ATP,
they recruit antigen-presenting cell (APC) precursors into the tumor microenvironment (TME) and promote
the uptake of dying cancer cells by dendritic cells (DCs). This process activates a range of cytotoxic immune cells.
In theory, this cascade can facilitate the strong infiltration of bone marrow-derived cells and lymphocytes into
the tumor, transforming it from a “cold” to a “hot” tumor phenotype. Additionally, CD8 cytotoxic T lymphocytes
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(CTLs) attacking cancer cells can also initiate ICD, potentially creating a self-amplifying mechanism for antigen
spread during local immune responses®®. Given these characteristics, combining immunotherapy with ICD
holds significant promise. This strategy engages T cells to target and kill tumor cells while fostering immune cell
aggregation to enhance the efficacy of immunotherapy. However, a comprehensive understanding of the TME’s
role in ICD, particularly in lung adenocarcinoma (LUAD) patients, remains insufficient.

To date, numerous prognostic models related to ICD have been established, but many suffer from incomplete
gene sets, resulting in partial information loss’~!3. we compiled a more comprehensive list of genes associated
with ICD, constructed an ICD risk score (IRS), and validated the IRS as an independent prognostic factor across
seven independent datasets. We conducted a thorough analysis of the relationships the IRS and tumor as well
as immune characteristics. We compared the likelihood of ICD occurrence in LUAD patients with varying
IRS levels, confirming the predictive value of IRS in immunotherapy. Additionally, using single-cell RNA
sequencing technology, we found that the IRS was significantly greater IRS in the mast cells of LUAD patients.
While previous research on mast cells has primarily focused on allergy-related diseases, their role in LUAD has
received less attention'*!>. Building on these findings, we performed a targeted analysis of mast cells within the
TME, offering a more comprehensive explanation for the poor prognosis and limited efficacy of immunotherapy
in patients with high IRS levels.

Materials and methods

Dataset collection and processing

Lung adenocarcinoma RNA-sequencing cohort collection

The RNA sequence expression and clinical data of LUAD patients were downloaded from The Cancer Genome
Atlas (TCGA) (https://portal.gdc.cancer.gov/)'® and Gene-Expression Omnibus (GEO) (https://www.ncbi.nlm.
nih.gov/geo/) (GSE10245'7, GSE14814!8, GSE41271'%, GSE42127%, GSE684652!, GSE72094%? and GSE13213%),

Immunotherapy RNA-sequencing cohort collection
GSE93157: The data includes patients with melanoma, lung cancer, and head and neck cancer who received anti-
PD-1 therapy. We selected 22 patients with lung adenocarcinoma for further analysis®*.
Ravi A_2023: The dataset consists of patients with advanced non-small cell lung cancer who received anti-
PD-1/PD-L1 therapy?.
GSE35640: The dataset consists of patients with advanced melanoma who received MAGE-A3 therapy?®.
GSE91061: The dataset consists of patients with advanced melanoma who received anti-PD-1 therapy?’.
Mariathasan S_2018: The dataset consists of patients with metastatic urothelial carcinoma who received anti-
PD-L1 therapy?®.
PRJEB23709: The dataset consists of patients with melanoma who received anti-PD1/CTLA4 therapy®.
phs001493: The dataset consists of patients with clear cell renal cell carcinoma who received anti-PD-1
therapy*’.

Single cell RNA-sequencing cohort collection

The single-cell data for LUAD were obtained from GEO. The accession numbers are GSE171145%! (including
40,247 cells from nine LUAD patients), GSE18935732 (including 113,425 cells from nine LUAD patients) and
GSE207422% (including 92,265 cells from fifty LUAD patients who received anti-PD-1/PD-L1 therapy).

Construction of the IRS model and validation of its effect on prognosis

Among the 69 genes that were collected and curated, 54 were obtained from TCGA-LUAD. Based on these
54 genes, we performed least absolute shrinkage and selection operator (LASSO) regression analysis, and
considering the model’s stability and simplicity, we constructed an ICD signature comprising 16 genes. The
specific calculation method for the signature is the sum of the products of the log2-transformed expression
values of each gene and the LASSO regression model coefficients. The ICD score was defined as the ICD risk
score (IRS). The samples were divided into two groups, low IRS (LIRS) and High IRS (HIRS), based on the
median IRS values. The R package “survival” was used to perform survival analysis. Subsequently, age, gender,
and stage were included as variables, and a multivariate Cox regression model analysis was conducted to assess
whether the IRS was an independent predictor in the treatment-naive cohort. These results were validated using
seven LUAD datasets (TCGA-LUAD; GSE10245; GSE14814; GSE41271; GSE42127; GSE68465; and GSE72094).

Analysis of immunological characteristics and pathway enrichment

Based on the msigdb 50 hallmark gene set*!, GSVA was used to compute the corresponding scores. The R package
“MCP-counter” was employed to assess immune infiltration reflected by the abundance of microenvironment
cell populations (MCPs)*. The cytolytic activity (CYT) scores were calculated using the gene expression of
two cytolytic markers, GZMA and PRF1%. The T-cell-inflamed gene expression profile (GEP) score of each
sample was computed based on the GEP gene signature®”, using GSVA. The Vall d’'Hebron Institute of Oncology
(VHIO) gene expression signature (VIGex) score for each sample was computed based on the VIGex gene
signature’®, through GSVA. The tumor mutational burden (TMB), and neoantigen information were obtained
from Thorsson et al.*. Genes with log2FC > 0.5 and padj < 0.05 were selected as differentially expressed genes for
Gene Ontology (GO) enrichment analysis.

Calculation of the mast cell score in the lung adenocarcinoma RNA-sequencing cohort
Based on the following two gene sets, we calculated the score for each sample using GSVA.

TNF*Mast: TPSB2, TPSABI, KIT, CPA3, TNE.

VEGF*Mast: TPSB2, TPSABI, KIT, CPA3, VEGFA.
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The D-score was defined as the GSVA score (VEGFA + MC) minus the GSVA score (TNF + MC).

Lung adenocarcinoma single-cell RNA-sequencing procession

The “Seurat” R package (version 4.3.0) was used for conduct quality control according to the parameters
specified in the literature®"¥, resulting in 40,247 and 113,425 cells for further analysis. After selecting 2000
highly variable genes through the FindVariableFeatures function in Seurat, principal component analysis (PCA)
was performed using these genes. Select the first 30 PCs to run the FindNeighbors and RunUMAP functions.
The “Harmony” R package (version 0.1.1) was used to remove batch effects. The IRSs of all cells were calculated
using Addmodulscore based on the ICD-signature genes. Monocle 2 were used for trajectory®.

Distinguishing between benign and malignant epithelial cells

To identify malignant cells, the copy number variation (CNV) of each subcluster of the epithelial cell cluster
was analyzed using the “infercnv” R package (version 1.14.2)*!. Fibroblasts, endotheliocytes (GSE189357), and
B cells (GSE171145) were used as reference cells. For infercnv analysis, we used a cutoff value of 0.1 as the
minimum average read count for each gene in the reference cells.

Cell-cell communication in single-cell data
To explore the potential interactions of mast cells with other cell types in the TME, we utilized the R package
“CellChat” (version 1.6.1)*? and R package “nichenetr” (version 2.1.0)*%.

Statistical analysis

For partial datasets, the “surv_cutpoint” function from the R package “survminer” was used to determine the
optimal cutoff point and mitigate batch effects in calculations. Pearson’s correlation was employed to compute
the correlation coeflicient between the IRS and immune or hallmark features. The Wilcoxon rank-sum test was
utilized to determine significant differences in the IRS between different groups. For multiple comparisons,
the p-values were adjusted using the BH method for multiple testing. Statistical nonsignificance was set at
p-values >0.05.

Results

Construction of the IRS and its impact on LUAD patient survival

To investigate the role of ICD in LUAD patients, we identified 69 relevant genes from the literature. Among these,
54 were derived from the TCGA-LUAD dataset. Subsequent analyses focused on these 54 genes (Table 1)°-8:44,
Initially, NMF clustering was applied to categorize TCGA-LUAD patients into two clusters based on the
expression profiles of these genes, with an optimal k of 2 (Fig. 1A). The clustering results revealed that patients
in cluster B exhibited a more favorable prognosis (Fig. 1B; HR=0.6821 (95% CI: 0.5018-0.9227), p=0.014).
Next, we employed LASSO regression to identify 16 key genes for predicting survival. Among these, seven
were identified as risk factors (HR >0) and nine as protective factors (HR <0) (Fig. 1C, Supplemental Fig. 1A,
B). These genes were integrated into the construction of an ICD-related prognostic signature. The ICD score of
Group A was significantly higher than that of Group B, leading us to hypothesize that patients with lower scores
may have better survival outcomes (Fig. 1D).

By investigating the prognostic performance of the 16-gene ICD signature and stratifying all samples into
high and low groups based on the median, we found that patients with higher ICD scores had worse overall
survival (OS) and progression-free survival (PFS) (Fig. 1E, F; OS: HR=2.49 (95% CI: 1.8185-3.4095), p <0.0001;
PFS: HR=1.6223 (95% CI: 1.2274-2.1441), p=6e—04). The ICD score was defined as the ICD risk score (IRS),
and the TCGA-LUAD samples were divided into two groups: low IRS (LIRS) and high IRS (HIRS). Additionally,
multivariate Cox regression analysis revealed that the IRS remained a significant predictor of survival, even after
adjusting for well-established clinical factors such as age, gender, tumor stage, race, gene mutations, treatment
history, and smoking status (Fig. 1H, Supplemental Fig. 2A). Furthermore, the prognostic value of the IRS
was validated in six independent cohorts. Compared with HIRS, LIRS was associated with better OS (Fig. 1G,
GSE10245: HR =4.5691 (95% CI: 1.4656-14.2445), p=0.0042; GSE14814: HR=2.4201 (95% CI: 1.2116-4.8343),
p=0.01; GSE41271: HR=1.8732 (95% CI: 1.1522-3.0454), p=0.01; GSE42127: HR=2.294 (95% CI: 1.2222-
4.3057), p=0.0079; GSE68465: HR=1.4858 (95% CI: 1.1482-1.9227), p=0.0024; GSE72094: HR=1.9133
(95% CI: 1.3067-2.8016), p=0.00071), and multivariate Cox regression analysis incorporating clinical factors
confirmed these findings (Fig. 1H, Supplemental Fig. 2B-G). By comparing the ROC curve and calibration
curve, the effectiveness of IRS is significantly superior to that of the classic biomarkers for lung adenocarcinoma
(Supplemental Fig. 3A-F).

In summary, the IRS can predict the prognosis of LUAD patients. Based on the median IRS, we divided all
the samples into HIRS and LIRS groups for further analyses.

IRS exhibited significant correlations with tumor and immune characteristics

To investigate the factors contributing to the significant differences in prognosis between LIRS and HIRS patients,
we analyzed the correlations between IRS and tumor as well as immune characteristics. The IRS of late-stage
(stage III/IV) patients was significantly higher than that of early-stage (stage I/II) patients (Fig. 2A). In terms of
tumor differentiation, highly differentiated (G1/G2) patients had a lower IRS compared to poorly differentiated
(G3) patients (Fig. 2B). The molecular subtypes of LUAD can be divided into terminal respiratory unit (TRU),
proximal-proliferative (PP), and proximal-inflammatory (PI) subtypes. The TRU subtype is associated with
a more favorable prognosis*>*®, showing a lower IRS than both the PP and PI subtypes (Fig. 2C). Age does
not appear to significantly correlated with IRS, as inconsistent results were observed across multiple datasets
(Supplemental Fig. 4A-F). In terms of gender, although some datasets suggest that males have higher IRS,
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Gene Description Role References
PDIA3 Promotes the uptake of dead cell-associated antigens Active 56844
HMGBI1 Promotes the synthesis of pro-inflammatory factors including type I IFNs Active 5-8.44
AGER PRR of HMGB1 Active 68
TLR2 PRR of HMGB1 Active 68
TLR4 PRR of HMGBI1 Active 5-8.44
MYDS$8 Part of TLR4 signaling systems Active 7844
LY% Part of TLR5 signaling systems Active i
HSPA1A Stimulates the uptake of dead cell-associated antigens Active 5-8.44
HSP90AAL1 | Stimulates the uptake of dead cell-associated antigens Active S
ANXA1 Guides the final approach of APCs to dying cells Active 58
FPR1 PRR of ANXAL1 Active 58
P2RX7 Purinergic receptor Active 5-8.44
P2RY2 Purinergic receptor ACTIVE |58
NT5E The ATP-degrading ectoenzyme Inhibition | 56844
ENTPD1 The ATP-degrading ectoenzyme Inhibition | >-844
EIF2S1 eIF2aphosphorylation correlates with CALR exposure and tumor infiltration by DCs and CTLs | Active 58
EIF2AK3 | e[F2aphosphorylase Active 5744
CALR Promotes the uptake of dead cell-associated antigens Active 5-8.44
LRP1 PRR of CALR Active 568
CD47 As anti-phagocytic signals that antagonize CALR Inhibition | >
CASP8 ICD-associated exposure of CALR Active 68
ERN1 ICD-associated exposure of CALR Active 5
XBP1 ICD-associated exposure of CALR Active 5
BCAP31 ICD-associated exposure of CALR Active 67
BAX ICD-associated exposure of CALR Active 744
BAK1 ICD-associated exposure of CALR Active 7
VAMP1 ICD-associated exposure of CALR Active 67
SNAP25 ICD-associated exposure of CALR Active 6.7
STC1 retaining CALR intracellularly Inhibition | °
TLR3 PRR of RNA Active 58
ATG5 Autophagy Active 84
ATG7 Autophagy Active 8
CXCL10 Stimulates T-cell recruitment Active 5
CXCR3 CXCL10 receptor Active 84
NLRP3 Mediate pro-inflammatory effects Active 7844
CASP1 Mediate pro-inflammatory effects Active u“
IL1B Mediate pro-inflammatory effects Active 6-8.44
117a Mediate pro-inflammatory effects Active 7844
1l17ra 1117a receptor Active 7,844
PIK3CA Ablation compromised Chemotherapy-induced ICD and Hyp-PDT induced ICD Active a“
L6 High IL6 associated with enhanced ICD Active a“
TNF High TNF associated with enhanced ICD Active "”
ILIRI Ablation compromised ICD Active a“
PRF1 Ablation compromised ICD Active a“
FOXP3 Mediate immunosuppressive effects Inhibition | 4
CTLA4 Mediate immunosuppressive effects Inhibition | ¢
IL10 Mediate immunosuppressive effects Inhibition | 644
CD4 Depletion of these cells compromised ICD Active 1
CD8A Depletion of these cells compromised ICD Active a“
CD$B Depletion of these cells compromised ICD Active a“
CGAS Generating type I interferons Active 57
STING1 generating type I interferons Active 57
IFNAR1 Type I IFNs receptor Active 5844
IFNAR2 Type I IFNs receptor Active 58
Type IIFNs | Immunostimulatory Active
IFNA1 Active 5-844
Continued
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Gene Description Role References
IFNA2 Active 58
IFNA4 Active 58
IFNA5 Active 58
IFNA6 Active 58
IFNA7 Active -8
IFNAS Active 58
IFNA10 Active 58
IENA13 Active -8
IFNA14 Active 58
IFNA16 Active 58
IFNA17 Active 58
IFNA21 Active 58
IFNB1 Active 5-844
IFNG Active i

Table 1. ICD-related genes.

these differences were not statistically significant (Supplemental Fig. 4G-M). Analysis based on the GSE72094
dataset reveals that IRS is significantly higher in smokers compared to non-smokers (Supplemental Fig. 3N-P).
This difference may be related to increased infiltration of CD8+ T cells and NK cells induced by smoking*"43,
Additionally, we examined key LUAD mutations, including EGFR, KRAS, and TP53 (Supplemental Fig. 5A-C).
No significant difference in IRS was observed between patients with or without EGFR/KRAS mutations, but
patients with TP53 mutations exhibited a significantly higher IRS compared to those with wild-type TP53.

We conducted a comparative analysis of the correlation between the IRS and hallmark pathways across six
datasets. Our findings revealed a positive correlation between IRS and cell proliferation-related pathways, such
as “G2M_CHECKPOINT”, “MYC_TARGETS_V2”, and “DNA_REPAIR”. In contrast, immune-related pathways,
including “INTERFERON_GAMMA_RESPONSE”, “IL6_JAK_STAT3_SIGNALING”, and “IL2_STAT5_
SIGNALING”, showed a significantly negative correlation with the IRS (Fig. 2D). Furthermore, we observed that
the infiltration of antitumor immune cells, such as T cells and dendritic cells, was negatively correlated with IRS
across seven independent datasets (Fig. 2E). Subsequently, we assessed the correlation between IRS and the three
immune cytotoxicity scores. The results demonstrated a negative correlation between IRS and CYT, GEP, and
VIGex across multiple datasets (Fig. 2F-H). These three immune-related signatures were positively correlated
with immune activity. Patients exhibiting higher scores were more likely to respond to immunotherapy and had
a better prognosis.

LIRS can be combined with ICD inducers and immunotherapy

ICD requires specific conditions, including immunogenicity (adjuvanticity, antigenicity) and the tumor immune
microenvironment (TIME)®. In the absence of suitable antigens, cell death triggers inflammatory responses that
do not engage the adaptive immunity. Antigenicity alone, without adjuvanticity, may lead to immune tolerance.
Ultimately, the TIME plays a critical role in determining whether T cells can effectively eliminate tumor cells®.
We compared the expression of DAMPs ligand receptors between the two groups and observed that LIRS
increased the expression of multiple genes, particularly the ATP receptors P2RX7 and P2RY2 (Supplemental
Fig. 5D). Furthermore, gene ontology (GO) enrichment analysis revealed that genes highly expressed in LIRS
were enriched in purine nucleotide receptors and their associated downstream pathways (Supplemental Fig. 5E).
In LIRS, ATP and its receptors are likely to activate immune cells, and the binding of ATP to its receptors
is a crucial step in initiating ICD®. These findings suggest that, when considering only adjuvants, LIRS has a
greater likelihood of inducing ICD. Regarding antigenicity, no significant difference were observed in TMB
or neoantigen levels between the two groups (Supplemental Fig. 5F-H)*. However, LUAD displays a higher
mutation frequency than other tumor types®. These generally correlates with the production of tumor-specific
antigens, suggesting that patients with both HIRS and LIRS exhibit elevated immunogenicity. Immune cells
directly involved in ICD (T cells, CD8+ T cells, cytotoxic lymphocytes, NK cells, and dendritic cells) were more
abundant in LIRS patients (Fig. 2E). In addition, LIRS exhibited increased levels of CYT?¢, GEP¥,and VIGex®
(Fig. 2F-H), indicating a stronger immune activation state. A comprehensive analysis suggests that, within the
TIME, LIRS has a greater likelihood of facilitating ICD occurrence. Given the three critical conditions for ICD,
LIRS appears to have a higher potential to promote ICD.

The above analysis revealed a significant negative correlation between the IRS and immune activity. The
correlation between IRS and the expression levels of immuno-oncology target genes was analyzed. Some
data showed a positive correlation between IRS and CD274, while a negative correlation was observed with
CTLA4 (Fig. 3A). To further investigate the relationship between IRS, immunotherapy efficacy, and prognosis,
we computed the IRS across multiple immunotherapy datasets. We found that patients who responded to
immunotherapy had a lower IRS compared to non-responders (Fig. 3B-D). Additionally, a greater proportion of
treatment responders than non-responders were observed in the LIRS group (Fig. 3E-G, (E) GSE93157: p=0.036;
(F) GSE35640: p=0.022; (G) GSE91061: p=0.008). Survival analysis further demonstrated that patients in the
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Fig. 1. Construction of the ICD risk model and its impact on LUAD patients survival. (A) NMF clustering
heatmap divided the TCGA-LUAD cohort into clusters A and B. (B) Kaplan-Meier curves showed the
survival outcomes of patients classified as A and B in TCGA-LUAD. (C) LASSO regression analysis was used
to construct gene coefficients for the ICD risk score (IRS), where coefficients >0 represent risk genes and
coeflicients < 0 represent protective genes. (D) The distribution of IRS across cluster A and cluster B. (E,F)
Kaplan-Meier curves demonstrated the survival outcomes of HIRS and LIRS patients in the TCGA-LUAD. (E)
Overall-survival (OS), (F) Progression-free survival (PFS). (G) Kaplan-Meier curves demonstrated the survival
outcomes of HIRS and LIRS patients in the GEO-LUAD cohort (GSE10245, GSE14814, GSE41271, GSE42127,
GSE68465, and GSE72094). (H) Forest plot showed that the IRS is an independent prognostic factor for

lung adenocarcinoma patients across seven datasets, as determined by multivariate Cox regression analysis
(*p<0.05; *p<0.01; **p < 0.001; ****p <0.0001).
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Fig. 2. The IRS is correlated with multiple clinical and immune features. (A) The distribution of the IRS
across early (I/II) and late (III/IV) TNM stages. (B) The distribution of the IRS across high (G1/G2) and

low (G3) differentiation group. (C) The distribution of the IRS across the TRU, PI, and PP. (D) Correlation
analysis between the GSVA scores of the 50 Hallmark pathways and the IRS, the lung adenocarcinoma cohort
comprised the TCGA-LUAD, GSE10245, GSE41271, GSE42127, GSE68465, and GSE72094). (E) Correlation
analysis between immune cell infiltration levels and the IRS. Immune cell infiltration was computed using
MCP-counter, and the lung adenocarcinoma cohort comprised the TCGA-LUAD, GSE10245, GSE14814,
GSE41271, GSE42127, GSE68465, and GSE72094 cohorts. (F, G) Bar plot showing the correlation of CYT
(F), GEP (G), VIGex (H) and the IRS, the LUAD cohort comprised the TCGA-LUAD, GSE10245, GSE14814,
GSE41271, GSE42127, GSE68465, and GSE72094 cohorts (*p <0.05; **p <0.01; ***p <0.001; ****p <0.0001).

LIRS group had significantly better survival outcomes than those in the HIRS group (Fig. 3H-L, (H) GSE93157:
HR=5.3611 (95% CI: 1.394-20.6182), p=0.0069; (I) Ravi A_2023: HR=1.7474 (95% CI: 1.0691-2.856),
p=0.024; () Mariathasan S_2018: HR =1.3391 (95% CI: 1.0154-1.766), p=0.038; (K) PRJEB23709: HR =4.0618
(95% CI: 1.2348-13.3618), p=0.014; (L) phs001493: HR=3.7218 (95% CI: 1.3791-10.0444 ), p=0.0056).
Collectively, these results indicate that the IRS possesses independent prognostic ability and predictive power
for immunotherapy efficacy.

Mast cells mediate immune suppression

To investigate the factors contributing to immune suppression in HIRS patients, we conducted a detailed cellular-
level analysis using two single-cell datasets from LUAD. By examining the expression patterns of specific markers
for each cell subtype, we categorized all cells into seven major subgroups: myeloid cells (LYZ, CD68), fibroblasts
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Fig. 3. The role of the IRS in predicting the efficacy of immunotherapy. (A) The correlation between IRS and
the expression of immuno-oncology target genes in seven independent lung adenocarcinoma datasets. (B-D)
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(DCN, LUM), B cells (CD79A, MZB1), T cells (CD3D, CD3E), epithelial cells (KRT8, EPCAM), endothelial
cells (CLDN5, RAMP2), and mast cells (CPA3, KIT) (Fig. 4A, C, Supplemental Fig. 6A-D). Next, we calculated
the IRS for each cell type and observed that mast cells exhibited a significantly higher IRS compared to other
cell types (Fig. 4B, D). Mast cells can be further categorized into two subtypes: TNF + MCs and VEGFA + MCs.
TNF + MCs, which are linked to antitumor immunity and a favorable prognosis, and VEGFA + MCs, which are
associated with a poorer prognosis®. Both independent single-cell datasets revealed that mast cells expressed
high levels of VEGFA, while only a few cells expressed TNF (Fig. 4E-H).

According to TCGA-LUAD data, the HIRS group exhibited a greater D-score (Fig. 5A). A larger difference
between VEGFA + MCs and TNF+MCs correlated with worse patient prognosis (Fig. 5B, HR=1.4927 (95%
CI: 1.1122-2.0034), p=0.0072). After further annotation (Supplemental Figs. 7, 8), we conducted an in-depth
analysis using CellChat to investigate the interactions between mast cells and other cell types, aiming to elucidate
their critical roles in shaping the TME. The analysis revealed that mast cells primarily function as signal senders,
engaging in pathways that promote tumorigenesis, such as the VEGF, CSF, and EGF pathways, (Fig. 5C-F
Supplemental Fig. 9A-E). Mast cell-derived VEGFA promotes angiogenesis by acting on endothelial cells,
thereby facilitating tumor progression and reducing immune infiltration®*? (Fig. 5D, E, Supplemental Fig. 9C,
F). In the CSF pathway, mast cells almost entirely initiate signaling functions that have a strong macrophage-
recruiting effect™. Compared to M1 macrophages, mast cells demonstrated a more significant recruitment
effect on M2 macrophages (Fig. 5E, F, Supplemental Fig. 9D, F). Besides its role in recruiting macrophages,
CSF1-CSF1R enables macrophages to acquire the immunosuppressive and tumor-promoting M2 subtype®.
Additionally, mast cells can release migration inhibitory factor (MIF), which acts on macrophages (Fig. 5G).
Mast cells recruit macrophages through multiple pathways and promote their polarization toward the M2
phenotype, thereby creating an immunosuppressive microenvironment. Furthermore, mast cells play a critical
role in the EGF pathway by acting as signal senders through the release of AREG, which activates the EGFR
pathway and directly promotes tumor proliferation®®-%. (Fig. 5E, F, Supplemental Fig. 9E, F).

Single-cell transcriptomic analysis revealed that VEGFA is a characteristic biomarker of VEGFA + mast
cells, with its expression level significantly higher in tumor-associated mast cell subsets compared to other cell
types (Fig. 5G, H, Supplemental Fig. 9G, H). Notably, ligand-receptor interaction analysis using nichenetR
demonstrated that among all potential ligands in the tumor microenvironment, VEGFA exhibited the highest
binding potential to its receptor (Fig. 5I), suggesting its key role in mediating signaling pathways. Pseudotime
analysis further confirmed a dynamic upregulation of VEGFA expression along the mast cell differentiation
trajectory (Supplemental Fig. 91, J). Based on this multi-dimensional evidence, we propose that VEGFA is a
critical effector molecule in VEGFA +mast cells that promotes tumor progression. Based on the analysis of
single-cell sequencing data from lung cancer patients treated with immune checkpoint inhibitors, the expression
level of VEGFA in mast cells was significantly upregulated in the Non-Major Pathological Response (Non-MPR)
group compared to the MPR group (Fig. 5]), while there was no statistical difference in TNF expression between
the two groups (Supplemental Fig. 9K). These findings suggest that the key mechanism underlying the poor
response to immunotherapy in patients with elevated IRS may involve the secretion of mast cell-derived VEGFA.

Through the analysis of the single-cell dataset, we identified that the key cell associated with poor prognosis
in HIRS is the VEGFA +mast cell. Furthermore, this study uncovered the critical mechanisms by which these
cells promote tumor progression and induce resistance to immunotherapy.

Discussion

In this study, we established an IRS model to explore the association between the IRS and various tumor
and immune characteristics. Patients with HIRS exhibited stronger tumor proliferation capabilities, whereas
patients with LIRS demonstrated a more active immune status, which explains the association between IRS and
poorer prognosis. Considering the three conditions of ICD: adjuvanticity, antigenicity, and the tumor immune
microenvironment, we believe that LIRS is more likely to induce ICD. Although the IRS was not initially designed
to predict the immune therapy response, our analysis of CYT, GEP, VIGex, and immune infiltration suggested
that patients in the LIRS group were more likely to benefit from immune therapy. We validated this finding using
multiple immune therapy datasets and found that the IRS can predict immune therapy efficacy, with a lower
IRS indicating a greater likelihood of responding to immunotherapy. Integrated with single-cell data analysis,
we found that mast cells had the highest IRS. Mast cells recruit macrophages and direct them toward the M2
phenotype, promoting angiogenesis and tumor cell proliferation. The above analysis was based on retrospective
data, and further validation through prospective studies would add significant value.

We compared the distribution of IRS multiple clinical datasets. Our findings showed that later stages of the
disease were associated with higher IRS, while poorly differentiated samples had lower IRS. These results align
with the poor prognostic outcome typically associated with high IRS, indicating that a higher IRS corresponds
to a greater clinical risk. Additionally, we examined the clear etiological factors of lung cancer, including
smoking status. In a lung cancer dataset, we found that the IRS was significantly higher in smokers compared
to non-smokers. This difference may be related to increased infiltration of CD8+ T cells and NK cells induced
by smoking”*%, In the smoking group, both PD-L1 expression and tumor mutational burden (TMB) were
significantly higher than in the non-smoking group®. Smokers were more likely to respond to immunotherapy,
and our analysis also found that higher IRS (LIRS) was associated with an increased likelihood of response to
immunotherapy. Regarding gender, IRS levels were generally higher in males than in females across multiple
datasets, although this difference was not statistically significant. There were no significant differences in IRS
based on age distribution. Currently, there is no available data on patients’ complications and environmental
living conditions in relation to lung cancer, so we are unable to analyze any potential correlation between these
factors and IRS.
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Fig. 4. Mast cells exhibited the highest IRS in the LUAD single-cell cohort. (A, C) UMAP plots showed the
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ICD holds significant potential in cancer therapy. Following ICD activation, various immune cells infiltrate into
the tumor, converting its phenotype from “cold” to “hot”. This aligns well with the principles of immunotherapy,
suggesting that combining immunotherapy with ICD inducers could produce synergistic effects. In this study,
we analyzed for the first time the potential for different patients to develop ICD. The occurrence of ICD
depends on three conditions: adjuvanticity, antigenicity, and an suitable tumor immune microenvironment®.
Data analysis reveals that LUAD patients have a high TMB, which is typically associated with the production of
tumor-specific antigens®, suggesting that patients with both HIRS and LIRS exhibit elevated immunogenicity.
During ICD, dying cells release ATP into the extracellular space. When ATP binds to its receptors, it promotes
the infiltration and activation of various immune cells. Mature DCs present tumor-specific antigens to cytotoxic
T cells, activating them to kill tumor cells, thereby triggering ICD>-%6%61. However, ATP that does not bind to
receptors is converted into adenosine by extracellular nucleotidases, such as NT5E and ENTPDI, which exert
potent immunosuppressive functions®>%. Our analysis revealed that both ATP receptors (P2RX7 and P2RY2)
were highly expressed in the LIRS group. Furthermore, enrichment analysis revealed that genes highly expressed
in LIRS were enriched in purine nucleotide receptors and their associated downstream pathways. These
results indicate that ATP in the LIRS group is more likely to bind to its receptors, P2RX7 and P2RY2, thereby
initiating ICD. In terms of the tumor immune microenvironment, T cells, DCs, and cytotoxic lymphocytes were
negatively correlated with the IRS in multiple datasets, and several immune-related pathways also showed a
negatively correlated with the IRS. Based on the analysis of the three conditions required for ICD to occur, we
hypothesize that the LIRS group has a greater potential for ICD. Further analysis of multiple immunotherapy
datasets revealed that patients who responded to immunotherapy had lower IRS scores, and the proportion of
responders in the LIRS group was significantly higher than that in the HIRS group. Survival curves indicated
that the LIRS group exhibited better OS and PFS. Therefore, the LIRS group demonstrates a greater potential
for ICD occurrence and is more likely to respond to immunotherapy. In the LIRS group, the combination of
ICD inducers with immunotherapy could enhance the efficacy of both treatments. In this study, we included
two cohorts of lung cancer patients receiving anti-PD-1/PD-L1 therapy. Owing to the limited number of lung
cancer immunotherapy cohorts, we further expanded our analysis to incorporate multiple cohorts of patients
with other tumor types who also received anti-PD-1/PD-L1 therapy. IRS showed a strong negative correlation
with CTLA4; however, due to data limitations, we were unable to draw any conclusions regarding the potential
of IRS as a predictor for anti-CTLA4 therapy response.

By analyzing two independent single-cell datasets, we identified mast cells that exhibited the highest IRS.
Mast cells are tissue-resident immune cells that play a critical role in allergic inflammation through IgE-mediated
mechanisms. They regulate the immune function by releasing stored granules and cytokines'*!>%4. To date,
research on mast cells has focused primarily on allergic diseases, with their role in tumors remaining incompletely
understood. Previous studies classified mast cells into two groups: TNF + MCs (mast cells producing TNF) and
VEGFA + MCs (mast cells overexpressing VEGFA)*. However, the specific mechanisms underlying these mast
cell groups in the TME remain elusive. In our study, we found that mast cells with the highest IRS generally
overexpressed VEGFA, which was associated with poor prognosis. Through cellular interaction analysis, we
discovered that VEGFA + MCs recruit macrophages and promote their polarization toward the M2 phenotype
via CSF1 and MIE. M2 macrophages play a strong immunosuppressive role in the TME. CSFIR inhibitors are
widely used in clinical cancer therapy; inhibiting CSF1-CSF1R pathway reduces macrophage infiltration into
tumors, diminishes M2 polarization, and improves patient survival®*>>®>. Additionally, VEGFA + MCs interact
with endothelial cells via VEGFA-VEGFR signaling, VEGFA promotes abnormal blood vessel growth, which
obstructs effective blood flow and hampers immune cells, thereby reducing immune cell infiltration. Additionally,
VEGFA negatively affects the maturation of dendritic cells and their antigen-presenting capacity, which limits
the activation of tumor-specific T cells, which limits the activation of tumor-specific T cells®”°*%. This effect
of VEGFA partly explains the significant negative correlation between IRS and immune cell infiltration®’.
Furthermore, VEGFA + MCs enhance tumor cell proliferation by binding AREG to EGFR in tumor cells.
(Fig. 6). The above analysis is based on retrospective data, and the lack of experimental validation of the results
is a clear limitation of our study. In future research, we will integrate multi-omics data with various experimental
techniques to validate our analytical results.

In this study, we identified that VEGFA +mast cells play multiple roles in promoting tumor progression.
However, research on mast cell-targeted therapies in oncology remains limited to date. We believe that targeting
mast cells holds significant potential in anticancer treatment. Currently, numerous clinical trials have shown
promising results when combining VEGF-targeting drugs with anti-PD1/PDL1 therapies®®®. Based on our
findings, blocking VEGFA + mast cells partially inhibited abnormal angiogenesis and reduced M2 macrophage
infiltration, thereby alleviating the strong immune suppression within the tumor microenvironment.
Additionally, tumor cell proliferation was suppressed. We believe that combining the blockade of VEGFA + mast
cells with existing immune therapies could substantially enhance treatment outcomes and benefit more patients.
Nevertheless, mast cells in the tumor microenvironment have a dual function: they can both promote tumor
growth and suppress tumor progression. Further research is needed to explore VEGFA + mast cells in greater
detail, identify specific blocking targets, and minimize potential adverse effects. In the next phase of our research,
we plan to conduct more in-depth studies on mast cells.

Conclusions

Immunogenic cell death can serve as a prognostic factor for survivaland immunotherapy response. VEGFA + mast
cells promote tumor progression through various pathways. Patients with different IRS may benefit from tailored
drug treatments to improve survival outcomes.
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