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Background

Cancer immunotherapy has produced significant positive clinical effects in a variety of tumor types. However, pancreatic ductal adenocarcinoma (PDAC) is widely considered to be a “cold” cancer with poor immunogenicity. Our aim is to determine the detailed immune features of PDAC to seek new treatment strategies.



Methods

The immune cell abundance of PDAC patients was evaluated with the single-sample gene set enrichment analysis (ssGSEA) using 119 immune gene signatures. Based on these data, patients were classified into different immune subtypes (ISs) according to immune gene signatures. We analyzed their response patterns to immunotherapy in the datasets, then established an immune index to reflect the different degrees of immune infiltration through linear discriminant analysis (LDA). Finally, potential prognostic markers associated with the immune index were identified based on weighted correlation network analysis (WGCNA) that was functionally validated in vitro.



Results

Three ISs were identified in PDAC, of which IS3 had the best prognosis across all three cohorts. The different expressions of immune profiles among the three ISs indicated a distinct responsiveness to immunotherapies in PDAC subtypes. By calculating the immune index, we found that the IS3 represented higher immune infiltration, while IS1 represented lower immune infiltration. Among the investigated signatures, we identified ZNF185, FANCG, and CSTF2 as risk factors associated with immune index that could potentially facilitate diagnosis and could be therapeutic target markers in PDAC patients.



Conclusions

Our findings identified immunologic subtypes of PDAC with distinct prognostic implications, which allowed us to establish an immune index to represent the immune infiltration in each subtype. These results show the importance of continuing investigation of immunotherapy and will allow clinical workers to personalized treatment more effectively in PDAC patients.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is one of the most invasive and lethal malignancies. For patients diagnosed with PDAC, the prognosis remains extremely poor, with less than a 10% survival rate (1, 2). Most patients with PDAC are diagnosed as advanced or metastatic, and the median survival time is less than 1 year. Conventional approaches using chemotherapy and radiotherapy have only moderately increased the overall survival time of patients (3). In recent years, immune checkpoint blockade (ICB) treatment based on programmed cell death protein 1 (PD-1) and its programmed death ligand 1(PD-L1) have produced promising clinical results in many types of cancers (4). However, PDAC is widely considered to be a poorly immunogenic type of cancer, and ICB treatment has thus far shown a low response rate in the treatment of PDAC. Indeed, the objective response rate in unselected PDAC patients is only 3.1% in clinical trials (5). Therefore, acquiring a complete understanding of the heterogeneity of the immune responses of patients and the mechanisms that underline the effectiveness of immunotherapy treatment for PDAC is of great importance.

In the past decade, substantial progress in research on PDAC molecular subtypes has increased our understanding of molecular pathogenesis (6, 7). Given the advancement, many attempts have been made to evaluate the expression of biomarkers to identify patients most likely to benefit from ICB. However, low patient numbers have limited observation opportunities for studying the associations between treatment response and PD-L1 expression, or microsatellite instability status. Ines de Santiago et al. performed an integrative meta-analysis of 353 patients from four different studies to derive the PDAC classification based on immunological parameters (8). The results of this study revealed that the expression characteristics related to tumor-infiltrating immune cells in different PDAC subtypes may assist in guiding immunotherapy treatments. The success of cancer immunotherapy treatment depends on multiple key steps that are involved in immune activation during the cancer immune cycle (9). The low response rates to this kind of treatment and the limited number PDAC patients who have benefitted from ICB have been attributed to low immunogenicity and multiple immunosuppressive mechanisms (10, 11). Balachandran et al. highlighted the key barriers that limit immunotherapy efficacy, including cytokines, immune cell types, and cellular components of immunosuppression (12). Thus, more detailed immune characterization of PDAC is needed in the investigation of novel therapeutic strategies.

In this study, we implemented the ssGSEA approach to evaluate immune characteristics based on the marker genes of 119 immune cells, then classified PDAC into different immune subtypes (ISs) based on the immune scores. Subsequently, the response patterns of different ISs to immunotherapy were analyzed to verify their reproducibility in different datasets. We then established the immune index to reflect the different degrees of immune infiltration in the patients. Finally, based on the co-expression network analysis, we identified potential prognostic markers related to the immune index and functionally validated them in vitro.



Material and Methods


Data Source

Gene expression profiles and clinical follow-up information data on pancreatic cancer were downloaded from the International Cancer Genome Consortium (ICGC) data portal, which contains a total of 237 samples after excluding probes with empty values and samples without clinical data. The TCGA-PAAD gene expression data (n = 177) and the corresponding clinical data were obtained from the UCSC Xena (http://xena.ucsc.edu/) website. An additional 250 PDAC gene expression microarray data and clinical data were derived from the NCBI Gene Expression Omnibus (GEO) database as validation cohorts, including GSE28735 (n = 42) (13), GSE57495 (n = 63) (14), GSE62452 (n = 66) (15), and GSE85916 (n = 79). Using the “Combat” algorithm in R package “sva,” the batch effects were removed, and the expression values were quantile-normalized across the different samples. The scaled estimate values derived from RNA-seq by Expectation Maximization (RSEM) were converted to transcripts per million (TPM) values by multiplying them by one million. A total of 100 immune gene signatures were obtained from the R package “IOBR” (Table S1) (16), and after which we calculated the immune scores using the single-sample gene set enrichment analysis (ssGSEA) algorithm in the “GSVA” package (17).



Clustering Analysis

Based on the normalized enrichment score of the immune characteristics, the R package “ConsensusClusterPlus” (18) was used to construct a consistency matrix to classify the samples via clustering to generate the immune subtypes in PDAC. The “PAM” algorithm and “1-Pearson Correlation” were used to measure distance, and bootstraps were performed 500 times. Each bootstrapping process included 80% of the patients in the training set. The number of clusters was set from 2 to 10, and the optimal classification was determined through calculating the consistency matrix and the consistency cumulative distribution function.



Immunoprofiling

To investigate the relative abundance of tumor-infiltrating immune cells, we performed CIBERSORT (19) to quantify the distribution of the 22 immune cell types in individual specimens of the ICGC cohort. Immune-related signatures of PDAC, including the Th1/IFNγ gene, cytolytic immune activity (CYT), and 47 immune checkpoints, were obtained from previous publications (20–22). Additionally, we utilized the Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) tool to determine the score that represents the proportion of immune and stromal cells (23). We used the “TIDE” software (24) with default parameters to analyze the differences in immune efficacy. The anti-CTLA4, anti-PD1, and anti-PD-L1 treatment profile data were obtained from previous studies (25, 26).



LDA and Construction of the Immune Index

As different subtypes have different gene signatures, we conducted a linear discriminant analysis (LDA) for dimensionality reduction and established a subtype classification feature index to better quantify the immune characteristics of patients in different sample cohorts (27, 28). In order to do this, z-transformation was performed on each feature across 14 prognostic-related immune features, and the centroid of each group was dispersed as much as possible based on Fisher’s LDA optimization standards. The goal was to find one linear combination, “A,” that could maximize variance across all classes and ensure that the first two features of the model could clearly distinguish samples of the different subtypes. The LDA score was computed for the discriminative functional markers by adding the first two linear discriminants, LD1 and LD2, from the LDA of the combined normalized data to produce an immune index. The classification performance of the immune index in different subtypes was determined by the area under the curve (AUC) of multiclass receiver operating characteristic (ROC) curves.



Weighted Correlation Network Analysis

The R software package “WGCNA” (29) was used to identify the co-expression modules in immune genes. Genes with the top 5,000 standard variations were retained and subjected to the clustering analysis in the TCGA cohort. The co-expression network conformed to the scale-free network with beta values ranging between 1 and 20. Meanwhile, the linear model was established via logarithms of the adjacency degree of a node (log k) and the appearance probability of the node [log(p(k))] with a correlation greater than 0.85. To ensure a scale-free network, the nearest soft threshold was selected and used to filter the co-expression module. In the next step, the expression matrix was converted into an adjacency matrix and then converted into a topological matrix. Based on the topological overlap matrix (TOM), we used the average-linkage hierarchical clustering method to cluster genes in order to maintain the minimum number of genes in each module of base 30 according to the standard of the hybrid dynamic cut tree. After this, we calculated the eigengenes of each module to perform a cluster analysis on the modules, then merged the modules that were closer to each other into a new module with the following characteristics: height = 0.25, DeepSplit = 2, and minModuleSize = 30. The gene networks were built and visualized by the software Cytoscape version 3.8.0 (30).



Prognostic and Functional Enrichment Analysis

The “coxph” function of the “survival” package in R was used to perform univariate Cox analysis on significant gene modules. The prognostic performance was determined by analyzing the HR score of each gene module based on its degree of significance with p <0.05. Moreover, the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway and gene ontology (GO) analyses were carried out using the “clusterProfiler” package in R (31).



Cell Culture

The human pancreatic ductal cell line PANC-1 and pancreatic carcinoma cell HPDE6-C7 were purchased from the American Type Culture Collection (ATCC, Manassas, VA, USA). The PANC-1 and HPDE6-C7 cells were maintained in DMEM medium (Gibco, Grand Island, USA) with 100 U/ml of penicillin, 100 mg/ml of streptomycin, and 10% fetal bovine serum (Gibco, Grand Island, USA) in an incubator containing 5% CO2 at 37°C. The cell lines were subcultured every 2 to 3 days following digestion with 1 ml 0.25% trypsin and 0.02% EDTA (Sigma-Aldrich, MO, USA). The viability was measured by the number of surviving cells as a percentage of the total number of cells. The average viability of over 95% was determined by Trypan Blue staining at 37°C in an incubator containing 5% CO2.



RNA Extraction and Real-Time PCR Analysis

Total RNA from cultured cells was extracted using an RNeasy Plus Mini Kit (Qiagen, Dusseldorf, Germany). First-strand cDNA was synthesized using an M-MLV Reverse SuperScript II reverse transcription kit (Thermo Fisher Scientific, Waltham, MA, USA). The qRT-PCR reaction was performed using Power SYBR Green PCR Master Mix (Thermo Fisher Scientific, Waltham, MA, USA) on the ABI PRISM 7900 Sequence Detection System (Applied Biosystems, Foster City, CA, USA). The relative expression of genes was calculated using the 2−ΔΔCt method. All experiments were performed in triplicate. The PCR primers used in this study were as follows:

	hsa-CSTF2: forward, 5′-CAGCGGTGGATCGTTCTCTAC-3′ and reverse, 5′-AACAACAGGTCCAACCTCAG-3; hsa-FANGG: forward, 5′-CAGGGATTGAAGGATGTCCTCC-3 and reverse, 5′-TGGATTTCCCATCTTACGGTGA-3; hsa-ZNF185: forward, 5′-AGCTCTACCACCAAAGGGATT-3 and reverse, 5′-TGGCGAATGAGTCCTCAATGC-3; hsa-TPX2: forward, 5′-ACTTCCGCACAGATGAGCG-3 and reverse, 5′-GGATGCTTTCGTAGTTCAGATGT-3; hsa-GAPDH: forward, 5′-TGACAACTTTGGTATCGTGGAAGG-3 and reverse, 5′-AGGCAGGGATGATGTTCTGGAGAG-3.





Small Interfering RNA and Transfection

The small interfering RNAs (siRNAs) were purchased from GEMA Gene Company (Pudong, Shanghai, China), and their sequences are listed in Table S2. We designed triplicate sets for each gene, and the cells were seeded into six−well plates that measured 3 × 105 cells per well. The plasmids were transfected to a concentration of 2.5 µg/well using Lipofectamine® 2000 reagent (Thermo Fisher Scientific, Waltham, MA, USA) according to the instructions of the manufacturer. Cells were then collected for subsequent analysis 48 h after transfection.



Cell Viability Assay

Cell viability was determined using a Cell Counting Kit-8 (Beyotime Biotechnology, Shanghai, China). Cells were seeded into 96-well plates at a density of 2 × 103 cells per well. At 24, 48, and 72 h post-transfection, 20 μl of CCK-8 solution was added to each well. The absorbance values were recorded at a wavelength of 450 nm after a 4-h incubation period.



Cell Invasion Assay

The cell invasion assay was performed using 8-μm Matrigel-coated Transwell inserts (Corning Costar, NY, USA) to evaluate invasion capacities in vitro. Dulbecco’s modified Eagle’s medium (DMEM) containing 10% FBS was added to the lower chamber. After 12 h of transfection, the cells were washed with Hanks’ balanced salt solution (Thermo Fisher Scientific, Waltham, MA, USA), suspended in 100 μl of serum-free medium (8 × 104 cells), then added to the upper chamber. After 12 h of incubation, the cells were removed from the top of the filter. The cells that moved to the lower chamber were fixed with methanol and stained with 0.01% crystal violet dye, after which the number of migrated cells was counted in five random photographs under an inverted microscope (Olympus, Tokyo, Japan). The experiments were performed in triplicate.



Statistical Analysis

The unpaired Student’s t-test was used for comparison between two continuous variables and a normally distributed variable. Non-normally distributed variables were analyzed using the Wilcoxon rank-sum test. To compare three or more groups, analysis of variance (ANOVA) and the Kruskal–Wallis test were performed on both the parametric method and the non-parametric method. The threshold of significance is p-value <0.05, <0.01, or <0.001. Different significance levels are represented in different analyses, all of which were conducted using R version 4.0.3 (R Foundation for Statistical Computing, Vienna, Austria) and GraphPad Prism version 8.0.2 (GraphPad Software, San Diego, CA, USA).




Results


Identification of Immune Subtypes in PDAC Based on Immune Gene Signatures

First, we implemented the ssGSEA approach to calculate the absolute enrichment scores of 110 immune features in the “IOBR” package from the ICGC and TCGA cohorts. Next, we used a total of 250 PDAC samples with complete follow-up and overlapping immune characteristics from GSE28735, GSE57495, GSE62452, and GSE85916 as validating cohorts and pretreated them by removing batch effects, thus leading to an independent cohort. Data before and after normalization were inspected using principal component analysis (PCA), which revealed that the batch effect was successfully removed using the “ComBat” algorithm (Figures 1A, B). We then performed a univariate Cox analysis, which showed that 30 immune features in the ICGC cohort, 40 immune features in the TCGA cohort, and 10 immune features in the GEO cohort were significantly associated with PDAC prognosis (Table S3). As shown in Figure 1C, there were few intersections across these three cohorts, indicating that the immune features were inconsistent among the datasets of the different platforms. Therefore, we selected 14 immune prognostic-related risk features over at least two cohorts for subsequent analysis (p < 0.05). The distribution and abundance of these 14 immune characteristics in the three cohorts are shown in Figure 1D. We then classified 237 PDAC samples, which we used as a training cohort, from the ICGC cohort according to the 14 immune features.




Figure 1 | The immune-based molecular subtypes in pancreatic ductal adenocarcinoma (PDAC). (A) The PCA scatter plot of immune features before removing batch effects across the four involved PDAC GEO datasets. (B) The PCA scatter plot of immune features after removing batch effects across the four involved PDAC GEO datasets. (C) Overlapping of significantly prognosis-related immune features across the three cohorts (ICGC, TCGA, and GEO). (D) Heatmap of significantly prognosis-related immune features in at least two cohorts (p < 0.05). (E) The CDF curves for sample consensus clustering in the ICGC cohort. (F) Delta area curve of consensus clustering. The horizontal axis represents the category number k, and the vertical axis represents the relative change in area under the CDF curve. (G) Sample clustering heatmap when consensus k = 3. (H) Kaplan–Meier curve of the clinical outcome across the three subtypes in the ICGC cohort. (I) Kaplan–Meier curve of the clinical outcome across the three subtypes in the TGCA cohort. (J) Kaplan–Meier curve of the clinical outcome across the three subtypes in the GEO cohorts.



Using consensus clustering cumulative distribution functions (CDF) and the CDF Delta area curve, we determined that the optimal cluster number is three, at which point relatively stable clustering results can be applied and result in three PDAC ISs (Figures 1E–G). Upon further analysis of the prognostic characteristics of the three ISs, we observed that IS1 has the poorest prognosis, while IS3 has favorable prognosis in all three cohorts (Figures 1H–J), suggesting that the three immune subtypes showed consistency in different PDAC cohorts. Consequently, we compared the levels of the TNM staging system, clinical stage, and grade among the three ISs in the TCGA cohort, which was revealed to be in line with the survival data. IS3 patients account for the lowest proportion of M1 (metastasis) and the highest proportion of low-grade patients (G1, G2) (Figure S2).



The Differences in the Innate and Adaptive Immune Signatures Among the Three ISs

It is well-known that the cyclic GMP-AMP synthase-stimulator of interferon genes (cGAS-STING) signaling pathway is an innate immune pathway that can induce the release of type I IFNs and other inflammatory factors by recognizing foreign cytosolic DNAs (cDNAs) to promote innate immunity. In addition, this pathway also functions as a detector of self-DNA released from tumor cells and dying cells (32, 33). Activation of this pathway is significantly associated with tumor progression, and its role in cancer immunotherapy has been well identified in recent years (34–38). This includes pancreatic cancer, as it exhibits a strong connection to the type I interferon pathway (39–43). We compared the expression levels of four key genes in the cGAS-STING signaling pathway across the three ISs, including cGAS (encoding cGAS protein), TMEM173, TBK1, and IRF3 (encoding STING protein). As shown in Figure S1, there were no significant differences in the gene expressions of the four genes among the three ISs. We also found that IFNγ, a type II interferon that is predominantly produced by T helper (TH) CD4 and CD8 cytotoxic T lymphocyte (CTL) effector T cells during antigen-specific immunity, was significantly upregulated in IS3 (Kruskal–Wallis test, p = 3.4e−06) (Figure 2A). In line with these results, the cytolytic immune activity (CYT) score, which was based on the cytotoxic T-cell (CTL) markers proposed by Rooney et al. (21), consistently showed the identical trend that IS3 held the highest cytotoxic immunity (Kruskal–Wallis test, p = 2.6e−13) (Figure 2B) and was associated with positive prognosis. All together, these results suggest that our classification system accurately reflects the differences in adaptive immunity in pancreatic cancer patients rather than innate immunity.




Figure 2 | Expression of chemokines and checkpoint in PDAC immune subtypes. (A, B) The distribution of IFNγ scores and CYT scores in three ISs, respectively. (C, D) The distribution of the expression levels of chemokines and chemokine receptors across three ISs. (E) Expression levels of immune checkpoints in three ISs. *p < 0.05, **p < 0.01, ****p < 0.0001. ns: p > 0.05.



Additionally, we observed that the expression of most chemokines and chemokine receptors in IS3 was considerably higher than in IS1 and IS2 (Figures 2C, D) (Kruskal–Wallis test, p < 0.05). Given this, we compared the expression levels of 47 immune checkpoint genes among the three ISs, and as expected, the critical inhibitory immune checkpoints [i.e., CTLA4, BTLA, IDO1, PDCD1 (PD-1), IDO2, LAG3, etc.] were overexpressed in IS3 (Figure 2E). Hence, we consider that targeting CTLA-4, PD-1, or PD-L1 in IS3 patients may be clinically useful.



Difference in Immune Profiles Among the Three ISs

In the ICGC cohort, we performed CIBERSORT analysis to evaluate the proportions of the 22 immune cells in each sample (Table S4). The distribution of the immune cell proportions in all samples is shown in Figures S3A, B, while the proportions across the three ISs are shown in Figures S3C, D. These results exhibit the significant differences in the immune characteristics of different subgroups. Notably, IS3 has the highest proportion of CD8+ T cells, resting memory CD4 T cells, and B cells, as well as the lowest proportion of M0 and M2 macrophages. Immune infiltration analysis showed that IS3 has the highest immune infiltration, followed by IS2, while IS1 had the lowest stromal and immune score (Figures 3A–C; Table S5). All together, we observed that IS3 patients presented a preferable cell-mediated immune response and humoral immune response.




Figure 3 | The difference of the tumor microenvironment and therapeutic treatments in PDAC immune subtypes. (A–C) The distribution of stromal scores, immune scores, and estimated scores in three ISs, respectively. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. (D) Submap analysis of the published dataset with immunotherapy response data manifested that the IS3 could be more sensitive to the anti‐PD‐1 therapy (Bonferroni‐corrected p = 0.008). (Bonferroni-corrected p < 0.05). The distribution of the estimated IC50 for (E) gemcitabine, (F) cisplatin, (G) erlotinib, and (H) 5-FU in three ISs. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: p > 0.05.



Subsequently, we implemented the TIDE algorithm to evaluate the potential clinical effects of immunotherapy in the three ISs we defined. As shown in Figure S4A, there was apparently no difference in the TIDE scores of the three ISs. At the same time, IS3 had the highest T-cell dysfunction score compared with IS1 (p < 0.0001) and IS2 (p < 0.0001), but the lowest score in T-cell exclusion (p < 0.0001) (Figures S4B, C; Table S6). These results may partially explain why T-cell infiltration was the highest in the IS3 patients, but the objective response rates of ICB in clinical trials were extremely low. Therefore, there are likely other underlying mechanisms that lead to T-cell dysfunction due to sustained antigen exposure. We used submap analysis to compare the similarity between the gene signatures of the three ISs and melanoma patients treated with anti-PD1 and anti-CTLA4 (44), which revealed that IS3 patients were more sensitive to PD-1 inhibitors than the other two subtypes (Figure 3D). We also analyzed the responsiveness of traditional chemotherapy drugs, including gemcitabine, cisplatin, erlotinib, and fluorouracil (5-FU), in all three ISs. IS1 was more sensitive to gemcitabine (p < 0.01 and p < 0.0001, respectively), cisplatin (p < 0.0001), and erlotinib (p < 0.0001) compared with IS2 and IS3, while IS3 was more sensitive to 5-FU (p < 0.0001) (Figures 3E–H). Thus, our overall computational calculations predicated that IS3 has the highest immune cell infiltration. Therefore, stratification might be helpful in patient selection for ICB trials or further studies on drug resistance, regardless of the wide ineffectiveness with PDAC treatment so far.



Construction of the Immune Index and Its Related Immune Characteristics

To further assess the differences in the gene signatures across the three ISs, as well as quantify the immune characteristics of individual patients, we performed LDA analysis. As shown in Figure 4A, the first linear discriminants (LD) of the model clearly distinguish between the samples of different subtypes. Following this, we calculated the LDA score of each patient in the three cohorts, which make up the immune index. The differences in the scores were significant across the three ISs (Table S7; Figures 4B–D). The classification performance of the immune index in the different subtypes is depicted in Figure 4E with a multiclass comprehensive prediction AUC of 0.89. After applying the immune index to the TCGA and GEO cohorts, we observed a similar performance to the ICGC dataset (multiclass AUC = 0.84 and 0.78, respectively) (Figures 4F, G). Together, a high index indicated a higher immune infiltration as seen in IS3 and vice versa as seen in IS1.




Figure 4 | LDA score and immune index construction. (A) The relationship between the first two linear discriminants and three ISs. (B–D) The distribution of the LDA scores across three ISs in the ICGC, TCGA, and GEO cohorts. (E–G) The ROC curve of the immune index in the ICGC, TCGA, and GEO cohorts. ****p < 0.0001. ns: p > 0.05.



Additionally, to observe the relationship between the immune index and immune cell characteristics, the immune scores in 28 immune cells were calculated using ssGSEA analysis (Table S8) (45). Most of the immune cells in IS3 had significantly higher enrichment scores than IS1, including activated B cells, activated CD8 T cells, activated CD4 T cells, T follicular helper cells, myeloid-derived suppressor cells (MDSCs), and natural killer cells, all of which were significantly positively correlated with the highest immune index (Figures S5A–C).

Recent studies have revealed that the recruitment of tumor-associated immune cells that occurs during inflammation that accompanies tumor progression has been shown to promote tumor growth and contribute to angiogenesis, invasion, and metastasis (46–48). Therefore, we also analyzed the distributions of inflammation-related genes of the ISs in the ICGC cohort, the results of which revealed that the monocyte/myeloid lineage (HCK), T cells (LCK), major histocompatibility class II complex (MHC-II) molecules, and gene clusters are all highly expressed in IS3 compared with IS1 and IS2 (Figure 5A; Table S9). All seven inflammation-related metagenes were then quantified with the enrichment score using the ssGSEA approach as shown in Figure S6A, which revealed that the enrichment score of the five metagenes in IS3 are significantly higher than in IS1 and IS2 (p < 0.0001), with the exception of MHC-I and interferon. The relationship between the LDA score and the enrichment score was identified using Pearson’s correlation coefficient. Based on this, we found that antitumor immune metagenes, including HCK, LCK, MHC-II, and STAT1 were significantly positively correlated with the immune index (p < 0.001) (Figure S5B).




Figure 5 | The relationship between the immune index and inflammatory characteristics and immune checkpoints. (A) The abundance of seven inflammatory metagenes and immune index in three ISs. (B) The correlation between the immune index and expression levels of immune checkpoints. *p < 0.05, **p < 0.01, ***p < 0.001, Spearman rank correlation. In the upper triangle, the shade of color represents the level of −log10(p-value), while in the lower triangle, the shade of color represents the level of correlation. (C–E) The correlation between the immune index and expression levels of CTLA4, PDCD1, and CD274 (Spearman rank correlation). (F) The distribution of the immune index in different treatment response statuses after anti-CTLA4 treatment. (G) The distribution of immune index in different treatment response statuses after anti-PD1 treatment. (H) The distribution of the immune index in different treatment response statuses after anti-PD-L1 treatment. *p < 0.05, **p < 0.01, ns: p > 0.05. PD, progressive disease; PRCR, partial response and complete response; SD, stable disease.



The correlation between the immune index and the expression levels of 47 immune checkpoints is illustrated in Figure 5B. Notably, the LDA score has a significant positive correlation with many critical inhibitory immune checkpoints [i.e., CTLA4, BTLA, IDO1, PDCD1 (PD-1), IDO2, LAG3, etc.]. Of those, CTLA4 (r = 0.72, p < 0.0001) and PDCD1 (r = 0.54, p < 0.0001) show high correlation, whereas no significant correlation between the immune index and CD274 was discovered (r = 0.04, p = 0.530) (Figures 5B–D). We then analyzed the difference between immune index and melanoma patients treated with anti-PD1 and anti-CTLA4 as well as urothelial carcinoma patients treated with PD-L1 under different responses. The LDA score was significantly upregulated in patients with an immunotherapy response compared with SD or PD patients in anti-CTLA4 and anti-PD1 treatments (Figures 5F, G). However, there was no big difference in anti-PD-L1 patients across the three ISs (Figure 5H). These results reinforce the results of the submap analysis in Figure 3D that indicate that immune index can be a good representation of the gene profile. It also further suggests that patients with high immune infiltration (IS3) might benefit from anti-PD-1 therapy.



Identification of the Co-Expression Gene Module of the Immune Index

According to the weighted correlation network analysis (WGCNA) method described previously, samples were clustered (Figure S6A) and immune gene co-expression modules were identified with a soft threshold of 5 for the scale-free network (Figures 6A, B). As a result, a total of 18 gene modules were generated based on a dissimilarity measure (1-TOM), where the gray module was a collection of genes that could not be gathered into other modules (Figures 6C, S6B; Table S10). Furthermore, we analyzed the correlation between each module and the age, gender, clinical stage, grade, IS1, IS2, IS3, and LDA score of the patient. As shown in Figure 6D, the tan module showed a significant positive correlation with IS1 and a negative correlation with IS3 and its LDA score. On the other hand, the light cyan module showed the opposite result. The genes in these two modules are significantly associated with gene significance and module membership (IS1 is tan and IS3 is light cyan) (Figures 6E, F).




Figure 6 | Identification of the co-expressed gene modules of the immune index. (A) Analysis of the scale-free fit index for various soft-thresholding powers (β). (B) Analysis of the mean connectivity for various soft-thresholding powers. (C) The distribution of gene numbers in each module. (D) The relationships between gene modules and clinical variables, ISs, and immune index. (E) Scatter plot of module members versus gene significance for IS1 in the tan module. (F) Scatter plot of module members versus gene significance for IS1 in the light cyan module. (G) The correlation between immune index and gene modules. In the upper triangle, the shade of color represents the level of −log10(p-value), while in the lower triangle, the shade of color represents the level of correlation. *p < 0.05, **p < 0.01, ***p < 0.001.



Next, we investigated the correlation between each of these gene modules and the immune index. In this analysis, each of these 13 modules were significantly associated with the LDA score (Figure 6G) where tan is shown as a risk factor (p < 0.0001, HR = 1.4) and light cyan is shown as a favorable factor (p = 0.002, HR = 0.76) (Figure 7A; Table S11), as expected. We subsequently screened the co-expressed genes of prognostic-related modules with co-expression weights greater than 0.35 and identified 11 hub genes (Figure 7B; Table S12). These hub genes reflected the immune index and showed up as potential candidates for biomarkers. Functional enrichment analysis revealed that genes within tan modules were enriched for biological terms (GO) or KEGG pathways with strong significance in homologous recombination, the p53 signaling pathway, DNA replication, and the cell cycle (Figure S7). Meanwhile, the light cyan module was significantly associated with immune-related processes including positive regulation of lymphocyte activation, positive regulation of cell activation, regulation of T-cell activation, etc. (Figures 7C, D). Among these hub genes, high expressions of CSTF2, TPX2, FANCG, and ZNF185 were significantly associated with poor outcomes (log rank test, p = 0.009, p < 0.0001, p = 0.0357, and p = 0.006, respectively) (Figures 7E and S8).




Figure 7 | Co-expression gene module features and the prognostic association. (A) Forest plot of the univariate analyses of gene modules with overall survival. (B) Co-expression network of 11 potential gene markers related to immune index. Blue color indicates genes derived from the light cyan module; yellow color indicates genes derived from tan module. (C, D) The functional enrichment of the module tan: (C) top 10 GO biological process; (D) top 10 KEGG pathways. (E) The gene expression levels of four genes (CSTF2, TPX2, FANGG, and ZNF185) were significantly associated with overall survival (log-rank test, p < 0.05).



These data suggest that the expression levels of CSTF2, TPX2, FANGG, and ZNF185 may be negatively correlated with the immune index and warrant validation of their biological functions in vitro to find potential biomarkers indicative of the immune index.

Given that in biological and therapeutic systems upregulated genes are more likely to be manipulated than downregulated genes, we decided to focus our validation study on investigating the functions of CSTF2, TPX2, FANCG, and ZNF185 in PDAC. Firstly, we examined the expression levels of these genes in the human pancreatic ductal cell line PANC-1 as well as the pancreatic carcinoma cell HPDE6-C7. As presented in Figure 8A, increased expression of ZNF185, CSTF2, and FANCG (p < 0.01), but not TPX2, was observed in the HPDE6-C7 cell line (p > 0.05). These results indicate that ZNF185, CSTF2, and FANCG were overexpressed in PDAC and might be considered as biomarkers of poor prognosis.




Figure 8 | ZNF185, CSTF2, and FANCG were overexpressed in PDAC cell lines and promote cell viability and invasion. (A) Expression levels of ZNF185, CSTF2, FANCG, and TPX2 in human pancreatic ductal cell line PANC-1 and pancreatic carcinoma cell HPDE6-C7. Data are presented as mean ± standard error based on at least three independent experiments. **p < 0.01,  ***p < 0.001. (B) CCK-8 assay on HPDE6-C7 cell line co-transfected with si-control and the optimal si-ZNF185, si-CSTF2, and si-FANCG. (C) The invasion assays on HPDE6-C7 cell line co-transfected with si-control and the optimal si-ZNF185, si-CSTF2, and FANCG.



Next, for each gene (ZNF185, CSTF2, and FANCG), we designed triplicate sets of siRNAs. We downregulated ZNF185, CSTF2, and FANCG in HPDE6-C7 through transfection with three siRNAs using the empty vector as a negative control. As a result, gene expressions significantly dropped after transfection (Figure S10), where si-ZNF185-3, siCSTF2-2, and si-FANCG-3 exhibited the best transfection efficiency among each group (p < 0.01, p < 0.001, and p < 0.001, respectively). These siRNAs were subsequently selected for functional cell experiments. Weakened cell viabilities were observed in ZNF185, CSTF2, and FANCG downregulated HPDE6-C7 cells compared with NC-transfected cells after 24, 48, and 72 h (p < 0.001; Figure 8B). Additionally, the migration assay showed that downregulation of ZNF185, CSTF2, and FANCG in HPDE6-C7 cells can significantly inhibit cell invasion capability (p < 0.01; Figure 8C). Collectively, these findings indicate that ZNF185, CSTF2, and FANCG are involved in the proliferation and metastasis of PDAC.




Discussion

During the last decade, the emergence of immunotherapy has presented a significant advantage for certain malignancies, including melanoma, lung cancer, and other tumor patients (49–52). This has resulted in the improvement of the prognosis of treated patients, suggesting that there could be substantial benefits associated with immunotherapy. Even though immunotherapy has achieved impressive clinical benefits, its applications have shown limited efficacy due to multiple immune escape mechanisms. There is an urgent need to better understand the tumor immune microenvironment to design more effective strategies and improve the response and outcomes of immunotherapy. In this study, we reevaluated available OMICS data from an immunological perspective to understand the immune response of PDAC and provide clinical implications for personalized immunotherapy.

Pancreatic tumors avoid immune responses through different mechanisms. First, pancreatic TME is rich in immunosuppressive cells such as MDSCs, regulatory T cells (Tregs), tumor-associated macrophages (TAMs), and immunosuppressive antigen-presenting cells (APCs), which lead to refractory ICB (12, 53, 54). In our study, unsupervised consensus clustering showed that there is substantial variation in the immune characteristics of PDAC. Among all subtypes in our study, IS3 is associated with the best prognosis, whereas IS1 indicates the poorest survival probability. Cyclic GMP-AMP synthase (cGAS) is a nucleotidyl transferase that is critical for the recognition of double-stranded DNA in the cytosol and generates second messenger cyclic GMP-AMP (cGAMP). It promotes the activation of STING to elicit kinase TBK1 and its downstream substrate, the transcription factor IRF3. The phosphorylated IRF3 then translocates into the nucleus and stimulates the production of type I interferons (IFNs) and other cytokines, leading to immunity regulation (55, 56). Type I IFNs are antitumor cytokines and modulators of innate immune activation that have recently been shown to cause radiosensitization in pancreatic cancer, and they all bind to the cell surface receptor complex (IFNAR) (39, 43, 57). The deactivation of the IFN1–IFNAR1 pathway by cancer-associated fibroblasts (CAFs) leads to tumorigenic effects and tumor growth in pancreatic cancer (41, 43). This pathway affects the pancreas by regulating the production of T cells so that when STING is activated in human cells, the T-cell infiltration can be decreased (41). However, our findings have not shown a significant difference in gene expressions of these four key genes within cGAS-STING pathways among the three ISs, suggesting that our classifications have little connection with innate immunity in pancreatic cancer. Furthermore, it is well known that IFN-γ has been shown to exhibit antitumor activity both in vitro and in vivo, and deficiencies in IFN-γ (IFN-γ−/−) or the IFN-γ receptor (IFN-γR−/−) promote tumor development in mice (58, 59). The CYT score has been reported to be associated with improved prognosis in glioma, gastric cancer, and hepatocellular carcinoma, among other cancers (21, 60–62). In our study, IS3 patients represent the highest score in both IFN-γ and CTY. Their maintenance of strong immune activity may suggest a good response to immunotherapy. Since most of the expression levels of inhibitory immune checkpoints were upregulated more in IS3 than in other ISs [i.e., CTLA4, BTLA, IDO1, PDCD1 (PD-1), IDO2, LAG3, etc.], we can conclude that different subgroups have varied therapeutic responses to ICB, which indicates that IS3 may be sensitive to ICB and vice versa.

We also demonstrated stromal and immune phenotypes in IS3, including a high proportion of T cells CD8, T cells CD4 memory resting, and B cells as well as a low proportion of macrophages M0 and macrophages M2 based on CIBERSORT and ESTIMATE algorithms. The presence of M2-type macrophages is associated with poor clinical outcomes in various types of cancers due to certain cellular interactions within metastatic sites. Nevertheless, the low CD8 T cells and the high M2-type macrophages were infiltrated in IS1, with unsurprisingly minimal immune infiltration. Our study revealed that IS3 is more significantly correlated with melanoma patients who respond well to anti-PD1 treatment than IS1 and IS2. However, the high levels of T-cell dysfunction in IS3 might explain why some PDAC patients have high T-cell infiltration but are generally tolerant to ICB. Additionally, IS1 patients were more sensitive to traditional chemotherapeutic agents, including gemcitabine, cisplatin, and erlotinib, but more chemoresistant to 5-FU. These findings might provide a strong rationale in patient selection for systemic therapy option-combination regimens.

Unlike PCA, which summarizes the total variation in a dataset, LDA derives synthetic variables from a linear combination of features looking for maximum separation of two or more classes of objects. This allows us to derive an immune index to characterize immunity based on LDA scores. Consistent with the highest immune infiltrations, IS3 represented the highest immune index, which showed as significantly positively associated with the immune cells engaged in the antitumor response. High LCK has been identified with a good prognosis in breast cancer, endometrial carcinoma, and melanoma (63–65). It was in this way that we first identified the potential roles of LCK in PDAC. Strikingly, Tiziana et al. reported that MHC-II was highly correlated with the LCK and HCK metagene (66), which reflects the infiltration of T cells and monocytes (67). Indeed, IS3 shows high immune infiltration and plays critical roles in antitumor immune responses through activating MHC-II, LCK, and HCK as well as augmentation of its expression levels. Pancreatic tumors remain refractory to ICB as it is characterized by its T-cell exclusion and an immunosuppressive tumor microenvironment (68–70). However, while the LDA score is significantly associated with the expression levels of anti-CTLA4 and anti-PD1, it is not associated with PD-L1. The high immune index represents a good clinically predicted response to both anti-CTLA4 and anti-PD1 therapy. Actually, our results strengthen the findings that patients with a high immune index (IS3) and low T-cell exclusion might benefit from PD-1 therapy; however, the complications resulting from severe T-cell dysfunction needs to be further investigated in the future.

We found several interesting components within the hub gene modules related to IS3 as well overall survival: ZNF185, FANCG, and CSTF2. These candidates have been functionally validated, and their potential roles have also been identified by previous studies. ZNF185, an actin cytoskeleton-associated protein from the LIM family of Zn-finger proteins, has been demonstrated to be a bona fide p53 target gene following DNA damage, which is consistent with the enrichment results of the GO biological process in the tan module–p53 single signaling pathway (71). In addition, the overexpression of ZNF185 has been shown to promote chemoresistance, tumor proliferation, and inhibition of apoptosis by downregulating SMAD4 in PDAC (72). Furthermore, inherited mutations of the DNA repair genes FANCG have been thoroughly demonstrated to be responsible for accelerating genomic instability due to the loss of the G1/S checkpoint, leading to increased risk in PDAC (73, 74). Even though the functional role of CSTF2 has not been conclusively proven, the overexpression results in the shortening of 3′ UTRs and promotes pathogenesis and poor prognosis in several types of cancer, including endometrial carcinoma, lung cancer, and bladder cancer (75–77). The results indicate that ZNF185, FANCG, and CSTF2 cannot be effective biomarkers for risk assessments and reflect the immune index for personalized treatment decision-making in PDAC. Nevertheless, the immune-related roles of these genes will have to be further verified in future studies.

Although computational approaches for analyzing bulk RNA sequencing data from public databases have been well established, this study shares some limitations with previous bioinformatics studies. Given the recalcitrant nature of pancreatic cancer, there are rarely research cohorts regarding immunotherapy for it. The TCGA, ICGC, and GEO cohorts were collected prior to the immunotherapy. The projection of pancreatic cancer by assessing the similarities between molecular features in gene expression data with melanoma immunotherapy cohorts may cause some bias. Furthermore, given that we used these three gene signatures to represent the immune infiltration, we might be unable to comprehensively profile the immune landscape of the PDAC sample. The true predictive effect of these three gene signatures (ZNF185, FANCG, CSTF2) on immune infiltration needs to be evaluated in future studies. Although we predict that the IS3 group may benefit from anti-PD1 therapy and show low levels of T-cell exclusion, whether the true response rate is higher than in other groups requires further validation in other cohorts receiving anti-PD1 treatment.

In summary, we identified three immunological subtypes of PDAC, each with distinct immune infiltration and prognostic characteristics. We further established an immune index to quantify the abundance of immune infiltration in different ISs. Finally, based on the co-expression network analysis, potential biomarkers (ZNF185, FANCG, CSTF2) related to the immune index were identified and functionally validated in vitro. Overall, our results provide new insights into the stratification and selection of patients for personalized immunotherapy assessment in PDAC.
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Supplementary Figure 5 | The relationship between the immune index and immune-related characteristics. (A) The abundance of 28 immune cell scores in three ISs. (B) The distributions of 28 immune cell scores in three ISs. *p < 0.05; **p < 0.01, ***p < 0.001. (C) The correlations between immune index and immune cell scores. In the upper right triangle, the shade of color represents the level of correlation, while in the lower left triangle, the shade of color represents−log10(p value). *p < 0.05; **p < 0.01, ***p < 0.001.

Supplementary Figure 6 | T (A) The distribution of seven inflammatory metagenes in three ISs. *p < 0.05; **p < 0.01, ***p < 0.001, ****p < 0.0001. (B) The correlations between the LDA score and inflammatory metagene enrichment score. In the upper right triangle, the shade of color represents the level of correlation, while in the lower left triangle, the shade of color represents−log10 (p value). *p < 0.05; **p < 0.01, ***p < 0.001.

Supplementary Figure 7 | (A) WGCNA sample clustering. (B) Dendrogram of all differentially expressed genes clustered based on a dissimilarity measure (1-TOM).

Supplementary Figure 8 | The functional enrichment of module lightcyan, (A), top 10 GO biological process; (B), top 10 KEGG pathways

Supplementary Figure 9 | Kaplan-Meier curves show the overall survivals between high- and low- expression of seven hub genes with no significance (CTBP1-DT, ZNF165, TPSB2, ZNF195, TRAF1, TRAF3IP3, ZNF271P).

Supplementary Figure 10 | The relative expression of ZNF185, CSTF2, and FANCG after transfection of relevant siRNAs in PANC-1 cell line. Error bars represent the standard error of the mean from at least three independent experiments). *p < 0.05; **p < 0.01, ***p < 0.001.



References

1. Collaborators, G.B.D.P.C. The Global, Regional, and National Burden of Pancreatic Cancer and its Attributable Risk Factors in 195 Countries and Territories 1990-2017: A Systematic Analysis for the Global Burden of Disease Study 2017. Lancet Gastroenterol Hepatol (2019) 4:934–47. doi: 10.1016/S2468-1253(19)30347-4

2. Siegel, RL, Miller, KD, Fuchs, HE, and Jemal, A. Cancer Statistics 2021. CA Cancer J Clin (2021) 71:7–33. doi: 10.3322/caac.21654

3. Neoptolemos, JP, Kleeff, J, Michl, P, Costello, E, Greenhalf, W, and Palmer, DH. Therapeutic Developments in Pancreatic Cancer: Current and Future Perspectives. Nat Rev Gastroenterol Hepatol (2018) 15:333–48. doi: 10.1038/s41575-018-0005-x

4. Ribas, A, and Wolchok, JD. Cancer Immunotherapy Using Checkpoint Blockade. Science (2018) 359:1350–5. doi: 10.1126/science.aar4060

5. O’reilly, EM, Oh, D-Y, Dhani, N, Renouf, DJ, Lee, MA, Sun, W, et al. A Randomized Phase 2 Study of Durvalumab Monotherapy and in Combination With Tremelimumab in Patients With Metastatic Pancreatic Ductal Adenocarcinoma (mPDAC): ALPS Study. J Clin Oncol (2018) 36:217–7. doi: 10.1200/JCO.2018.36.4_suppl.217

6. Bailey, P, Chang, DK, Nones, K, Johns, AL, Patch, AM, Gingras, MC, et al. Genomic Analyses Identify Molecular Subtypes of Pancreatic Cancer. Nature (2016) 531:47–52. doi: 10.1038/nature16965

7. Collisson, EA, Bailey, P, Chang, DK, and Biankin, AV. Molecular Subtypes of Pancreatic Cancer. Nat Rev Gastroenterol Hepatol (2019) 16:207–20. doi: 10.1038/s41575-019-0109-y

8. De Santiago, I, Yau, C, Heij, L, Middleton, MR, Markowetz, F, Grabsch, HI, et al. Immunophenotypes of Pancreatic Ductal Adenocarcinoma: Meta-Analysis of Transcriptional Subtypes. Int J Cancer (2019) 145:1125–37. doi: 10.1002/ijc.32186

9. Chen, DS, and Mellman, I. Oncology Meets Immunology: The Cancer-Immunity Cycle. Immunity (2013) 39:1–10. doi: 10.1016/j.immuni.2013.07.012

10. Mahoney, KM, Rennert, PD, and Freeman, GJ. Combination Cancer Immunotherapy and New Immunomodulatory Targets. Nat Rev Drug Discov (2015) 14:561–84. doi: 10.1038/nrd4591

11. Macherla, S, Laks, S, Naqash, AR, Bulumulle, A, Zervos, E, and Muzaffar, M. Emerging Role of Immune Checkpoint Blockade in Pancreatic Cancer. Int J Mol Sci (2018) 19:1–12. doi: 10.3390/ijms19113505

12. Balachandran, VP, Beatty, GL, and Dougan, SK. Broadening the Impact of Immunotherapy to Pancreatic Cancer: Challenges and Opportunities. Gastroenterology (2019) 156:2056–72. doi: 10.1053/j.gastro.2018.12.038

13. Zhang, G, He, P, Tan, H, Budhu, A, Gaedcke, J, Ghadimi, BM, et al. Integration of Metabolomics and Transcriptomics Revealed a Fatty Acid Network Exerting Growth Inhibitory Effects in Human Pancreatic Cancer. Clin Cancer Res (2013) 19:4983–93. doi: 10.1158/1078-0432.CCR-13-0209

14. Chen, DT, Davis-Yadley, AH, Huang, PY, Husain, K, Centeno, BA, Permuth-Wey, J, et al. Prognostic Fifteen-Gene Signature for Early Stage Pancreatic Ductal Adenocarcinoma. PLoS One (2015) 10:e0133562. doi: 10.1371/journal.pone.0133562

15. Yang, S, He, P, Wang, J, Schetter, A, Tang, W, Funamizu, N, et al. A Novel MIF Signaling Pathway Drives the Malignant Character of Pancreatic Cancer by Targeting Nr3c2. Cancer Res (2016) 76:3838–50. doi: 10.1158/0008-5472.CAN-15-2841

16. Zeng, D, Ye, Z, Yu, G, Wu, J, Xiong, Y, Zhou, R, et al. IOBR: Multi-Omics Immuno-Oncology Biological Research to Decode Tumor Microenvironment and Signatures. Front Immunol (2021) 12:687975. doi: 10.1101/2020.12.14.422647

17. Hanzelmann, S, Castelo, R, and Guinney, J. GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

18. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: A Class Discovery Tool With Confidence Assessments and Item Tracking. Bioinformatics (2010) 26:1572–3. doi: 10.1093/bioinformatics/btq170

19. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust Enumeration of Cell Subsets From Tissue Expression Profiles. Nat Methods (2015) 12:453–7. doi: 10.1038/nmeth.3337

20. Masiero, M, Simoes, FC, Han, HD, Snell, C, Peterkin, T, Bridges, E, et al. A Core Human Primary Tumor Angiogenesis Signature Identifies the Endothelial Orphan Receptor ELTD1 as a Key Regulator of Angiogenesis. Cancer Cell (2013) 24:229–41. doi: 10.1016/j.ccr.2013.06.004

21. Rooney, MS, Shukla, SA, Wu, CJ, Getz, G, and Hacohen, N. Molecular and Genetic Properties of Tumors Associated With Local Immune Cytolytic Activity. Cell (2015) 160:48–61. doi: 10.1016/j.cell.2014.12.033

22. Danilova, L, Ho, WJ, Zhu, Q, Vithayathil, T, De Jesus-Acosta, A, Azad, NS, et al. Programmed Cell Death Ligand-1 (PD-L1) and CD8 Expression Profiling Identify an Immunologic Subtype of Pancreatic Ductal Adenocarcinomas With Favorable Survival. Cancer Immunol Res (2019) 7:886–95. doi: 10.1158/2326-6066.CIR-18-0822

23. Yoshihara, K, Shahmoradgoli, M, Martinez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring Tumour Purity and Stromal and Immune Cell Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

24. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T Cell Dysfunction and Exclusion Predict Cancer Immunotherapy Response. Nat Med (2018) 24:1550–8. doi: 10.1038/s41591-018-0136-1

25. Riaz, N, Havel, JJ, Makarov, V, Desrichard, A, Urba, WJ, Sims, JS, et al. Tumor and Microenvironment Evolution During Immunotherapy With Nivolumab. Cell (2017) 171:934–949 e916. doi: 10.1016/j.cell.2017.09.028

26. Mariathasan, S, Turley, SJ, Nickles, D, Castiglioni, A, Yuen, K, Wang, Y, et al. TGFbeta Attenuates Tumour Response to PD-L1 Blockade by Contributing to Exclusion of T Cells. Nature (2018) 554:544–8. doi: 10.1038/nature25501

27. Perriere, G, and Thioulouse, J. Use of Correspondence Discriminant Analysis to Predict the Subcellular Location of Bacterial Proteins. Comput Methods Programs BioMed (2003) 70:99–105. doi: 10.1016/S0169-2607(02)00011-1

28. Siddiqi, MH, Ali, R, Khan, AM, Young-Tack, P, and Sungyoung, L. Human Facial Expression Recognition Using Stepwise Linear Discriminant Analysis and Hidden Conditional Random Fields. IEEE Trans Image Process (2015) 24:1386–98. doi: 10.1109/TIP.2015.2405346

29. Langfelder, P, and Horvath, S. WGCNA: An R Package for Weighted Correlation Network Analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

30. Shannon, P, Markiel, A, Ozier, O, Baliga, NS, Wang, JT, Ramage, D, et al. Cytoscape: A Software Environment for Integrated Models of Biomolecular Interaction Networks. Genome Res (2003) 13:2498–504. doi: 10.1101/gr.1239303

31. Yu, G, Wang, LG, Han, Y, and He, QY. Clusterprofiler: An R Package for Comparing Biological Themes Among Gene Clusters. OMICS (2012) 16:284–7. doi: 10.1089/omi.2011.0118

32. Chen, Q, Sun, L, and Chen, ZJ. Regulation and Function of the cGAS-STING Pathway of Cytosolic DNA Sensing. Nat Immunol (2016) 17:1142–9. doi: 10.1038/ni.3558

33. Kwon, J, and Bakhoum, SF. The Cytosolic DNA-Sensing cGAS-STING Pathway in Cancer. Cancer Discov (2020) 10:26–39. doi: 10.1158/2159-8290.CD-19-0761

34. Zhang, H, Tang, K, Zhang, Y, Ma, R, Ma, J, Li, Y, et al. Cell-Free Tumor Microparticle Vaccines Stimulate Dendritic Cells via cGAS/STING Signaling. Cancer Immunol Res (2015) 3:196–205. doi: 10.1158/2326-6066.CIR-14-0177

35. Li, T, Cheng, H, Yuan, H, Xu, Q, Shu, C, Zhang, Y, et al. Antitumor Activity of cGAMP via Stimulation of cGAS-cGAMP-STING-IRF3 Mediated Innate Immune Response. Sci Rep (2016) 6:19049. doi: 10.1038/srep19049

36. Mackenzie, KJ, Carroll, P, Martin, CA, Murina, O, Fluteau, A, Simpson, DJ, et al. cGAS Surveillance of Micronuclei Links Genome Instability to Innate Immunity. Nature (2017) 548:461–5. doi: 10.1038/nature23449

37. Motwani, M, Pesiridis, S, and Fitzgerald, KA. DNA Sensing by the cGAS-STING Pathway in Health and Disease. Nat Rev Genet (2019) 20:657–74. doi: 10.1038/s41576-019-0151-1

38. Wang, Z, Chen, J, Hu, J, Zhang, H, Xu, F, He, W, et al. cGAS/STING Axis Mediates a Topoisomerase II Inhibitor-Induced Tumor Immunogenicity. J Clin Invest (2019) 129:4850–62. doi: 10.1172/JCI127471

39. Morak, MJ, Van Koetsveld, PM, Kanaar, R, Hofland, LJ, and Van Eijck, CH. Type I Interferons as Radiosensitisers for Pancreatic Cancer. Eur J Cancer (2011) 47:1938–45. doi: 10.1016/j.ejca.2011.03.009

40. Booy, S, Van Eijck, CH, Dogan, F, Van Koetsveld, PM, and Hofland, LJ. Influence of Type-I Interferon Receptor Expression Level on the Response to Type-I Interferons in Human Pancreatic Cancer Cells. J Cell Mol Med (2014) 18:492–502. doi: 10.1111/jcmm.12200

41. Cerboni, S, Jeremiah, N, Gentili, M, Gehrmann, U, Conrad, C, Stolzenberg, MC, et al. Intrinsic Antiproliferative Activity of the Innate Sensor STING in T Lymphocytes. J Exp Med (2017) 214:1769–85. doi: 10.1084/jem.20161674

42. Blaauboer, A, Booy, S, Van Koetsveld, PM, Karels, B, Dogan, F, Van Zwienen, S, et al. Interferon-Beta Enhances Sensitivity to Gemcitabine in Pancreatic Cancer. BMC Cancer (2020) 20:913. doi: 10.1186/s12885-020-07420-0

43. Cho, C, Mukherjee, R, Peck, AR, Sun, Y, Mcbrearty, N, Katlinski, KV, et al. Cancer-Associated Fibroblasts Downregulate Type I Interferon Receptor to Stimulate Intratumoral Stromagenesis. Oncogene (2020) 39:6129–37. doi: 10.1038/s41388-020-01424-7

44. Chen, PL, Roh, W, Reuben, A, Cooper, ZA, Spencer, CN, Prieto, PA, et al. Analysis of Immune Signatures in Longitudinal Tumor Samples Yields Insight Into Biomarkers of Response and Mechanisms of Resistance to Immune Checkpoint Blockade. Cancer Discovery (2016) 6:827–37. doi: 10.1158/2159-8290.CD-15-1545

45. Charoentong, P, Finotello, F, Angelova, M, Mayer, C, Efremova, M, Rieder, D, et al. Pan-Cancer Immunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of Response to Checkpoint Blockade. Cell Rep (2017) 18:248–62. doi: 10.1016/j.celrep.2016.12.019

46. Shacter, E, and Weitzman, SA. Chronic Inflammation and Cancer. Oncol (Williston Park) (2002) 16:217–226, 229; discussion 230-212. doi: 10.1159/000218263

47. Guthrie, GJ, Charles, KA, Roxburgh, CS, Horgan, PG, Mcmillan, DC, and Clarke, SJ. The Systemic Inflammation-Based Neutrophil-Lymphocyte Ratio: Experience in Patients With Cancer. Crit Rev Oncol Hematol (2013) 88:218–30. doi: 10.1016/j.critrevonc.2013.03.010

48. Crusz, SM, and Balkwill, FR. Inflammation and Cancer: Advances and New Agents. Nat Rev Clin Oncol (2015) 12:584–96. doi: 10.1038/nrclinonc.2015.105

49. Royal, RE, Levy, C, Turner, K, Mathur, A, Hughes, M, Kammula, US, et al. Phase 2 Trial of Single Agent Ipilimumab (Anti-CTLA-4) for Locally Advanced or Metastatic Pancreatic Adenocarcinoma. J Immunother (2010) 33:828–33. doi: 10.1097/CJI.0b013e3181eec14c

50. Brahmer, JR, Tykodi, SS, Chow, LQ, Hwu, WJ, Topalian, SL, Hwu, P, et al. Safety and Activity of Anti-PD-L1 Antibody in Patients With Advanced Cancer. N Engl J Med (2012) 366:2455–65. doi: 10.1056/NEJMoa1200694

51. Larkin, J, Hodi, FS, and Wolchok, JD. Combined Nivolumab and Ipilimumab or Monotherapy in Untreated Melanoma. N Engl J Med (2015) 373:1270–1. doi: 10.1056/NEJMc1509660

52. Reck, M, Rodriguez-Abreu, D, Robinson, AG, Hui, R, Csoszi, T, Fulop, A, et al. Pembrolizumab Versus Chemotherapy for PD-L1-Positive Non-Small-Cell Lung Cancer. N Engl J Med (2016) 375:1823–33. doi: 10.1056/NEJMoa1606774

53. Jang, JE, Hajdu, CH, Liot, C, Miller, G, Dustin, ML, and Bar-Sagi, D. Crosstalk Between Regulatory T Cells and Tumor-Associated Dendritic Cells Negates Anti-Tumor Immunity in Pancreatic Cancer. Cell Rep (2017) 20:558–71. doi: 10.1016/j.celrep.2017.06.062

54. Pergamo, M, and Miller, G. Myeloid-Derived Suppressor Cells and Their Role in Pancreatic Cancer. Cancer Gene Ther (2017) 24:100–5. doi: 10.1038/cgt.2016.65

55. Sun, L, Wu, J, Du, F, Chen, X, and Chen, ZJ. Cyclic GMP-AMP Synthase is a Cytosolic DNA Sensor That Activates the Type I Interferon Pathway. Science (2013) 339:786–91. doi: 10.1126/science.1232458

56. Wu, J, Sun, L, Chen, X, Du, F, Shi, H, Chen, C, et al. Cyclic GMP-AMP is an Endogenous Second Messenger in Innate Immune Signaling by Cytosolic DNA. Science (2013) 339:826–30. doi: 10.1126/science.1229963

57. Piehler, J, Thomas, C, Garcia, KC, and Schreiber, G. Structural and Dynamic Determinants of Type I Interferon Receptor Assembly and Their Functional Interpretation. Immunol Rev (2012) 250:317–34. doi: 10.1111/imr.12001

58. Giovarelli, M, Cofano, F, Vecchi, A, Forni, M, Landolfo, S, and Forni, G. Interferon-Activated Tumor Inhibition In Vivo. Small Amounts of Interferon-Gamma Inhibit Tumor Growth by Eliciting Host Systemic Immunoreactivity. Int J Cancer (1986) 37:141–8. doi: 10.1002/ijc.2910370122

59. Kaplan, DH, Shankaran, V, Dighe, AS, Stockert, E, Aguet, M, Old, LJ, et al. Demonstration of an Interferon Gamma-Dependent Tumor Surveillance System in Immunocompetent Mice. Proc Natl Acad Sci U.S.A. (1998) 95:7556–61. doi: 10.1073/pnas.95.13.7556

60. Wang, ZL, Wang, Z, Li, GZ, Wang, QW, Bao, ZS, Zhang, CB, et al. Immune Cytolytic Activity Is Associated With Genetic and Clinical Properties of Glioma. Front Immunol (2019) 10:1756. doi: 10.3389/fimmu.2019.01756

61. Takahashi, H, Kawaguchi, T, Yan, L, Peng, X, Qi, Q, Morris, LGT, et al. Immune Cytolytic Activity for Comprehensive Understanding of Immune Landscape in Hepatocellular Carcinoma. Cancers (Basel) (2020) 12:1–15. doi: 10.3390/cancers12051221

62. Hu, Q, Nonaka, K, Wakiyama, H, Miyashita, Y, Fujimoto, Y, Jogo, T, et al. Cytolytic Activity Score as a Biomarker for Antitumor Immunity and Clinical Outcome in Patients With Gastric Cancer. Cancer Med (2021) 10:3129–38. doi: 10.1002/cam4.3828

63. Bai, F, Jin, Y, Zhang, P, Chen, H, Fu, Y, Zhang, M, et al. Bioinformatic Profiling of Prognosis-Related Genes in the Breast Cancer Immune Microenvironment. Aging (Albany NY) (2019) 11:9328–47. doi: 10.18632/aging.102373

64. Ma, J, Zhang, JK, Yang, D, and Ma, XX. Identification of Novel Prognosis-Related Genes in the Endometrial Cancer Immune Microenvironment. Aging (Albany NY) (2020) 12:22152–73. doi: 10.18632/aging.104083

65. Netanely, D, Leibou, S, Parikh, R, Stern, N, Vaknine, H, Brenner, R, et al. Classification of Node-Positive Melanomas Into Prognostic Subgroups Using Keratin, Immune, and Melanogenesis Expression Patterns. Oncogene (2021) 40:1792–805. doi: 10.1038/s41388-021-01665-0

66. Triulzi, T, Regondi, V, De Cecco, L, Cappelletti, MR, Di Modica, M, Paolini, B, et al. Early Immune Modulation by Single-Agent Trastuzumab as a Marker of Trastuzumab Benefit. Br J Cancer (2018) 119:1487–94. doi: 10.1038/s41416-018-0318-0

67. Rody, A, Holtrich, U, Pusztai, L, Liedtke, C, Gaetje, R, Ruckhaeberle, E, et al. T-Cell Metagene Predicts a Favorable Prognosis in Estrogen Receptor-Negative and HER2-Positive Breast Cancers. Breast Cancer Res (2009) 11:R15. doi: 10.1186/bcr2234

68. Winograd, R, Byrne, KT, Evans, RA, Odorizzi, PM, Meyer, AR, Bajor, DL, et al. Induction of T-Cell Immunity Overcomes Complete Resistance to PD-1 and CTLA-4 Blockade and Improves Survival in Pancreatic Carcinoma. Cancer Immunol Res (2015) 3:399–411. doi: 10.1158/2326-6066.CIR-14-0215

69. Li, J, Byrne, KT, Yan, F, Yamazoe, T, Chen, Z, Baslan, T, et al. Tumor Cell-Intrinsic Factors Underlie Heterogeneity of Immune Cell Infiltration and Response to Immunotherapy. Immunity (2018) 49:178–193 e177. doi: 10.1016/j.immuni.2018.06.006

70. Morrison, AH, Byrne, KT, and Vonderheide, RH. Immunotherapy and Prevention of Pancreatic Cancer. Trends Cancer (2018) 4:418–28. doi: 10.1016/j.trecan.2018.04.001

71. Smirnov, A, Cappello, A, Lena, AM, Anemona, L, Mauriello, A, Di Daniele, N, et al. ZNF185 is a P53 Target Gene Following DNA Damage. Aging (Albany NY) (2018) 10:3308–26. doi: 10.18632/aging.101639

72. Fang, Y, Han, X, Li, J, Kuang, T, and Lou, W. HEATR1 Deficiency Promotes Chemoresistance via Upregulating ZNF185 and Downregulating SMAD4 in Pancreatic Cancer. J Oncol (2020), 2020:3181596. doi: 10.1155/2020/3181596

73. Petersen, GM. Familial Pancreatic Adenocarcinoma. Hematol Oncol Clin North Am (2015) 29:641–53. doi: 10.1016/j.hoc.2015.04.007

74. Makohon-Moore, A, and Iacobuzio-Donahue, CA. Pancreatic Cancer Biology and Genetics From an Evolutionary Perspective. Nat Rev Cancer (2016) 16:553–65. doi: 10.1038/nrc.2016.66

75. Aragaki, M, Takahashi, K, Akiyama, H, Tsuchiya, E, Kondo, S, Nakamura, Y, et al. Characterization of a Cleavage Stimulation Factor, 3’ Pre-RNA, Subunit 2, 64 kDa (CSTF2) as a Therapeutic Target for Lung Cancer. Clin Cancer Res (2011) 17:5889–900. doi: 10.1158/1078-0432.CCR-11-0240

76. Xia, Z, Donehower, LA, Cooper, TA, Neilson, JR, Wheeler, DA, Wagner, EJ, et al. Dynamic Analyses of Alternative Polyadenylation From RNA-Seq Reveal a 3’-UTR Landscape Across Seven Tumour Types. Nat Commun (2014) 5:5274. doi: 10.1038/ncomms6274

77. Zhang, S, Zhang, X, Lei, W, Liang, J, Xu, Y, Liu, H, et al. Genome-Wide Profiling Reveals Alternative Polyadenylation of mRNA in Human non-Small Cell Lung Cancer. J Transl Med (2019) 17:257. doi: 10.1186/s12967-019-1986-0




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Chen, Chen, Wang, Xu, Huang, Haglund and Su. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-12-719105-g008.jpg
& Human pancreatic carcinoma cell
[ Human pancreatic ductal cell

e
| l |

CSTF2 FANCG ZNF185 TPX2

25

si-Control
si-ZNF185
si-CSTF2
si-FANCG

Relative gene expression
1.0 15 20
LR B B

0.5
Relative cell viability

0.0

Oh 24h 48h 72h

si-Control si-Control si-Control

1.5 15 1.5

1.0 1.0

0.5 0.5 . 0.5 il

Relative cell number

Relative cell number
Relative cell number

0.0






OEBPS/Images/fimmu.2021.719105_cover.jpg
’ frontiers

in Immunology

Immunological Classification of
Pancreatic Carcinomas to Identify
Immune Index and Provide a Strategy
for Patient Stratification





OEBPS/Images/fimmu-12-719105-g001.jpg
Individuals - PCA

Dim2 (24.6%)

0
Dim1 (32.2%)

Groups | # | GSE28735[ A | GsEs7405(m

Individuals - PCA

Dim2 (13%)

5

=i

0
Dim1 (33%)

ICGC.Protective

GSE62452] | GSEB5916 Groups [ #] GSE28735[A | GsES7495( M| GsEG2452] | | GSEBS916

SW480_cancer_cells_Bindea_et_al

MDSC_Peng_et_al

TIP_Release_of_cancer_cell_antigens

E

TIP_Infiltration_of_immune_cells_into_tumors_2 0.0,

consensus CDF G

1.0.

0.2

GEO.Risk

GEO.Protective

consensus matrix k=3

CGA Protective

aist
mis2
o183

S 3 ¢ 4 9
Mismatch_Repair [Ly— ° cgmensSs |ndex° -
o LN F ¢ Detta area
DNA_replication e o H o\
H i—z ws o
Cell_cycle E N4 8°
Homologous_recombination § b
5
TMEscore_CIR 3
8
I s
TFH_Bindea_et_al =
)
ge
T_cells_Bindea_et_al 2c
5
o
Co_stimulation_T_cell_Rooney_et_al ) Q\kc\L o)
S5
2" 2 6 B 10
k
H ICGC 1 TCGA J GEO
100{ Groups 1.004 Groups 100{
- groups=ISt == groups=ISt
- groups=IS2 k- groups=iS2
- groups=IS3 <~ groups=Is3
0754 07 075
3 3 3
2 2 8
g os] ----L-- [ g osof
g K K
H 2 2
5 5 5
@ @ @

0.254 0.2¢ 0.25{

0.001 p <0.0001 0,004 p =0.0052 0.00{ p =0.0037
groups=IS1 65 1 1 0 0 | groups=IS14 63 1 3 0 0 | groups=IS14 94 8 4 1 1
groups=1S2 103 29 3 1 0 | groups=IS24 42 8 2 0 0 91 23 4 2 [}
groups=IS31 69 20 3 0 0 | groups=IS34 72 17 6 2 0 65 10 0 0 0

] H i ] : [ H 3 [ 5 3 3 [ s 2
Time(vear) Time(vear) Timelvesr)





OEBPS/Images/fimmu-12-719105-g003.jpg
A

Group ns 16000
—
s
B 12| 8000
=T .. B
6000
@ ° £12000.
8 S g
] 000 &
i ¥ <
§ 2 =
L4000 £ A £
& £ ; =
@ £ @
1 8000:
4000
2000
4000
2000
181 182 183

E

Estimated IC50

Kruskal-Wallis test p=3.1e-14

B  Kruskal-Waliis test p=1.7e-24

C Kruskal-Wallis test p=1.1e-21

183

181 182 183

Group BB IS1 B8 1S2 B 1S3

CTLA4-NRCTLA4-R PD1-NR PD1-R

091209 | 065634 065634 055644 IS1_p

. 099700 099201 IS2_p
020579 083117 | 028574 ’ 1S3_p
100000 100000 100000 100000 IS1_b
025175 075524 100000 100000 IS2_b
1.00000 1.00000

p-value

W Bonferroni p-value

Normal p-value

Kruskal-Wallis test p=1.4e-05 F  Kruskal-Wallis test p=9.6e-15 G Kruskal-Wallis test p=1.7e-24 H  Kruskal-Waliis test p=3.9e-11
— [ —
N 35. 30 e
— — 1
- asl
-14 - . N
2 8.5 3 71\
Q Q Q
B 2 2 B 400
i £ £ £
@ @ 3
i) A & i
. 20
-3 20 / 375
i 15
T 1 . 15 5 . . 3.50 , -
181 182 153 1$1 152 153 181 182 183 181 152 183
Gemcitabine

Cisplatin

Erlotinib

5.-FU





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Immunological Classification of Pancreatic Carcinomas to Identify Immune Index and Provide a Strategy for Patient Stratification

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Material and Methods

        

          		

            Data Source

          



          		

            Clustering Analysis

          



          		

            Immunoprofiling

          



          		

            LDA and Construction of the Immune Index

          



          		

            Weighted Correlation Network Analysis

          



          		

            Prognostic and Functional Enrichment Analysis

          



          		

            Cell Culture

          



          		

            RNA Extraction and Real-Time PCR Analysis

          



          		

            Small Interfering RNA and Transfection

          



          		

            Cell Viability Assay

          



          		

            Cell Invasion Assay

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            Identification of Immune Subtypes in PDAC Based on Immune Gene Signatures

          



          		

            The Differences in the Innate and Adaptive Immune Signatures Among the Three ISs

          



          		

            Difference in Immune Profiles Among the Three ISs

          



          		

            Construction of the Immune Index and Its Related Immune Characteristics

          



          		

            Identification of the Co-Expression Gene Module of the Immune Index

          



        



        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-12-719105-g006.jpg
A . Scale independence B Mean connectivity C
o = 567”]0 121416182022 ,, .0 30 s | 1 .
% © * 2 300
2 3
g’ B
£, R =
3 S g 84 8
g g ¢ 2
= £ § 200
> g
B o 2 38 5
8 o 28 € 5
a 9
3 o | 2 =
v < 1000
g 3
g -1 o - 45678910 12 14 16 18 20 22 24 26 28 30
T T T T T T T T T T ) L
o 5 10 15 20 25 30 0 5 10 15 20 25 30 I I 1 - . 1
Soft Threshold (power) Soft Threshold (power) 0 il x 1 " ! '
F @ S S & @ ¢ d £ S TS O &
RO & & & & & & & N &
D Module-trait relationships PO
011 009 004 0.043 024 026 0.058 0.16 i igni
darkgreen (0.09) (0:2) (0.5) (0.5) (3e-04) (56-05) (0.4) (0.01) . E Module membe:soh;pgvs._g1e;1e_ssign|ﬁcance
Bliié -0.015 -0.047 -0.035 013 024 0035 -0.27 -0.28 cor=0./3, pF1.1e
u ©.8) (0.5) (0.6) (0.05) (08) (3e-05) (26-05) b7
fan 0.051 01 -0.0055 029 -0.14 = & o
(04) (©.1) (0.9) (6e-06) (0.03) L o 7
; -0.037 0.041 -0.061 -0.08 0053 -0.016 -0.095 @
turquoise (06) (0.5) (0.3) 02) (0.4) (0.8) (0.1) 2 -
— -0.081 -0.065 -0.051 -0.12 0038 022 0.19 ]
24 ©.2) (0.3) (0.4) (0.06) (086) (8e-04) (0.004) 05 & o |
0.001 0.021 -0.12 -027 0.15 026 024 g ©
grey60 (02) (0.7) 0.07) (3e-05) (0.02) (56-05) (2e-04) 2
-0.037 -0.026 0.095 0.046 -0.21 o b
greenyellow (0.6) 0.7) 0.1) (0.5) (0.001) nc>
. -0.012 -0.022 0.027 -0.16 -0.15 o =
lightcyan (0.9) (0.7) (0.7) (0.01) (0.02) o 0'2 0' 4 OIG 0‘8
daitred -0.0064 -0.098 0.0073 00033 0.15 022 024 0 ' ! b :
0.9) (0.1) (0.9) (1) (0.02) (8e-04) (2e-04) Module Membership in tan module
) -0.069 -0.12 0014 0.04 0.063 0.18 0.18
lightyellow . o
Ry il R s Lid L Rl F Module membership vs. gene significance
pink (0.5) (0.04) (0.2) (0.2) (7e-04) (0.5) (0.01) (0.002) © cor=0.76, p<1e-200
i -0.1 -0.14 -0.014 0.1 0079 0078 -0.16 -0.19 o 3 5
lightgreen (0.1) (0.03) (0.8) (0.1) (02) (0.2) (0.01) (0.003) o e
— 0.055 0.1 003 -0.052 -0.11 -0.068 0.18 017 -05 & b
Wi (0.4) (©0.1) (0.6) (0.4) (0.09) 03) (0.005) (©.01) &
ol -0.072 0.047 -0.0068 -0.07 -0.13 -0.016 0.14 0,093 § S 7
royaipile 03) (05) (0.9) 03) (0.05) 08) (0.03) 0.2) 3 i
; -0.032 0015 -0.099 -0.091 -0.14 012 0.0098 0.014 =
darkturquoise 06) (08) (0.1) (0.2) (0.03) (0.08) (©.9) 08) ?,, N
black 0.081 0.13 -0.037 -0.29 -0.044 0.18 -0.15 -0.18 @ S
©2) (0.05) (06) (5e-06) (©5) (0.005) (0.02) (0.007) - © _
-0.012 0.047 -0.086 -0.12 0.069 0.11 -0.18 -022 S
darkgrey . (0.9) (0.5) (0.3) (0.06) (0.3) (0.1) (0.005) (6e-04) 8 g _ X
T T T T T
& & o & & & & & 00 02 04 06 08
& @ @ & Module Membership in lightcyan module
W
G
9 * P o o e * * * **
5
&
Q
<3
o
c ) c [} c o = c o 2z x c c ) ® ™ >
@ S S 7} S IS 3 = 3 k] S 9
g 3 ® 3 5§ 3 g £ 3 s 8 8 2 g - 5
2 g 5 £ £ 5 2 2 4 g g H]
8 2 3 2 © '53 -5’ e 2 °
° o = = x
o I+
©
correlation -log10(p value)

-033 -0081 016 041 065038 81 168 923 31





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-12-719105-g007.jpg
C

Module p.value Hazard Ratio(95% Cl) b
darkgreen 0.684 1.04(0.87,1.23)
blue 0.229 1.1(0.94,1.29)
tan ——a——— 0.000 1.4(1.19,1.65)
cyan 0.579 0.95(0.8,1.13)
grey60 0.049 0.84(0.72,1) .
greenyellow 0.712 0.97(0.83,1.13)
lightcyan ~ +———————— 0.002 0.76(0.64,0.9)
darkred 0.122 0.87(0.72,1.04) s
lightyellow 0.326 1.09(0.92,1.28)
pink 0.315 1.09(0.92,1.29)
lightgreen 0.364 1.08(0.92,1.27)
brown 0.062 0.85(0.72,1.01)
darkgre 0.860 0.98(0.82,1.17) e T 5
HR .65 5
Top10 Biological Process Top10 KEGG pathway
Positive regulation of lymphocyte activationd = ~log10(FDR) Malaria < « B,
Positive regulation of cell activation 0 Intestinal immune network for IgA production { = ® 20
Regulation of T cell activation 0 2 Leukocyte transendothelial migration . e 2
® 40
Leukocyte cell-cell adhesion: ° 10 T cell receptor signaling pathway . P
Lymphocyte differentiation . 8 Platelet activation °
Positive regulation of cell adhesion ° _ c;{gi“ﬂ”g’zf{;”é;‘smz”?;:g& > ~log10(FDR)
size
Regulation of lymphocyte activation- ° o Hematopoietic cell lineage . 6
.
Leukocyte migration ) o 60 Cell adhesion molecules (CAMs) ° s
4
T cell activation ° e 70 Chemokine signaling pathway ° N
80
Regulation of leukocyte activation: ® o Cytokine-cytokine receptor interaction ®
004 005 006 007 002 004 006 008
Enrichment Ratio Enrichment Ratio
CSTF2 FANCG
2 — H(N=119) 2 4 — HN=119)
[— L(N=118) — L(N=118)
o | £
=] o 7
2
g
£ o | ©
i 1°7
g 8
a a
R g < |
s o s o
3 3
o~ o
o o 7
& p=0.009 o | p=0036
S =
T T T T T T T T T T T
0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
Survival time in day Survival time in day
TPX2 ZNF185
2 4 — HN=119) 2 — HN=119)
[— LN=118) — L(N=118)
o | < |
= =
2
g
R © |
= =
Lo g
g < | 3 <
2 © € o
3 3
~ o
15 9
& p=1e-05 p=0.006
= @ o
T T T T T T T T T T T T
o 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500

Survival time in day

Survival time in day





OEBPS/Images/fimmu-12-719105-g004.jpg
Loz

(o] D
Group Kruskal-Wallis test p=2.2e-33 Kruskal-Wallis test p=4e-24 Kruskal-Wallis test p=1.2e-22
° : . oISt ,% Group ,%Gmup — s Group
i P oo B st o B st
5 L. - . I3 T @2 10 -
R i g wes® ,%—ISG — BS 1s3 o,
N .
o Qs 2
0 <} g S 54
. 3 3 3
& 8 8
pea | po | wad
o]
0 o{
-2
5
.. %
-5
B 3 0 3 1$1 182 183 181 182 183 181 182 183
£0] cGC TCGA GEO
E F G
2 | /| e @ Gl
@ | @ | @ |
s S s

o o~ o~
= o 7 =

MutiClass AUC=0.89 MutiClass AUC=0.84| MutiClass AUC=0.78

@ 1S1-vs-IS2 @ 1S1-vs-I1S2 @ 1S1-vs-IS2

o / @ 1S1-vs-IS3 ° @ 1S1-vs-IS3 o |/ © 1S1-vs-IS3

P=1 ‘// @ 1S2-vs-IS3 =3 */ @ 1S2-vs-IS3 P=1 7, 7~ @ 1S2-vs-IS3
1.0 08 06 04 0.2 0.0 1.0 08 06 04 02 0.0 1.0 08 06 0.4 02 0.0

Specificity Specificity Specificity






OEBPS/Images/logo.jpg
’ frontiers
in Immunology





OEBPS/Images/fimmu-12-719105-g002.jpg
IFN-y Score
N N
o (9]

-
(&)

Gene Expression

Kruskal-Wallis test p=3.4e-06

181 1S2 1S3

a pgEeemaaea & aramarsas ¢

Group B [S188 IS2 B IS3

Kruskal-Wallis test p=2.6e-13

1S2 IS3

Group E3 IS1E31S2 E3 1S3

ns10.0 ns ns ns ns ns ns

Gene Expression

3

hﬁ.

L |

l“l‘
!_'..., y ..,'.
i "H'LM !l.ln-“f'

1 B 1
| | |
| IH.E ! 1 1 i
I I

TNFRSFZS 2
D: 0

I PDCD1LG2
LAG3

—=PE D
Q

01 >

TNFRSF18

BTNL2

D244

TNFSF18

ICOSLG

LGALS9

L |vSIR
TNFRSF14

1 |cDa4

| TNFSF9
D70

I IcozooR1

© | |TmieD2

KIR3DL1

TNFSF4

-—E
FEEN]

CD80
Ic027s
INRP1

VTCN1
| HHLA2






OEBPS/Images/fimmu-12-719105-g005.jpg
[E—
I IIIl Tmnm

I\II

|
] (18

H [T 1
i T I

kl‘l‘;‘ \II I‘ ‘:K 1t

W
i “A”‘

fa
' "

.
| il =)

LDA score

ADORA2A

-5

BTLA
BTNL2
CD160
CD200

CD27
CD274
CD276

CD200R1
CD244

P =1.51e-38, Ppuarson = 0.72

15 18 21 24
CTLA4 Expression

Kruskal-Wallis test p=0.015
ns

PD PRCR sD

anti-CTLA4 treatment

9IIREE8IFIEQ S8 & 3
238888353 8Sa a2s =
SO0O0O0CO0OKESIQY 233 2
a ozIT § 4 a
o T e 4 9
correlation -log10(p value) O
-062 -038 -014 01 0340 93 19 28 37
D P =4.75-19, Pogarson = 054 E

G

Group
B3P0
B8 PRCR
B so

LDA score

°

-5

I
]
o
3
=)
-
15 20 25 30
PDCD1 Expression
Kruskal-Wallis test p=0.015 H

FD PRCR sD

anti-PD1 treatment

TNFRSF14
TNFRSF18
TNFRSF25

P = 0.530, frosmon = 0.04

VTCN1

150 175
CD274 Expression

Kruskal-Wallis test p=0.016

200

FD PRCR sD

anti-PD-L1 treatment

Group
B3P0
B3 PRCR
B so





