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Background

Immune checkpoint inhibition holds promise as a novel treatment for pancreatic ductal adenocarcinoma (PDAC). The clinical significance of soluble immune checkpoint (ICK) related proteins have not yet fully explored in PDAC.





Methods

We comprehensively profiled 14 soluble ICK-related proteins in plasma in 70 PDAC patients and 70 matched healthy controls. Epidemiological data of all subjects were obtained through structured interviews, and patients’ clinical data were retrieved from electronical health records. We evaluated the associations between the biomarkers with the risk of PDAC using unconditional multivariate logistic regression. Consensus clustering (k-means algorithm) with significant biomarkers was performed to identify immune subtypes in PDAC patients. Prediction models for overall survival (OS) in PDAC patients were developed using multivariate Cox proportional hazards regression. Harrell’s concordance index (C-index), time-dependent receiver operating characteristic (ROC) curve and calibration curve were utilized to evaluate performance of prediction models. Gene expressions of the identified ICK-related proteins in tumors from TCGA were analyzed to provide insight into underlying mechanisms.





Results

Soluble BTLA, CD28, CD137, GITR and LAG-3 were significantly upregulated in PDAC patients (all q < 0.05), and elevation of each of them was correlated with PDAC increased risk (all p < 0.05). PDAC patients were classified into soluble immune-high and soluble immune-low subtypes, using these 5 biomarkers. Patients in soluble immune-high subtype had significantly poorer OS than those in soluble immune-low subtype (log-rank p = 9.7E-03). The model with clinical variables and soluble immune subtypes had excellent predictive power (C-index = 0.809) for the OS of PDAC patients. Furthermore, the immune subtypes identified with corresponding genes’ expression in PDAC tumor samples in TCGA showed an opposite correlation with OS to that of immune subtypes based on blood soluble ICK-related proteins (log-rank p =0.02). The immune-high subtype tumors displayed higher cytolytic activity (CYT) score than immune-low subtype tumors (p < 2E-16).





Conclusion

Five soluble ICK-related proteins were identified to be significantly associated with the risk and prognosis of PDAC. Patients who were classified as soluble immune-low subtype based on these biomarkers had better overall survival than those of the soluble immune-high subtype.
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1 Introduction

Pancreatic ductal adenocarcinoma (PDAC) remains one of the most lethal malignancies worldwide and ranks as the third leading cause of cancer death in the US (1, 2). The 5-year survival rate for PDAC remains low (less than 10%) over the past 4 decades, and it decreases to less than 1% in advanced patients (2, 3). Treatment for PDAC is currently limited to surgery and chemotherapy while efficacious strategies are desperately needed to improve the dismal prognosis of PDAC patients.

Molecular subtyping of PDAC is still in its infancy largely because there has been no clinically relevant molecular subtype that alternates treatment decision (4), unlike other solid tumors such as non-small cell lung cancer (5). KRAS, TP53 and CDKN2A mutations, loss of SMAD4 expression and BRCA1/2 mutations were reported in PDAC patients (6). A transcriptomic subtyping was thus established by Bailey et al. (7), where PDAC patients were classified into four subtypes: squamous, pancreatic progenitor, immunogenic and ADEX (aberrantly differentiated endocrine exocrine). However, limited evidence of treatment responses based on these subtypes were reported in PDAC, especially for immunotherapy.

Immunotherapy in PDAC remains challenging due to multiple immune resistance mechanisms (8). Tumor-cell-intrinsic KRAS mutations could orchestrate a network of immune suppression in tumor microenvironment (TME) (9). Immune checkpoint blockade has been limited in the treatment of naïve PDAC patients due to factors such as the lack of activated T effector and TCR (T Cell Receptor) clonality (10), low MHC-I (Major Histocompatibility Complex-I) expression (11), low to moderate mutational burden limiting antigenic targets (12), and TME mediated suppression of T cell priming and function. Therefore, only small fraction (<1%) of PDAC patients responded to anti-PD1 for hypermutated MSI-H (Microsatellite Instability- High) tumors, let alone anti-CTLA4 or anti-PD-L1 therapies (13). Identifying the mechanisms of immune suppression and how to sensitize PDAC to immune checkpoint inhibitors are two major challenges of the immunotherapy in PDAC.

Soluble forms of membrane-bound receptors/ligands are generated by cleavage of membrane proteins or by alternative splicing from tumor cells/immune cells in TME or circulation (14). Soluble immune checkpoint proteins have been identified to be associated with advanced stage, survival and treatment response in multiple types of cancer (14). Soluble PD-1 and PD-L1 (sPD1 and sPD-L1) were identified as biomarkers of systemic inflammation in 41 advanced PDAC patients (15). Another study reported that soluble PD-1, PD-L1, BTLA, BTN3A1, and pan-BTN3As levels in plasma could predict survival in 59 PDAC patients, suggesting that these soluble immune checkpoint (ICK)-related proteins could be involved in anti-tumor immunity in PDAC (16). Studies also indicated that soluble ICK-related proteins might alter anti-tumor immunity by combining with corresponding immune checkpoint receptors/ligands, thereby influencing the outcomes of patients (14, 17). Nevertheless, the value of soluble ICK-related proteins in the diagnosis, prognosis and treatment of PDAC remains obscure. In present study, we implemented a two-stage study to systematically investigate the role of soluble ICK-related proteins in the prediction of cancer risk and overall survival in the patients of PDAC.




2 Materials and methods



2.1 Study design and participants

This study was approved by the Institutional Review Board of The Second Affiliated Hospital, Zhejiang University (SAHZU). At enrollment, a written informed consent was signed by all the participant and corresponding blood samples and clinical data were collected.

A schematic design of this study is illustrated in Figure S1. First, we systemically profiled the plasma levels of soluble ICK-related proteins in 70 PDAC patients and 70 matched healthy controls from SAHZU. The taxonomy of PDAC based on soluble ICK-related proteins was established. Second, we performed in silico functional validation of our taxonomy by exploring the transcriptomic levels of corresponding ICK genes in The Cancer Genome Atlas Pancreatic Adenocarcinoma (TCGA-PAAD) dataset.

PDAC patients were consecutively recruited from an ongoing pancreatic cancer cohort at SAHZU initiated in August, 2020. Patients who met the following criteria were included: 1. Pathologically (biopsy or fine-needle aspiration cytology) confirmed PDAC; 2. Informed consent or waiver of consent provided by each patient; 3. Follow-up information available. The exclusion criteria were as follows: 1. Patients had any prior treatment at the time of enrollment; 2. Non-PDAC or multiple cancer; 3. Failure to provide informed consent. Healthy controls without cancer diagnosis were recruited from an ongoing cohort on health individuals at SAHZU. To reduce the confounding effect, PDAC patients and healthy controls were matched with age (± 5 years) and sex using the propensity matching method (PSM) at the ratio of 1.

In addition, gene expression and phenotype data of PDAC tumor samples were retrieved from TCGA-PAAD cohort at GDC Data Portal (https://portal.gdc.cancer.gov/) (accessed July 6, 2022).




2.2 Baseline data collection

Epidemiological data were collected by SAHZU interviewers through face-to-face interview. Information on weight at 3 years before diagnosis (for patients) or enrollment (for controls), height, history of diabetes (yes/no), smoking status was recorded. Body Mass Index (BMI) was calculated by dividing weight by height squared (kg/m2), and it was categorized according to the WHO guideline: underweight and normal weight (< 25 kg/m2), overweight (≥ 25 kg/m2 but <30 kg/m2) or obese(≥30 kg/m2). A smoker was defined as an individual who had smoked at least 100 cigarettes in his or her lifetime; otherwise defined as a non-smoker. The clinical, pathological, and laboratory test data were retrieved from electronic medical records at SAHZU. Serum CA 19-9 levels at diagnosis (for patients) or at health checkups (for controls) were obtained. PDAC patients were staged by physicians in charge and pathologists according to the NCCN Guidelines for Pancreatic Adenocarcinoma (version 1.2022).




2.3 Sample collection and assessment of soluble ICK-related proteins

After the interview, 20 ml of venous blood from each participant was collected in EDTA (Ethylenediaminetetraacetic acid) tubes by phlebotomists and transported through cold chain to the laboratory in SAHZU. After centrifugation, plasma was aliquoted and stored under -80°C freezer until use. The plasma levels of 14 soluble ICK-related proteins (BTLA, LAG-3, GITR, IDO, PD-L2, PD-L1, PD-1, HVEM, TIM-3, CD28, CD27, CD80, CD137 and CTLA-4) were measured using multiplex assay kits (Thermo Fisher, USA) in a Luminex FLEXMAP 3D® instrument (Luminex Corp, USA). Laboratory personnel were blinded to the case-control status of the samples. The manufacture’s protocol was followed for the assay procedure, which was described in our previous study (18). The lower limit of quantification (LLOQ) of each analyte was listed in Table S1.




2.4 Patient follow-up and outcomes

PDAC patients were regularly reviewed for vital status and disease progression every three months for the first two years, and twice a year thereafter. Death was confirmed on a death certificate from an attended hospital. Disease progression was measured by RECIST1.1 (Response Evaluation Criteria in Solid Tumours 1.1). Overall survival (OS) was defined as duration from the date of diagnosis to death of any cause or last follow-up. Progression-free survival (PFS) was defined as the duration from the date of diagnosis until disease progression or death, whichever occurred first. The loss to follow-up patients were censored. All patients were followed up for survival status until December, 2022.




2.5 Statistical analysis

Categorical variables were described as frequency and percentage [n (%)]. Continuous variables were described as mean (standard deviation, SD) or median [25th and 75th percentiles (Q1-Q3)]. Categorical variables were compared by Pearson’s χ2-test, and Wilcoxon rank-sum test or Student’s t-test was used to compare continuous variables. Unconditional logistic regression was performed to estimate the associations between each biomarker and PDAC risk with adjustment for age, sex, BMI, smoking status and history of diabetes. All biomarkers were considered as continuous variables and log-transformed to reduce skewness. False discovery rate (FDR) adjustment was applied to p-values (reported as q-values) to decrease the probability of Type I errors (19).

Unsupervised consensus clustering was employed on PDAC samples (both blood and tumor samples) using R package ConsensusClusterPlus (version 1.62.0) (20). K-means algorithm was used with 1,000 iterations to ensure the classification stability. The optimum number of clusters (k) was determined based on the proportion of ambiguously clustered pairs (PAC) and cumulative distribution function (CDF). Principal component analysis (PCA) was performed to show the distribution difference between the clusters. To reduce bias, for the soluble immune checkpoint-related proteins included in this study, we treated them as continuous variates in the consensus clustering analysis. For the covariates in the multivariate models, we used commonly accepted cut-off points.

Kaplan-Meier curve with log-rank test were used for comparing survival differences. Multivariate Cox proportional hazards regression models were developed by adding variables of interest sequentially to evaluate the effect on the outcomes of PDAC. Model 1 included clinical variables (sex, age, BMI, smoking status, diabetes and stage), followed by adding CA19-9 in model 2, or adding immune subtypes in model 3. The treatment (including surgery, chemotherapy, radiation, etc.) for PDAC subjects was not included in multivariate Cox model for its correlation with tumor stage. For instance, patients with resectable disease usually received surgery or surgery plus chemotherapy, whereas patients with locally advanced disease usually received palliative chemotherapy (21). Furthermore, as a sensitivity analysis, we included treatment information in the multivariate Cox model, and the results remain consistent. Time-dependent ROC (receiver operator characteristic) curve and Harrell’s concordance index (C-index) and were used to evaluate the discrimination of models. The calibration of each model was evaluated by calibration curve with 1,000 bootstrap resampling. The overall performance of the models was assessed by Brier score at a given time-point and integrated Brier score (IBS) at all available times (22). The gene expression data was downloaded from TCGA datasets. Cytolytic activity (CYT) was evaluated as the geometric mean of GZMA and PRF1 expression according to a previous study (23).

We performed all statistical analysis in R (version 4.2.0). All statistical tests were two sided, and the significance level is 0.05.





3 Results



3.1 Participant characteristics

The baseline characteristics of all subjects, including 70 PDAC patients and 70 healthy controls was summarized in Table 1. All the participants of this study were Han Chinese. Over half of the participants were males. The mean ages of PDAC patients and healthy controls were 65.16 and 63.80 years, respectively. Over a third of participants were smokers with slightly more smokers in patients. Diabetes and serum CA19-9 were significantly different between PDAC patients and healthy controls (p < 0.001). Most patients were diagnosed at an advanced stage, in which more than half presented with metastatic disease. Serum CA19-9 levels were not elevated (below 37 U/mL) in 17 (24.29%) patients at diagnosis. Thirty-three (47.14%) patients died during the follow-up. The median follow-up time was 8.2 months (range: 0.3-28.1). Among all PDAC patients, 6 patients received radical surgery, 22 patients received radical surgery and chemotherapy, 28 patients received palliative chemotherapy, 9 patients received other treatment (palliative surgery, high-intensity focused ultrasound, ERCP (Endoscopic retrograde cholangiopancreatography) and PTCD (Percutaneous transhepatic bile duct drainage)), and 5 patients did not receive any treatment.


Table 1 | Host characteristics of all participants.






3.2 Associations between soluble ICK-related proteins and PDAC risk

The distributions of 14 soluble immune checkpoint-related proteins (median and Q1-Q3) were listed in Table 2. Soluble HVEM and PD-L1 were excluded from the subsequent analysis because most of the measurements were below the LLOQ.


Table 2 | Plasma levels of soluble immune checkpoint-related proteins in cases and controls.



We identified that sBTLA, sCD28, sCD137, sGITR, and sLAG-3 were significantly increased in PDAC patients as compared to those in healthy controls (Figure 1A, Table 2, all q < 0.05). Logistic regression adjusted for age, sex, BMI, smoking and diabetes indicated that these 5 biomarkers were significantly associated with PDAC risk (Figure 1B, Table S2, all q < 0.05). Among them, sCD28 was the most significantly associated biomarker with PDAC risk (Odds ratio (OR) = 2.11, 95% CI: 1.39-3.39).




Figure 1 | Associations between soluble immune checkpoint-related proteins and PDAC risk. sBTLA, sCD28, sCD137, sGITR, and sLAG-3 were significantly increased in PDAC patients compared to healthy controls. (A) Comparison of 12 soluble immune checkpoint-related proteins between PDAC patients (n=70) and healthy controls (n=70). (B) Forest plot of multivariable-adjusted ORs of the 5 biomarkers in unconditional logistic regression analysis. The vertical dash line indicates an OR of 1.0. The solid square with horizontal lines corresponding to the ORs and 95% CIs. PDAC, pancreatic ductal adenocarcinoma; OR, odds ratio; CI, confidence interval. ∗q <0.05; ∗∗q <0.01; ‘ns’ indicated not significant.






3.3 Association of soluble ICK-related proteins taxonomy and prognosis of PDAC

Unsupervised consensus clustering was performed in PDAC patients based on the levels of the 5 identified biomarkers (sBTLA, sCD28, sCD137, sGITR and sLAG-3). We found that when k = 2, the slope of the CDF curve was flat and relative area change was large (Figure 2A, Figure S2); PCA outputted k=2. Thus, we classify the PDAC patients into 2 clusters. There were 33 and 37 cases in cluster 1 and 2, respectively. PCA analysis showed obvious segregation between the two clusters (Figure 2B). The two clusters also had striking different profiles of the 5 biomarkers. Cluster 1 displayed a higher relative abundance of the biomarkers compared to cluster 2 (Figure 2C). Thus, we designated these two clusters as soluble immune-high (cluster 1) and soluble immune-low (cluster 2) subtype. The relationships between the immune subtype and clinicopathologic characteristics were investigated, but there were no significant differences other than vital status (Figure 2C, Table S3). We also compared the OS between the two soluble immune subtypes, and showed that the OS was remarkably shorter in soluble immune-high subtype than that of soluble immune-low subtype (log-rank p = 9.7E-03) (Figure 2D). Furthermore, the multivariate Cox regression model indicated that soluble immune subtype was an independent predictor of OS (Hazard ratio (HR) = 3.46, 95% CI: 1.47-8.12) (Figure 2E).




Figure 2 | Identification of soluble immune checkpoint-related proteins-based subtypes in PDAC. Soluble immune subtypes based on soluble immune checkpoint-related proteins were associated with outcomes of PDAC patients. (A) Consensus clustering matrix for k=2 based on the plasma levels of soluble immune checkpoint-related proteins by unsupervised consensus clustering method (k-means). (B) PCA showed obvious segregation between the two clusters. (C) Heatmap for the associations between the clusters and clinicopathological characteristics. Subtype, age, BMI, smoke, tumor location, N stage, M stage, stage and vital status were used as annotations. ∗p <0.05. (D) Kaplan-Meier curve showed that OS of the soluble immune-high subtype patients was significantly poorer than those in the soluble immune-low subtype. (E) Forest plot of multivariate Cox regression analysis. Covariates were age, sex, BMI, smoking, diabetes, stage and subtype. The vertical dash line indicates an HR of 1.0. The solid square with horizontal lines corresponding to the HRs and 95% CIs. PDAC, pancreatic ductal adenocarcinoma; PCA, principal component analysis; OS, overall survival; HR, hazards ratio; CI, confidence interval.






3.4 Predictive models for OS in PDAC

We developed three multivariate Cox proportional hazards regression models to predict the OS of PDAC patients (Table 3). In model 1 (clinical variables only), locally advanced and metastatic patients showed significantly poorer OS compared to resectable patients (HR = 5.12, 95% CI: 1.87-13.99; HR = 6.24, 95% CI: 2.37-16.42, respectively). In model 2 (clinical variables + CA19-9), CA19-9 elevation was not statistically associated with OS. In model 3 (model 1 + soluble immune subtypes), patients of soluble immune-low subtype showed significantly better OS compared to patients of soluble immune-high subtype (HR = 3.46, 95% CI: 1.47-8.12). As shown in Figure 3A and Table 4, model 3 demonstrated better discrimination than the other two models. The C-index of model 3 was the highest (0.809, 95% CI: 0.733-0.885), followed by model 2 (0.764, 95% CI: 0.686-0.842), and model 1 (0.763, 95% CI: 0.690-0.836). The area under the curve (AUC) of model 3 was also the highest among the three models, which was 0.822, 0.786 and 0.769 at 6, 12 and 18 months, respectively. The calibration curve of model 3 for the prediction of 6-, 12- and 18-month OS showed promising agreement between the predicted and actual results (Figure 3B). Brier score of model 3 was the lowest among the three models at 6, 12 and 18 months, and IBS was the same (Table 4). Collectively, these results indicated that model 3 outperformed the models without soluble immune subtype as covariate and thus could be a useful predictive model for OS in PDAC patients.


Table 3 | Multivariate Cox regression models in prediction of overall survival in PDAC patients.






Figure 3 | Performance evaluation for the predictive models. Multivariate Cox proportional hazards models were established to predict the overall survival of PDAC patients. (A) Time-dependent ROC curve of the three prognostic models at 6, 12 and 18 months. (B) Calibration curve of the three prognostic models at 6, 12 and 18 months. Bier score was used to quantify the prediction error. The gray line indicated the ideal reference line. ROC, receiver operating characteristic; AUC, area under curve.




Table 4 | Predictive evaluation metrics of different models.






3.5 Identification of distinct immune checkpoints subtypes in TCGA-PAAD cohort

Immune checkpoint genes’ expression in TCGA-PAAD cohort was employed to further validate and explore the immune subtypes in PDAC. The demographic and clinical information of PDAC samples were listed in Table S4. Based on the expression levels of BTLA, CD28, TNFRSF9 (gene coding for CD137), TNFRSF18 (gene coding for GITR) and LAG3, two different patterns were determined by unsupervised consensus clustering (Figure S3), including immune-low (cluster 1, n = 95) and immune-high (cluster 2, n = 51) subtypes (Figures 4A–C, Table S5). Interestingly, patients in the immune-low subtype demonstrated significantly poorer OS compared to the patients in the immune-high subtype (log-rank p = 0.02) (Figure 4D). Besides, we found that the CYT score was significantly higher in immune-high subtype than that in immune-low subtype (p < 2E-16) (Figure 4E).




Figure 4 | Identification of immune checkpoint genes expression subtypes in TCGA-PAAD cohort. Functional explorations of our immune subtypes applying transcriptomic data from TCGA PAAD dataset. (A) Consensus clustering matrix for k=2 based on the expression levels of immune checkpoint by unsupervised consensus clustering method (k-means). (B) PCA showed obvious segregation between the two clusters. (C) Heatmap for the associations between the clusters and clinicopathological characteristics. Subtype, age, sex, smoking, diabetes, stage, grade and vital status were used as annotations. ∗p <0.05. (D) Kaplan-Meier curve showed that OS of the immune-low subtype patients was significantly poorer than those in the immune-high subtype. (E) Comparison of CYT score between two subtypes. PDAC, pancreatic ductal adenocarcinoma; PCA, principal component analysis; OS, overall survival; CYT, cytolytic activity.







4 Discussion

We identified immune subtypes of PDAC based on soluble ICK-related proteins, established survival predictive models combining the biomarkers and clinical variables, and successfully applied in the PDAC patients. We found that soluble BTLA, CD28, CD137, GITR, and LAG-3 were significantly associated with PDAC risk, and these biomarkers could further classify PDAC patients into soluble immune-high and soluble immune-low subtypes. Our multivariate model including the soluble immune subtypes performed better than a similar model using CA19-9 in predicting overall survival of the PDAC patients. Functional analysis employing transcriptomic data from TCGA validated that the expression of the five ICK genes could also stratify the PDAC tumor samples into two clusters. The patients with high soluble immune checkpoint-related proteins levels (soluble immune-high) had significantly poorer OS than the patients with low levels (soluble immune-low). Interestingly, the association with OS in tumoral transcriptomic levels of corresponding genes was opposite from what was observed in the blood soluble protein levels, indicating the distinct roles of soluble ICK-related proteins versus tumoral ICK related proteins in the development of PDAC. Our findings illustrated the values of soluble ICK-related proteins in the risk and prognosis prediction of PDAC.

To our knowledge, soluble ICK-related proteins have not been jointly assessed for their combined contribution to PDAC patients’ survival. Our results defined two robust soluble immune subtypes based on 5 soluble ICK-related proteins, which could successfully predict survival of PDAC patients in the multivariate Cox regression model. The 5 biomarkers were all high in soluble immune-high subtype and were all low in soluble immune-low subtype, which suggested a common function in interfering anti-tumor immunity and regulation of these immune proteins in PDAC. In transcriptomic subtyping, the CYT score in the immune-low subtype was significantly lower compared with that in the immune-high subtype, indicating that tumors in the immune-low subtype lack CD8+ T cells or have CD8+ T cell anergy (23). Thus, the prognosis of the patient with immune-low subtype was poor. Interestingly, our cohort showed an opposite result where soluble immune-high subtype had poorer OS compared to soluble immune-low subtype. This discrepancy was also observed in solid tumor patients treated with anti-PD-1/PD-L1, where plasma sBTLA, sCD28, sGITR and sLAG-3 levels were significantly lower in the durable benefit group, but the corresponding genes expression levels were higher than the non-durable clinical benefit group (24). Furthermore, the upregulated genes expression group showed significantly increased fractions of CD8+ T cells (24). Soluble ICK-proteins could competitively interfere with the interactions of their corresponding receptors/ligands in the membrane of immune/tumor cells, which could subsequently alter the anti-tumor immunity and cancer outcomes (12, 15). Further studies focus on the blood, tumoral and immune cellular levels of immune checkpoint-related proteins in a same cohort is warranted to validate our findings and also to explore the potential mechanisms underlying the discrepancy.

CD28 is a major co-stimulatory receptor constitutively expressed on naïve T cells that induces T cell differentiation and proliferation upon ligation by CD80 or CD86 on antigen-presenting cells (25). sCD28 could be derived from alternatively spliced transcripts in resting T cells. One of the sCD28 variants has intensities similar to membrane CD28, suggesting it may participates in immune regulation (26). We found that sCD28 was most strongly associated with PDAC risk, and high plasma sCD28 concentrations associated with poor OS in PDAC patients. This was consistent with findings in hepatocellular carcinoma (HCC), in which high baseline levels of sCD28 predicted a significantly greater HCC cumulative rate (27). Whereas treatment-induced survival benefit was strongly correlated with decreased sCD28 levels (28). Also, sCD28 levels were higher in breast cancer patients than in healthy controls (29). sCD28 was found to inhibit CD28 signaling by competing for B7 ligands, thereby impairing T-cell activation (30, 31). Besides, sCD28 could lead to dendritic cells-induced IL-6 production in in vitro cultures (32). IL-6 was a driver of tumorigenesis and metastasis in PDAC (33). Overall, sCD28 is a useful biomarker for clinical outcome in PDAC patients, though more validation is required.

CD137 is an important costimulatory molecule expressed on the surface of activated CD8+ T cells (34). The interaction of CD137/CD137L led to T cell activation and survival, thereby enhancing antitumor immunity. CD137 agonist antibodies had shown therapeutic effects in pancreatic cancer alone or in combination with other agents including PD-1 checkpoint inhibitors (35–37). In our study, high levels of sCD137 were associated with increased PDAC risk and shorter OS in PDAC patients. Previous studies had reported that sCD137 was overexpressed in NSCLC patients and CLL patients compared with the control group (38, 39). Moreover, uveal melanoma patients with fast-progressive disease had higher levels of sCD137 as compared to slow progressors and long survivors (40). Soluble CD137 was generated by alternately splicing of TNFRSF9 (Tumor Necrosis Factor Receptor Superfamily Member 9) in activated T cells (41), which could not only block CD137-CD137L interactions but directly suppress effector T cells via CD137L, thereby preventing co-stimulation of T lymphocytes (42). In addition, Labiano et al. (43) found that cell lines from hepatocellular tumors, lung, renal, and melanoma selectively expressed sCD137 but not membrane-bound CD137 (mCD137) under hypoxia condition, suggesting sCD137 was beneficial for tumor survival. Taken together, the results indicated that sCD137 could be an inhibitor of effector T cells, which could help immune evasion and survival of tumor.

LAG-3, is one of suppressive immune checkpoints expressed on the surface of T cells, which has been reported to be associated with reduced survival in pancreatic cancer (44). LAG-3 antagonist in combination with other immunologic agents increased antitumor immunity and achieved durable remission in PDAC (37). After T cell activation, LAG-3 cleavage was increased, resulting in the release of sLAG-3 (45). Our results indicated that high levels of sLAG-3 were associated with increased risk and reduced OS of PDAC patients. Similar findings on the associations of sLAG-3 with poor survival in CLL patients had been reported (46). Also, high sLAG-3 levels were also found to be predictive of poor prognosis in several solid tumors, including melanoma (47), NSCLC (48), and HNSCC (49). However, in gastric cancer, sLAG-3 could positively regulate and enhance the anti-tumor immunity of CD8+T cells and secretion of IL-12 and IFN-γ, thereby improve the survival of patients (50). The discrepancy may stem from the distinct immune contextures and mechanisms among different cancer types (51).

GITR is another novel stimulatory immune checkpoint in NK cells and T cells, whose agonism could promote anti-tumor immunity by reducing the regulatory T cells and stimulating the proliferation and activation of effector T cells (52). sGITR elevation was associated with increased risk and reduced OS of PDAC in our study. The result was partially supported by a study indicating high GITR expression in tumor was associated with poor relapse-free survival in a cohort of breast cancer patients (53). Our previous study also indicated that sGITR was associated with increased risk of biochemical recurrence and progression of prostate cancer (54). Therefore, GITR has gain increasing interest of research as a promising target of immunotherapy (55). Also, BTLA is an important co-inhibitory molecule on the surface of antigen presenting cells, which could interact with its ligand HVEM to suppress the T cell activity (56). sBTLA is identified correlating with increased cancer risk and reduced OS of PDAC in our study. High level of sBTLA was found to be associated with reduced survival in ccRCC and pancreatic cancer (16, 18), which was consistent with our findings. sBTLA could interact with membrane HVEM on tumor cells, thereby blocking BTLA/HVEM axis and promoting tumor growth via the ERK1/2 pathway (57). This study partially explained the mechanism of sBTLA associated poor survival in PDAC patients.

Our study has several strengths like multiplex soluble ICK-related proteins profiling, establishing the immune subtypes and prediction models of PDAC based on soluble ICK-related proteins, and a novel approach that significantly increased predictivity of survival in PDAC patients. However, the study has several limitations. First, our 70 cases of PDAC sample size were relatively small although the study was well designed and all the participants were strictly matched to avoid potential confounding factors. Second, we did not evaluate corresponding genes’ expression in tumors and peripheral blood mononuclear cells. Instead, we applied the immune checkpoint and cytolytic activity genes expression in TCGA database to decipher potential mechanisms. Third, the study was a retrospective study in a single institution, more independent validations were required.




5 Conclusion

In this study, we established soluble immune subtypes of PDAC based on soluble ICK-related proteins for the first time. We further established predictive model using the soluble immune subtypes and clinical variables. PDAC patients who were classified as soluble immune-low subtype had better OS than those of the soluble immune-high subtype. Our findings indicated that immune-high PDAC patients may be more suitable for immune checkpoint blockade therapy. Future studies may apply the immune subtypes in prospective settings to examine the accuracy of survival predictions and treatment outcomes of immunotherapy of PDAC patients.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.





Ethics statement

The studies involving human participants were reviewed and approved by Institutional Review Board of The Second Affiliated Hospital, Zhejiang University. The patients/participants provided their written informed consent to participate in this study.





Author contributions

XW involved in conception and design; SP, QW and WZ involved in development of methodology; XL, WL, XD, YW and SP participated in acquisition of data (acquired and managed patients, provided facilities, etc.); SP, YzL, ZY, YhL and YW involved in analysis and interpretation of data (e.g., statistical analysis, biostatistics, computational analysis); QW, SP, WZ and XW drafted the manuscript and all the authors participant in the revision of the manuscript; XW, YW involved in study supervision.





Funding

This work was funded by Key Laboratory of Intelligent Preventive Medicine of Zhejiang Province (2020E10004), Leading Innovative and Entrepreneur Team Introduction Program of Zhejiang (2019R01007) and Key Research and Development Program of Zhejiang Province (2020393822), Nature and Science Fund Public Program of Zhejiang Province (LGF22H160008).




Acknowledgments

We would like to thank the excellent work of the field team and laboratory staff for patient recruitment and for collection and/or processing of clinical/epidemiological information and biological specimens.





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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1189161/full#supplementary-material



Abbreviations

PDAC, Pancreatic Ductal Adenocarcinoma; OS, Overall Survival; MSI-H, Microsatellite Instability- High; TME, Tumor Microenvironment; TCR, T Cell Receptor; ICK, Immune Checkpoint (ICK); SAHZU, The Second Affiliated Hospital, Zhejiang University; TCGA-PAAD, The Cancer Genome Atlas Pancreatic Adenocarcinoma; BMI, Body Mass Index; EDTA, Ethylenediaminetetraacetic acid; LLOQ, Lower Limit Of Quantification (LLOQ); RECIST1.1, Response Evaluation Criteria in Solid Tumours 1.1; PFS, Progression-free survival; FDR, False discovery rate; PCA, Principal component analysis; CYT, Cytolytic activity; ERCP, Endoscopic retrograde cholangiopancreatography; PTCD, Percutaneous transhepatic bile duct drainage; OR, Odds Ratio; HR, Hazard Ratio; BTLA, B- and T-lymphocyte attenuator; HVEM, Herpesvirus Entry Mediator; GITR, Glucocorticoid-induced TNFR-related protein; HCC, Hepatocellular Carcinoma; TNFRSF9, Tumor Necrosis Factor Receptor Superfamily Member 9.




References

1. Siegel, RL, Miller, KD, Wagle, NS, and Jemal, A. Cancer statistics, 2023. CA Cancer J Clin (2023) 73(1):17–48. doi: 10.3322/caac.21763

2. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: globocan estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: A Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

3. Bengtsson, A, Andersson, R, and Ansari, D. The actual 5-year survivors of pancreatic ductal adenocarcinoma based on real-world data. Sci Rep (2020) 10(1):16425. doi: 10.1038/s41598-020-73525-y

4. Collisson, EA, Bailey, P, Chang, DK, and Biankin, AV. Molecular subtypes of pancreatic cancer. Nat Rev Gastroenterol Hepatol (2019) 16(4):207–20. doi: 10.1038/s41575-019-0109-y

5. Cancer Genome Atlas Research N. Comprehensive molecular profiling of lung adenocarcinoma. Nature (2014) 511(7511):543–50. doi: 10.1038/nature13385

6. Jones, S, Zhang, X, Parsons, DW, Lin, JC, Leary, RJ, Angenendt, P, et al. Core signaling pathways in human pancreatic cancers revealed by global genomic analyses. Science (2008) 321(5897):1801–6. doi: 10.1126/science.1164368

7. 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(7592):47–52. doi: 10.1038/nature16965

8. Bear, AS, Vonderheide, RH, and O'Hara, MH. Challenges and opportunities for pancreatic cancer immunotherapy. Cancer Cell (2020) 38(6):788–802. doi: 10.1016/j.ccell.2020.08.004

9. Collins, MA, Bednar, F, Zhang, Y, Brisset, JC, Galban, S, Galban, CJ, et al. Oncogenic kras is required for both the initiation and maintenance of pancreatic cancer in mice. J Clin Invest (2012) 122(2):639–53. doi: 10.1172/JCI59227

10. Clark, CE, Hingorani, SR, Mick, R, Combs, C, Tuveson, DA, and Vonderheide, RH. Dynamics of the immune reaction to pancreatic cancer from inception to invasion. Cancer Res (2007) 67(19):9518–27. doi: 10.1158/0008-5472.CAN-07-0175

11. Yamamoto, K, Venida, A, Yano, J, Biancur, DE, Kakiuchi, M, Gupta, S, et al. Autophagy promotes immune evasion of pancreatic cancer by degrading mhc-I. Nature (2020) 581(7806):100–5. doi: 10.1038/s41586-020-2229-5

12. Alexandrov, LB, Nik-Zainal, S, Wedge, DC, Aparicio, SA, Behjati, S, Biankin, AV, et al. Signatures of mutational processes in human cancer. Nature (2013) 500(7463):415–21. doi: 10.1038/nature12477

13. Le, DT, Durham, JN, Smith, KN, Wang, H, Bartlett, BR, Aulakh, LK, et al. Mismatch repair deficiency predicts response of solid tumors to pd-1 blockade. Science (2017) 357(6349):409–13. doi: 10.1126/science.aan6733

14. Gu, D, Ao, X, Yang, Y, Chen, Z, and Xu, X. Soluble immune checkpoints in cancer: production, function and biological significance. J Immunother Cancer (2018) 6(1):132. doi: 10.1186/s40425-018-0449-0

15. Kruger, S, Legenstein, ML, Rosgen, V, Haas, M, Modest, DP, Westphalen, CB, et al. Serum levels of soluble programmed death protein 1 (Spd-1) and soluble programmed death ligand 1 (Spd-L1) in advanced pancreatic cancer. Oncoimmunology (2017) 6(5):e1310358. doi: 10.1080/2162402X.2017.1310358

16. Bian, B, Fanale, D, Dusetti, N, Roque, J, Pastor, S, Chretien, AS, et al. Prognostic significance of circulating pd-1, pd-L1, pan-Btn3as, Btn3a1 and btla in patients with pancreatic adenocarcinoma. Oncoimmunology (2019) 8(4):e1561120. doi: 10.1080/2162402X.2018.1561120

17. Khan, M, Zhao, Z, Arooj, S, Fu, Y, and Liao, G. Soluble pd-1: predictive, prognostic, and therapeutic value for cancer immunotherapy. Front Immunol (2020) 11:587460. doi: 10.3389/fimmu.2020.587460

18. Wang, Q, Zhang, J, Tu, H, Liang, D, Chang, D, Ye, Y, et al. Soluble immune checkpoint-related proteins as predictors of tumor recurrence, survival, and T cell phenotypes in clear cell renal cell carcinoma patients. J immunotherapy Cancer (2019) 7(1):1–9. doi: 10.1186/s40425-019-0810-y

19. Benjamini, Y, and Hochberg, Y. Controlling the false discovery rate: a practical and powerful approach to multiple testing. J R Stat Society: Ser B (Methodological) (1995) 57(1):289–300. doi: 10.1111/j.2517-6161.1995.tb02031.x

20. Wilkerson, MD, and Hayes, DN. Consensusclusterplus: a class discovery tool with confidence assessments and item tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

21. Mizrahi, JD, Surana, R, Valle, JW, and Shroff, RT. Pancreatic cancer. Lancet (2020) 395(10242):2008–20. doi: 10.1016/S0140-6736(20)30974-0

22. Steyerberg, EW, Vickers, AJ, Cook, NR, Gerds, T, Gonen, M, Obuchowski, N, et al. Assessing the performance of prediction models: a framework for traditional and novel measures. Epidemiology (2010) 21(1):128–38. doi: 10.1097/EDE.0b013e3181c30fb2

23. 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(1-2):48–61. doi: 10.1016/j.cell.2014.12.033

24. Li, Y, Wang, J, Wu, L, Li, X, Zhang, X, Zhang, G, et al. Diversity of dominant peripheral T cell receptor clone and soluble immune checkpoint proteins associated with clinical outcomes following immune checkpoint inhibitor treatment in advanced cancers. Front Immunol (2021) 12:649343. doi: 10.3389/fimmu.2021.649343

25. Esensten, JH, Helou, YA, Chopra, G, Weiss, A, and Bluestone, JA. Cd28 costimulation: from mechanism to therapy. Immunity (2016) 44(5):973–88. doi: 10.1016/j.immuni.2016.04.020

26. Magistrelli, G, Jeannin, P, Elson, G, Gauchat, JF, Nguyen, TN, Bonnefoy, JY, et al. Identification of three alternatively spliced variants of human Cd28 mrna. Biochem Biophys Res Commun (1999) 259(1):34–7. doi: 10.1006/bbrc.1999.0725

27. Dong, MP, Thuy, LTT, Hoang, DV, Hai, H, Hoang, TH, Sato-Matsubara, M, et al. Soluble immune checkpoint protein Cd27 is a novel prognostic biomarker of hepatocellular carcinoma development in hepatitis c virus-sustained virological response patients. Am J Pathol (2022) 192(10):1379–96. doi: 10.1016/j.ajpath.2022.07.003

28. Qin, SK, Li, Q, Ming Xu, J, Liang, J, Cheng, Y, Fan, Y, et al. Icaritin-induced immunomodulatory efficacy in advanced hepatitis b virus-related hepatocellular carcinoma: immunodynamic biomarkers and overall survival. Cancer Sci (2020) 111(11):4218–31. doi: 10.1111/cas.14641

29. Isitmangil, G, Gurleyik, G, Aker, FV, Coskun, C, Kucukhuseyin, O, Arikan, S, et al. Association of Ctla4 and Cd28 gene variants and circulating levels of their proteins in patients with breast cancer. In Vivo (2016) 30(4):485–93.

30. Sakthivel, P, Shively, V, Kakoulidou, M, Pearce, W, and Lefvert, AK. The soluble forms of Cd28, Cd86 and ctla-4 constitute possible immunological markers in patients with abdominal aortic aneurysm. J Intern Med (2007) 261(4):399–407. doi: 10.1111/j.1365-2796.2007.01773.x

31. Pyo, JY, Yoon, T, Ahn, SS, Song, JJ, Park, YB, and Lee, SW. Soluble immune checkpoint molecules in patients with antineutrophil cytoplasmic antibody-associated vasculitis. Sci Rep (2022) 12(1):21319. doi: 10.1038/s41598-022-25466-x

32. Sun, Z, Yi, L, Tao, H, Huang, J, Jin, Z, Xiao, Y, et al. Enhancement of soluble Cd28 levels in the serum of graves' disease. Cent Eur J Immunol (2014) 39(2):216–22. doi: 10.5114/ceji.2014.43726

33. van Duijneveldt, G, Griffin, MDW, and Putoczki, TL. Emerging roles for the il-6 family of cytokines in pancreatic cancer. Clin Sci (Lond) (2020) 134(16):2091–115. doi: 10.1042/CS20191211

34. Croft, M. Co-Stimulatory members of the tnfr family: keys to effective T-cell immunity? Nat Rev Immunol (2003) 3(8):609–20. doi: 10.1038/nri1148

35. Muth, ST, Saung, MT, Blair, AB, Henderson, MG, Thomas, DL 2nd, and Zheng, L. Cd137 agonist-based combination immunotherapy enhances activated, effector memory T cells and prolongs survival in pancreatic adenocarcinoma. Cancer Lett (2021) 499:99–108. doi: 10.1016/j.canlet.2020.11.041

36. Li, K, Tandurella, JA, Gai, J, Zhu, Q, Lim, SJ, Thomas, DL 2nd, et al. Multi-omic analyses of changes in the tumor microenvironment of pancreatic adenocarcinoma following neoadjuvant treatment with anti-Pd-1 therapy. Cancer Cell (2022) 40(11):1374–91 e7. doi: 10.1016/j.ccell.2022.10.001

37. Gulhati, P, Schalck, A, Jiang, S, Shang, X, Wu, CJ, Hou, P, et al. Targeting T cell checkpoints 41bb and Lag3 and myeloid cell Cxcr1/Cxcr2 results in antitumor immunity and durable response in pancreatic cancer. Nat Cancer (2023) 4(1):62–80. doi: 10.1038/s43018-022-00500-z

38. Peng, Y, Zhang, C, Rui, Z, Tang, W, Xu, Y, Tao, X, et al. A comprehensive profiling of soluble immune checkpoints from the sera of patients with non-small cell lung cancer. J Clin Lab Anal (2022) 36(2):e24224. doi: 10.1002/jcla.24224

39. Furtner, M, Straub, RH, Kruger, S, and Schwarz, H. Levels of soluble Cd137 are enhanced in sera of leukemia and lymphoma patients and are strongly associated with chronic lymphocytic leukemia. Leukemia (2005) 19(5):883–5. doi: 10.1038/sj.leu.2403675

40. Rossi, E, Zizzari, IG, Di Filippo, A, Acampora, A, Pagliara, MM, Sammarco, MG, et al. Circulating immune profile can predict survival of metastatic uveal melanoma patients: results of an exploratory study. Hum Vaccin Immunother (2022) 18(3):2034377. doi: 10.1080/21645515.2022.2034377

41. Michel, J, Langstein, J, Hofstadter, F, and Schwarz, H. A soluble form of Cd137 (Ila/4-1bb), a member of the tnf receptor family, is released by activated lymphocytes and is detectable in sera of patients with rheumatoid arthritis. Eur J Immunol (1998) 28(1):290–5. doi: 10.1002/(SICI)1521-4141(199801)28:01<290::AID-IMMU290>3.0.CO;2-S

42. Kachapati, K, Bednar, KJ, Adams, DE, Wu, Y, Mittler, RS, Jordan, MB, et al. Recombinant soluble Cd137 prevents type one diabetes in nonobese diabetic mice. J Autoimmun (2013) 47:94–103. doi: 10.1016/j.jaut.2013.09.002

43. Labiano, S, Palazon, A, Bolanos, E, Azpilikueta, A, Sanchez-Paulete, AR, Morales-Kastresana, A, et al. Hypoxia-induced soluble Cd137 in malignant cells blocks Cd137l-costimulation as an immune escape mechanism. Oncoimmunology (2016) 5(1):e1062967. doi: 10.1080/2162402X.2015.1062967

44. Seifert, L, Plesca, I, Muller, L, Sommer, U, Heiduk, M, von Renesse, J, et al. Lag-3-Expressing tumor-infiltrating T cells are associated with reduced disease-free survival in pancreatic cancer. Cancers (Basel) (2021) 13(6):1297. doi: 10.3390/cancers13061297

45. Li, N, Workman, CJ, Martin, SM, and Vignali, DA. Biochemical analysis of the regulatory T cell protein lymphocyte activation gene-3 (Lag-3; Cd223). J Immunol (2004) 173(11):6806–12. doi: 10.4049/jimmunol.173.11.6806

46. Shapiro, M, Herishanu, Y, Katz, BZ, Dezorella, N, Sun, C, Kay, S, et al. Lymphocyte activation gene 3: a novel therapeutic target in chronic lymphocytic leukemia. Haematologica (2017) 102(5):874–82. doi: 10.3324/haematol.2016.148965

47. Machiraju, D, Wiecken, M, Lang, N, Hulsmeyer, I, Roth, J, Schank, TE, et al. Soluble immune checkpoints and T-cell subsets in blood as biomarkers for resistance to immunotherapy in melanoma patients. Oncoimmunology (2021) 10(1):1926762. doi: 10.1080/2162402X.2021.1926762

48. Montalban-Hernandez, K, Casalvilla-Duenas, JC, Cruz-Castellanos, P, Gutierrez-Sainz, L, Lozano-Rodriguez, R, Avendano-Ortiz, J, et al. Identification of Ssiglec5 and Slag3 as new relapse predictors in lung cancer. Biomedicines (2022) 10(5):1047. doi: 10.3390/biomedicines10051047

49. Botticelli, A, Zizzari, IG, Scagnoli, S, Pomati, G, Strigari, L, Cirillo, A, et al. The role of soluble Lag3 and soluble immune checkpoints profile in advanced head and neck cancer: a pilot study. J Pers Med (2021) 11(7):651. doi: 10.3390/jpm11070651

50. Li, N, Jilisihan, B, Wang, W, Tang, Y, and Keyoumu, S. Soluble Lag3 acts as a potential prognostic marker of gastric cancer and its positive correlation with Cd8+T cell frequency and secretion of il-12 and inf-gamma in peripheral blood. Cancer biomark (2018) 23(3):341–51. doi: 10.3233/CBM-181278

51. Fridman, WH, Pages, F, Sautes-Fridman, C, and Galon, J. The immune contexture in human tumours: impact on clinical outcome. Nat Rev Cancer (2012) 12(4):298–306. doi: 10.1038/nrc3245

52. Zappasodi, R, Sirard, C, Li, Y, Budhu, S, Abu-Akeel, M, Liu, C, et al. Rational design of anti-Gitr-Based combination immunotherapy. Nat Med (2019) 25(5):759–66. doi: 10.1038/s41591-019-0420-8

53. Zhu, MMT, Burugu, S, Gao, D, Yu, J, Kos, Z, Leung, S, et al. Evaluation of glucocorticoid-induced tnf receptor (Gitr) expression in breast cancer and across multiple tumor types. Mod Pathol (2020) 33(9):1753–63. doi: 10.1038/s41379-020-0550-z

54. Wang, Q, Ye, Y, Yu, H, Lin, SH, Tu, H, Liang, D, et al. Immune checkpoint-related serum proteins and genetic variants predict outcomes of localized prostate cancer, a cohort study. Cancer Immunol Immunother (2021) 70(3):701–12. doi: 10.1007/s00262-020-02718-1

55. Richards, DM, Marschall, V, Billian-Frey, K, Heinonen, K, Merz, C, Redondo Muller, M, et al. Hera-gitrl activates T cells and promotes anti-tumor efficacy independent of fcgammar-binding functionality. J Immunother Cancer (2019) 7(1):191. doi: 10.1186/s40425-019-0671-4

56. Ning, Z, Liu, K, and Xiong, H. Roles of btla in immunity and immune disorders. Front Immunol (2021) 12:654960. doi: 10.3389/fimmu.2021.654960

57. Cheng, T-Y, Liu, Y-J, Yan, H, Xi, Y-B, Duan, L-Q, Wang, Y, et al. Tumor cell-intrinsic btla receptor inhibits the proliferation of tumor cells Via Erk1/2. Cells (2022) 11(24):4021. doi: 10.3390/cells11244021




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 © 2023 Pan, Zhao, Li, Ying, Luo, Wang, Li, Lu, Dong, Wu and Wu. 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-14-1189161-g001.jpg
log10(concentration) (pg/ml)

ns

group 5 Control E5 PDAC

*k *k *k *k

ns ns ns ns ns ns

BTLA CD27 CD28 CD80 CD137CTLA-4 GITR IDO LAG-3 PD-1 PD-L2 TIM-3

Marker | OR (95%Cl)

BTLA :|—.—| 1.46 (1.01-2.17)

CD28 : —a— 2.11(1.39-3.39)
1

CD137 :|—.—| 1.51 (1.05-2.25)

GITR El—l—l 1.58 (1.08-2.39)

LAG-3 :I—I—| 1.52 (1.04-2.28)





OEBPS/Images/fimmu.2023.1189161_cover.jpg
& frontiers | Frontiers in Immunology

Prediction of risk and overall survival of
pancreatic cancer from blood soluble
immune checkpoint-related proteins





OEBPS/Images/fimmu-14-1189161-g004.jpg
Consensus matrix = 2 B 3

[l Cluster1 1
I Cluster2

[®] Cluster1
Cluster2

Dim2 (18.6%)

-14

24 e

-2‘.5 CITD 215 570 75
Dim1 (64.9%)

Stage Stage

Survival* |

Subtype 1)
1l
v

BTLA (BTLA)

Survival
Alive

‘ I 4 Dead
Subtype
CD28 (CD28) :mmgg;‘rﬁgh
2
TNFRSF9 (CD137) ©

i

E p <2E-16

-2
LAG3 (LAG-3)

-4

TNFRSF18 (GITR)

100%:

Median OS
=sk= |mmune-high 22.8 months

=s= Immune-low 15.8 months

Overall survival
CYT score

0%

Immune-low Immune-high
Time (month)





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Prediction of risk and overall survival of pancreatic cancer from blood soluble immune checkpoint-related proteins

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Study design and participants

          



          		

            2.2 Baseline data collection

          



          		

            2.3 Sample collection and assessment of soluble ICK-related proteins

          



          		

            2.4 Patient follow-up and outcomes

          



          		

            2.5 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Participant characteristics

          



          		

            3.2 Associations between soluble ICK-related proteins and PDAC risk

          



          		

            3.3 Association of soluble ICK-related proteins taxonomy and prognosis of PDAC

          



          		

            3.4 Predictive models for OS in PDAC

          



          		

            3.5 Identification of distinct immune checkpoints subtypes in TCGA-PAAD cohort

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Controls (n Cases (n=70)

Markers

Median (IQR) pg/ml Median (IQR) pg/ml
BTLA 508.53 (306.86-748.43) 642.74 (409.05-1009.30) 0.02 0.04
CD27 103.02 (60.39-177.17) 127.48 (49.39-358.83) 0.13 0.19
CD28 32.47 (29.67-52.20) : 54.84 (32.47-125.98) 4.20E-04 5.04E-03
CD80 129.39 (78.23-239.56) ‘ 13173 (53.42-356.89) 054 059
CD137 40.82 (28.77-63.13) 68.61 (36.58-124.93) 4.72E-03 1.42E-02
CTLA-4 20.00 (14.83-25.30) 27.23 (13.09-47.52) 0.09 0.15
HVEM® 15.01 (15.01-15.01) 15.01 (15.01-15.01) = =
GITR 21.48 (13.01-34.03) 33.69 (21.21-51.01) 2.90E-03 1.16E-02
DO 23.73 (14.43-31.44) 24.28 (16.08-47.82) 0.19 023
LAG-3 15.11 (11.02-22.24) 22.33 (14.68-37.26) 1.61E-03 9.66E-03
PD-1 5149 (31.25-80.63) 55.86 (33.60-110.77) v 0.18 023
PD-LI* 349 (3.49-3.49) 349 (3.49-3.49) = -
PD-L2 2990.45 (2044.44-3643.34) 2849.28 (2051.36-5299.90) 0.61 0.61
TIM-3 622.85 (460.61-923.06) 807.28 (435.30-1520.76) 0.06 0.12

“Soluble HVEM and PD-L1 were not included in the subsequent analysis for most measurements below the LLOQ.
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C Controls, n (%) Cases, n (%)
n 70 70
Age, mean (SD) 63.80 (9.62) 65.16 (10.13) 042
Sex 1.00
I Female | 31 (44.29) » 31 (44.29) |
Male 39 (55.71) 39 (55.71)
BMI, mean (SD) 24.25 (2.90) 23.55 (2.77) 0.15
Smoking 0.73
No 42 (60.00) 39 (55.71)
Yes 28 (40.00) 31 (44.29)
Diabetes <0.001
[ No 66 (94.29) 47 (67.14)
Yes 4(571) 23 (32.86)
Tumor location -

Head - 39 (55.71)
Neck - 5(7.14)
Body = 6(857)
Tail - 20 (28.57)
T stage -
T1 - 2 (2.86)
T2 - 27 (38.57)
T3 - 23 (32.86)
T4 - 18 (25.71)
| N stage -
No - 39 (55.71)
N1 - 15 (2143)
N2 - 16 (22.86)
M stage ‘ -
[ Mo - 45 (64.29)
M1 - 25 (35.71)
Stage ‘ -
Resectable - 28 (40.00)
Locally advanced - 17 (24.29)
Metastatic - 25 (35.71)
7 CA19-9 (U/ml) ’ <0.001
[ ‘ Normal (<37 U/ml) 70 (100.0) 17 (24.29)
Elevated (=37 U/ml) 0(0.0) 53 (75.71)
Treatment ‘ NA
Radical surgery only - 6 (8.60)
Radical surgery plus chemotherapy - 22 (31.40)
Palliative chemotherapy - 28 (40.00)
*Others - 9 (12.90)
None - 5 (7.10)

*Others indicate palliative surgery, high-intensity focused ultrasound, ERCP and PTCD.
SD, standard deviation.





