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Introduction

The clinical relevance of soluble forms of programmed cell death-1 (sPD-1) and programmed cell death-ligand 1 (sPD-L1) remains unclear. We here investigated the relation between the efficacy of PD-1 blockade and pretreatment plasma levels of sPD-1 and sPD-L1 across a broad range of cancer types.





Methods

We retrospectively analyzed clinical data from 171 patients with advanced solid tumors who received nivolumab or pembrolizumab monotherapy regardless of treatment line. The concentrations of sPD-1 and sPD-L1 were measured with a fully automated immunoassay (HISCL system).





Results

The study subjects comprised patients with head and neck cancer (n = 50), urothelial cancer (n = 42), renal cell cancer (n = 37), gastric cancer (n = 20), esophageal cancer (n = 10), malignant pleural mesothelioma (n = 6), or microsatellite instability-high tumors (n = 6). High or low levels of sPD-1 or sPD-L1 were not significantly associated with progression-free survival (PFS) or overall survival (OS) for PD-1 blockade in the entire study population. Comparison of treatment outcomes according to combinations of high or low sPD-1 and sPD-L1 levels, however, revealed that patients with low sPD-1 and high sPD-L1 concentrations had a significantly poorer PFS (HR of 1.79 [95% CI, 1.13–2.83], p = 0.01) and a tendency toward poorer OS (HR of 1.70 [95% CI, 0.99–2.91], p = 0.05) compared with all other patients.





Conclusion

Our findings suggest that the combination of low sPD-1 and high sPD-L1 levels is a potential negative biomarker for PD-1 blockade therapy.
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1 Introduction

Despite the substantial improvements in cancer treatment in recent decades, advanced solid tumors diagnosed at unresectable or recurrent stages still have a poor prognosis and remain the leading cause of death worldwide (1). The development of new systemic therapies that are effective across cancer types is therefore a pressing need.

Immune checkpoint inhibitors (ICIs) are new therapeutic agents that target co-inhibitory molecules expressed on T lymphocytes and which enhance antitumor immunity (2). In particular, antibodies to programmed cell death–1 (PD-1) that block the function of this negative regulatory molecule on T cells are the most widely administered type of ICI and have revolutionized the treatment of advanced malignancies (3). However, the survival outcome for treatment with PD-1 antibodies remains unsatisfactory overall, and the greatest benefit of such treatment is restricted to just a few cancer types. Tumor-agnostic biomarkers that predict the efficacy of PD-1 blockade therapy are therefore needed for optimal patient selection.

One promising such biomarker, programmed cell death–ligand 1 (PD-L1) expression on tumor or immune cells, has been widely investigated. Whereas an association between PD-L1 expression and clinical response has been detected for specific tumor types such as non–small cell lung cancer (NSCLC), results from several prospective trials suggest that PD-L1 expression may not be a robust predictor of the response to PD-1 antibodies in all cancer types (3–6). Possible explanations for this lack of robustness include intratumoral heterogeneity and the dynamic nature of the tumor microenvironment (TME) (7). Compared with biopsy specimens that represent just a fraction of the entire TME, peripheral blood samples are thought to reflect more of the TME and therefore might be a better option for biomarker detection. Blood testing also has the advantages of being minimally invasive and providing dynamic assessments in real time.

In addition to their expression at the cell surface, the receptors and ligands that function as immune checkpoint molecules are present as soluble forms in the circulation (8, 9). Regarding PD-L1, it was reported that the correlation between the serum levels of soluble form and the tumor PD-L1 expression was weak in patients with NSCLC (10), thus soluble forms of immune checkpoint molecules have potential to be a biomarker independent of those of membranous expression. The levels of such soluble forms of PD-1 (sPD-1) and PD-L1 (sPD-L1) have been found to be related to the progression and prognosis of PD-1 blockade therapy, but only a limited number of such studies has focused on advanced solid tumors other than NSCLC and melanoma (11). The aim of the present study was to investigate the possible relation between the efficacy of PD-1 blockade therapy and pretreatment plasma levels of sPD-1 and sPD-L1 across a broad range of advanced cancers that had limited clinical focus.




2 Materials and methods



2.1 Patients

Patients were enrolled in this study if (1) they had a solid tumor at an advanced stage other than NSCLC or melanoma and were not eligible for curative treatment, (2) they had been treated with PD-1 antibody monotherapy regardless of treatment line, and (3) a blood sample collected before the start of PD-1 blockade therapy and clinicopathologic data were available. Patients were retrospectively identified from those attending Kindai University Hospital or Kyoto University Hospital. The study was conducted according to the Declaration of Helsinki, and the protocols were approved by the Institutional Review Board of each participating hospital.




2.2 Data collection

Clinicopathologic data—including sex, age, ECOG performance status, histological subtype, and white blood cell differential for a peripheral blood smear collected at the time of the first PD-1 antibody administration—were obtained from medical records. The neutrophil/lymphocyte ratio (NLR), which has been implicated as a predictive biomarker of ICI treatment outcome (12–14), was calculated for before PD-1 blockade therapy, with a value of 5 being specified as the cutoff between a high and low NLR as in previous studies (12–14). Treatment history and the therapeutic effect of the PD-1 antibody were also retrieved. Tumor response was assessed according to RECIST version 1.1 (15). Overall response rate was defined as the proportion of patients with a complete or partial response as the best overall response, which was assessed regardless of the presence of measurable disease. Progression-free survival (PFS) was measured from the time of treatment initiation to clinical or radiographic progression or death from any cause. Overall survival (OS) was measured from the time of treatment initiation to death from any cause. Patients without documented clinical or radiographic disease progression or who were still alive were censored at the last follow-up.




2.3 Measurement of sPD-1 and sPD-L1 levels

ELISAs have been adopted for the measurement of sPD-1 and sPD-L1 concentrations in many previous studies but have limited precision and reproducibility because of the manual procedures involved (16, 17). To overcome these limitations, we used a fully automated immunoassay system based on chemiluminescent magnetic technology (HISCL system), which is rapid, sensitive, and reproducible and is able to measure sPD-1 and sPD-L1 levels accurately (11, 17). Plasma samples obtained before PD-1 antibody treatment were considered appropriate for this study; if plasma samples were not available, serum samples were permitted. The high concordance between plasma and serum concentrations was confirmed by Sysmex Corporation, the device provider and a study collaborator, with the use of commercially available paired samples (Figure S1).




2.4 Statistical analysis

Cutoff values for sPD-1 and sPD-L1 concentrations were defined as the median for each cancer type, so that survival analysis according to the soluble markers would not be affected by the potential difference in distributions of sPD-1 and sPD-L1 concentrations among cancer types. The outcome of PD-1 blockade therapy was compared between patients with high or low circulating levels of sPD-1 or sPD-L1. Pairwise comparisons of sPD-1 and sPD-L1 levels were also performed. PFS and OS curves were constructed by the Kaplan-Meier method. Between-group differences in survival analyses were assessed with the log-rank test. The hazard ratio (HR) and its 95% confidence interval (CI) were determined with the use of a Cox proportional hazard regression model. Adjustment for possible confounding factors was performed with a multivariable regression model including explanatory variables with a p value of <0.1 in univariable analysis. A two-sided p value of <0.05 was considered statistically significant. All statistical analysis was performed with Stata BE version 17.0 (StataCorp) or GraphPad Prism 9.0 software.





3 Results



3.1 Characteristics of the study population

A total of 171 patients with solid tumors were enrolled in the study, with their clinical and pathological features being summarized in Table 1. The most common cancer type was head and neck cancer (n = 50, 29.2%), followed by urothelial cancer (n = 42, 24.6%), renal cell cancer (n = 37, 21.6%), gastric cancer (n = 20, 11.7%), esophageal cancer (n = 10, 5.8%), malignant pleural mesothelioma (n = 6, 3.5%), and microsatellite instability (MSI)–high solid tumors (n = 6, 3.5%). The major histological subtypes included squamous cell carcinoma (n = 54, 31.6%), urothelial carcinoma (n = 42, 24.6%), clear cell carcinoma (n = 37, 21.6%), adenocarcinoma (n = 26, 15.2%), and others (n = 12, 7.0%). Of the 171 patients, 121 (70.8%) individuals were treated with nivolumab monotherapy and 50 (29.2%) with pembrolizumab monotherapy. Almost all patients (n = 169, 98.8%) received systemic therapy before PD-1 blockade therapy.


Table 1 | Patient characteristics.






3.2 Relation between soluble markers and baseline characteristics

For the total patient population, the median circulating sPD-1 and sPD-L1 concentrations were 169 pg/ml (interquartile range [IQR], 112–257) and 248 pg/ml (IQR, 211–310), respectively. The distribution of sPD-1 and sPD-L1 levels for each cancer type is shown in Figure 1. The median sPD-1 and sPD-L1 concentrations were 132 pg/ml (IQR, 87–201) and 233 pg/ml (IQR, 192–283) for head and neck cancer, 170 pg/ml (IQR, 121–276) and 256 pg/ml (IQR, 200–309) for urothelial cancer, 229 pg/ml (IQR, 163–351) and 263 pg/ml (IQR, 205–326) for renal cell cancer, 170 pg/ml (IQR, 135–238) and 291 pg/ml (IQR, 239–333) for gastric cancer, 161 pg/ml (IQR, 106–183) and 230 pg/ml (IQR, 206–319) for esophageal cancer, 148 pg/ml (IQR, 112–171) and 247 pg/ml (IQR, 246–273) for malignant pleural mesothelioma, and 247 pg/ml (IQR, 196–434) and 261 pg/ml (IQR, 241–358) for MSI-high solid tumors, respectively. The relation between clinical features of the patients and sPD-1 and sPD-L1 levels is summarized in Table 2. The median sPD-1 level was significantly higher in elderly patients, whereas the median sPD-L1 level was significantly higher in patients who were elderly and male and had a poor ECOG performance status (≥2).




Figure 1 | Levels of sPD-1 (A) and sPD-L1 (B) in patients with head and neck cancer (HNC, n = 50), urothelial cancer (UC, n = 42), renal cell cancer (RCC, n = 37) gastric cancer (GC, n = 20), esophageal cancer (EC, n = 10), malignant pleural mesothelioma (MPM, n = 6), or microsatellite instability (MSI)–high cancer (n = 6).




Table 2 | Circulating sPD-1 and sPD-L1 levels of study patients according to baseline characteristics.






3.3 Relation between soluble markers and treatment efficacy

Among the 171 patients, there were 96 deaths and 138 disease progression events after the onset of PD-1 blockade therapy with a median follow-up time of 11.4 months. Kaplan-Meier curves for PFS and OS were constructed according to circulating sPD-1 and sPD-L1 levels in order to evaluate their independent predictive values (Figure 2). Patients with high sPD-1 (sPD-1high) levels had a numerically longer PFS relative to those with low sPD-1 (sPD-1low) levels (median of 4.5 vs. 3.0 months; HR of 0.76, with a 95% CI of 0.54–1.07; p = 0.11), although the difference was not statistically significant (Figure 2A). The circulating concentration of sPD-1 was also not significantly associated with OS (Figure 2B). In addition, no significant association was apparent between sPD-L1 levels and either PFS (Figure 2C) or OS (Figure 2D), although OS tended to be shorter in patients with sPD-L1high concentrations relative to those with sPD-L1low concentrations (median of 12.7 vs. 16.4 months, HR of 1.32 [95% CI, 0.88–1.97], p = 0.18). Subgroup analysis according to each of the three most common cancer types was shown in Figures S2, S3.




Figure 2 | Kaplan-Meier curves of PFS (A, C) and OS (B, D) for patients with sPD-1high or sPD-1low levels (A, B) or with sPD-L1high or sPD-L1low levels (C, D).



We next hypothesized that the accuracy of survival prediction might be increased by combining sPD-1 and sPD-L1 levels. Indeed, we found that patients with both sPD-1low and sPD-L1high concentrations tended to have a shorter PFS and OS compared with each of the other three groups of patients based on paired sPD-1 and sPD-L1 levels (Figure S4). The patients with sPD-1low/sPD-L1high levels had a significantly shorter PFS (median of 2.3 vs. 4.3 months, HR of 1.79 [95% CI, 1.13–2.83], p = 0.01) and a numerically shorter OS (median of 6.3 vs. 16.9 months, HR of 1.70 [95% CI, 0.99–2.91], p = 0.05) compared with the other groups of patients combined (Figure 3). We then performed multivariable analysis to eliminate bias from possible confounding factors. We adopted NLR and cancer type (renal cell cancer or not, and gastric cancer or not) as explanatory variables for PFS, and sex, ECOG performance status, NLR, and cancer type (urothelial cancer or not, renal cell cancer or not, gastric cancer or not, and MSI-high cancer or not) as those for OS, on the basis of univariable analysis (Table 3). The sPD-1low/sPD-L1high combination was significantly associated with not only PFS (HR of 1.62 [95% CI, 1.03–2.58], p = 0.04) but also OS (HR of 1.86 [95% CI, 1.06–3.26], p = 0.03) (Table 4). Patients with sPD-1low/sPD-L1high levels also had a numerically lower overall response rate compared with the other patients (16.7% vs. 34.7%, p = 0.08 [Chi-squared test]).




Figure 3 | Kaplan-Meier curves of PFS (A) and OS (B) for patients with sPD-1low/sPD-L1high levels and all other patients. The curves for sPD-1low/sPD-L1high are the same as those in Figure S2.




Table 3 | Univariable analysis of progression-free survival (PFS) and overall survival (OS).




Table 4 | Multivariable analysis of progression-free survival (PFS) and overall survival (OS).



Finally, we conducted subgroup analysis for PFS and OS according to cancer type. The comparisons between sPD-1low/sPD-L1high patients and the other patients for each of the three most common cancer types in the study population are shown in Figure 4. The sPD-1low/sPD-L1high combination was significantly associated with a shorter PFS and OS among patients with urothelial cancer (Figure 4B, E), whereas it was not significantly associated with PFS or OS for those with head and neck cancer (Figure 4A, D) or renal cell cancer (Figure 4C, F).




Figure 4 | Kaplan-Meier curves of PFS (A–C) and OS (D–F) for patients with sPD-1low/sPD-L1high levels and the other patients among individuals with head and neck cancer (A, D), urothelial cancer (B, E), or renal cell cancer (C, F).







4 Discussion

As far as we are aware, the present study is the first to comprehensively assess pretreatment sPD-1 and sPD-L1 levels across a broad range of advanced cancer types for patients treated with a PD-1 antibody. A notable feature of our study is the use of the HISCL system, a fully automated immunoassay with a high sensitivity and reproducibility, for measurement of the soluble markers (11, 17). We found that the combination of low sPD-1 and high sPD-L1 concentrations was associated with a shorter PFS and OS for patients with advanced solid tumors treated with nivolumab or pembrolizumab monotherapy.

Soluble PD-L1 in the circulation is thought to be produced as a result of alternative mRNA splicing or proteolytic cleavage of PD-L1 at the cell surface in tumor cells or mature dendric cells (18–20). Previous studies have found that high sPD-L1 levels at baseline were associated with a poor PFS and OS in patients treated with ICIs (10, 21–23). One possible explanation for this negative relation between sPD-L1 levels and ICI efficacy is that sPD-L1 binds to PD-1 on the surface of T lymphocytes and thereby disrupts their activation and induces apoptosis (11, 24, 25). It has also been proposed that sPD-L1 might act competitively with PD-1 antibodies and thereby attenuate their pharmacological action (26). In the present study, patients with sPD-L1high levels tended to have a shorter OS, consistent with previous results. However, we considered that sPD-L1 alone was not sufficient for robust prediction of the outcome of PD-1 blockade therapy, given that we did not detect a difference in PFS between sPD-L1high and sPD-L1low patients.

Soluble PD-1 is thought to be generated primarily by alternative splicing of the PDCD1 gene (27). Although the role of sPD-1 has not been fully elucidated, several preclinical studies have suggested that it promotes the activation of T lymphocytes and enhances the antitumor immune response (11, 28, 29), possibly through suppression of the interaction between PD-1 at the cell surface and its ligands. Clinical studies that have examined the association between sPD-1 levels and survival outcome of immune checkpoint blockade have reported inconsistent findings. A retrospective study of metastatic NSCLC patients treated with nivolumab found that high baseline sPD-1 levels were associated with a shorter PFS in univariable analysis (30). Another study reported that pretreatment sPD-1 levels were not related to either PFS or OS for advanced NSCLC patients treated with ICIs either alone or together with cytotoxic chemotherapy (31). In a study of patients with advanced melanoma, an increase in the sPD-1 concentration after the onset of treatment was a strong individual predictor of a better PFS for nivolumab plus ipilimumab, an antibody to cytotoxic T lymphocyte–associated protein–4 (CTLA-4), implicating sPD-1 in the activation of CD8+ T lymphocytes and the antitumor immune response (32). High sPD-1 levels might be a negative predictor for PD-1 blockade therapy if sPD-1 acts as a decoy for PD-1 antibodies and thereby attenuates their action in the TME. However, elevated sPD-1 levels might also be considered a favorable factor for ICI treatment if sPD-1 inhibits the interaction between PD-1 and PD-L1 (11, 28–30). Further preclinical investigation is warranted to determine the influence of sPD-1 in the TME and its interaction with ICIs. We here found that sPD-L1high levels were significantly associated with a poor PFS only in sPD-1low patients, suggesting that a favorable effect of sPD-1high levels on antitumor immunity might attenuate a negative impact of sPD-L1high levels on CD8+ T lymphocyte activation. A recent study showed that a low sPD-1/sPD-L1 ratio at baseline was associated with a shorter OS in comparison with a high sPD-1/sPD-L1 ratio in patients with advanced melanoma treated with nivolumab or pembrolizumab (33), consistent with our present results.

We found that the sPD-1low/sPD-L1high combination was independently associated with shorter OS as well as shorter PFS after adjustment for confounding factors in our multivariable model. In the uni- and multivariable analyses, we treated cancer types as explanatory variables, given that our study targeted a variety of advanced solid tumors. Our findings thus suggest that the sPD-1low/sPD-L1high combination is a promising candidate for a biomarker associated with poor efficacy of PD-1 blockade therapy across cancer types.

There are several limitations to our retrospective study. First, it lacked a validation cohort to confirm the adequacy of the selected cutoff values for sPD-1 and sPD-L1 levels. Second, it lacked a control patient group treated with chemotherapeutic or molecularly targeted agents with different mechanisms of action from ICIs, making it difficult to determine whether our observations are specific to PD-1 antibodies. The study subjects also did not receive ICI treatment other than PD-1 antibody monotherapy. Given that combinations of PD-1 or PD-L1 antibodies with a CTLA-4 antibody, or of chemotherapy with immunotherapy, have recently become important treatment options for several advanced malignancies, additional investigation is warranted to assess the relation between sPD-1low/sPD-L1high levels and the efficacy of these combination therapies in the front line. Third, the aim of this study was to explore the overall trends of sPD-1 and sPD-L1 across a broad range of cancer types, and the sample size was insufficient to permit a detailed analysis on the specific cancer types under consideration.

In conclusion, our findings suggest that the combination of low sPD-1 and high sPD-L1 levels at baseline is a potential negative biomarker of PFS and OS for PD-1 antibody monotherapy in a variety of cancer types. Prospective evaluation will be needed to validate and confirm our observations.
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Background

Exploring the immune interface of follicular cell-derived thyroid cancer has prognostic and therapeutic potential. The available literature is lacking for comprehensive immunophenotyping in relation to clinical outcomes. In this study, we identify circulating immunophenotypes associated with thyroid cancer prognosis.





Methods

We conducted a pilot observational study of adults with follicular cell-derived thyroid cancer who underwent surgery at our tertiary care referral center and had consented for flow cytometry on peripheral blood collected at the time of thyroidectomy.





Results

Of the 32 included subjects, 20 (62%) had well differentiated, 5 (16%) had poorly differentiated, and 7 (22%) had anaplastic thyroid cancer. The most frequent AJCC stage was 4 (59%) and the ATA risk of recurrence category was high (56%). Patients with AJCC stage 3/4 demonstrated fewer circulating mononuclear cells (CD45+), more monocytes (CD14+), fewer total lymphocytes (CD14-), fewer T cells (CD3+), fewer CD4+ T cells, fewer gamma-delta T cells, fewer natural killer (NK) T-like cells, more myeloid-derived suppressor cells (MDSCs; Lin-CD33+HLADR-), and more effector memory T cells but similar CD8+ T cells compared to stage1/2. Immunophenotype comparisons by ATA risk stratification and course of thyroid cancer were comparable to those observed for stage, except for significant differences in memory T cell subtypes. The median follow-up was 58 months.





Conclusions

Aggressive follicular cell-derived thyroid cancer either at presentation or during follow-up is associated with down-regulation of the T cell populations specifically CD4+ T cells, gamma-delta T cells, and NK T-like cells but up-regulation of MDSCs and altered memory T cells. These immunophenotypes are potential prognostic biomarkers supporting future investigation for developing targeted immunotherapies against advanced thyroid cancer.
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Background

The incidence of thyroid cancer has been steadily increasing. Follicular cell-derived differentiated thyroid cancers have a favorable prognosis with conventional treatment including thyroidectomy with or without radioactive iodine. However, at least 10% of patients develop radioactive iodine-refractory metastases to lung, bone, and other sites. In such cases, 5-year survival can be a dismal 15.3% (1). While aggressive multi-modality approaches and tyrosine kinase inhibitors have demonstrated improved outcomes, such therapies have toxicities and usually partial responses (2, 3). This has led to the exploration of immunotherapies for advanced thyroid cancer and stimulated an interest in understanding the effect of the immune system on thyroid cancer. The ligand for immune checkpoint programmed cell death protein 1 (PD-1) has been demonstrated on malignant thyroid cells (4, 5), thus leading to the trial of PD-1 inhibitors in anaplastic thyroid cancer (6). However, the effect of these therapies on advanced thyroid cancer has been unpredictable or poor (7). This could be due to the resurgence of an immunosuppressive tumor microenvironment as shown in a murine model of thyroid cancer (8).

The association between immune-mediated inflammation and follicular cell-derived thyroid cancer has been reported (9) as evidenced by a mixture of cytokines, chemokines, and immune cells in the tumor microenvironment. While an association between autoimmune thyroid disease and thyroid cancer has been reported in a database study (10), the impact of chronic lymphocytic thyroiditis on thyroid cancer prognosis remains unclear (11–14). To address this issue, studies have identified the increased immune suppressor cells, regulatory T cells (Tregs) (15), PD1+ T cells (15), myeloid-derived suppressor cells (MDSCs) (16), in circulation, and infiltrating the tumor of pathologically aggressive differentiated thyroid cancer (5, 17–19), while the association with effector CD8+ T cells has been mixed (20, 21). However, comprehensive examination of the relationship between circulating immunophenotypes and clinicopathologic outcomes in thyroid cancer patients remains limited. Our group has previously identified circulating immune cell profiles in thyroiditis caused by immune checkpoint inhibitors (ICIs) (22), as well as healthy and other malignancy patients (23, 24); and more immune activator T cell subpopulations in the thyroid glands of patients developing PD-1/PD-L1 inhibitor-induced thyroiditis (25). These studies highlight our ability to comprehensively analyze immunophenotypes in relation to clinically key factors. Based on the available literature and our previous work, we hypothesized that the circulating leukocyte populations, specifically suppressor (Tregs, MDSCs, effector memory T cells) and effector cells (CD4+ T cells, CD8+ T cells, gamma-delta T cells, NK cells, central memory T cells), in patients with high-risk thyroid cancer would be different from those in low-risk thyroid cancer. Hence, we aimed to identify immunophenotypes associated with follicular cell-derived thyroid cancer prognosis to recognize patients with aggressive thyroid cancer that could benefit from personalized management including novel immunotherapies.





Materials and methods




Study population and patient samples

We performed an institutional review board–approved pilot prospective cohort study of 32 adults with follicular cell-derived thyroid cancer who underwent initial or subsequent surgical management at a tertiary care cancer center. Informed consent was obtained from each participant and the research was completed in accordance with the Declaration of Helsinki as revised in 2013. We excluded patients with medullary thyroid cancer. Peripheral blood was collected at the time of surgery in tubes containing K2EDTA anticoagulant. The electronic medical record was utilized to gather clinical, radiographic, laboratory, and pathologic data.





Outcomes

Participants were categorized into low, intermediate, and high risk for recurrence groups according to the 2015 revised American Thyroid Association (ATA) guidelines (26); into tumor node metastasis (TNM) stage 1, 2, 3 or 4 according to the 8th American Joint Committee on Cancer (AJCC) edition (27); and according to the presence or absence of loco-regional and distant recurrence or progression during follow-up. Circulating immunophenotypes were compared among each of these groups.





Flow cytometry of peripheral blood

This was performed using a 10-color flow cytometer panel of antibodies for quantification of all major leukocyte populations (Supplementary Table 1) as previously published (22–25). Samples were run on the Beckman Coulter Gallios 3-laser, 10-color flow cytometer that was calibrated per the manufacturer’s recommendations each day of use. List mode data (LMD) files were analyzed using Kaluza software version 1.2. Leukocyte populations of interest were colored by the representative gate or “backgated” using histograms of selected stained cell populations. Kaluza software was used to create radar plots. Leukocytes were quantified as: Cell count/microL = count (“Phenotype”) X (Flow-Count Flourospheres/microL)/count. This allowed quantification of the absolute number and percentage of immune cells. The gating strategy is demonstrated in Figure 1.




Figure 1 | Peripheral blood immunophenotyping via flow cytometry demonstrating dot plots in a patient with AJCC TNM stage 4 and ATA high-risk follicular cell-derived thyroid cancer.







Statistical analyses

Descriptive statistics were used to determine mean and standard deviation or median and range for continuous variables, and number and percentage for categorical variables. Comparisons of immune cells between different cohorts were evaluated for statistical significance via the student t-test. A p-value <0.05 was used to classify statistically significant, and a p-value <0.001 to classify highly statistically significant differences. All graphical representations and statistical analyses were performed in Prism 9.4.0 (GraphPad, San Diego, CA).






Results




Characteristics of thyroid cancer patients

In this cohort of 32 adult follicular cell-derived thyroid cancer patients followed for a median of 57.7 months from initial thyroid cancer surgery, the median age was 58 years (range 32, 85), all were non-Hispanic Caucasian, and 47% were females. Thyroid cancer was well-differentiated in 20 (62%), poorly differentiated in 5 (16%) and anaplastic in 7 (22%). The most frequent AJCC stage was 4 (59%) and ATA risk of recurrence category was high in 18 (56%). Radioactive iodine (RAI) treatment was provided to 17 patients, and tyrosine kinase inhibitor (TKI) to 6 patients after the initial thyroid cancer surgery and blood draw for flow cytometry. The median overall survival was 20 years. The mortality rate was 19%, of which four had distant metastasis at presentation while the other two had distant spread during follow-up (Table 1). Due to few patients with ATA low risk cancer (n=4), we combined those with ATA low and intermediate risk when comparing immunophenotypes to high ATA risk group.


Table 1 | Demographic and clinical characteristics of 32 adult patients with follicular cell-derived thyroid cancer that underwent immunophenotyping by peripheral blood flow cytometry.







Circulating immunophenotype comparisons by AJCC stage of thyroid cancer

On immunophenotyping in the T cell, B cell, and NK cell panel, patients with AJCC stage 3/4 demonstrated overall fewer circulating mononuclear cells (CD45+) as compared to stage 1/2 (2210 vs. 2855 cells/microL; p=0.04). They also had more monocytes (CD14+) (579 cells/microL vs. 442 cells/microL; p=0.04) but fewer total lymphocytes (CD14-) (1632 cells/microL vs. 2413 cells/microL; p=0.01). Within the lymphocyte compartment, differences in lymphocyte populations were specific to the T cell compartment. Patients with stage 3/4 demonstrated fewer T cells (CD3+) (1111 cells/microL vs. 1770 cells/microL; p=0.007). In sub-populations of T cells, they exhibited fewer CD4+ T cells (646 cells/microL vs. 1165 cells/microL; p=0.002) gamma-delta T cells (40.8 cells/microL vs. 124 cells/microL; p=0.007) and natural killer (NK) T-like cells (CD3+CD56+) (3.43 cells/microL vs. 38.2 cells/microL; p=0.009), but there were no differences in CD8+ T cells or NK cells when compared to stage 1/2 (Figures 2A, B).




Figure 2 | Peripheral blood immunophenotyping via flow cytometry comparing patients with AJCC TNM stages 3 and 4 versus stages 1 and 2 follicular cell-derived thyroid cancer. (A) shows immunophenotyping in the T cell, B cell and NK cell panel. (B) shows the NK T-like and gamma delta subpopulations of T cells. (C) shows further subtyping of T cells to characterize T regs and memory T cells. (D) shows MDSCs. *p<0.05; **p<0.01. NK cell: natural killer cell; Treg: T regulatory cell; MDSC: myeloid-derived suppressor cell.



Upon further subtyping of T cells, there was a trend towards more Tregs (CD4+CD25hiCD127lo) among patients with AJCC stage 3/4 as compared to stage 1/2, but the difference was not statistically significant (p=0.06). We observed more circulating CD4+ effector memory T cells (CD4+CD45RO+CD62L-CCR7-) (23.9% vs. 9.7%; p=0.009) and CD8+ effector memory T cells (CD8+CD45RO+CD62L-CCR7-) (58.5% vs. 40.7%; p=0.02), but fewer CD4+ central memory T cells (CD4+CD45RO+CD62L+CCR7+) (49.6 vs. 69.5; p=0.002) and CD8+ central memory T cells (CD8+CD45RO+CD62L+CCR7+) in patients with stage 3/4 versus stage 1/2 disease (Figure 2C).

Stage 3/4 thyroid cancer patients also had more circulating myeloid-derived suppressor cells (MDSCs; Lin-CD33+HLADR-) as subset of mononuclear cells (2.63% vs. 1.54%; p=0.02) compared with stage1/2 (Figure 2D).





Circulating immunophenotype comparisons by ATA risk stratification of thyroid cancer

On immunophenotyping in the T cell, B cell, and NK cell panel, patients with ATA high-risk thyroid cancer demonstrated overall fewer circulating mononuclear cells (CD45+) compared with ATA low/intermediate risk. They also had fewer total lymphocytes, and within the lymphocyte compartment, fewer T cells (CD3+) but no difference in B cells (CD19+). They also had fewer CD4+ T cells and gamma-delta T cells, but there were no differences in CD8+ T cells or NK cells compared with ATA low/intermediate-risk (Figures 3A, B).




Figure 3 | Peripheral blood immunophenotyping via flow cytometry comparing patients with ATA high-risk versus low/intermediate-risk of recurrence follicular cell-derived thyroid cancer. (A) shows immunophenotyping in the T cell, B cell and NK cell panel. (B) shows gamma delta subpopulation of T cells. (C) shows further subtyping of T cells to characterize T regs and memory T cells. *p<0.05; **p<0.01. NK cell: natural killer cell; Treg: T regulatory cell.



Upon further subtyping of T cells, there was a trend towards more Tregs (CD4+CD25hiCD127lo) among patients with ATA high compared to ATA low/intermediate risk, but the difference was not statistically significant (p=0.06). We observed more circulating CD4+ memory T cells (CD4+CD45RO+) (65.9% vs. 53.1%; p=0.03) and a non-significant trend for more CD8+ memory T cells (CD8+CD45RO+) (45.5% vs. 36.1%; p=0.06), but fewer CD4+ naive T cells (CD4+CD45RA+) (25% vs. 36.4%; p=0.014) and CD8+ naive T cells (CD8+CD45RA+) (50.1% vs. 61.4%; p=0.03) in ATA high-risk compared with ATA low/intermediate-risk patients (Figure 3C). There was a trend towards more MDSCs in ATA high-risk patients, but the difference was not statistically significant.





Circulating immunophenotype comparisons by course of thyroid cancer

During median follow-up of 57.7 years since initial thyroid cancer surgery, 21 patients demonstrated distant spread, of which 14 patients already had distant metastases during initial presentation. Due to the small sample of 6 patients that developed new distant metastases during follow-up, we compared 21 patients with any distant spread to 11 patients who had no evidence of disease or locoregional stable disease during this follow-up duration (Table 1). On immunophenotyping in the T cell, B cell, and NK cell panel, patients who demonstrated distant metastases during their disease course demonstrated overall fewer circulating mononuclear cells (CD45+) compared to those who had no evidence of disease or locoregional stable disease. They also had fewer total lymphocytes, and within the lymphocyte compartment, fewer T cells (CD3+) but no difference in B cells (CD19+). They had fewer CD4+ T cells and gamma-delta T cells, but there were no differences in CD8+ T cells or NK cells when compared to those with no evidence of disease or locoregional stable disease (Figures 4A, B).




Figure 4 | Peripheral blood immunophenotyping via flow cytometry comparing patients with distant metastases versus no recurrence or only loco-regional disease during follow-up follicular cell-derived thyroid cancer. *p<0.05; **p<0.01. (A) shows immunophenotyping in the T cell, B cell and NK cell panel. (B) gamma delta subpopulation of T cells. (C) shows further subtyping of T cells to characterize T regs and memory T cells. *p<0.05; **p<0.01. NK cell: natural killer cell; Treg: T regulatory cell.



Upon further subtyping of T cells, there was a trend towards more Tregs (CD4+CD25hiCD127lo) among patients who developed distant metastases during their disease course compared with those who had no evidence of disease or locoregional stable disease, but the difference was not statistically significant (p=0.06). We also observed more circulating CD4+ memory T cells (CD4+CD45RO+) (64.4% vs. 51.3%; p=0.03) but fewer CD4+ naive T cells (CD4+CD45RA+) (26.3% vs. 37.9%; p=0.02) in patients who developed distant metastases during their disease course compared with those who had no evidence of disease or locoregional stable disease (Figure 4C). There was a trend towards more MDSCs in these patients, but the difference was not statistically significant.





Additional circulating immunophenotype comparisons

There were no significant differences in the circulating immunophenotypes between patients treated when comparing patients based on age (55 years as cut-off), sex (male versus female), RAI treatment status (17 received versus the rest), TKI treatment status (6 received versus the rest). However, our sample of 32 subjects is not large enough to provide adequately powered conclusions from these negative results.






Discussion

In this study of 32 adults with follicular cell-derived thyroid cancer, we demonstrated that circulating immunophenotypes serve as prognostic biomarkers. Overall, aggressive thyroid cancer at presentation or during follow-up was characterized by more immune suppressor cells (MDSCs and trend for Tregs) but fewer immune effector cells (CD4+ T cells, gamma-delta T cells and NK T-like cells) and altered memory T cell subtypes compared to less aggressive thyroid cancer. The immunophenotypes were not different based on sex or age of the patients. These findings prove our hypothesis that suppressor circulating immunophenotypes and altered T cell signaling portend a worse thyroid cancer prognosis.

Upon initial analysis, there was a down-regulation of T cell populations specifically in the CD4+ T cell compartment in patients with aggressive thyroid cancer defined as: i) AJCC TNM stage 3 or 4, ii) high risk of recurrence by ATA criteria, or iii) demonstrating distant metastases during follow-up. Available literature evaluating the presence of chronic lymphocytic thyroiditis in the tumor microenvironment without further identifying the specific cell types has demonstrated contradictory results in terms of its association with prognosis (11–14). Hence, we performed a more in-depth analysis of subsets of T cells and NK cells. There are conflicting data regarding the role of CD8+ cytotoxic T cells with one study demonstrating good (20) while another poor prognosis (21). In our study, the lower ratio of CD4/CD8, with significantly fewer CD4+ T cells but no significant difference in CD8+ T cells in patients with more aggressive disease supports the role of CD4+ cytotoxic and helper T cells in mediating immune response against cancer cells.

The lower number of circulating gamma-delta T cells in those with more aggressive thyroid cancer has not been reported in previous thyroid cancer studies of either the tumor microenvironment or peripheral blood. T lymphocytes expressing the gamma-delta form of the T-cell receptor are a distinct functional class whose physiologic role is not completely understood. Their activation results in cell proliferation, proinflammatory cytokine and chemokine secretion, and alteration of cell surface phenotypes (28). It has been postulated that they contribute more to immunoregulation and tissue repair than to immunoprotection (29). They contribute to the pathogenesis of autoimmune disorders, including autoimmune (Hashimoto’s) thyroiditis (30). In addition, they have demonstrated an anti-tumor role via their antigen-presenting cell-like effects in gastric cancer (31) but to our knowledge, have not been evaluated in thyroid cancer. This significant finding of our study supports the hypothesis that the immune suppressor phenotype is associated with thyroid cancer aggressiveness. These cells should be investigated for avenues of immune upregulation.

Another important focus of our study was to identify MDSCs, which were significantly higher in those with stage 3 and 4 thyroid cancer and there was also a similar but non-significant trend in those with ATA high-risk and distant metastases on follow-up. MDSCs are a heterogeneous cell population that suppresses T cell and NK cell function. They arise from myeloid progenitor cells that do not differentiate into mature dendritic cells, granulocytes, or macrophages (32–34). They play a major role in immune evasion and tumor progression, however, a clear consensus on which phenotypes are most relevant in cancer patients has not been reached (34). Studies have demonstrated their immunosuppressive role in cancers including squamous head and neck cancer (35), breast cancer, and non-small cell lung cancer (36). We identified these cells as CD33+ and lineage negative (Lin-) meaning CD3-, CD14-, CD19-, and CD57- like previous studies (36). To our knowledge, only one study has evaluated circulating MDSCs in thyroid cancer patients demonstrating their association with clinicopathologically advanced thyroid cancer (16). Our results validate these findings suggesting that MDSCs are novel biomarkers for predicting aggressiveness of thyroid cancer at diagnosis and should be investigated as therapeutic targets in advanced thyroid cancer.

Tregs (CD4+CD25hiCD127lo) inhibit the anti-tumor response by producing IL-10 and expressing immune checkpoints CTLA-4 and PD-1, hence higher number of these cells in the circulation is associated with more aggressive thyroid cancer (15). The same study showed that PD-1+ T cells (15) were also elevated in more aggressive thyroid cancer. In our study, there was a trend towards more Tregs among patients with AJCC stage 3/4, ATA high-risk, and those that developed distant metastases, but the difference was not statistically significant. Due to the limited sample size, we cannot conclude if Tregs are associated with aggressive thyroid cancer or not. However, our findings support further investigation of their role in a larger cohort of thyroid cancer patients because they could be a potential target for immunotherapy that functions in an antagonistic manner.

In the literature, certain immunoregulatory subtypes of NK cells (CD3-CD16-CD56+)are reported to be associated with pathologically aggressive thyroid cancer (37), however, the main immune effector subtype of NK cells have been shown to clear cancerous cells with low MHC expression. We did not find significant differences in NK cells between the thyroid cancer subgroups; however, this could be a limitation of our sample size and characteristics. The NK T-like cells (CD3+CD56+) combine the characteristics of T (CD3+) and NK (CD56+) cells. The exact pathophysiological role of these cells remains unknown although literature has reported on their effector role in autoimmune diseases (38), and cytotoxic role against infectious diseases (39) and cancer (40, 41). They are reduced in circulation in patients with metastatic as compared to non-metastatic colorectal cancer (42) but have not been investigated in thyroid cancer. Their ability to clear cancerous cells with low MHC expression supports our investigation of their role in thyroid cancer. In our study, NK T-like cells were reduced in patients with advanced clinicopathologic thyroid cancer suggesting their cytotoxic role against tumor cells. Future studies should investigate ways for upregulating these cells as a novel form of therapy against advanced cancer.

In our study, advanced stage (III/IV) thyroid cancer at presentation was characterized by more effector memory T cells but fewer central memory T cells. These differences in subtypes of memory T cells were not significant when comparing by ATA risk or course during follow-up, but in general, there were more memory T cells and fewer naïve T cells in ATA high risk compared to low/intermediate risk and among patients who developed distant metastases during their disease course compared with those who had no evidence of disease or locoregional stable disease. Since central memory T cells express the chemokine receptor CCR7, they traffic to lymph nodes and interact with dendritic cells. Effector memory T cells lacking CCR7 expression migrate to areas of inflamed tissue and display immediate effector function (43, 44). Studies have shown that in chronic infectious processes, there is a gradual shift in the composition of the memory T cell pool from an effector to a central memory phenotype (45, 46). Effector memory cells present an immediate, but not sustained, defense at pathogen sites of entry, whereas central memory T cells sustain the response by proliferating in the secondary lymphoid organs and producing a supply of new effectors (47–49) In addition, effector memory T cells are less efficient than central memory T cells at mediating recall responses in terms of proliferation and accumulation at inflammatory sites (46, 50). Hence, even though not definitively certain, the differences in these memory T cells observed in our study are consistent with the immune suppressor phenotype observed in aggressive thyroid cancer. CCR7 expression has been shown to be lower in poorly differentiated compared with differentiated thyroid cancer (51) which fits with more effector memory T cells (less CCR7) in advanced stages of thyroid cancer in our study. While previous studies have evaluated pathological aggressiveness, our study is novel in investigating this in a cohort predominantly comprised of differentiated thyroid cancer patients with adequate follow-up. Our results suggest that T cell trafficking is altered in advanced stages of thyroid cancer, thus shedding light on both the biology and potentially prognostic applications.

Our study is limited by its small sample size which precludes comparing immunophenotype differences between several types of follicular cell-derived thyroid cancer, stage 3 and 4 patients, and ATA intermediate and high-risk patients. The overall few events of distant progression do not allow us to evaluate the relationship between time to cancer progression and various immune phenotypes in this study. All patients being non-Hispanic Caucasian prevented us from analyzing differences by race or ethnicity. Additionally, the lack of significant differences in circulating immunophenotypes based on treatment with RAI or TKI, and lack of significant differences in Tregs or NK cells between various clinicopathologic subgroups could be due to inadequately powered sample size, hence should not be inferred as definitive lack of difference. Importantly, circulating immune phenotypes may not reflect the in-situ tumor microenvironment, including spatial relationships among immune cells. Tumor-associated macrophages are associated with poor outcomes such as lymph node metastases (52), larger tumor size (53) and reduced survival (54, 55), but are not enough in circulation to perform comparisons, hence these and other tumor-infiltrating immune cells should be the focus of further research on tumor and tumor-adjacent tissue to characterize the thyroid cancer tumor microenvironment. Also, we did not perform an investigation of intracellular factors or functionality of immune cells in our study, did not serially analyze the immunophenotypes over the course of disease or compare them to inflammatory thyroid diseases. The heterogeneity in our results and the overlap in immunophenotypes between the compared groups despite significant differences are also limitations. Hence, future studies with larger cohorts of thyroid cancer patients are required to investigate these important factors in thyroid cancer prognostication. Our pilot study’s strengths include its prospective nature, comprehensiveness of immunophenotyping, evaluation of clinically important outcomes, being the first to demonstrate fewer gamma-delta T cells and NK T-like cells, and only the second to demonstrate more circulating MDSCs amongst patients with advanced thyroid cancer. These findings provide a strong basis for further investigation into the immune phenotypes in circulation and tumor microenvironment in a larger cohort of patients with thyroid cancer.

In conclusion, we have demonstrated that aggressive follicular cell-derived thyroid cancer either at presentation or during the disease course is associated with circulating suppressor immunophenotypes characterized by fewer CD4+ T cells, gamma-delta T cells, and NK T-like cells but more MDSCs; and altered memory T cell subtypes. These immunophenotypes serve as prognostic biomarkers for advanced thyroid cancer. Future studies with larger cohorts should evaluate the changes in circulating and tumor-infiltrating immunophenotypes with thyroid cancer progression and investigate the role of immunotherapies antagonistic to MDSCs and Tregs while upregulating NK T-like and gamma-delta T cells as well as influencing T cell signaling in advanced thyroid cancer.
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Background

The effect of chemoradiation on the anti-cancer immune response is being increasingly acknowledged; however, its clinical implications in treatment responses are yet to be fully understood. Human papillomavirus (HPV)-driven malignancies express viral oncogenic proteins which may serve as tumor-specific antigens and represent ideal candidates for monitoring the peripheral T-cell receptor (TCR) changes secondary to chemoradiotherapy (CRT).





Methods

We performed intra-tumoral and pre- and post-treatment peripheral TCR sequencing in a cohort of patients with locally-advanced HPV16-positive cancers treated with CRT. An in silico computational pipeline was used to cluster TCR repertoire based on epitope-specificity and to predict affinity between these clusters and HPV16-derived epitopes.





Results

Intra-tumoral repertoire diversity, intra-tumoral and post-treatment peripheral CDR3β similarity clustering were predictive of response. In responders, CRT triggered an increase peripheral TCR clonality and clonal relatedness. Post-treatment expansion of baseline peripheral dominant TCRs was associated with response. Responders showed more baseline clustered structures of TCRs maintained post-treatment and displayed significantly more maintained clustered structures. When applying clustering by TCR-specificity methods, responders displayed a higher proportion of intra-tumoral TCRs predicted to recognise HPV16 peptides.





Conclusions

Baseline TCR characteristics and changes in the peripheral T-cell clones triggered by CRT are associated with treatment outcome. Maintenance and boosting of pre-existing clonotypes are key elements of an effective anti-cancer immune response driven by CRT, supporting a paradigm in which the immune system plays a central role in the success of CRT in current standard-of-care protocols.
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1 Introduction

Chemoradiotherapy (CRT) is the cornerstone of treatment for locally-advanced malignancies related to human papillomavirus (HPV) infection, including head and neck squamous cell (HNSCC), anal squamous cell (ASCC) and cervical carcinomas (CC). Despite being a highly effective therapy for most patients, around 15 to 25% of those diagnosed with locoregionally advanced disease will relapse within 5 years of treatment (1–3). Increasing evidence suggests that CRT plays a role in the anti-cancer immune response, promoting a number of anti-tumor immune mechanisms such as improved antigen cross-presentation, increased type I interferon release, enhanced expression of major histocompatibility complex (MHC) class I on tumor cells, recruitment and maturation of dendritic cells, promotion of the infiltration of lymphocytes into the tumor and augmentation of cytotoxic T cell activation (4, 5). However, whether these processes have any clinical relevance in the response to CRT remains unclear. Several studies have investigated intra-tumoral and peripheral adaptive responses to immunotherapy, but there is a dearth of similar studies in the context of CRT (6–11).

T-cell receptor (TCR) sequencing has emerged as a powerful new method in the analysis of the host-tumor interaction, which partially enables the characterization of the dynamics of the adaptive anti-cancer immune response (12, 13). We hypothesized that, since anti-cancer immune responses, including those promoted by radiotherapy, can mirror normal defensive responses to pathogens, it might be possible to study patient responses to CRT by monitoring peripheral T-cell clonal dynamics during treatment (14). In this study, we used HPV16-driven cancers diagnosed at a locally-advanced stage and treated with curative-intent standard-of-care CRT as a model for investigating TCR metrics and dynamics that may be linked with patient response.

HPV-related malignancies are distinguished by the expression of viral oncoproteins, such as E2, E5, E6 and E7, which can serve as tumor-specific antigens (15–18). Within the different high-risk HPV subtypes, HPV16 is the most frequently associated with oropharyngeal (85%), cervical (55%) and anal carcinomas (90%) (19–21). Given the favorable prognosis associated with HPV-positive HNSCC, the concept of de-escalation strategies has been developed to reduce treatment-related long-term toxicities whilst maintaining excellent survival outcomes (22). However, there is mounting evidence that HPV-positive tumors are not uniform and that differences in the phenotype and immune response between distinct HPV-driven tumors subtypes have an impact on prognosis and survival, suggesting that different treatment approaches might be required (23, 24). Taking this into consideration, anti-PD-1/PDL-1 based therapies and therapeutic HPV vaccination in the neoadjuvant and adjuvant setting for HPV-mediated cancers have attracted research attention with the aim of improving responses to CRT (25). Nevertheless, published results of Phase III randomized trials tell a cautionary tale of treatment de-escalation, and negative results from Phase III randomized trials of anti-PD-1/PDL-1 based therapies in the concurrent and/or adjuvant setting, ultimately highlight the importance of further investigation into the effect of CRT on antigen-specific immune responses (26, 27).

In the current study, we set out to sequence the T-cell complementarity-determining region 3 of the β-chain (CDR3β) in both the pre-treatment tumor-infiltrating lymphocytes (TILs) and pre- and post-treatment peripheral blood mononuclear cells (PBMCs) among a cohort of patients with HPV-related cancers treated with standard-of-care radical CRT. We characterized the diversity, clonality and degree of sequence similarity of the TCR repertoire and looked for associations between different metrics and response to CRT. In addition, we performed in silico antigen-specificity clustering and bioinformatically tested for affinity between HPV16-derived antigens predicted to be presented according to the individual MHC complex of each patient and these clusters. Overall, the approach of TCR profiling presented here enables a comprehensive analysis of the T-cell repertoire and the identification of some relevant determinants of response to CRT. Our results identify several repertoire features which associate the response to therapy. These features provide further biological understanding of the anti-cancer T-cell immune responses in HPV-driven malignancies and may lead to improved selection of patients for de-escalation strategies or intensification with adjuvant immunotherapy.




2 Materials and methods



2.1 Study design

CCR4157 is a single-arm, translational, sample collection study of standard-of-care CRT in locally-advanced HPV-positive malignancies including HNSCC, ASCC and CC. Informed consent was obtained from all eligible patients with stage III/IVB HNSCC, stage II/IIIB (AJCC 2007) ASCC and stage IIB/IVA (FIGO) CC. Institutional board and ethics committee (ref. no. 14/NE/1055) approved the study. In all cases, radiotherapy was delivered using simultaneous integrated boost-IMRT technique. All HNSCC patients were treated with doses of 65 Gy in 30 fractions (2.17 Gy/fraction) to the primary target and doses to the elective target were 54 Gy in 30 fractions (1.8 Gy/fraction) over 6 weeks. All HNSCC patients received concurrent cisplatin 100 mg/m2 days 1 and 29). Radiotherapy for CC patients included external beam radiotherapy (total dose of 45 Gy in 28 fractions and boost to the involved nodes to total dose of 55-57 Gy) followed by intrauterine brachytherapy treatment to a total combined dose > 85 Gy EQD2. CC patients received weekly cisplatin (40 mg/m2). Radiotherapy for the ASCC cohort was planned as per UK IMRT anal cancer guidelines and prescribed to a total dose of 53.2 Gy (50.4 Gy for stage II disease) to the primary disease, 50.4 Gy to the affected lymph nodes and 40 Gy to elective volume, administered in 28 days over 38 days. All patients diagnosed with ASCC received concurrent mitomycin C 12 mg/m2 on day 1 and oral capecitabine 825 mg/m2 BID on each radiotherapy day. At 12 weeks, response following treatment was assessed by clinical examination and 18F-FDG PET-CT. Residual or equivocal uptake at primary and distant sites was confirmed with a biopsy.

Patients were classified as responders if they achieved a complete response (CR) in 18F-FDG PET-CT 12 weeks following completion of radical CRT and there was no evidence of relapse within the next 5 years after treatment. Patients were considered non-responders if the 18F-FDG PET-CT showed evidence of local and/or regional residual disease or progressive disease (which was subsequently histologically confirmed) and/or the patient showed histologically confirmed evidence of local, regional or distant relapse within the first year after completion of radical CRT. Patient with local, regional, or distant relapse within 2 to 5 years following completion of CRT were excluded from this sub-analysis.

Sample estimation was based on the hypothesis that both groups (responders and non-responders) would present a standard deviation (SD) in the clonality (1-normalised Shannon Index) of 0.4 and that the study would be able to detect a difference of 0.6 in the mean clonality values. This assumption was based on internal (not previously published) preliminary data of a small cohort of patients not included in this study. The required sample size based on these values was 8 patients for each group with a confidence level of 95%, a power of 80% and a two-sided contrast.




2.2 Sample collection

Tumor tissue was collected via biopsy at baseline. Serial blood samples were collected at baseline (pre-CRT), 6 weeks and 12 weeks following completion of CRT. Twenty milliliters of blood collected in Streck® tubes was centrifuge at 1,600 rpm for 10 min within 3 hours of collection and plasma and buffy coats were isolated and kept frozen at -80°C prior to DNA extraction.




2.3 Nucleic acid extraction

Five 10µm unstained slides and one hematoxylin and eosin-stained slides were obtained from representative formalin fixed paraffin embedded (FFPE) tumor blocks. Experienced pathologists assessed tumor content and suitable areas of tumor were marked for microdissection, if necessary. RNA and DNA were extracted from FFPE tumor blocks using AllPrep DNA/RNA FFPE kit (Qiagen). DNA from peripheral blood mononuclear cells (PBMC) was extracted using QIAamp DNA Blood mini kit (Qiagen) from the buffy coats. Nucleic acid yield and quality were assessed on Qubit Fluorometric quantification (ThermoFisher Scientific) and TapeStation4200 (Agilent).




2.4 HPV detection in tumor, TCR sequencing and HLA typing

P16 INK4A status of tumors was confirmed using immunohistochemistry and all immunohistochemical interpretations were made by consultant histopathologists. Diffuse strong nuclear expression of >70% of tumor nuclei for p16 was considered positive. RNA extracted from FFPE blocks was used for cDNA synthesis using the High-Capacity cDNA Reverse Transcriptase kit (Thermo Fisher). Evidence of HPV16 integration was assessed by detection of E7 expression using methods and primers described previously in a 7500 Sequence detection system (Applied Biosystems, Foster City, CA, USA/Thermo Fisher) (28). Any specimen producing dCt< 13 was consider positive for HPV integration. Detection of HPV16 DNA in tumor was performed using a “HPV16-detect” novel NGS assay with Ion AmpliSeq Designer (ThermoFisher Scientific) as previously described (29).

TCR β-chain sequencing was performed utilizing the genomic DNA extracted from FFPE tumor samples or from buffy coat samples by using Adaptive kit. Sequencing libraries were generated using the ImmunoSEQ kit (Adaptive Biotechnologies) according to the manufacturer’s recommendations. The first round of PCR was carried out using the ImmunoSEQ proprietary PCR primer mix (32 µL per sample containing 25 uL of QIAGEN 2x Multiplex PCR Master Mix, 5µL of QIAGEN 5x Q-solution and 2 µL of primer mix). A positive control reaction, provided in the kit, and a negative control reaction were included with each sample batch. PCR cycling parameters were: heated lid (105°C), 95°C 5 min denaturation step, followed by 21 cycles of 94°C, 30 s denaturation, 65°C, 75 s annealing, and 72°C, 40 s extension; followed by 72°C, 10 min final extension, then hold at 4°C. Amplified libraries were diluted using the DNA suspension buffer (30 µL) provided. A second round of PCR was performed to generate uniquely barcoded sequencing libraries using the barcode primer plate included in the kit (17µL of working mix which include 12.5µL QIAGEN 2x Multiplex PCR master mix, 2.5µL QIAGEN 5x Q-solution and 2µL of QIAGEN RNase-free water; 4 µL of primers from the provided barcode plates and 4 µL of the first PCR product). Second PCR cycling parameters were: heated lid (105°C), 95°C 15 min denaturation step, followed by 21 cycles of 94°C, 30 s denaturation, 68°C, 40 s annealing, and 72°C, 60 s extension; followed by 72°C, 10 min final extension, then hold at 12°C. The quality of the libraries was assessed using Agilent 4200 TapeStation High Sensitivity D1000 Screentape. Samples were pooled volumetrically and purified using MAGBIO HighPrep PCR beads (1x). The final pool was quantitated using a Kapa Library Quantification kit for Illumina. Libraries were sequenced on the Illumina MiSeq System following the manufacturer’s instructions and using MiSeq Reagent Kit v3 (150-cycle) Single-Read. A total of 168 sequencing cycles were performed (Read 1:156 cycles, Read 2: 12 cycles), as recommended in the protocol, adding 5% PhiX. ImmunoSEQ platform was used for TCR identification and CDR3 extraction.

High-resolution HLA typing from genomic DNA extracted from blood was carried out by NGS at VH Bio (UK) for all patients.




2.5 TCR repertoire metrics

The clonality index was estimated for each sample by using the command clonality from the LymphoSeq R package (30). This score is derived from the Shannon entropy, which is calculated from the frequencies of all productive CDR3β sequences divided by the logarithm of the total number of productive sequences. This normalized entropy value is then inverted (1-normalised Shannon index) to produce the clonality metric.

Clonal relatedness was estimated using the “clonalRelatedness” command from the LymphoSeq R package with an edit distance of 3. Morisita index as a statistical method for overlap in a population, was calculated using the repOverlap(method=“morisita”) command from the immunarch package in R (31).

Expanded TCR clonotypes either in tumor or in blood were those present above a threshold of relative frequency of 2/1,000 (corresponding to the top 1% of the empirical TCR frequency distribution). At this threshold, which has been already described in previously published work, the correlation between clonality and proportion pf repertoire occupied by expanded TCRs is very strong and the number of TCRs labelled as expanded is greater than for higher thresholds for which this correlation is also significant (11).

The difference in abundance between pre- and post-treatment peripheral blood was calculated with the Fisher test function in LymphoSeq package in R. This function assumes that the repertoire contains S distinct clones and their proportional abundances in paired samples (sample 1 and sample 2) are given by the multinomial vectors p(1)={p1(1), p2(1), …, pS(1)} and p(2)={p1(2), p2(2), …, pS(2)} with  =1. Supposing that n clones change in abundance between the two timepoints, these clones can be identified with the n element index vector Δ. Next, assuming that the aggregated change of a truly changed TCR abundance is small [i.e.  «1] each observed clone can be independently tested for significance using a two-by-two contingency table and by employing a Fisher exact test to compute the p value for each clone across the two timepoints, against the null hypothesis that the abundance of the clone is identical in the two samples. To identify the set of significantly changed clones between the two timepoints, a positive false discovery rate (FDR) method of Storey is used (32, 33). TCRs with FDR q-values< 0.01 were labelled as statistically significant expanded or contracted.




2.6 CDR3β amino acid clustering

Pairwise similarity between pairs of TCRs was measured on the basis of amino acid triplet sharing. Sharing was quantified using the normalized string kernel function. The kernel is calculated as the number of amino acid triplets (sets of three consecutive amino acids) shared by two CDR3βs, normalized by the number of triplets in each CDR3β being compared. Two TCRs were considered connected if the similarity index was ≥0.7. Per (patient, timepoint) pair, the number of clusters containing an expanded CDR3β was counted.

For the maintained and replaced clustering methods, peripheral baseline expanded clonotypes that were shared with and expanded in tumor were selected and subsequently classified in either maintained or replaced clonotypes. Following this, the clustering was done as explained before using the same similarity index threshold. Per repertoire (maintained or replaced), the number of clonotypes that were part of a cluster at baseline were counted.




2.7 In silico antigen specificity clustering pipeline

The GLIPH version 2 algorithm was implemented for the establishment of T-cell specificity groups using the CDR3β sequences from tumor and peripheral blood at each timepoint and the HLA types (34, 35). The parameters used to run GLIPH2 were local minimum p value of 0.001, p depth of 1000, global convergence cutoff of 1, simulation depth of 1000, kmer minimum depth of 3, local minimum OVE of 10, and accepting all amino acids interchangeable. Briefly, by comparing the input with the reference dataset of 273,920 distinct CDR3β sequences (both CD4 and CD8) from 12 healthy individuals, GLIPH2 first discovered clusters of CDR3β sequences sharing either global or local motifs, as previously described (34). Previously used in a large cohort of non-small cell lung cancer (NSCLC) patients, GLIPH2 algorithm has shown to enable the analysis of shared TCR specificity and HLA prediction (35). The output of GLIPH2 include the CDR3β clusters with shared sequence motifs and is accompanied by multiple statistical measurements to facilitate the calling of high-confidence specificity groups, including biases in Vβ gene usage, CDR3β length distribution (only relevant for local motifs), cluster size, HLA allele usage, and clonal expansion.

A scaled count for each patient in each GLIPH2 convergence group containing sequences from more than 10 samples (n=30,222) was used as input to the UMAP. UMAP analysis was performed using the umap R package. The UMAP parameters that were changed from default were n_neighbours (parameter that control how UMAP balances local versus global structure of the data) was set to 302 (the GLIPH2 converge group count divided by 100) and min_dist (parameter that provide the minimum distance apart that points are allowed to be in the low dimensional representation) set to 0.25. Based on the UMAP components, HDBSCAN was used to cluster the GLIPH2 convergence group (R package hdbscan) with min_cluster_size set to 100 (parameter set to smallest size grouping aimed to consider a cluster) and min_samples set to 0 (lowest conservative threshold as possible for clustering, since the input was previously obtained GLIPH2 convergence groups). For each HDBSCAN cluster, the distributions of the scaled counts were compared between responders and non-responders and across timepoints using a Wilcoxon rank sum test and a signed-rank test, respectively. Any clusters with an FDR q-value of< 0.01 is shown circled in the graph (it is a three SD ellipse, based on all the points in the cluster). Next, we used netMHCpan-4.1 to select those 8-11 mers derived from the HPV16 oncoproteins E2, E5, E6 and E7 that were binders (percentage elution rank<1) according to the HLA type of each patient (36). We used the UMAP clusters output (CDR3β amino acid sequence) and the netMHCpan-4.1 output as the input to run ERGO pipeline and estimate the TCR-epitope binding probability (37). Finally, binding probabilities for each UMAP cluster was compared against those for all other clusters combined using Fisher exact test. Clusters with FDR q-values< 0.01 were labelled as displaying statistically significant higher (if Fisher stat< 1) or lower (of Fisher stat > 1) binding probability compared to the other clusters. GLIPH2, UMAP, HDBSCAN, netMHCpan4.1., ERGO and clustering comparison code are available in github: https://github.com/instituteofcancerresearch/CCR4157.




2.8 Quantification and statistical analysis

Statistical analysis was performed in R and GraphPad Prism 8. We used the T-test two-tailed paired or non-paired (or Mann-Whitney non-parametric test as appropriate when normality was not passed using Shapiro-Wilk test) to test for statistical differences in the mean between two samples. We used one-way ANOVA paired or non-paired (or non-parametric tests as matched Friedman test, as appropriate) to compare means between more than two samples, or two-way ANOVA (or mixed model) for grouped analysis. Significant values were corrected for multiple testing using Sidak’s or Dunn’s correction when appropriate. A p value less than 0.05 was considered significant. TCRβ V and J gene usage comparisons were done using Kruskall-Wallis test with Holm method correction. Data visualization was performed in R and GraphPad Prism 8. All graphs show bars with median and 95% confidence interval (CI).





3 Results



3.1 Cohort overview and patient characteristics

A total of 19 patients were recruited into this sub-study. These included 6 HNSCC, 6 ASCC and 7 CC and patients were classified as responders (n=11) or non-responders (n=8). The median time to relapse for the non-responder group was 192 days following completion of CRT and the average follow-up for the responder group was 5.61 years. Responders included 4 HNSCC, 4 ASCC and 3 CC while non-responders included 2 HNSCC, 2 ASCC and 4 CC (z test p value = 0.6713). Details for all patients are shown in Table 1. Baseline tumor biopsies were available for all patients, baseline blood was available for 18 patients and post-treatment (6 and 12 weeks) blood samples were available for 18 and 19 patients, respectively. All patients were confirmed to be positive for p16INK4A and HPV16 E7 in tumor by immunohistochemistry and detection of HPV16 E7 mRNA and HPV16 DNA with “HPV-detect”, respectively. When testing for HPV18, 31 and 33 DNA, no other HPV subtypes were detected.


Table 1 | Patient characteristics.






3.2 CRT increases the peripheral T-cell clonality, which correlates with response to treatment

Cohort-wide, the median number of unique β-chain transcripts detected in tumor and blood samples was 8,820 and 11,200, respectively. The number of unique PBMC clonotypes was significantly lower at 6- and 12-weeks post-treatment compared to baseline, but no difference was seen between the 6- and 12-week post-treatment repertoire (Figure 1A). On the contrary, the absolute number of peripheral TCRs across timepoints and the proportion of unique clonotypes in relation to the total number of TCRs detected per sample across timepoints were not significantly different (Figures 1B, C). The total number of both, intra-tumoral detected TCRs and unique T-cells were significantly higher in HNSCC compared to CC and ASCC, as expected from a mucosa-associated lymphoid tissue (Supplementary Figures 1A, B). However, the proportion of unique clonotypes in relation to the total number of TCRs retrieved per sample was not significantly different across tumour types (Supplementary Figure 1C). On the other hand, the number of unique clonotypes and detected TCRs in peripheral blood was similar across tumor entities (Supplementary Figures 1D, E). In order to assess potential biases stemming from fluctuation in clonotype number between different timepoints, which might influence the metric employed for the measurement of TCR clonality, the correlation between the 1- (normalized Shannon index) and the unique number of clonotypes was explored. However, no discernible correlation was ascertained between these variables (Supplementary Figure 1F). Thus, this was the metric used to quantify TCR clonality, where low scores correlate with a more diverse repertoire and higher scores with an expansion of dominant TCR clones. Overall, TCR clonality in tumor samples was similar compared to baseline peripheral blood (Figure 1D). Intra-tumoral TCR clonality was similar across the three tumor types (Supplementary Figure 1G) and we only found a significant higher peripheral clonality at baseline in ASCC compared to CC patients (Supplementary Figure 1H). We observed higher baseline intra-tumoral TCR clonality in non-responders compared to responders (Figure 1E), but peripheral TCR clonality was not associated with response at any of the sampled timepoints (Supplementary Figure 1I). The peripheral repertoire clonality significantly increased from baseline after CRT (Figure 1F). However, when patients were split according to response, only responders displayed a significant increase in peripheral TCR clonality 6 weeks post-treatment compared to baseline (Figure 1G). Next, we computed an intra-repertoire similarity score or clonal relatedness as a metric that takes into account sequence similarity without regard for clonal frequency, to evaluate the link between response to CRT and changes in the intra-repertoire peripheral clonotype similarity. We observed that only responders displayed a significant increase in clonal relatedness at 6 weeks compared to baseline (Figure 1H).




Figure 1 | (A) The absolute number of unique peripheral TCR clonotypes are shown for each patient at each timepoint. (B) Absolute number of TCRs detected for each patient at each timepoint. Friedman test (paired samples) with Dunn’s multiple comparisons p values are shown for figures A and B. (C) Proportion of unique clonotypes in relation to total TCRs detected in peripheral repertoire. Mixed-effect analysis with Dunnett’s multiple comparisons p values are shown. (D) The intra-tumoral and baseline peripheral TCR repertoire clonality scores are shown for each patient. Paired t test p value shown. (E) The intra-tumoral TCR repertoire clonality scores are shown for each patient, categorized by response to CRT. Unpaired t test p value shown. (F) The matched peripheral TCR clonality scores are shown for each patient at each timepoint. (G) The peripheral TCR clonality scores are shown for each patient at each timepoint, categorized by response to CRT. (H) The peripheral TCR clonal relatedness scores are shown for each patient at each timepoint, categorized by response to CRT. Mixed-effect analysis with Sidak’s multiple comparisons p values are shown for figures F-H. Graph bars show the median and 95%CI.






3.3 Early post-treatment expansion of previously expanded peripheral baseline clonotypes is associated with response to CRT

We next focused on the proportion of tumor-resident T-cell clones also present in the periphery. We classified CDR3β amino acid sequences as ‘private’ if they were only found in either tumor (TIL-private) or in peripheral blood (PBMC-private), or as ‘migrated’ PBMCs (mi-PBMCs) if they were shared between tumor and peripheral blood. As an example, at baseline, patient HN54 (responder) presented 47,501 unique CDR3β amino acid sequences in bulk PBMCs, 26,660 in TILs and 3,419 migrated sequences (Figure 2A). We computed the absolute number of mi-PBMCs that displayed statistically significant increase (“expansion”) or decrease in frequency (“contraction”) between two timepoints (baseline vs. 6 weeks post-treatment, and 6 vs. 12 weeks) using Fisher exact test with FDR< 0.01. We found that responders displayed a significantly higher absolute number of expanded than contracted mi-PBMCs at 6 weeks, and significantly more contracted than expanded mi-PBMCs at 12 weeks. In contrast, non-responders did not show any statistically significant difference between expanded and contracted mi-PBMCs at any timepoint (Figures 2B, C). In addition, subsequent contraction of previously expanded T-cell clones 12 weeks after completion of treatment was directly associated with response to treatment.




Figure 2 | (A) Representative Venn diagram of a showing CDR3 sequences in PBMCs and TILs for patient HN54 (responder) at baseline. (B, C) Absolute number of expanded and contracted peripheral clonotypes of pre-expanded baseline clonotypes at 6 weeks (B) and 12 weeks (C) are shown for each patient categorized by response. Two-way ANOVA with Sidak’s multiple comparison p values are shown. (D) Clonal relatedness (proportion of CDR3β amino acid sequences that were related by a maximum edit distance of 3) in the PBMC-private, mi-PBMC and TIL-private pools at baseline. (E) Clonality (1-normalised Shannon index) in the PBMC-private, mi-PBMC and TIL-private pools at baseline. One-way ANOVA with Dunnet’s multiple comparisons test p values are shown for figured D and E. (F, G) Comparison of clonal relatedness (maximum edit distance = 3 amino acids) (F) and clonality (1-normalised Shannon index) (G) between the PBMC-private and the mi-PBMC pools at 6 and 12 weeks. Paired t-test p values are shown. (H) T-cell clone frequency in mi-PBMC pool at 6 and 12 weeks. Mixed-effect analysis with Sidak’s multiple comparisons p values are shown. (I) Comparison T cell clone frequency in mi-PBMC pool across timepoints by response. Mixed-effect analysis with Tukey’s multiple comparison corrected p values are shown. Bar graphs show median and 95% CI.






3.4 CRT increases peripheral TCR divergence and repertoire similarity correlates with response

We compared the clonal relatedness of the CDR3β sequences from the mi-PBMCs with the PBMC-private and TIL-private pools. At baseline, the mi-PBMCs displayed more clonal relatedness and higher clonality than both the PBMC-private and TIL-private CDR3β regions (Figures 2D, E), suggesting more TCR convergence and expansion in tumor-associated T cells that have potentially migrated into or from the peripheral blood, than in the bulk PBMC and TIL populations. Moreover, we consistently observed significantly higher CDR3β clonal relatedness and clonality in the mi-PBMC, compared to the PBMC-private pool, at 6 and 12 weeks post-treatment (Figures 2F, G). Next, we followed the mi-PBMC pools for each patient and, when comparing the relative frequency of T-cell clones across timepoints in all patients, we observed a significant increase in the proportion of the peripheral PBMC repertoire occupied by this mi-PBMC pool compared to baseline at 6 weeks and 12 weeks (Figure 2H). Critically however, this increase was only found to be statistically significant in the responder group (Figure 2I). In addition, when we classified patients by response, we only found a significant increase in the clonal relatedness of both the mi- and the private-PBMC pools in the responder group (Supplementary Figure 2A). Given these findings, we calculated the Morisita index as a measure of how similar pre-treatment intra-tumoral and bulk peripheral TCR repertoires were across different timepoints. The Morisita overlap index considers the relative frequency of different TCRs in two samples and it is widely used as a highly efficient estimator of dispersion. Thus, this also allowed us to evaluate the link between response to CRT and maintenance of pre-existing, or replacement with novel, TCR clonotypes. Tracking the bulk TCR pools, we observed a greater degree of TCR clonal maintenance in responders (greater TCR repertoire overlap between baseline and 12-week peripheral and intra-tumoral repertoires), compared to non-responders (Supplementary Figures 2B-D).




3.5 Pre-treatment intra-tumoral and post-treatment peripheral cluster structures are associated with response to CRT

Antigen-specific T-cell responses are often associated with the presence of clusters of TCRs with similar CDR3β peptide binding sequences. As previously described, we defined expanded TCRs as those present above a threshold frequency of 2/1,000, corresponding to the top 1% of the empirical TCR frequency distribution (11), and we performed clonotype clustering analysis in the expanded tumor-resident and peripheral TCR repertoires (Supplementary Figure 3). We observed that expanded TCR clones showed significantly increased clustering of similar CDR3β sequences (or “cluster structures”) in responders compared with non-responders, both in the pre-treatment tumor-resident repertoire and in the post-treatment peripheral 12-week (but not earlier) repertoires (Figures 3A-D). In addition, when analyzing the proportion of intra-tumoral dominant clusters (where a dominant cluster was considered if it was formed by > 3 TCRs), we found a significantly higher proportion of them in the responder group, compared to non-responders (Figure 3E). These results are in line with the finding of a significantly higher clonal relatedness in the expanded tumor-resident TCR repertoire in the responder group compared to the non-responders (Supplementary Figure 4A). Next, we classified expanded TCRs in either maintained (if they were still expanded in the following timepoint) or replaced (if they were either not detected or not expanded in the following timepoint) and we applied same clustering methods (Figure 3I). We found that at baseline, expanded TCRs that were maintained at 6 weeks displayed significantly more clustered structures than expanded TCRs that were present at baseline and subsequently replaced (Figure 3F). When analyzing patients by response to CRT, we observed that responders showed significantly more baseline clustered TCR structures that were maintained at 6 weeks, compared to non-responders (Figure 3G). Moreover, only responders displayed statistically significantly more maintained than replaced clustered structures (Figure 3H). Similar results were found when comparing the 6- and 12-week expanded TCR repertoires: a significantly greater proportion of maintained, rather than replaced, clustered structures that were present at 6 weeks were still detected at 12 weeks, although this was only observed in responding patients (Supplementary Figures 4B-D).




Figure 3 | (A–D) Comparison according to response of normalised cluster count by CDR3β similarity for the networks containing expanded sequences in the intra-tumoral (A), peripheral baseline (B), 6 weeks (C) and 12 weeks (D) TCR repertoires. (E) Proportion of dominant TCR clusters in the intra-tumoural expanded repertoire according to response. Unpaired t test p values are shown for figures A-E. (F) Proportion of maintained versus replaced expanded clustered TCRs at 6 weeks from baseline which are present in the intra-tumoral repertoire. Paired t test p value is shown. (G) Proportion of baseline clustered structures of maintained TCRs at 6 weeks categorized by response to CRT. Unpaired t test p value is shown. (H) Proportion of maintained and replaced baseline clustered structured TCRs at 6-weeks categorized by response to CRT. Two-way ANOVA adjusted p values using Sidak’s multiple comparison test are shown. (I). Representative kernel network diagrams for peripheral baseline and 6-weeks CDR3β-chain sequences for a responder (left) and a non-responder (right). Clustering performed within the bulk TCR sequencing data around expanded TCRs, subdivided between clones that were maintained in the 6 weeks post-treatment (left) repertoire and clones that were replaced (right). Each dot represents an expanded T-cell clone and the vectors joining each dot represent a cluster of T-cell clones. Bar graphs show median and 95% CI.






3.6 Clustering peripheral T cell repertoire by antigen specificity using in silico models

As described previously (34), GLIPH2 identifies CDR3β sequences that are highly likely to share MHC-peptide specificities based on local motifs and/or global homology. To identify T-cells recognizing shared tumor antigens that may function as determinants of response, we applied GLIPH2 to the peripheral repertoire of all patients across all timepoints. A scaled count for each patient in each GLIPH2 convergence group containing sequences from more than 10 samples (n=30,222) was used as input to the UMAP and, based on the UMAP components, HDBSCAN was used to cluster the GLIPH2 convergence groups. For each HDBSCAN cluster, the distributions of the scaled counts were compared between responders and non-responders (Figure 4A) and across timepoints (baseline, 6 and 12 weeks) (Figure 4B). Interestingly, we found some clusters with significantly increased counts in either responders (i.e. clusters 1 and 2) or non-responders (i.e. clusters 6 and 39). In addition, despite most of the clusters showing a significantly higher count at baseline, some of them were more frequently represented at 6 weeks (i.e. clusters 1 and 2) and 12 weeks (i.e. clusters 21 and 30). Next, we used a previously described in silico pipeline for prediction of specific CDR3β amino acid sequences and peptide binding from large dictionaries of TCR-peptide pairs (ERGO) to predict the binding probability between the CDR3β that form each cluster and HPV16 peptides (37). Eight to 11-mer HPV16 peptides, derived from the E2, E5, E6 and E7 viral oncoproteins, were selected according to their percentage elution rank (equal or lower than 1) as strong binders according to the HLA type of each individual patient (Supplementary Table 1) using netMHCpan-4.1. Comparing the pooled TCR-peptide binding probabilities for each HDBSCAN cluster with all the others, we found that 3 clusters showed significantly higher HPV16-specific binding probability, whereas 6 clusters displayed significantly lower binding probability (Supplementary Table 2). We, therefore, focused on these 3 HPV16-specific TCR clusters (6, 2 and 25), and calculated their frequency in the TILs and PBMCs. We found that, despite the predicted HPV16-specific clones displaying similar relative abundance across all timepoints (Figure 4C), there was a significantly higher frequency in the pre-treatment TILs of the responder group (Figure 4D). These findings suggest that in the responding group there was a higher proportion of HPV16-specific T cells in the tumor prior to treatment, although the anti-HPV16 peripheral clones were equally abundant regardless of response.




Figure 4 | (A, B) UMAPs of GLIPH2 convergence groups by response (A) and by timepoint (B). Based on the UMAP components, HDBSCAN was used to cluster the GLIPH2 clusters. For each HDBSCAN cluster, the distributions of the scaled counts were compared between responders and non-responders. Any clusters with a FDR q-value of< 0.01 is shown circled in the graph (it is a 3 SDs ellipse, based on all the points in the cluster). In A, those points belonging to a significant HDBSCAN cluster are also coloured by if the GLIPH2 convergence groups in question has a 4x higher clone count in responders, non-responders, or if the cluster is more mixed. In B, the points are coloured by which timepoint has the highest clone count in the GLIPH2 convergence groups, baseline, 6 or 12 weeks. (C) Peripheral frequency of the pools of T cell clones conforming clusters 6, 2 and 25 across all timepoints. (D) TIL frequency of the pools of T cell clones conforming the clusters 6, 2 and 25 in the pre-treatment biopsy. Unpaired t test p value is shown. Bar graphs show median and 95% CI.







4 Discussion

We present results of a translational study with sequential TCR analysis of samples from patients with locally advanced HPV16-driven malignancies treated with CRT. To our knowledge this is the first study investigating spatial (tumor versus peripheral) and temporal changes in T-cell repertoire to predict treatment outcomes in this setting. This study was proposed in the assumption that mean clonality would be different according to response to treatment. Although this was confirmed in the intra-tumoral TCR repertoire, the clonality index was lower than previously expected (mean clonality and SD difference of 0.07 and 0.06, respectively). This will serve for subsequent studies interrogating the TCR repertoire in this set of patients.

Some patterns of peripheral repertoire turnover (such as changes in the clonality and clonal relatedness) have been associated with an effective immune awakening in patients treated with immune checkpoint inhibitors (ICIs) (6–8, 38, 39). Our data identify some baseline intra-tumoral characteristics that may drive response to treatment, such as TIL high diversity and increased TIL clustering in the pre-treatment biopsy. The debate regarding the primary mechanism underlying ICI response focuses on two hypotheses: “T-cell clonal replacement,” which involves the recruitment of novel T-cells into the tumor, and “T-cell clonal revival,” which suggests the reinvigoration of pre-existing TILs (40). Clonal replacement mechanism has been supported in studies that included patients with skin cancer and NSCLC which showed that anti-PD-1 therapy promotes the infiltration of T-cells from the blood into the tumor by inducing recognition of neoantigens different from those recognized by expanded TCR clones at baseline, and that patients with major pathological response showed substantial overlap between intra-tumoral and peripheral blood TCR clonotypes, with most expanded clones shared between the two compartments (41, 42). An alternative perspective (clonal revival) suggests that ICI response arises from pre-existing intra-tumoral T-cells that are primed by neoantigens and capable of cytotoxic reinvigoration despite exhibiting exhaustion features. This has been supported in a recent study involving patients with metastatic renal clear-cell carcinoma treated with anti-PD-1 therapy which showed that responders had higher pre-treatment intra-tumoral TCR clonality and cluster structure compared to non-responders, indicating the presence of pre-existing adaptive immunity (7). Accordingly, our data show that the proportion of shared TIL-PBMC clonotypes increases with treatment, and that the responder group displays higher overlap between TIL and PBMCs and increased baseline intra-tumoral diversity and clustered structures than the non-responder group. To reconcile the seemingly conflicting reports supporting either clonal replacement or clonal revival, it is essential to consider that the mechanisms underlying ICIs response may be context-dependent and can vary among different malignancies, tumor samples (primary versus metastatic), on-treatment sampling timings, ICIs regimes and dosage. There is paucity of data regarding the effects that CRT has in the intra-tumoral and peripheral TCR repertoire and there is a high chance that these will be different to the ICI effects and will vary according to the irradiated site, the dose and the use of concurrent cytotoxic drugs. Our results point towards the fact that the expansion of tumor-infiltrating T-cell clones secondary to CRT is probably driven by pre-existing expanded and antigen-specific TILs which can be found and tracked in the peripheral blood, where they display different dynamics according to response to treatment. In this regard, we demonstrated that there is a population of peripheral expanded pre-treatment TCR clonotypes that are shared with tumor and are preferentially maintained and/or expanded by CRT, potentially reflecting enhanced stimulation by increased antigen cross-presentation and priming, and/or the ability of CRT to promote the activation and expansion of T-cells which are already primed. These findings, whilst not previously demonstrated in patients treated with CRT, have been described in longitudinal samples of patients treated with ICIs and, importantly, support a role for anti-tumor immunity in the response to CRT as currently used in the clinic (7). In addition, this paradigm has long been supported by pre-clinical murine data, but not by robust clinical evidence (43). Although the precise reason for the drop in their relative abundance 12-weeks following completion of CRT in the responder groups unknown, it may reflect that the resolution of active disease following therapy reduces the potential source of antigen required to maintain cancer-specific T cell immunity. However, another explanation for this may be sequestration of tumor-antigen reactive T cells from peripheral blood to the tumor. Indeed, this notion has been recently shown in a cohort of melanoma patients treated with anti-PD-1 therapy (44) and supported by Bhatt et al., who made the interesting observation that specific CD8+ and CD4+ anti-HPV T-cell reactivity dropped after radical CRT (45). On the other hand, the absence of either expansion or contraction of baseline TCR clones in non-responders reflects a failure of activation of effector anti-tumor T-cells during CRT, potentially associated with maintained presence of tumor antigens 12 weeks after completion of treatment.

The concept of mi-PBMCs allowed us to follow T cells that are shared between peripheral blood and tumor and that are presumed to have an anti-cancer immune function in the tumor microenvironment. The significant increase in the clonal relatedness of both the mi- and the private-PBMC pools in the responder group suggests a more pronounced reconfiguration in the peripheral TCR repertoire in responding, as opposed to non-responding, patients. Furthermore, our results imply that CRT induces TCR repertoire divergence, with an increase in the shared TIL-PBMC repertoire (mi-PBMC) frequency after treatment only in responders. Moreover, there is also a broader compartmental overlap (increased Morisita index between baseline tumor-resident and peripheral T-cell repertoire) and longitudinal sharing (increased clonal relatedness of mi-PBMCs) in the TCR repertoire in patients who responded.

Maintenance of early post-treatment (6 weeks) expanded clustered structures only in responders suggests that clonal preservation of pre-expanded T cells that share epitope-specificity functions as a pre-requisite of response to treatment, whereas loss or replacement of T cell clusters may reflect an ineffective anti-cancer immune response or tumor-induced tolerance in patients who do not respond. Furthermore, there is a population of closely related TCR clonotypes in responders that are expanded pre-treatment and detected in both tumor and peripheral blood and that these are preferentially maintained and/or expanded by CRT. This may reflect enhanced stimulation by increased antigen cross-presentation and T-cell priming, and/or the ability of CRT to promote primed T-cell activation and expansion.

Interestingly, our results also show that responding patients display similar predicted HPV16-specific peripheral T cell abundance to the non-responding patients, but a higher proportion of these in the TIL compartment pre-treatment. Moreover, although these tumor-infiltrating clonotypes show lower pre-treatment clonality in the responder group, they display increased clustering capacity, which suggests that a richer antigen-shared T cell repertoire is a key element of an effective anti-cancer immune response.

Our study sheds light on the determinants of response to standard-of-care CRT, and in particular the nature of the adaptive T cell response likely contributing to anti-tumor immunity. Despite the increased number of studies that have investigated possible predictive biomarkers of response to CRT in different HPV-driven malignancies, currently there are no markers of response used as standard-of-care in clinical practice (46). To date, most predictive markers of response have focused on the evaluation of pre-treatment tumor tissue. However, given the challenge of performing serial tissue biopsies during CRT, it is necessary to develop alternative strategies, that are reproducible and minimally invasive, to allow real-time monitoring of the clinical (and immune) response and disease evolution throughout treatment. In this regard, biomarkers such as circulating HPV DNA, or TCR repertoire analysis, can potentially be used for monitoring disease response during and following radical CRT (29, 47).

There are limitations to our study. First, the small number of patients limits data generalizability, and findings from this study would benefit from validation in larger datasets. We acknowledge that the differing group size, with smaller sample size in the non-responder group, suggests caution in missing an effect due to reduced power. However, our scope for translational discovery was supported by the extent of longitudinal tracking and in-depth analysis of the TCR repertoire changes under therapy. We acknowledge the fact that although all patients included in this study were diagnosed with locally-advanced HPV16-driven malignancies, they belong to three different tumor entities. Moreover, although the cornerstone treatment for all these three malignancies is radiotherapy, the total dose, fractionation, and concurrent chemotherapy agent used was different according to the tumor type. The potential influence of concurrent mitomycin C used for the treatment ASCC compared to cisplatin (used in HNSCC and CC) in the peripheral TCR repertoire is unknown. However, there is evidence that both cisplatin and mitomycin C are relatively inefficient in stimulating immunogenic cell death in the absence of radiation (48). Thus, one chemotherapy agent is not expected to be more immunogenic than the other. Since HPV genotype impacts the prognosis and response to CRT, especially in CC, only patients with confirmed HPV16 genotype (and no evidence of other HPV types) were included in this study. In addition, although these three entities display different biology, there is not enough evidence to assert that they display different TCR dynamics. Indeed, a recently published study which included cervical, vaginal, vulvar and anal carcinomas did not find differences in the antigen-specific immune response to CRT across these tumor types (49). Our results are consistent with this investigation and with the effects of radiation observed in preclinical models and human case reports across different types of malignancies (9, 50, 51). Although further studies are required to determine the mechanisms underpinning our observations and their specificity for CRT-induced responses, our research functions as a hypothesis generating study and provides a strategy to analyze immune cell evolution in patients treated with radiotherapy, chemotherapy, ICIs, or their combinations. This methodological strategy includes a novel pipeline which integrates the output from different and validated in silico predictions for MHC presentation, TCR clustering and TCR-epitope binding. We acknowledge that the use of TCR clonality metrics alone does not provide a definitive assessment of anti-cancer T-cell responses. However, analysis TCR sequence similarity in the form of clusters (grouping TCRs with similar CDR3 peptide sequences) and networks (grouping closely related TCR clusters) provides insights into the antigenic specificity of TCRs. Indeed, in a recent analysis of TCR sequencing metrics from the TRACERX consortium which combined multi-region tumor samples and adjacent non-tumor tissue obtained from patients with early-stage NSCLC, authors showed the presence of clusters and networks of related TCR sequences within populations of TILs (11). Furthermore, whilst we acknowledge the limitations of the in silico strategies, they provide a first step towards a better understanding of the immune repertoire and its dynamics. Indeed, the proportion of our predicted HPV16-specific clonotypes in peripheral blood and tumor are consistent with previous publications (16). Looking forward, multiparameter flow cytometry, circulating tumor and HPV16 DNA, transcriptomic profiling techniques (including single cell) and additional ex vivo functional immune experiments to track T cell responses to HPV16 peptides, will be invaluable in studying baseline tumor microenvironment and peripheral immune changes to treatment. In this regard, previously published studies have interrogated the dynamics of circulating tumor and HPV16 DNA in plasma and the HPV viral load in tumor in HPV-driven malignancies treated with radical radiotherapy or CRT as an approach to predict disease progression and survival (29, 47, 52, 53).

In summary, in this translational study, we identified intra-tumoral and peripheral TCR metrics and in silico HPV16-specific T cell clones which hold promise for use as predictive markers of response to radical CRT and provide a template for future larger cohort immune-oncology biomarker studies in HPV-driven malignancies. Our findings advance the knowledge of immune responses to CRT and, critically, provide a potentially tractable tool to identify which patients will not respond or relapse early following radical CRT. This could eventually help clinicians to stratify patients more effectively and to consider poor-responder patients for adjuvant immunotherapeutic or other additional approaches, thereby improving personalization of therapeutic planning.
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Background

Pathological complete response (pCR) after neoadjuvant chemotherapy (NAC) is associated with favorable outcomes in breast cancer patients. Identifying reliable predictors for pCR can assist in selecting patients who will derive the most benefit from NAC. The prognostic nutritional index (PNI) serves as an indicator of nutritional status and systemic immune competence. It has emerged as a prognostic biomarker in several malignancies; however, its predictive value for pCR in breast cancer remains uncertain. The objective of this study is to assess the predictive value of pretreatment PNI for pCR in breast cancer patients.





Methods

A total of 1170 patients who received NAC in two centers were retrospectively analyzed. The patients were divided into three cohorts: a training cohort (n=545), an internal validation cohort (n=233), and an external validation cohort (n=392). Univariate and multivariate analyses were performed to assess the predictive value of PNI and other clinicopathological factors. A stepwise logistic regression model for pCR based on the smallest Akaike information criterion was utilized to develop a nomogram. The C-index, calibration plots and decision curve analysis (DCA) were used to evaluate the discrimination, calibration and clinical value of the model.





Results

Patients with a high PNI (≥53) had a significantly increased pCR rate (OR 2.217, 95% CI 1.215-4.043, p=0.009). Tumor size, clinical nodal status, histological grade, ER, Ki67 and PNI were identified as independent predictors and included in the final model. A nomogram was developed as a graphical representation of the model, which incorporated the PNI and five other factors (AIC=356.13). The nomogram demonstrated satisfactory calibration and discrimination in the training cohort (C-index: 0.816, 95% CI 0.765-0.866), the internal validation cohort (C-index: 0.780, 95% CI 0.697-0.864) and external validation cohort (C-index: 0.714, 95% CI 0.660-0.769). Furthermore, DCA indicated a clinical net benefit from the nomogram.





Conclusion

The pretreatment PNI is a reliable predictor for pCR in breast cancer patients. The PNI-based nomogram is a low-cost, noninvasive tool with favorable predictive accuracy for pCR, which can assist in determining individualized treatment strategies for breast cancer patients.





Keywords: breast cancer, prognostic nutritional index, neoadjuvant chemotherapy, nomogram, pathological complete response




1 Introduction

Breast cancer is the most common malignant tumor in females and is one of the leading causes of cancer morbidity and mortality in females worldwide. The incidence and mortality of breast cancer were estimated to be 279,100 and 42,690, respectively, in the United States in 2020 (1). There were an estimated 0.52 and 0.13 million new breast cancer cases and deaths in Europe in 2018 (2), whereas the numbers of Chinese patients were 0.27 and 0.07 million in 2015, respectively (3). Neoadjuvant chemotherapy (NAC) is a standard therapeutic option for most breast cancer patients, especially those with high-risk localized breast cancer. It aims to reduce the disease burden and decrease the extent of the operation. NAC can make breast cancer resectable for locally advanced patients and can make it possible to receive breast-conserving surgery for operable patients (4). Moreover, NAC provides an opportunity to assess breast cancer chemosensitivity in vivo. Tumor response to NAC is valuable for guiding individualized further systematic therapy (5). A large meta-analysis, including a total of 52 studies representing 27,895 patients, explored the significance of pathological complete response (pCR) following NAC. The results demonstrated that pCR was associated with better event-free survival and overall survival (OS) (6). However, breast cancer is a highly heterogeneous disease with different histological types, molecular classifications, and biological behaviors, leading to different responses to NAC (7). A portion of patients cannot benefit from NAC but are unnecessarily exposed to the toxicity of cytotoxic drugs. In addition, NAC may increase the risk of disease progression in these patients with chemoresistant tumors by delaying surgery. Thus, there is an urgent need to search for a reliable method to accurately predict pCR for screening patients who will benefit most from NAC.

Previous studies indicated that various methods could be utilized to predict pCR in breast cancer patients who received NAC, such as gene signatures, histomorphological factors, pathological parameters, and imaging features (8–13). Compared with the above factors, blood samples are easily accessible and can reflect the comprehensive state of cancer patients. Various serum tumor biomarkers have been identified as prognostic factors in breast cancer patients, including CEA, CA15-3, CA19-9, and CA125 (14, 15). In recent years, accumulating evidence has demonstrated that the nutrition status of a patient has a great impact on the prognosis of cancer (16–18). Albumin (ALB) is synthesized by the liver, which has been regarded as a biomarker of visceral protein and immunocompetence status, and is commonly used for nutritional assessment (19). Previous studies have suggested that ALB can be applied to predict prognosis in several malignancies, including gastric cancer, non-small-cell lung cancer, glioblastoma, and esophageal squamous cell carcinoma (20–23). It is known that systemic inflammation promotes tumor progression and metastasis (24). The prognostic values of inflammation-based prognostic scores, such as the C-reactive protein to albumin ratio, neutrophil to lymphocyte ratio, lymphocyte to monocyte ratio, platelet to lymphocyte ratio, and systemic-immune-inflammation index, have been reported in various malignancies, including breast cancer (25–29). The prognostic nutritional index (PNI) is a multiparametric index calculated as the serum albumin concentration and peripheral lymphocyte count and was first reported as an indicator to assess preoperative nutritional status and to estimate the risk of postoperative complications in gastrointestinal cancer patients (30). The PNI has been identified as an indicator of nutritional status and systemic immune competence with more accuracy than other variables (31, 32). Moreover, the PNI has been found to be an independent prognostic predictor in various malignant tumors, including breast cancer (33). However, whether the PNI can be used as a predictor for pCR in breast cancer patients who receive NAC has seldom been studied.

Therefore, in the current study, we evaluated the predictive role of the PNI for pCR in breast cancer patients. Furthermore, based on clinicopathological factors, including the PNI, a user-friendly nomogram was constructed and validated to predict the individual probability of pCR.




2 Materials and methods



2.1 Study population

A total of 1170 primary breast cancer patients of two medical centers, the First Affiliated Hospital of Chongqing Medical University and Chongqing University Cancer Hospital, were sequentially included. The inclusion criteria were as follow: (a) histopathological examination confirmed the diagnosis of invasive breast cancer; (b) female; (c) received NAC and operation; (d) received at least 3 courses of treatment with TEC (docetaxel 75 mg/m2, epirubicin 75 mg/m2, and cyclophosphamide 500 mg/m2) every 21 days before operation; (e) no history of other malignancies; and (f) serum ALB concentration and peripheral lymphocyte count were measured before treatment. Patients without complete information were excluded. Finally, 778 patients diagnosed at the First Affiliated Hospital of Chongqing Medical University from January 2012 to March 2018 were enrolled. They were randomly allocated into the training cohort and the internal validation cohort at a ratio of 7:3 (training cohort: n=545, internal validation cohort: n=233). Moreover, 392 primary breast cancer patients diagnosed at Chongqing University Cancer Hospital from January 2018 to June 2022 were included as external validation cohort. Representative images of diagnostic imaging were shown in Supplementary Figure 1. This study was reviewed and approved by the ethics committee of the First Affiliated Hospital of Chongqing Medical University and Chongqing University Cancer Hospital.




2.2 Data collection

Clinical characteristics, including age, menopausal status, courses of NAC, histological type of cancer, tumor size, clinical nodal status, histological grade, estrogen receptor (ER) status, progesterone receptor (PR) status, human epidermal growth factor receptor-2 (HER2) receptor status, Ki67 status, serum ALB concentration, and peripheral lymphocyte count, were collected for subsequent analysis. As shown in Supplementary Figure 2, ER and PR expression status were considered positive when more than 1% of the tumor cells showed nuclear immunohistochemical staining. HER2 status was defined as positive when the score of immunohistochemical staining was 3+ or a greater than 2.0-fold change compared to the expression of CEP17 in tumor cells by fluorescence in situ hybridization (34). Regarding Ki67, the percentage of Ki67-positive cells (500–1,000) among the total number of cancer cells in the invasive front of the tumor was defined as the Ki67 value (35).

Two pathologists assessed the status of ER, PR, HER2, and Ki67 independently. Based on the expression status of the above 4 molecules, tumors were divided into four subtypes: luminal subtype (ER positive and/or PR positive, HER2 negative), luminal/HER2 subtype (ER positive and/or PR positive, HER2 positive), HER2 enriched subtype (ER negative, PR negative, HER2 positive), and TNBC subtype (ER negative, PR negative, HER2 negative). The serum ALB concentration and peripheral lymphocyte count were measured along with routine plasma examinations at diagnosis. Blood samples were collected when patients had fasted for at least 6 hours. The serum ALB concentration was analyzed by a fully automatic biochemical analyzer (Roche c701, Basel, Switzerland). The peripheral lymphocyte count was analyzed by a fully automatic hematology analyzer (Sysmex XN-1000, Kobe, Japan). According to the Miller-Payne grading system, pathological complete response (pCR) was defined as no residual tumor lesion present in any excised breast tissue or lymph node (36).




2.3 Statistical analysis

The cutoff values of ALB and the lymphocyte count were 40 g/L and 800 per mm3, respectively, which were established based on the normal reference values. According to the well-established formula,   (30). The optimal cutoff value of the PNI for pCR was determined by the maximum Youden index from receiver operating characteristic (ROC) curve analysis. The differences in clinicopathological variables between the training and validation cohorts were compared by the chi-square test or Fisher’s exact test. Moreover, the relationships between the PNI and clinicopathological characteristics were analyzed by the chi-square test or Fisher’s exact test. Similarly, the associations between pCR and clinicopathological characteristics were assessed. The primary goal of our study was to estimate the likelihood of breast cancer patients reaching pCR after NAC. Multivariate logistic regression analysis was performed to assess the associations between clinicopathological factors and the likelihood of pCR. Odds ratios were reported with corresponding 95% confidence intervals (CIs). A stepwise logistic regression model for pCR based on the smallest Akaike information criterion was employed to develop an individualized nomogram using the rms package (Version: 6.2-0, https://cran.r-project.org/web/packages/rms/index.html) in R software. Then, the performance of the logistic regression model was quantified by discrimination and calibration in the training, internal and external validation cohorts. The concordance index (C-index) was calculated by testing the concordance between the prediction probability and the actual status, which was utilized to assess the prediction and discrimination ability of the model. The bootstrapping method with 1000 resamples was used to generate the calibration curves to test the calibration of the nomogram. The fitness of the model was analyzed by the Hosmer–Lemeshow test. Furthermore, decision curve analysis (DCA) was applied to quantify the clinical usefulness of the nomogram, which is a method to estimate the net benefit of a model based on the relative value of benefits (true positives) and harms (false-positives).

All statistical analyses were performed using the Statistical Package for the Social Sciences version 25.0 software (IBM Corp., Armonk, USA) and R software (version 4.0.3; https://www.R-project.org/). A two-sided p value< 0.05 was considered statistically significant.





3 Results



3.1 Patient characteristics

According to the inclusion and exclusion criteria, a total of 778 breast cancer patients from the First Affiliated Hospital of Chongqing Medical University with a mean age of 49.0 ± 9.1 years (IQR: 43.0-56.0 years) were enrolled in the current study. They were randomly allocated into the training cohort and the internal validation cohort at a ratio of 7:3 (training cohort: n=545, internal validation cohort: n=233) for constructing and internally validating the predictive model. Furthermore, 392 patients from Chongqing University Cancer Hospital were included in the external validation cohort. The clinicopathological characteristics are shown in Table 1. Among the 1170 patients, 802 (68.5%) were premenopausal, and 368 (31.5%) were postmenopausal at baseline. More than half of the patients (n=786, 67.2%) received 4 chemotherapy cycles before surgery. For the histological classification, 1126 (96.2%) patients were diagnosed with invasive lobular carcinoma; 16 patients (1.4%) were diagnosed with invasive lobular carcinoma; 28 patients (2.4%) were diagnosed with other special types. The most common tumor size was 2-5 cm (71.2%), followed by > 5 cm (17.7%) and ≤ 2 cm (11.1%). Moreover, the lymph nodes of 800 (68.4%) patients were involved. In terms of histological grade, 75.7% (n=886) of the tumors were categorized as Grade II. Most of the patients (n=845, 72.2%) had Ki67 expression ≥ 14%. The molecular subtype distribution was as follows: 49.0% (n=573) for the luminal subtype, 16.8% (n=197) for the luminal/HER2 subtype, 14.8% (n=173) for the HER2-enriched subtype and 19.4% (n=227) for the TNBC subtype. In addition, 66.4% (n=777) of patients had normal serum albumin concentrations, while 94.3% (n=1103) of patients had normal peripheral lymphocyte counts. According to the Miller-Payne grading system, 186 (15.9%) patients achieved pCR after NAC. No significant difference in the analyzed clinicopathological factors was observed between the training and validation cohorts.


Table 1 | Baseline clinicopathological characteristics in training and validation cohorts.






3.2 Associations between the PNI and clinicopathological characteristics

The relationships between the PNI and clinicopathological characteristics were assessed in the training cohort. The optimal cutoff value of the PNI was 53 according to the ROC curve analysis and the Youden index. Based on the cutoff value, 413 (75.8%) patients were included in the low-PNI group (PNI< 53), while the other 132 (24.2%) patients were included in the high-PNI group (PNI ≥ 53). As shown in Table 2, the results demonstrated that the PNI level was significantly associated with pCR (p =0.007). The other clinicopathological factors were comparable between the two groups. No differences were observed in age, menopausal status, chemotherapy cycles, histological type, tumor size, clinical nodal status, histological grade, ER, PR, HER2, Ki67, or molecular subtypes between the high-PNI and low-PNI groups.


Table 2 | Correlations between PNI and clinicopathological characteristics in the training cohort.






3.3 Predictors of pCR

As shown in Table 3, the univariate analysis of the training cohort demonstrated that pCR was significantly correlated with tumor size, clinical nodal status, histological grade, ER status, PR status, Ki67 expression, molecular subtypes, peripheral lymphocyte count, and PNI. Multivariate logistic regression models were applied to adjust for potential confounders. Variables with p< 0.1 in univariate analysis were included in multivariable models. To avoid the influence of multicollinearity between the lymphocyte count and PNI, only the PNI was included in further analysis. The results demonstrated that tumor size, clinical nodal status, histological grade, Ki67 expression, and PNI were independent predictors for pCR (Table 4). The probability of pCR in patients with a high PNI (PNI ≥ 53) was significantly higher (adjusted OR 2.217, 95% CI 1.215-4.043, p=0.009) than that in patients with a low PNI (PNI< 53). In addition, as expected, patients with larger, higher histological grade tumors and axillary lymph node-positive diseases had more difficulty achieving pCR (adjusted OR 0.167, 95% CI 0.076-0.370, p<0.001 for T2; adjusted OR 0.165, 95% CI 0.063-0.438, p<0.001 for T3; adjusted OR 0.094, 95% CI 0.031-0.290, p<0.001 for Grade II; adjusted OR 0.072, 95% CI 0.020-0.261, p<0.001 for Grade III; adjusted OR 0.326, 95% CI 0.179-0.591, p<0.001 for node-positive status). Moreover, the probability of pCR in patients with Ki67 expression ≥ 14% was 3.124-fold (95% CI 1.415-6.898, p=0.005) higher than that in patients with Ki67 expression< 14%.


Table 3 | Univariate analysis for factors associated with pCR in the training cohort.




Table 4 | Multivariate analysis for factors associated with pCR in the training cohort.






3.4 Development and validation of the nomogram

A nomogram was constructed based on the stepwise logistic regression model for pCR with the training cohort. Ultimately, the following factors were incorporated into the nomogram: tumor size, clinical nodal status, histological grade, ER, Ki67, and PNI, which manifested the smallest AIC value (356.13). The nomogram determined the proportion of scores based on the regression coefficients of the included variables and assigned a score level for each variable. In Figure 1, the above factors were used to calculate points based on the points scale axis. By adding up these points, the total score was utilized to estimate the probability of pCR.




Figure 1 | The PNI-based nomogram for predicting the probability of pCR after NAC in breast cancer patients. ER, estrogen receptor; PNI, Prognostic Nutritional Index; pCR, pathologic complete response.



The predictive accuracy of the nomogram for the pCR rate of breast cancer patients who underwent NAC was evaluated in the training and validation cohorts. The C-index was 0.816 (95% CI 0.765-0.866) in the training cohort, 0.780 (95% CI 0.697-0.864) in the internal validation cohort and 0.714 (95% CI 0.660-0.769) in the external validation cohort (Figures 2A–C). Moreover, the calibration plots for the probability of pCR indicated a satisfactory fit between prediction by nomogram and observation in the training and validation cohorts (Figures 2D–F). Decision curves of the training and validation cohorts were illustrated for the constructed nomogram to assess the clinical utility. It demonstrated that for predicted probability thresholds between 0 and 80%, the model-based decision was superior to either the treat-none or the treat-all-patients scheme (Figures 2G–I).




Figure 2 | Validation the predictive value of the PNI-based nomogram. The ROC curves for the nomogram model in (A) the training cohort, (B) internal validation cohort and (C) external validation cohort. The calibration plots for the nomogram model in (D) the training cohort, (E) internal validation cohort and (F) external validation cohort. The decision curves show the net-benefit of using the nomogram in (G) the training cohort, (H) internal validation cohort and (I) external validation cohort.







4 Discussion

Breast cancer is the most common malignant tumor among women and has resulted in a heavy disease burden worldwide (1). Currently, NAC is widely used in breast cancer patients, especially those with locally advanced diseases. Patients who achieve pCR after NAC have favorable survival outcomes regardless of molecular subtype; however, tumor response to NAC varies greatly from individual to individual (6). Consequently, an accurate prediction assessment for pCR after NAC would have great clinical significance for breast cancer patients. In the present study, the clinicopathological attributes of 1170 breast cancer patients who received NAC were analyzed. The results indicated that the PNI is an independent predictive factor for pCR. Patients with pretreatment PNI< 53 had a lower pCR rate. In addition, a novel PNI-based nomogram was developed to quantify the probability of pCR, which has promising prospects for clinical application.

To date, many studies have explored the prognostic role in predicting the outcome of breast cancer of hematological and serum biochemical parameters, such as fibrinogen, alkaline phosphatase, lactate dehydrogenase, and the lymphocyte to monocyte ratio (27, 37, 38). The serum ALB concentration and peripheral lymphocyte count are two accessible laboratory indices that are examined routinely at diagnosis. ALB, a globular, single band protein of 585 amino acids, is exclusively synthesized and secreted by the liver and accounts for approximately half of the total serum protein (39). In cancer patients, hypoalbuminemia may be caused by decreased synthesis, increased consumption, and loss of serum ALB, which is related to inflammation and malnutrition during cancer development and progression (40, 41). In addition, hypoproteinemia indicates impaired immune function and leads to poor anticancer treatment effects (42). Previous studies have reported that pretreatment serum ALB can be used as a prognostic indicator in several kinds of cancers, including lung, pancreatic, gastrointestinal, ovarian, and breast cancer (43). Lymphocytes can be divided into T lymphocytes, B lymphocytes, and natural killer cells according to their different phenotypes and biological functions. Moreover, lymphocytes are important cellular components of the host immune system, accounting for approximately 30% of the total number of normal human leukocytes, and are essential effector cells for the elimination of cancer cells (44). Previous studies have found that both pretreatment and treatment-related lymphopenia are associated with poor prognosis in cancers (45, 46). This phenomenon suggests that lymphopenia may be a manifestation of tumor-induced immunosuppression and a driver of tumor progression. The PNI is a noninvasive and easily assessable index that is calculated based on the serum ALB concentration and peripheral lymphocyte count, offering insights into both the immune and nutritional status of patients (31, 32). PNI was initially introduced as an index for evaluating postoperative complications in gastrointestinal surgery (30). Currently, it has emerged as a prognostic factor in various cancers, including breast cancer. Numerous studies have demonstrated that a higher PNI is associated with more favorable survival outcomes. Hua et al. (33) investigated the significance of the PNI as a predictor of OS for T1-2N1 breast cancer. The results revealed that patients with a high PNI had better OS than those with a low PNI. Similarly, Chen et al. (47) reported that the PNI was an independent predictive factor for disease-free survival (DFS) and OS in breast cancer patients treated with NAC. Oba et al. (48) found that a decrease in the PNI during NAC was related to poor DFS in breast cancer patients, but no significant difference in DFS was observed between the pre-NAC PNI high and low groups. In contrast, Wang et al. (49) obtained different results. They conducted a retrospective analysis including 202 locally advanced breast cancer patients who received NAC and found that patients with an excessively high PNI (>55) had more difficulty achieving pCR and had worse survival outcomes.

In the present study, the optimal cutoff value of the PNI was 53 according to ROC curve analysis and the maximum Youden index. This value is similar to the previously reported cutoff value of the pretreatment PNI in breast cancer patients (33, 47, 48). Initially, the associations between the PNI and clinicopathological characteristics were evaluated. Our results suggested that age, menopausal status, chemotherapy cycles, histological type, tumor size, clinical nodal status, histological grade, ER, PR, HER2, Ki67, or molecular subtypes were not related to the PNI, which was in line with previous studies (47, 49). Further analysis assessed the predictive value of clinicopathological factors for pCR after NAC. Univariate and multivariate analyses indicated that tumor size, clinical nodal status, histological grade, Ki67 expression, and PNI were independent predictors for pCR. Most of the above factors are consistent with published studies. A large-scale retrospective study from the Netherlands found that a lower T stage (T1-2 vs. T3-4) was a significant independent predictor of a higher pCR rate in breast cancer patients (50). Cortazar et al. conducted a pooled analysis including 11,955 patients and suggested that patients with positive lymph nodes and hormone receptors had lower pCR rates (51). Ki67 expression was associated with tumor cell proliferation, and several studies revealed that high Ki-67 was associated with more pCR events in breast cancer patients (52). Few studies have evaluated the predictive value of the PNI for pCR in breast cancer. We only found one study focused on it (49). However, this study suggested that a high PNI was less likely to achieve pCR, which differed from our results. The above inconsistent results may be associated with the differences in sample size, PNI cutoff value, and characteristics of tumors. Moreover, our results indicated no significant correlation between HER2 status and pCR, which is inconsistent with previous studies (6). The overall pCR rate of our study was 15.9%, which is relatively low compared with some previous large-scale studies (20.4-21.1%) (6, 53). Two randomized controlled trials (the NOAH trial and the NeoSphere trial) suggested that patients given neoadjuvant trastuzumab and pertuzumab plus NAC had a significantly improved pCR rate than those given NAC only, without substantial differences in tolerability (54, 55). In our study, 97% of HER2-positive patients refused neoadjuvant anti-HER2 therapy for economic reasons, which may result in a lower pCR rate and an insignificant correlation between HER2 status and pCR. A PNI-based nomogram was developed and validated to quantitatively estimate the pCR probability in breast cancer patients who received NAC to facilitate clinical application.

The main limitation of our study is that it is a retrospective study conducted at two medical centers. Additionally, the absence of neoadjuvant anti-HER2 therapy in 97% of HER2-positive patients greatly impacted the pCR rate. Consequently, large-scale multicenter prospective clinical trials are required to improve and validate the PNI-based nomogram in breast cancer patients. The predictive role of the PNI in HER2-positive patients needs to be further analyzed in adequately treated patients.




5 Conclusions

In conclusion, this study demonstrated that the pretreatment PNI, tumor size, clinical nodal status, histological grade, and Ki67 expression could serve as independent predictive factors for pCR in breast cancer patients treated with NAC. The PNI-based nomogram can accurately estimate pCR probability and help to determine appropriate treatment strategies.
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Objective

Colorectal cancer (CRC) is the third most prevalent cancer worldwide and is associated with high morbidity and mortality rates. Colorectal carcinogenesis occurs via the conventional adenoma-to-carcinoma and serrated pathways. Conventional T helper (Th) and innate lymphoid cells (ILCs) play vital roles in maintaining intestinal homeostasis. However, the contribution of these two major lymphoid cell populations and their associated cytokines to CRC development is unclear. Therefore, we aimed to analyze peripheral lymphocyte profiles during colorectal carcinogenesis.





Methods

We collected 86 blood samples concurrently, and pathologists confirmed the presence of various pathological conditions (i.e., HPs, adenoma, and carcinoma) using hematoxylin and eosin staining. Ten healthy donors were recruited as healthy controls (HCs) from the physical examination center. We performed flow cytometry on peripheral blood mononuclear cells collected from patients with various pathological conditions and the HCs, and cytokines (interleukin-2, interleukin-4, interleukin-5, interleukin-13, interleukin-17A, interleukin-17F, interleukin-22, interferon-γ, and tumor necrosis factor-α) were quantified. We also analyzed the published single-cell RNA sequence data derived from tissue samples from different stages of colorectal carcinogenesis.





Results

The cytokine response in peripheral CD4+ T cells was upregulated during the carcinoma process. The frequency of peripheral regulatory T cells (Tregs) increased in the adenoma and carcinoma stages. While the T follicular helper (Tfh) cell proportion was downregulated in the adenoma and carcinoma processes. Thus, Th cell subsets, especially Tregs and Tfh cells, were involved in colonic diseases. Moreover, the immunological profile characteristics in the HPs were clarified.





Conclusion

We comprehensively analyzed circulating ILCs and adaptive T-cell lymphocyte subtypes in colorectal carcinoma progression. Our results show the immunological profile characteristics and support the involvement of Th subsets, especially Treg and Tfh cell populations, in colonic diseases. These findings significantly enhance our understanding of the immune mechanisms underlying CRC and its precancerous lesions. Further investigation of the Treg and Tfh cells’ function in colorectal disease development will provide potential therapeutic targets for monitoring and preventing CRC development.
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Introduction

Colorectal cancer (CRC) is the third most prevalent cancer worldwide, with over 1.9 million new CRC cases and 0.93 million deaths estimated in 2020 (1). Although the death rate slightly decreased (2), CRC mortality still ranks second among all cancer-related death cases worldwide (3). Colorectal carcinogenesis can occur via the conventional adenoma-to-carcinoma and serrated pathways. The typical adenoma–carcinoma sequence is an established model for sporadic CRC development and causes approximately 60%–85% of colonic malignancies. Precursor lesions that display tubular, tubulovillous, or villous adenoma histology develop into low- or high-grade adenomas and CRC (4). However, the mechanisms underlying CRC onset and progression are not fully understood. Furthermore, over 15% of CRC cases arise through the serrated pathway (5). Hyperplastic polyps (HPs), classified as serrated lesions, have shown that cells only exhibit minimal cytological atypia in the upper two-thirds of the crypts (6). HPs often coexist with adenoma and adenocarcinoma and have distinct biological features in CRC (7, 8). Therefore, the characteristics of HPs must be clarified.

The tumor immune microenvironment plays a crucial role in CRC development (9), determines the durable response to immunotherapy, and may be a predictive biomarker (10–12). Progression from precancerous lesions to malignant CRC depends on a complex immune pathway involving activated T lymphocytes and cytotoxic cytokine production. Previous cancer immunological studies have primarily focused on CD8+ T cells. However, recent studies highlighted the importance of CD4+ T cells, considering that CD4+ T cells are central coordinators of innate and antigen-specific immune responses (13). Innate lymphoid cells (ILCs) are heterogeneous immune cells with no antigen-specific receptors that produce cytokines similar to CD4+ T helper (Th) subsets (14, 15). Conventional Th cells and ILCs play critical roles in maintaining intestinal homeostasis. However, Cui et al. have found that interleukin (IL)-17A plays important roles along the colorectal adenoma–carcinoma sequence (16–18). However, how these two major lymphoid cell populations and their related cytokines are involved in CRC development has not been determined systematically.

Recently, Zheng et al. dissected dynamic alterations in cell populations in the normal adenoma–carcinoma sequence using single-cell RNA-sequencing technology (19). Furthermore, using single-cell transcriptomic analysis, Chen et al. demonstrated the different immune microenvironmental features of conventional adenomas and serrated polyps (20). The occurrence and development of tumors are accompanied by systemic immune disturbance and peripheral immune cell alterations (21–24). Individual immunity is coordinated across tissues, and the colonic antitumor immune response depends on continuous communication with the peripheral blood (25, 26). Our previous study demonstrated peripheral adaptive and innate lymphocyte changes during human gastric cancer development (27). Considering the easily obtainable and non-invasive characteristics of peripheral blood samples, exploring changes in peripheral immune profiles is crucial and may help discover key functional cell subpopulations during CRC carcinogenesis. Therefore, novel target cells can be provided for the early screening of CRC patients.

This study comprehensively analyzed peripheral lymphocyte profiles in HPs and conventional adenoma–carcinoma sequences.





Materials and methods




Patients and controls

Patients were admitted to Peking University Third Hospital between December 2021 and August 2022. Eighty-six patients diagnosed with HPs (n = 10), adenomas (grade I, n = 19; grade II, n = 19; grade III, n = 19), or adenocarcinomas (n = 19) were enrolled. All patients were diagnosed based on histological examination results. Patients with active systemic infections or autoimmune diseases were excluded. Ten healthy donors were recruited as healthy controls (HCs) from the physical examination center. Two milliliters of the remaining blood samples from routine complete blood count tests were collected as peripheral blood samples for the experiment. The Medical Science Research Ethics Committee of Peking University Third Hospital approved this study (2022 YLS No. 554-01).





Cell isolation and flow cytometry analysis

Peripheral blood mononuclear cells (PBMCs) were isolated from heparinized peripheral blood through Ficoll-Hypaque gradients as previously described (28). The collected PBMCs were resuspended and cryopreserved with freezing media, including 10% dimethylsulfoxide (DMSO) and 90% fetal bovine serum, and then stored in a freezing container at −80°C. For flow cytometry analysis, the cryopreserved PBMCs were placed in a 37°C water bath for rapid thawing and then transferred into a 15-mL conical centrifuge tube filled with prewarmed RPMI 1640. After the washing step, the cells were resuspended in a culture medium and incubated at 37°C for 2 h before staining or stimulation.

For staining, the Fixable Viability Dye eFluor 506 (Thermo Fisher Scientific, Waltham, MA, USA) was stained firstly to gate live cells, followed by 30 min of surface antibody staining at 4°C. The antibodies used for flow cytometry are listed in Supplementary Table 1. For cytokine detection, PBMCs were stimulated for 4.5 h with 50 ng/mL of phorbol 12-myristate 13-acetate and 500 ng/mL of ionomycin (Sigma-Aldrich, St. Louis, MO, USA) in the presence of GolgiStop (BD/PMG) in a 37°C incubator before staining. Cells were fixed, permeabilized, and stained using the Cytofix/Cytoperm Kit (BD). Flow cytometry was performed using a FACSCanto instrument (BD Biosciences, San Jose, CA, USA) and analyzed using FlowJo software 10.8.1. The cell type annotation and gating strategy were performed as shown previously (27–29).





Cytokine measurement

Cytokines [IL-2, IL-4, IL-5, IL-13, IL-17A, IL-17F, IL-22, interferon (IFN)-γ, and tumor necrosis factor (TNF)-α] in the plasma were measured using the LEGENDplex™ Multi-Analyte Flow Assay kit (BioLegend, San Diego, CA, USA) following the manufacturer’s protocol and Canto flow cytometry.





Single-cell RNA sequence data analysis

A single-cell dataset derived from colorectal adenoma and carcinoma tissues was downloaded from the Gene Expression Omnibus database (GSE161277) (19). Standard analysis was performed using the R Seurat package (version 3.1.2) (29). Briefly, using the Read10X function to read the output results, the results were converted to Seurat objects using the CreateSeuratObject function. Each cell was normalized to 10,000 unique molecular identifier counts, and the top 2,000 highly variable genes (HVGs) were selected. After the data were scaled and centered, principal component analysis based on the HVGs was conducted. The uniform manifold approximation and projection method was used for dimensionality reduction in single-cell cluster visualization. Cell types were annotated according to marker gene expression, such as CD3 and CD4 for CD4+ T cells. In CD4+ T cells, dot plots were generated to show gene expression using the DotPlot function. The cell annotation strategy in DotPlot is according to the DICE database (https://dice-database.org/).





Statistical analyses

Differences between groups were analyzed using a one-way ANOVA if the data followed a normal distribution. Otherwise, we used the non-parametric Kruskal–Wallis test. Analyses were conducted using GraphPad Prism 8.0 (GraphPad Software, San Diego, CA, USA). All statistical tests were two-tailed. A value of P <0.05 was considered significant.






Results




Cytokine profile analysis during colorectal carcinogenesis

To demonstrate the dynamic changes in the immune landscape during CRC development, we collected 86 blood samples to analyze the major lymphoid cell populations and their related cytokines (Figure 1A), and the pathological conditions were confirmed (Figure 1B). The clinical characteristics of the patients and HCs are shown in Table 1.




Figure 1 | Study flowchart and pathologic diagnosis of enrolled patients. (A) Subdivision of enrolled subjects into health controls, hyperplastic polyps, adenoma (grades I, II, and III), and carcinoma. The peripheral blood samples were collected, and the key lymphocyte subpopulations in PBMCs and the plasma cytokines were analyzed. (B) Representative H&E-stained sections of a cascade of colonic lesions. Scale bar: 500 μm (×100 magnification).




Table 1 | Characteristics of enrolled patients with colonic lesions.



Firstly, we detected IL-2, IL-4, IL-5, IL-13, IL-17A, IL-17F, IL-22, IFN-γ, and TNF-α in the plasma to exclude the influence of infection or autoimmune disorders, and the standard curves were verified (Supplementary Figure 1). IL-2, IL-4, IL-5, IL-13, IL-17A, IL-17F, IL-22, IFN-γ, and TNF-α exhibited no apparent difference between each group, indicating the comparable inflammatory conditions between these samples (all P > 0.05) (Figures 2A–C). These results revealed that the plasma cytokine profile changed subtly, and their ability to indicate lesions was limited.




Figure 2 | Plasma cytokine analysis during a cascade of colonic lesions. (A) The concentration of TNF-α, IFN-γ, and IL-2 in the plasma. (B) The concentration of IL-5, IL-13, and IL-4 in the plasma. (C) The concentration of IL-17A, 17F, and 22 in the plasma. Each dot represents one donor. HC, healthy control. Error bars represent the SEM. ANOVA or non-parametric test (Kruskal–Wallis test) as appropriate. All results are not significantly different. n = 10–19 in each group.







The cytokine response in peripheral CD4+ T cells is upregulated during the carcinoma process

Firstly, we characterized the circulating Th cell subsets in the peripheral blood sample from healthy controls and patients with different colorectal lesions using surface markers. As shown in Figure 3A, CD4+CXCR3+ Th1 cells had no differences among the groups (Figure 3A). Compared with HPs, Th2 cells were decreased in adenoma grade II (31.6 vs. 24.7, P = 0.0222), adenoma grade III (31.6 vs. 22.2, P = 0.0313), and the CRC group (31.6 vs. 20.4, P = 0.0029) (Figure 3B). The percentage of Th2 cells was downregulated significantly from adenoma grade I to CRC (Figure 3B). As shown in Figure 3C, the CD4+CCR6+ Th17 cell proportion decreased in CRC when compared with the healthy control group (23.1 vs. 11.2, P = 0.0279) or adenoma grade I (24.3 vs. 11.2, P = 0.0163) or even adenoma grade II (21.7 vs. 11.2, P = 0.0042).




Figure 3 | Th cell response analysis during a cascade of colonic lesions. (A–C) Flow cytometry quantification of the frequency of CXCR3+ (A), CCR4+ (B), and CCR6+ (C) cells in CD4+ T cells during a cascade of colonic lesions. (D-F) Flow cytometry quantification of the frequency of IFN-gamma+ (D), IL-4+ (E), and IL-17A+ (F) cells in CD4+ T cells during a cascade of colonic lesions. Each dot represents one donor. HC, healthy control. Error bars represent the SEM. *P < 0.05; **P < 0.01 (ANOVA or non-parametric test as appropriate). n = 10–19 in each group.



Moreover, we demonstrated the function of the peripheral Th cell subsets during carcinoma progression through key cytokine production analysis. IFN-gamma+ Th1 cells increased in CRC compared with those in HPs (1.61 vs. 4.73, P = 0.0267) (Figure 3D). In addition, the Th1 cell response was upregulated significantly from adenoma grade I to CRC (Figure 3D). As shown in Figure 3E, CD4+IL-4+ Th2 cells were increased in the CRC group when compared with those in HPs and adenoma grade I (2.11 vs. 5.63, P = 0.0027; 2.20 vs. 5.63, P = 0.0049). Furthermore, the proportion of CD4+IL-17A+ Th17 cells was investigated during CRC development. As shown in Figure 3F, Th17 cells increased in CRC when compared with the healthy control group (2.32 vs. 6.06, P = 0.0458) or HPs (1.68 vs. 6.06, P = 0.0014) or even adenoma grade I (1.99 vs. 6.06, P = 0.0130).

Furthermore, we analyzed published single-cell RNA sequence data (GSE161277) from tissue samples of different colorectal carcinogenesis stages to confirm the effector Th cell response during the adenoma–carcinoma sequence. As shown in Supplementary Figure 2, CD4+ T cells in tissue samples showed consistency only to the cytokine expression and not to the protein surface markers with that of the peripheral effector Th cell response. Th1 cells, identified by the CXCR3 or IFN-gamma expression in the tissue-derived CD4+ T cells, were upregulated from adenoma to carcinoma (Supplementary Figure 2). Moreover, the upregulated Th2 cells, identified by the CCR4 expression in the tissue-derived CD4+T cells, from adenoma to CRC were consistent with the peripheral CD4+IL-4+ Th2 response (Supplementary Figure 2). Lastly, we also detected increased Th17 populations, identified by the CCR6 expression in the tissue-derived CD4+ T cells, in the CRC group when compared with the normal group, which was consistent with the peripheral CD4+IL-17A+ Th17 response (Supplementary Figure 2). These results demonstrate the upregulation of the effector CD4+ T-cell response in colorectal carcinogenesis.





ILCs shift during the carcinoma development

ILC subsets were further clarified, and gating was performed as previously described (Supplementary Figure 3). The CD45+Lin−CD127+CRTH2−CD117− ILC1 cell frequency had no significant differences between the control and HPs (Figure 4A). The median level of ILC1s showed an increased and then a decreased tendency during the carcinoma development process. We also analyzed circulating CD45+Lin−CD127+CRTH2+CD117− ILC2s in patients with colonic diseases. Although an upward trend was found in the disease group compared with the HC group, no significant differences were detected in the frequency of ILC2 cells among all groups (Figure 4B).




Figure 4 | The change of ILC cell populations during a cascade of colonic lesions. (A–C) Flow cytometry quantification of the frequency of Lin-CD127+CRTH2-CD117- ILC1 cells (A), Lin-CD127+CRTH2+CD117- ILC2 cells (B), and Lin-CD127+CRTH2-CD117+ ILC3 cells (C) in CD45+ PBMCs during a cascade of colonic lesions. (D–F) Flow cytometry quantification of the frequency of Lin−CD127+IFN-gamma+ cells (D), Lin−CD127+IL-5+ cells (E), and Lin−CD127+IL-22+ cells (F) in CD45+ PBMCs during a cascade of colonic lesions. Each dot represents one donor. HC, healthy control. Error bars represent the SEM. *P < 0.05; **P < 0.01 (ANOVA or non-parametric test as appropriate). n = 10–19 in each group.



Moreover, CD45+Lin−CD127+CRTH2−CD117+ ILC3 was also analyzed in patients with a cascade of colonic disease, which also showed non-significantly increased frequency in colorectal precancerous lesions and CRC (Figure 4C).

We further demonstrated the key cytokine production in ILCs to identify their function variation during intestinal carcinogenesis. As shown in Figure 4D, the levels of IFN-gamma, mainly produced by ILC1, showed no difference among the groups.

We also measured IL-5 levels, primarily produced by ILC2, and found that there was also no difference between the groups (Figure 4E). The IL-22, which is primarily produced by ILC3 and plays a protective role in the intestinal mucosal barrier (30), was further measured to further confirm the involvement of ILC3 in colonic disease development. Compared with the control, IL-22 levels were lower in HPs (4.93 vs. 1.76, P = 0.0163), adenoma grade II (4.93 vs. 1.66, P = 0.0059), and CRC (4.93 vs. 1.28, P = 0.0095) (Figure 4F). These results suggest that ILC3s’ function, especially IL-22 production, might be involved in both premalignant lesions, such as adenomas and HPs, and CRC.





Regulatory T-cell proportions increase from adenomas to carcinomas

The CD4+CD25+ regulatory T cell (Treg) percentage in PBMCs was investigated in all groups to further assess the frequency change in Tregs in colonic precancerous lesions and CRC (Figures 5A, B). The frequency of peripheral CD4+CD25+ Treg cells was comparable between the control and HP groups. However, compared with the control, a significantly increased percentage of circulating CD4+CD25+ Tregs was detected in the adenoma grade III (1.56 vs. 19.6, P = 0.0032) and CRC groups (1.56 vs. 29.9, P < 0.0001). The frequency of CD4+CD25+ Treg cells gradually increased from early to advanced adenomas and finally to CRC, suggesting that Treg cells increased to exert immunosuppressive effects as adenomas progressed toward CRC (grade I vs. grade II, 0.63 vs. 5.30, P = 0.0400; grade I vs. grade III, 0.63 vs. 19.6, P < 0.0001; grade I vs. CRC, 0.63 vs. 29.9, P < 0.0001; grade II vs. CRC, 5.30 vs. 5.30, P = 0.0059). Moreover, CD4+CD25+ Treg cells were decreased in HPs compared with grade III adenoma (1.96 vs. 19.6, P = 0.0097) or CRC (1.96 vs. 29.9, P = 0.0001). There was no difference between HPs and adenoma grade I or II.




Figure 5 | Treg cell analysis during a cascade of colonic lesions. (A) The representative flow plots about the gating strategy of CD25+ Treg cells in CD4+ T cells during a cascade of colonic lesions. (B) Flow cytometry quantification of the frequency of CD4+CD25+ Treg cells in CD4+ T cells. Each dot represents one donor. HC, healthy control. Error bars represent the SEM. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001 (ANOVA or non-parametric test as appropriate). n = 10–19 in each group. (C) IL-2RA (CD25) and FOXP3 expression analysis in the tissue-derived CD4+ T cells among different colonic lesions by analyzing the single-cell RNA-sequencing data (GSE161277). The color depth represents the average expression, and the size of the dots represents the percentage expressed.



Furthermore, single-cell RNA-sequencing data showed that the expression of IL-2RA (CD25) and FOXP3, the key markers of Treg cells, was increased from adenoma to carcinoma in the tissue-derived CD4+ T cells (Figure 5C), which is consistent with the changes in peripheral Treg cells. This result further confirms the involvement of Tregs in colonic premalignant lesions and CRC.





T follicular helper cell response is downregulated during colorectal carcinogenesis

We further analyzed the T follicular helper (Tfh) response, and CD4+PD1+CXCR5+ cells were significantly decreased in adenoma grade II (3.95 vs. 0.63, P = 0.0157), grade III (3.95 vs. 0.26, P = 0.0002), and CRC (3.95 vs. 0.16, P < 0.0001) compared with the control (Figure 6A). Moreover, the percentage of CD4+PD1+CXCR5+ cells decreased from adenoma grade I to III and even in CRC (Figure 6A), primarily attributed to the change in programmed cell death protein 1 (PD1) but not CXCR5 (Supplementary Figures 4A, B). In addition, the expression of PDCD1 and CXCR5 in the tissue-derived CD4+ T cells among different colonic lesions was analyzed using the single-cell RNA-sequencing data (GSE161277). As shown in Figure 6B, the Tfh cell markers PDCD1 and CXCR5 were decreased during the carcinoma progression, which is consistent with the change of t peripheral Tfh population. Furthermore, the percentage of antibody-secreting CD19+CD38+CD27+ plasma cells also decreased in the adenoma grade II group (2.775 vs. 0.405, P < 0.0001), adenoma grade III group (2.775 vs. 1.230, P = 0.0015), and CRC group (2.775 vs. 1.280, P = 0.0155) compared with that in the control group (Figure 6C). However, IL-21+ production in CD4+ cells, the key cytokine of Tfh cells, showed no significant differences among the groups (Figure 6D). These results suggested a potential role of Tfh cells in both precancerous lesions and CRC.




Figure 6 | The change of Tfh cells during a cascade of colonic lesions. (A) The FACS staining (left) and frequency quantification (right) analysis of CD4+CXCR5+ PD1+ cells in CD4+ T cells during a cascade of colonic lesions. (B) The expression analysis of PDCD1 and CXCR5 in the tissue-derived CD4+ T cells among different colonic lesions by analyzing the single-cell RNA-sequencing data (GSE161277). The color depth represents the average expression, and the size of the dots represents the percentage expressed. (C) The FACS staining (left) and frequency quantification (right) analysis of CD19+CD38+CD27+ plasma cells during a cascade of colonic lesions. (D) The FACS staining (left) and frequency quantification (right) analysis of IL-21+ cells in CD4+ T cells during a cascade of colonic lesions. Each dot represents one donor. HC, healthy control. Error bars represent the SEM. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001 (ANOVA or non-parametric test as appropriate). n = 10–19 in each group.








Discussion

The ability of precancerous lesions to progress to cancer is related to the intrinsic phenotype and the contributions of the immune response. Therefore, an in-depth investigation of the immunological characteristics of colorectal carcinoma progression is crucial for understanding the mechanisms underlying CRC development. Tumor occurrence and development often result in systemic immune disturbances and alterations in peripheral immune cells through tissue communication with peripheral blood (21–24). Therefore, monitoring disease development through the peripheral immune response may be a better option. Dynamic changes in the peripheral immune profile, from colonic precancerous lesions to CRC lesions, have not been reported. In this study, we demonstrated the immune landscape of the CRC development process, including changes in Th cells, ILC cells, and key cytokines that play critical roles in maintaining intestinal homeostasis.

Cytokines are a class of small molecular proteins or peptides with biological activities that can be divided into pro- and anti-inflammatory cytokines. The cytokines in our study exhibited non-significant subtle changes. IFN-γ, TNF-α, and IL-2 enhance cytotoxic and apoptotic effects in response to colon adenomas. IL-22 plays both protective and pathogenic roles in inflammation. At an early stage, IL-22 is protective, helps maintain barrier integrity, and reduces inflammation and tumors. However, during wound repair in the epithelium, IL-22 promotes tumor development (31). Our results were inconsistent with those of previous studies, and no changes were detected in the plasma cytokine spectrum, indicating that their ability to detect lesions might be limited.

We comprehensively analyzed lymphocyte profiles in premalignant and colorectal tumors. ILCs are central innate immune mediators in both gastrointestinal homeostasis and inflammatory pathologies (15) and exhibit striking similarities to the heterogeneity in CD4+ T helper cells (14, 32). To our knowledge, our results are the first to demonstrate the characteristics of Th and ILC subsets in HPs. Though effector Th response increased during the carcinoma process, the ILC-derived IL-22 production was downregulated in the HP, adenoma, and CRC groups. The immunological characteristics of HP, adenoma, and CRC are generally consistent with the tissue-derived single-cell RNA-seq data from previously reported studies (20, 27). Interestingly, the peripheral CD4+ T cells were contrary to the results of tumor-derived CD4+ T cells in terms of their surface molecules. This might be due to the differences in methodology because the peripheral CD4+ T cells were defined with surface molecules at the protein level while the tumor-derived CD4+ T cells’ surface molecules were analyzed at the RNA level. Moreover, the differences in localization might also contribute to that. The upregulation of these chemokines in the tumor-derived CD4+ T cells was very likely associated with the migration toward tumor tissues. Considering the easily obtainable and non-invasive characteristics of peripheral blood samples, the circulating Th cell analysis might be used to monitor CRC development and discover key functional cell subpopulations during CRC carcinogenesis.

Maintaining the immune balance is critical for antitumor immunity. Foxp3+ regulatory T cells secrete immunomodulatory cytokines and cytolytic molecules that regulate immune responses (33). Besides the effect of Th subsets, suppressive Treg cells also play an essential role in the tumor immune response. Elevated Treg cells are associated with promoting tumor development, immunotherapy failure, and poorer prognosis in CRC (34), suggesting that the immune balance is critical in antitumor immunity. In terms of tumor prognosis, a high number of Tregs are correlated with poor patient survival. Foxp3+ Treg accumulation in the tumor microenvironment is an early event along the carcinoma development and may play a role in initiating CRC (35). Our study confirmed the upregulation of peripheral Tregs during carcinoma progression and showed a progressive increase from adenoma grade I to CRC. However, Treg activation induced CD25 upregulation in CD4+ conventional T cells (36, 37). Therefore, we cannot exclude the involvement of activated T cells in the CD4+CD25+ population. We also investigated the changes in different effector CD4+ cell subsets, and these populations did not show dramatic changes as the CD4+CD25+ populations. Thus, we speculated that the changes in CD4+CD25+ cells may be mainly attributed to Treg cells. In addition, the tendency of peripheral Treg cells to increase during CRC development was consistent with the results from colonic tissues, indicating the potential use of peripheral Treg cells to monitor CRC progression.

As a critical CD4+ T-cell subset, Tfh cells primarily function by interacting with B cells and are essential for guiding immunoglobulin isotype switching, affinity maturation, and memory- and antibody-secreting B-cell differentiation (38). Tfh cells help B cells during effective antibody-mediated immune responses (38, 39). Recently, the role of Tfh cells in the antitumor immune response has attracted increasing attention (37, 39). Tfh indirectly enhances antitumor immunity mediated by CD8+ T cells by secreting IL-21 (40). Furthermore, the specific intestinal bacterium Helicobacter hepaticus promotes Tfh-associated antitumor immunity in the colon (37). However, the involvement of Tfh cells and related antibody responses in CRC development is unclear. Our results further demonstrate that Tfh cells and related plasma cell populations decrease with disease progression, implying that Tfh cells are involved in precancerous and CRC stages.

However, our study has limitations, such as a small cohort of unpaired individuals. Considering this limitation and to further confirm the tissue specificity of the changed cell populations, we verified our PBMC results using published single-cell RNA-seq data by detecting the expression levels of Th cell subset markers in CD4+ T cells from tissues. Tissue results showed the same variation tendency as that of the PBMCs. This finding verified our PBMC findings and further indicated that the changes in Th subsets may be primarily due to colorectal lesions. However, another model is needed to clarify whether this is a sequential effect, such as using paired tissue samples or collecting PBMCs at different pathological stages from the same patients. Moreover, the male/female ratios of the samples were inconsistent between the groups. The male/female ratio was lower in the adenoma group than in the control/CRC group. The small sample size also caused a potential bias during the short collection period, which may have confounded the results. Sexual dimorphisms have been described in innate and adaptive immune systems. Significantly elevated frequencies of Treg cells were reported in the peripheral blood of young postpubertal cisgender men compared with similarly aged cisgender women. Thus, sex chromosomes and hormones may drive changes in Treg cell frequency and function, and young postpubertal men have a more anti-inflammatory Treg cell profile than women (41). A higher incidence of CRC is observed in men than in women (42). Although the control group had a high male ratio in our study, the percentage of Tregs was still lower than that in the adenoma and carcinoma groups. This finding indicates that changes in Tregs in colonic precancerous lesions and CRC may result from pathological changes. As for Tfh cells, no studies have reported the influence of sex on Tfh cells in colonic precancerous lesions and CRC. However, the relationship between elevated levels of circulating Tfh cells and female-biased autoimmune diseases has been verified (43). Accordingly, the decreased Tfh percentage may not be due to sex but to the lower female ratio in the control group. Since the exact influence of sex hormones on the immune phenotype during tumor development remains unclear, the effect of sex bias should be considered. Lastly, because ILC2s can also express CD117 (44), some ILC2s might be excluded from the analysis.

In summary, we analyzed the immunological profile characteristics and demonstrated the involvement of Th subsets, especially Treg and Tfh cell populations, during colorectal carcinogenesis. Our study is the first to demonstrate the lymphocyte profiles of HPs and the CRC development process by analyzing circulating PBMCs and the production of key cytokines. Further exploration of their functions is required to develop a precise treatment.





Conclusion

We analyzed circulating ILCs and adaptive T lymphocyte subtypes in colorectal carcinogenesis. We revealed the involvement of Th subsets, especially Treg and Tfh cells, in CRC development and clarified the immunological characteristics of HPs.

These findings significantly enhance our understanding of the immune mechanisms underlying CRC and its precancerous lesions. Further investigation of the Treg and Tfh cells’ function in colorectal disease development will provide potential therapeutic targets for monitoring and preventing CRC development. Considering the easily obtainable and non-invasive characteristics of peripheral blood samples, demonstrating the change of peripheral functional cell subpopulations, like Treg and Tfh cells, during CRC carcinogenesis might provide novel target cells for the early screening of CRC patients.
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Background

Although peripheral blood lymphocyte subsets, particularly PD-1+ T cells, are promising prognostic indicators for patients with cancer. However, their clinical significance remains unclear.





Methods

We prospectively enrolled 157 patients with hepatocellular carcinoma (HCC) treated with transcatheter arterial chemoembolization combined with or without PD-1 inhibitors. Twenty peripheral lymphocyte subsets and cytokines were analyzed. We analyzed the differences in PD-1+ T cells between patients treated with and without PD-1 inhibitors and their associations with tumor response, survival prognosis, and clinical features.





Results

We found that the baseline CD8+PD-1+ and CD4+PD-1+ T-cell frequencies in patients who had received PD-1 inhibitors were lower than those in patients who had not received PD-1 inhibitors (p < 0.001). In the former patients, there were no differences in PD-1+ T-cell frequencies between the responder and non-responder subgroups (p > 0.05), whereas in the latter patients, the levels of CD8+PD-1+ T cells, CD4+PD-1+ T cells, and CD8+PD-1+/CD4+PD-1+ ratio did not predict tumor response, progression-free survival (PFS), or overall survival (OS) (p>0.05). Furthermore, in multivariate analysis of patients treated with or without PD-1 inhibitors revealed that the levels of CD8+CD38+ T cells (OR = 2.806, p = 0.006) were associated with tumor response, whereas those of CD8+CD28+ T cells (p = 0.038, p = 0.001) and natural killer (NK) cells (p = 0.001, p = 0.027) were associated with PFS and OS. Although, these independent prognostic factors were associated with progressive tumor characteristics (p<0.05), with the exception of CD8+CD28+ T cells, changes in these factors before and after treatment were unassociated with tumor response (p > 0.05).





Conclusion

Circulating CD8+CD38+ T cells, CD8+CD28+ T cells, and NK cells were identified as potential prognostic factors for tumor response and survival in patients with HCC. Contrastingly, although PD-1 inhibitors can effectively block the T cell PD-1 receptor, the baseline PD-1+ T-cell frequencies and changes in the frequency of these cells have limited prognostic value.





Keywords: lymphocyte subsets, PD-1+ T cells, prognosis, hepatocellular carcinoma, PD-1 inhibitors




1 Introduction

Hepatocellular carcinoma (HCC), which accounts for 75%–85% of primary liver cancers, is among the most prevalent and fatal malignancies worldwide (1). Transcatheter arterial chemoembolization (TACE), the first-line treatment for patients with unresectable intermediate-stage HCC (2), is effective in patients with early- or advanced-stage HCC (3), and compared with monotherapy based on TACE or tyrosine kinase inhibitors (TKIs), TACE plus TKIs has been established to improve clinical outcomes for unresectable HCC (4, 5). Recent research has shown that the clinical benefit of triple combination therapy comprising TACE+TKIs+programmed cell death (PD)-1/programmed death-ligand 1 (PD-L1) inhibitors are significantly superior to those of dual combination therapy comprising TACE and TKIs (6–8). TKIs regulate the tumor immune microenvironment (9, 10). PD-1 inhibitors block the PD-1 receptors on the surface of T cells, prevent the binding of PD-1 to PD-L1 on the tumor surface, and activate the anti-tumor immunity of cytotoxic T cells (11). Although in recent years, predictive biomarkers based on PD-1/PD-L1 expression, tumor-infiltrating lymphocytes (TILs), and the genetic characteristics of tumor tissue have been reported (12, 13), these markers have yet to be widely validated or used to predict clinical benefits, and thus clinical risk factors still serve as a foundation for treatment choices.

Whereas most of the relevant studies conducted to date have tended to focus on PD-L1 expression in tumor cells and macrophages in the tumor microenvironment, the expression of PD-1 in peripheral T cells has been studied to a notably lesser extent. PD-1, an immune checkpoint receptor, is highly expressed on the surface of functionally exhausted T cells in response to persistent antigen stimulation in patients with tumors or chronic infections. This may explain the association between high levels of PD-1 expression on peripheral blood CD3+ T cells and CD8+ T cells and poor overall survival (OS) and progression-free survival (PFS) in patients with advanced-stage non-small cell lung cancer (NSCLC) treated with nivolumab (14). However, the findings of a further study have indicated that high levels of circulating CD8+PD-1+ T cells have a positive influence on the prognosis of patients with immune checkpoint inhibitor (ICI)-treated advanced NSCLC (15). Moreover, it has been demonstrated that HCC patients with high levels of circulating CD4+PD-1+ T cells are more likely to respond to tremelimumab therapy (16). Consequently, it has yet to be sufficiently established whether the circulating PD-1+ T-cell frequency and its change in response to ICI therapy have any prognostic value.

TILs influence the behavior of human tumors, and the relative abundance and phenotypes of specific subsets of TILs have been extensively investigated as potential biomarkers for ICI treatment (17–19). However, for many patients with advanced liver cancer, the detection of TILs is not feasible, owing to the limited availability of tumor tissues. In this regard, peripheral blood lymphocyte subsets have been identified as promising biomarkers for characterizing differences between cancer patients and healthy individuals, predicting patient prognosis, and determining treatment strategies. Nevertheless, the results of these studies have tended to be inconsistent. In theory, natural killer (NK) cells and CD8+ T cells are cytotoxic; however, the frequencies of circulating NK cells and CD8+ T cells are lower and higher, respectively, in patients with liver cancer than in healthy individuals (20, 21). Conversely, the findings of other studies have revealed reductions in the proportions of NK cells and CD8+ T cells in patients with cancer, whereas there is an increase in the CD4+/CD8+ T-cell ratio (22, 23). Although it is generally believed that high levels of NK, CD4+ T, and CD8+ T cells predict better tumor response and prolonged PFS in patients with NSCLC (23, 24), the findings of one study have indicated that high baseline NK cell levels in patients with advanced NSCLC treated with nivolumab are associated with a poor prognosis (14). These authors also reported that high levels of CD8+ T cells are associated with prolonged OS and PFS, whereas the frequency of CD8+ T cells in patients with tumor progression was higher than that in patients in a clinical benefit group (14). Moreover, different studies have reported variable predictive efficacies for T-cell functional subsets characterized by CD28 and CD38 expression (25–27).

In our previous study, we established that conventional circulating lymphocyte subsets were generally ineffective as prognostic predictors for HCC patients treated with TACE (28). In this prospective cohort study, we accordingly sought to characterize baseline circulating lymphocyte subsets and their changes in HCC patients treated with TACE administered with or without PD-1 inhibitors using high-dimensional flow cytometry and attempted to identify effective prognostic biomarkers.




2 Materials and methods



2.1 Patients

This study was approved by the Ethics Committee of the First Affiliated Hospital of Sun Yat-Sen University. All patients were informed of the study’s aims and procedures and consented to enrollment. The cohort included as many patients as possible with a clinical or pathological diagnosis of HCC, covering patients with BCLC stages A, B, and C, as well as those who had received previous treatment. Patients with an Eastern Cooperative Oncology Group performance status score greater than 3, a Child-Pugh score greater than 13, or obvious infective symptoms were excluded. At enrollment, peripheral blood was drawn from patients prior to treatment to assess baseline levels of lymphocyte subsets and the cytokines IL-6 and IFN-γ. The outcomes of these preliminary analyses did not influence decisions regarding individual treatment plans.




2.2 Treatment and follow-up

On the basis of the characteristics and staging of tumors, we recommend TACE as the basic local treatment, and/or combination systemic therapy, such as TKIs and PD-1 inhibitors. TACE procedures were based on super-selective techniques and an operational protocol described in our previous study (28). The TKIs used at our research center included first-line drugs, such as sorafenib and lenvatinib, and second-line drugs, such as regorafenib and apatinib. PD-1 inhibitors include camrelizumab, sintilimab, tislelizumab. The treatment protocols adopted in this study all comply with Chinese clinical guidelines for the management of HCC (29); however, due to cost and poor compliance, some patients have received relatively conservative treatment or in some cases, the use of TKIs or ICIs bas been delayed.

To evaluate tumor response and determine subsequent treatment plans, patients underwent an initial enhanced CT or MRI examination 4 to 8 weeks after the preliminary treatment. Subsequent follow-up intervals were typically between 1 and 3 months. A tumor response 3 months after the initial treatment was evaluated based on modified RECIST (mRECIST). Responders were defined as those patients with a confirmed complete response (CR) or partial response (PR), whereas non-responders were defined as patients with confirmed stable disease (SD) or progressive disease (PD). PFS was defined from the date of initial lymphocyte subset detection initiation to tumor progression or death due to any cause in the absence of progression. OS was defined from the date of initial lymphocyte subset detection initiation to the data of death due to any cause.




2.3 Detection of lymphocyte subsets and cytokines

At enrollment, three samples of venous blood (two EDTA anticoagulant tubes, one separation gel coagulation promoting tube) were collected from patients prior treatment. Fresh blood samples were delivered to our clinical laboratory within 4 hours of collection. CD3+ T, CD4+ T, CD8+ T, CD19+ B, and CD16+ CD56+ NK cells were stained using BD Multitest 6-color TBNK reagent in Trucount tubes (Cat:662997). The inhibitory and activated T lymphocyte subsets were also analyzed based on a single-platform technique by ten-color flow cytometry. The data were collected and analyzed on a BD FACS Canto II flow cytometer. The main antibodies were CD45 KrO (B36294), CD3 PB (B49204), CD4 APC-cy7 (341115), CD8 PE-cy7 (664999), PD-1 Percp-cy5.5 (561273), CD28 PE (662797), CD38 APC (345807), HLA-DR FITC (652827). The gating strategy is shown in Supplementary Figure 1. The concentrations of the cytokines IL-6 and IFN-γ were determined using enzyme-linked immunosorbent assays (Hangzhou Clongene Biotech Co. Ltd., China). The procedures were performed in accordance with the manufacturer’s protocols. Additionally, after 4-8 weeks of enrollment, the peripheral blood of patients was collected again to detect the aforementioned immune indicators and evaluate the clinical significance of any changes.




2.4 Statistical analysis

Continuous variables and categorical variables are presented as the means and standard deviations, or medians and interquartile ranges, and were compared between groups using Student’s t-test, the Mann-Whitney U test, a paired t-test, or the chi-square test. The cutoff values for lymphocyte subsets and cytokines for predicting a tumor response were determined by receiver operating characteristic (ROC) curve analysis. Logistic regression was performed to identify variables associated with tumor response. Univariate and multivariate Cox analyses were also conducted to identify variables associated with survival outcomes, and only factors that reached a significance threshold of p < 0.1 in univariate analysis were selected for multivariate analysis. All presented p-values are two-sided, and a p-value < 0.05 was considered to indicate a statistical significance. IBM SPSS version 24.0 was used for statistical analysis, and GraphPad Prism version 8.0.1 was used for graphical presentation of the data.





3 Results



3.1 Patient characteristics

From September 2021, a total of 157 patients were enrolled within 6 months and followed up until June 2023. These included 115 previously treated patients and 42 newly diagnosed patients. At enrollment, compared with those patients who had not undergone PD-1 inhibitor treatment (n = 96), those who had received this treatment (n=61) had advanced stage disease, multiple nodules, and extrahepatic metastasis characteristics (all p < 0.05) (Table 1). One patient with advanced-stage HCC opted to discontinue treatment, while the remaining patients received TACE-based treatment after enrollment. Among them, 84 patients received TKI+PD-1 inhibitor combination therapy, 30 patients received TKI combination therapy, 11 patients received PD-1 inhibitor combination therapy. Two patients died of liver failure and stroke following an initial TACE treatment. Therefore, the three patients had no assessable or acceptable tumor response or PFS. Additionally, 44 patients who were evaluated as PD at enrollment were lost to follow-up within 3 months or had no available imaging data. Accordingly, we were able to obtain OS data for 154 patients with an evaluable tumor response and evaluable PFS data for 110 patients. The patient distribution of clinical baseline characteristics and prognosis is shown in Figure 1.


Table 1 | Clinical characteristics of patients who had or had not undergone PD-1 inhibitor treatment.






Figure 1 | Patient distribution of clinical baseline characteristics and prognosis. TACE, transcatheter arterial chemoembolization; TKI, tyrosine kinase inhibitors; ICI, immune checkpoint inhibitor; PD-1, programmed cell death-1; PR, partial response; SD, stable disease; PD, progressive disease.






3.2 Clinical intergroup differences in PD-1+ T cells

Baseline PD-1+ T-cell frequency data was obtained for 156 patients. Compared with those in patients who had not received PD-1 inhibitor treatment (n=96), we detected approximately 20- to 30-fold reductions in the frequencies of CD4+PD-1+ T cells and CD8+PD-1+ T cells in patients who had received PD-1 inhibitor treatment (n = 60) (p < 0.001) (Supplementary Table 1, Figures 2A, C). However, we detected no differences among the subgroups with different ICI treatment courses (p > 0.05) (Figures 2B, D), which means that the PD-1 receptor on the surface of T cells can be effectively blocked after a single administration of PD-1 inhibitor. In patients who had been treated with PD-1 inhibitors, there were no significant differences in the percentages of CD4+PD-1+ T cells and CD8+PD-1+ T cells between the responder (n=30) and non-responder (n=30) groups at enrollment (p > 0.05) (Figure 3). This suggests that PD-1+ T cell levels did not rebound in patients who did not respond to PD-1 inhibitors.




Figure 2 | PD-1+ T cell frequency in HCC patients. (A) The frequency of CD4+PD-1+T cells in HCC patients treated with or without PD-1 inhibitor (No=96, Yes=60). (B) The frequency of CD4+PD-1+T cells in HCC patients after different PD-1 inhibitor treatment courses (once [n=17], twice [n=13], three times [n=9], ≥ four times [n=21]). (C) The frequency of CD8+PD-1+T cells in HCC patients treated with or without PD-1inhibitor treatment (No=96, Yes=60). (D) The frequency of CD8+PD-1+T cells in HCC patients after different PD-1 inhibitor treatment courses (once [n=17], twice [n=13], three times [n=9], ≥ four times [n=21]). ***p < 0.001.






Figure 3 | PD-1+ T cell frequency in responders and non-responders who had undergone PD-1 inhibitor treatment. The frequency of CD4+PD-1+ T cells (A) and CD8+PD-1+ T cells (B) in PD-1 inhibitor responders (n=30) and non-responders (n=30). ‘ns’ means No significance.



In all 156 patients, we detected extremely high percentages of CD4+PD-1+ T cells and CD8+PD-1+ T cells in several patients (> median plus triple interquartile range; Figures 2, 3). We have known that PD-1 inhibitors can significantly reduce the level of PD-1+ T cells. Therefore, we first analyzed the reasons for the abnormal value of PD-1+ T cells in patients who have been treated with PD-1 inhibitors. In these patients, seven (4 responders and 3 non-responders) had an extremely high CD4+PD-1+ T-cell frequency (> 2.64%). Among the four responders, one patient had a 5-month interval from the final administration of sintilimab and the other three patients had a lower CD4+PD-1+ T-cell frequency than did those who had not undergone PD-1 inhibitor treatment. Among the three non-responders, two had a 2-/3-month interval from the final dose of camrelizumab. We also identified four patients with an extremely high CD8+PD-1+ T-cell frequency (> 1.95%), one of whom was a responder (with a 5-month interval from the final use of sintilimab), whereas the remaining three were non-responders (with one patient having a 3-month interval from the final use of camrelizumab). According to our case analysis, prolonged PD-1 inhibitor treatment intervals led to an increased rebound in the frequency of PD-1+ T cells. IL-6 and IFN-γ were reported to regulate the expression of PD-1 and PD-L1 in the tumor microenvironment. Therefore, we further analyzed their correlation with PD-1+ T cells in patients who did not receive PD-1 inhibitor treatment. In these patients, no significant correlations were detected between CD4+PD-1+ T cells and CD8+PD-1+ T cells and IL-6 or IFN-γ (p < 0.05) (Supplementary Table 2).




3.3 Prognostic analysis of tumor response in patients with different lymphocyte subsets and cytokines levels

When assessed at 3 months after enrollment, 154 patients (91 responders and 63 non-responders) had evaluable tumor responses. The tumor response (responder vs. non-responder) significantly differentiated the survival benefits with respect to PFS (hazard ratio [HR] = 2.968, 95% confidence interval [CI] = 1.710-5.150, p < 0.001) and OS (HR = 5.110, 95% CI = 3.111-8.392, p < 0.001) (Supplementary Figure 2). Subsequent ROC curve analysis of 20 lymphocyte subsets and the cytokines IL-6 and IFN-γ based on tumor response revealed significant differences in CD3+ T-cell counts, CD4+ T-cell counts, CD8+ T-cell counts, CD8+CD28+ T-cell frequency, CD8+CD38+ T-cell frequency, CD8+PD-1+/CD4+PD-1+ T-cell ratio, and the concentration of IL-6 in predicting tumor response (all p < 0.05) (Supplementary Table 3). The patients were divided into high and low groups based on the Youden indices of the aforementioned lymphocyte subsets and the cytokine IL-6, as well as the median of other previously widely assessed immune indicators, including NK cell counts, NK cell frequency, CD8+/CD4+ T-cell ratio, CD8+CD28− T-cell frequency, CD4+PD-1+ T-cell frequency, CD8+PD-1+ T-cell frequency, and IFN-γ.

The predictive factors in the ROC curve analysis similarly revealed significant differences in the univariate logistic regression analysis (all p<0.05). Multivariate logistic regression analysis indicated significant differences in CD8+ T-cell counts (odds ratio [OR] = 0.409, 95% CI = 0.196-0.855, p = 0.018), CD8+CD38+ T-cell frequency (OR = 2.806, 95% CI = 1.335-5.898, p = 0.006), CD8+PD-1+/CD4+PD-1+ T-cell ratio (OR = 0.149, 95%CI = 0.05-0.451, p = 0.001), and IL-6 (OR = 2.527, 95%CI = 1.065-5.992, p = 0.035) (Figures 4A, B). Furthermore, univariate logistic regression analysis performed for the subgroup of patients who had undergone PD-1 inhibitor treatment, revealed that there were significant differences in CD8+CD28+ T-cell frequency, CD8+CD38+ T-cell frequency, and IL-6 (all p < 0.05), whereas multivariate analysis revealed significant differences in CD8+CD38+ T-cell frequency (OR = 5.997, 95%CI = 1.470-24.471, p = 0.013) and IL-6 (OR = 9.525, 95%CI = 1.509-60.127, p = 0.011) (Figures 4C, D). Moreover, we obtained evaluable tumor responses for 34 patients who commenced PD-1 inhibitor treatment following enrolment. On the basis of univariate analysis, we detected no significantly difference between responder and non-responder groups with respect to the baseline frequencies of CD4+PD-1+ T cells, CD8+PD-1+ T cells, or the ratio of CD8+PD-1+/CD4+PD-1+ T cells (all p > 0.05).




Figure 4 | The analysis of lymphocyte subsets and cytokine levels in predicting the tumor response. The lymphocyte subsets and cytokines levels in predicting the tumor response for PD-1 treatment in univariate (A) or multivariate (B) binary logistic regression among all 154 patients. The lymphocyte subsets and cytokines levels in predicting the tumor response for PD-1 treatment in univariate (C) or multivariate (D) binary logistic regression in patients treated with PD-1 inhibitors.






3.4 Survival analysis of RFS and OS in patients with different lymphocyte subsets and cytokines levels

Among the 110 patients with evaluable PFS, univariate survival analysis revealed a significant difference in the levels of six T-cell subsets and IL-6 (all p < 0.05), and multivariate analysis revealed significant differences in the levels of CD4+ T cells (≤ 268/μL vs. >268/μL) (HR = 0.357, 95%CI = 0.190-0.672, p = 0.01), NK cells (≤ 167/μL vs. >167/μL) (HR = 0.374, 95%CI = 0.209-0.670, p = 0.001), and CD8+CD28+ T cells (≤ 64% vs. >64%) (HR = 0.579, 95%CI = 0.345-0.971, p = 0.038) (Table 2). Among 35 patients who had undergone PD-1 inhibitors treatment, univariate analysis revealed significant differences in the levels of CD3+ T cells, CD4+ T cells, NK cells, and CD8+CD28+ T cells (all p < 0.05), whereas the multivariate analysis revealed differences in the levels of CD4+ T cells (≤ 268/μL vs. >268/μL) (HR = 0.242, 95%CI = 0.077-0.762, p = 0.015), NK cells (≤ 167/μL vs. >167/μL) (HR = 0.332, 95%CI = 0.106-1.042, p = 0.059), and CD8+CD28+ T cells (≤ 64% vs. >64%) (HR = 0.331, 95%CI = 0.113-0.971, p = 0.044) (Supplementary Table 4). Furthermore, among patients who commenced PD-1 inhibitor treatment following enrollment, 28 had evaluable PFS, and with the exception of CD4+PD-1+ T cell levels (HR: 2.401, 95%CI=1.000-5.770, p=0.05), univariate analysis revealed no significant differences among these patients with respect to the levels of CD8+PD-1+ T cells (HR = 1.326, p = 0.504) and CD8+PD-1+/CD4+PD-1+ T-cell ratio (HR = 0.658, p = 0.364).


Table 2 | Survival analysis for progression-free survival.



Among the 154 patients with evaluable OS, univariate survival analysis revealed significant differences in the levels of 10 peripheral blood immune indicators, including CD8+/CD4+ T-cell ratio, CD8+PD-1+/CD4+PD-1+ T-cell ratio, and IL-6 (all p < 0.05), whereas multivariate analysis revealed significant differences in the levels of CD4+ T cells (≤ 268/μL vs. >268/μL) (HR = 0.433, 95%CI = 0.198-0.948, p = 0.036), CD8+ T cells (≤ 219/μL vs. >219/μL) (HR = 0.505, 95%CI = 0.312-0.814, p = 0.005), NK cells (≤ 167/μL vs. >167/μL) (HR = 0.569, 95%CI = 0.345-0.939, p = 0.027), CD8+CD28+ T cells (≤ 64% vs. >64%) (HR = 0.403, 95%CI = 0.241-0.675, p = 0.001), and IL-6 (≤ 25pg/mL vs. >25pg/mL) (HR = 2.036, 95%CI = 1.208-3.432, p = 0.008) (Table 3). Among 61 patients who had undergone PD-1 inhibitor treatment, univariate survival analysis of OS revealed significant differences in the levels of CD8+CD28+ T cells (p < 0.05), IL-6 (p < 0.05), and NK cells (p = 0.057), and, consistently, multivariate analysis revealed similar significant differences in the three parameters (HR = 0.464, 95%CI = 0.216-1.000, p = 0.05; HR = 3.307, 95%CI = 1.500-7.287, p = 0.003; HR = 0.455, 95%CI = 0.207-0.997, p = 0.049) (Supplementary Table 5). Among patients who commenced PD-1 inhibitor treatment following enrollment, 34 had an evaluable OS, and for these individuals, univariate analysis revealed no significant differences in the levels of CD4+PD-1+ T cells, CD8+PD-1+ T cells, or CD8+PD-1+/CD4+PD-1+ T-cell ratio (all p > 0.05).


Table 3 | Survival analysis for overall survival.






3.5 Correlation between independent prognostic factors and clinical characteristics

Among all patients and the subgroup of patients treated with PD-1 inhibitors, CD8+CD28+ T cells and NK cells were identified as the common independent prognostic factors for PFS and OS (Figure 5), whereas CD8+CD38+ T cells were common independent prognostic factors for tumor response. Correlation analysis performed to assess the significance of these three factors from a clinical perspective indicated associations with characteristic features of tumor progression, including advanced tumor stage, blurred boundaries, larger tumors, multiple nodules, extrahepatic metastasis, vascular invasion, and poor liver function (all p < 0.05) (Table 4).




Figure 5 | Survival analysis in patients with different lymphocyte subsets and cytokines levels. The levels of CD8+CD28+ T cells (A, B), NK cells (C, D) and CD8+CD38+T cells (E, F) were analyzed for progression-free survival and overall survival in all patients.




Table 4 | Correlations between independent prognostic factors and clinical characteristics.






3.6 Associations between changes in independent prognostic factors and tumor response

At 4 to 8 weeks post-enrollment, we re-assessed lymphocyte subsets in 33 patients and analyzed associations between the changes in the aforementioned three independent prognostic factors and tumor response. With respect to the non-responder subgroup (n=13), we accordingly detected a significant reduction in CD8+CD28+ T-cell frequency after 4–8 weeks (p = 0.046). Contrastingly, in neither subgroup did we detect any significant differences regarding comparisons of other indicators measured before and after treatment (Figure 6). In addition, there were no significant differences between the responder and non-responder subgroups with respect to changes in the three independent prognostic factors (all p > 0.05) (Figure 7), thereby tending to indicate that changes in these factors would not be effective as predictors of a tumor response.




Figure 6 | Comparison of lymphocyte subsets before and after treatment. The frequency of CD8+CD28+ T cells (A, B), NK cell number (C, D), and the frequency of CD8+CD38+ T cells (E, F) before and after treatment in the response group and non-response group. ‘ns’ means No significance.






Figure 7 | Changes in lymphocyte subsets in individuals. The changes in the frequency of CD8+CD28+ T cells (A, B), NK cell counts (C, D), and the frequency of CD8+CD38+ T cells (E, F) at the individual level before and after treatment in the response group and non-response group.







4 Discussion

To date, few studies have sought to verify the prognostic efficacy of peripheral blood lymphocyte subsets after TACE for liver cancer. However, given the significant heterogeneous responses of patients with advanced liver cancer treated with a combination of ICIs and an overall poor prognosis, accurate predictive markers are urgently needed. In this prospective study, we identified the levels of CD8+CD28+ T cells and NK cells as being independent prognostic factors for PFS and OS in all patients, as well as in subgroups of patients treated with PD-1 inhibitors. Furthermore, CD8+CD38+ T cells were found to be independent prognostic factors for tumor response. However, although PD-1 inhibitors can significantly block PD-1 receptors on the surface of T cells, we established that neither the baseline levels of CD8+PD-1+ and CD4+PD-1+ T cells nor the ratio or changes in these cells would serve as effective predictors of the prognosis of patients with liver cancer.

PD-1 receptors expressed on the surface of hematopoietic cells have an inhibitory function involving the negative regulation of immune responses, particularly in response to tumors. PD-1/PD-L1 blocking antibodies have been demonstrated to reverse these inhibitory effects and have accordingly shown clinical benefits in the treatment of tumors. However, in clinical practice, patients treated with PD-1 inhibitors often exhibit advanced tumor characteristics, making it difficult to predict their clinical benefit. Given that the expression of PD-1 on TILs has been established to be associated with prognosis in HCC, we sought to assess the utility of peripheral lymphocyte cells, including PD-1+ T cells, as biomarkers for predicting disease progression and prognosis in patients with HCC. We found that the baseline frequencies of circulating CD4+PD-1+ and CD8+PD-1+ T cells in HCC patients were 6.85% and 6.08%, respectively, whereas in patients treated with PD-1 inhibitors, we detected significantly reduced values of 0.30% and 0.21%, respectively, thereby indicating that PD-1 inhibitors can effectively block PD-1 receptors on the surface of T cells. The expression of PD-1 on circulating T cells in healthy individuals is lower than that in patients with NSCLC (30), and an increase in PD-1 expression is associated with tumor staging (31, 32). In the present study, however, we detected no significant correlation between PD-1 expression and tumor stage or liver function, except for patients with high levels of CD8+PD-1+ T cells associated with multiple tumors (data not shown). A high frequency of CD8+PD-1+TILs has previously been found to be a predictor of tumor responses in patients receiving ICI treatment. In contrast, a high frequency of circulating CD8+PD-1+ T cells is considered to be indicative of tumor progression in patients receiving sorafenib treatment (33). This indicates the contrasting predictive performance of PD-1+ T cells in relation to the therapeutic efficacy of ICI and TKI. The findings of a further study have revealed an increase in the expression of PD-1 in patients with recurrent NSCLC treated with PD-1 inhibitors (30). In the present study, however, we found that with the exception of the levels of CD4+PD-1+ T cells, which were shown to predict a worse OS in univariate analysis of the subgroup of patients treated with PD-1 inhibitors, there was no significant association between the baseline levels of PD-1+ T cells and patient prognosis. In patients treated with PD-1 inhibitors, we failed to detect any significant increase in the expression of PD-1 with tumor progression, and, consequently, we speculate that although PD-1 inhibitors can effectively block PD-1 receptors on the surface of T cells, they may not necessarily effectively activate T cell function in these non-responder patients. From another point of view, if the frequency of circulating PD-1+T cells in patients who fail to respond to PD-1 inhibitor treatment is significantly reduced (meaning the blood concentration of PD-1 inhibitor is high enough), we speculate that continuing medication may not be a wise choice. The abnormal increase in PD-1+ T-cell frequencies observed in patients treated with PD-1 inhibitors can partly be attributed to the extended treatment interval. Additionally, IL-6 and IFN-γ are considered to be the prominent stimulators that contribute to the expression of PD-1 and PD-L1 in the tumor microenvironment (34, 35); however, we were unable to detect any significant correlations between IL-6 or IFN-γ and PD-1+ T cells, which would thus tend to indicate that inflammatory cytokines are not associated with the abnormally high percentages of PD-1+ T cells.

Contrary to our expectations, we failed to detect any positive correlation between PD-1+ T cells and patient prognosis, which we assume could be attributable to one or more of the following factors. Firstly, there are differences regarding the expression of PD-1 on lymphocytes in peripheral blood and tumor tissues, and the expression of this protein does not fully reflect the immune status of the body. The frequency of PD-1+ TILs is significantly greater than that of peripheral PD-1+ T cells (33, 36), whereas in contrast, there is no significant difference in the frequency of circulating PD-1high T cells between healthy individuals and cancer patients (33). Secondly, PD-1+ T cells contain a group of cell subsets of differing functional status, and their co-expression with other molecules may represent a group of specific functional cell subsets, which may be more meaningful for identifying patient heterogeneity or predicting prognosis. For example, circulating PD-1+ early effector memory CD8+ T cells (CD28+CD27-CD45RO+) are characterized by early responses to anti-PD-1 therapy in patients with NSCLC (37). Moreover, circulating PD-1+TIGIT+CD8+ T cells are significantly upregulated in patients with HCC and are correlated with an advanced disease stage and poor prognosis (38). Thirdly, PD-1+ T cells are tumor-specific, and PD-1 is more highly expressed on tumor-associated antigen-specific CD8+ TILs than on other CD8+ TILs (36). In some cases, tumor-reactive peripheral blood lymphocytes are characterized by an overexpression of PD-1 receptors (39, 40). However, higher levels of PD-1+ T cells have also been established to be associated with other non-tumor factors, including aging, chronic inflammation, and infection. Consequently, the clinical significance of PD-1 expression on the peripheral lymphocytes of HCC patients needs further evaluation.

Theoretically, PD-1 inhibitors do not directly influence T cell surface receptors such as CD28, CD38, CD16, and CD56. In this study, we identified CD8+CD28+ T and NK cells as independent prognostic factors for PFS and OS in patients treated with TACE with or without the administration of PD-1 inhibitors. Similarly, CD38+ T cells were established to be an independent prognostic factor for tumor response. CD28 receptors are important co-stimulatory signals on the surface of T cells that in response to activation, exert anti-tumor effects when combined with B7 molecules on antigen-presenting cells (41). On the basis of the expression of CD28+, CD8+ T cells were divided into CD8+CD28+ cytotoxic lymphocytes and CD8+CD28− senescent T cells. In this regard, it has previously been demonstrated that circulating levels of CD8+CD28+ T cells are lower in patients with ovarian cancer than in their benign counterparts (42), whereas the findings of a further study have indicated that high levels of circulating CD8+CD28+ T cells can serve as a predictor of immunotherapeutic responses and a more favorable prognosis in cancer patients (43). In the present study, we confirmed that high levels of circulating CD8+CD28+ T cells are associated with tumor response and prolonged PFS and OS. In contrast, the loss of CD28 is associated with a reduced proliferation of CD8+ T cells and a less efficient ability to recognize diverse antigens. It has also previously been found that in patients with lung cancer, circulating CD28−CD57+KLRG1+CD8+ T cells were associated with a lack of benefit from ICIs (44). Our findings similarly indicate that elevated levels of CD8+CD28− T-cell expression are associated with a poor OS in all patients, although are not predictive of tumor response or PFS, neither did they have an effective prognostic value in the PD-1 inhibitor treatment subgroup. In summary, CD8+CD28+ T cells are identified as an important functional subgroup that warrants further research.

CD38 was initially considered a biomarker for identifying activated T cells and thymocytes (45). In recent years, however, it has been established that CD38 is a member of the ribosyl cyclase family of proteins that is widely expressed on the surface of non-hematopoietic cells and several types of immune cells, in which it plays roles in adenosine synthesis, thereby contributing to immune escape (46). In HCC, a high frequency of CD38+PD-1+CD8+ T cells is associated with high histopathological grades (III and IV), thereby indicating that CD38, a T-cell co-exhaustion marker, is linked to tumor aggressiveness (27). A recent study has revealed that a heightened level of CD38 expression in TILs promotes increases in the levels of Ki-67 in tumor cells, and that highly expressed CD38+ TILs independently predict shorter OS and PFS (47). The findings of further studies have indicated that the progression of prostate cancer is associated with increases in CD38+ tumor-infiltrating immune cell density, which is independently associated with a worse OS (48). Moreover, anti-CD38 antibodies have been shown to enhance tumor inhibition, and in several clinical trials, have been found to have certain clinical benefits for patients with tumors (49, 50). Our findings in the present study also confirmed that high levels of CD38+CD8+ T cells are indicative of incomplete tumor response in patients with HCC treated with TACE with or without the administration of PD-1 inhibitors.

NK cells are part of the body’s first line of defense against cancer cells and viral infection that can directly and non-specifically kill tumor cells and, as such, these cells have been extensively studied. The association between these lymphocytes and tumor prognosis has been reported in many clinical studies. For example, thermal ablation has been demonstrated to promote increases in the frequency and function of CD3-CD56+NK cells in the peripheral blood of patients with HCC, and is associated with recurrence-free survival (51), whereas radiation therapy has been found to have a significant effect on the levels of peripheral NK and NKT-like cells, with a higher percentage of NKT-like cells being found to be associated with a longer OS in HCC patients (52). Furthermore, sorafenib has been observed to modify the proportion and function of peripheral NK cells, which are associated with treatment outcomes in patients with HCC (53). However, whereas a high frequency of circulating NK cells has been established to be a predictor of tumor response in patients with NSCLC treated with immunotherapy (54), in the present study, although we found NK cells can serve as a predictor of long-term PFS and OS, they showed no significant association with a short-term tumor response. A plausible explanation for this contrasting performance is that circulating NK cells reflect systemic immunity and can predict long-term prognosis, whereas TACE has a significant influence on the tumor response, which may interfere with the short-term predictive performance of NK cells.

From a clinical perspective, we found that the levels of CD8+CD28+ T, NK, and CD8+CD38+ T cells were associated with tumor characteristics and liver function, which, to some extent, would explain their prognostic value. However, we also established that these dynamic changes were relatively ineffective as follow-up indicators for predicting a tumor response. In addition to these independent prognostic factors, IL-6 and CD4+ and CD8+ T cells have been reported as prognostic biomarkers in many studies. For example, the baseline CD4+/CD8+ T-cell ratio and its changes have been identified as prognostic markers for cancer patients (33, 55), although the findings of a recent study have provided evidence to indicate that the CD8+PD-1+ to CD4+PD-1+ T-cell ratio, rather than the CD8+/CD4+ T-cell ratio, is associated with clinical benefits in advanced NSCLC patients treated with ICIs (56). The CD8+PD-1+/CD4+PD-1+ index proposed in this previous study was based on the premise that high CD8+PD-1+ T cell levels are associated with good prognosis in cancer patients, whereas high CD4+PD-1+ T cell levels are associated with poor clinical outcomes. In the present study, however, we were unable to detect any significant associations between PD-1+ T cells and survival, with the exceptions being CD8+PD-1+/CD4+PD-1+ in predicting tumor response and OS, and CD8+/CD4+ in predicting OS in the univariate analysis of all patients. Consequently, the clinical significance of peripheral blood lymphocyte subsets remains to be determined.

Although in this prospective study, we strived to enroll as many patients as possible who had undergone long-term follow-up, the study does have certain limitations. Firstly, we measured only lymphocyte subsets in peripheral blood. In future studies, to identify more reliable predictive biomarkers and elucidate the underlying mechanisms involved, we plan to evaluate both circulating and infiltrating lymphocytes in patients. Secondly, our flow cytometry antibody staining scheme may have produced negative results owing to its simplicity and insufficient accuracy in the detection of lymphocyte functional subsets. Finally, this was primarily an exploratory study based on real-world clinical practice. Many patients had already received treatment before enrollment, as well as different subsequent combination therapies, thereby introducing a certain level of heterogeneity within the study population.




5 Conclusion

Our findings in this study revealed that the levels of circulating CD8+CD38+ T cells, CD8+CD28+ T cells, and NK cells are potential prognostic factors for tumor response and long-term survival in patients with HCC treated with TACE, administered with or without PD-1 inhibitors. Although PD-1 inhibitors can effectively block PD-1 receptors on the surface of T cells, the baseline frequency of PD-1+ T cells and changes in the frequency of these cells were established to have limited prognostic value.
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Background

It is unclear whether the systemic inflammation response index (SIRI) can predict the prognosis of patients with hepatocellular carcinoma (HCC). Consequently, the present study focused on systematically identifying the relationship between SIRI and the prognosis of patients with HCC through a meta-analysis.





Methods

Systematic and comprehensive studies were retrieved from PubMed, Web of Science, Embase, and the Cochrane Library from their inception to August 10, 2023. The role of SIRI in predicting overall survival (OS) and progression-free survival (PFS) in HCC was determined using pooled hazard ratios (HRs) and 95% confidence intervals (CIs). Odds ratios (ORs) and 95% CIs were pooled to analyze the correlations between SIRI and the clinicopathological features of HCC.





Results

Ten articles involving 2,439 patients were included. An elevated SIRI was significantly associated with dismal OS (HR=1.75, 95% CI=1.52–2.01, p<0.001) and inferior PFS (HR=1.66, 95% CI=1.34–2.05, p<0.001) in patients with HCC. Additionally, according to the combined results, the increased SIRI was significantly related to multiple tumor numbers (OR=1.42, 95% CI=1.09–1.85, p=0.009) and maximum tumor diameter >5 cm (OR=3.06, 95% CI=1.76–5.30, p<0.001). However, the SIRI did not show any significant relationship with sex, alpha-fetoprotein content, Child-Pugh class, or hepatitis B virus infection.





Conclusion

According to our results, elevated SIRI significantly predicted OS and PFS in patients with HCC. Moreover, the SIRI was significantly associated with tumor aggressiveness.





Systematic review registration

https://inplasy.com/inplasy-2023-9-0003/, identifier INPLASY202390003.
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Introduction

Primary liver cancer ranks sixth among cancers in terms of morbidity and is the third most common cause of cancer-associated mortality worldwide (1). As estimated by GLOBCAN, 905,677 new liver cancer cases and 830,180 liver cancer-associated deaths were reported globally in 2020 (1). Hepatocellular carcinoma (HCC), the most frequent subtype of liver cancer, affects approximately 75% of patients worldwide (2). Approximately 72% of the HCC cases are reported in Asia (over 50% in China), and 10%, 7.8%, 5.1%, 4.6%, and 0.5% in Europe, Africa, North America, Latin America, and Oceania, respectively (3). In general, surgery, local thermal ablation, liver transplantation (LT), transcatheter arterial chemoembolization (TACE), and systemic therapy are the main treatments for HCC and have shown efficacy in reducing the mortality rates of HCC (4). Despite this, the long-term survival rates of patients remain unsatisfactory, and recurrence rates are high (5). Among patients with localized or metastatic HCC, the 5-year overall survival (OS) rate is < 10% (6). In addition, up to 70% of patients experience recurrence after undergoing treatment with a curative intent (6). Therefore, the identification of effective prognostic biomarkers is pivotal for risk stratification and adjunctive treatment development in patients with HCC.

Accumulating evidence suggests that immune responses and inflammation influence tumor progression and metastasis (7). Many inflammatory blood-based indices, such as the neutrophil-to-lymphocyte ratio (NLR) (8), platelet-to-lymphocyte ratio (PLR), albumin-to-globulin ratio (AGR) (9), lymphocyte-to-monocyte ratio (LMR) (10), and C-reactive protein-to-albumin ratio (CAR) (11), are significant prognostic markers of different cancer types. The systemic inflammation response index (SIRI) is a novel hematologic parameter that was first proposed in 2016 (12) and is determined using the following formula: SIRI = (neutrophil × monocyte)/lymphocyte count. SIRI has been widely suggested to exhibit a significant and powerful value in predicting solid tumors such as bladder cancer (13), non-small cell lung cancer (NSCLC) (14), gastric cancer (15), breast cancer (16), and ovarian cancer (17). The impact of the SIRI on predicting HCC prognosis has also been explored; however, no consistent findings have been found (18–27). In certain studies, elevated SIRI was found to be a significant prognostic marker of HCC (23–25), while other studies have shown no obvious relationship between SIRI and HCC survival (21, 27). This meta-analysis aimed to accurately identify the prognostic effects of SIRI in patients with HCC. Additionally, the relationship between SIRI and clinicopathological features of HCC was explored.





Materials and methods




Study guideline

The present meta-analysis was conducted in accordance with the guidelines of the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) (28). Our meta-analysis protocol was registered in INPLASY (registration number: INPLASY202390003) and can be found at https://inplasy.com/inplasy-2023-9-0003/.





Ethics statement

Data in this study were extracted from publications, and, as a result, ethical approval or patient consent was waived.





Literature search

The PubMed, Web of Science, Embase, and Cochrane Library databases were comprehensively searched from their inception to August 10, 2023, using the following search terms: (systemic inflammation response index or systemic inflammatory response index) and (hepatocellular carcinoma, hepatocellular cancer, HCC, or liver cancer). A detailed search strategy for each database is provided in Supplementary Data Sheet 1. The language used in this study was English. To identify additional eligible articles, we manually searched the reference lists of each retrieved article.





Inclusion and exclusion criteria

Articles satisfying the following criteria were recruited: (1) HCC was diagnosed based on pathology or histology; (2) studies investigating the relationship between SIRI and prognosis of patients with HCC; (3) those with available or calculable hazard ratios (HRs) and 95% confidence intervals (CIs); (4) those mentioning threshold SIRI; (5) those reporting survival outcomes such as OS, disease-free survival (DFS), progression-free survival (PFS), or cancer-specific survival (CSS); and (6) English language articles. The following studies were excluded: (1) meeting abstracts, reviews, comments, letters, and case reports; (2) animal studies; and (3) those including overlapping patients.





Data extraction and quality assessment

The studies were reviewed and data were independently extracted from qualified studies by two reviewers (SZ and ZT). Any dispensaries were resolved through negotiation until a consensus was reached. The following information was collected: first author, publication year, country, study design, sample size, age, sex, study center, study period, Child-Pugh class, treatment, threshold, threshold selection method, survival outcomes, survival analysis type, follow-up, HRs, and 95%CIs for survival outcomes. If eligible studies underwent propensity score matching (PSM) analysis, the data for the entire population were extracted and analyzed to avoid selection bias. OS and PFS were defined as the primary and secondary survival outcomes, respectively. Two researchers (SZ and ZT) evaluated the literature quality using the Newcastle-Ottawa Scale (NOS) (29) and crosschecked our results. The NOS assesses literature quality from three perspectives: selection, comparability, and outcome measurement. The NOS score ranges from 0 to 9, with studies scoring ≥ 6 points considered to be of high quality.





Statistical analysis

The significance of the SIRI in predicting the OS and PFS of patients with HCC was evaluated based on the combined HRs and 95% CI. Interstudy heterogeneity was evaluated using the Higgins I2 statistic and Cochran’s Q test. The random-effects model was applied when I2 was >50% or P was <0.1; otherwise, the fixed-effects model was used. Diverse factor-stratified subgroup analyses were conducted to identify sources of heterogeneity. The relationships between SIRI and the clinicopathological characteristics of HCC were analyzed using combined odds ratios (ORs) and 95% CIs. A sensitivity analysis was used to evaluate the consistency of the findings. Meta-regression was conducted to evaluate the effect of clinicopathological factors on the overall results. Begg’s test, funnel plots, and Egger’s test were used to examine possible publication bias. Stata software (version 12.0; Stata Corp., College Station, TX, USA) was used for graph generation and statistical analyses. Statistical significance was set at P<0.05.






Results




Study selection process

As shown in Figure 1, 529 studies were identified through primary literature retrieval, and 398 records were retained following the removal of duplicates. Subsequently, 360 articles were discarded by title and abstract screening owing to their irrelevance. Then, the full texts of 38 articles were examined, and another 28 were excluded because they did not focus on SIRI (n=24) or recruited overlapping patients (n=4). Finally, the present meta-analysis recruited 10 articles involving 2,439 patients (18–27) (Figure 1; Table 1).




Figure 1 | PRISMA flowchart of the established screening strategy.




Table 1 | Baseline characteristics of included studies in this meta-analysis.







Included study features

Table 1 presents the baseline characteristics of the selected articles. The publication years of these articles ranged between 2017 and 2023 and all had a retrospective design. Nine studies were conducted in China (18, 20–27) while one was conducted in Turkey (19). The sample size across the selected articles ranged from 80 to 403 (median, 206). We therefore selected 200 for subgroup analysis of sample size. Four studies treated patients with HCC with surgery (18, 21, 22, 27), two studies used TACE treatment (20, 26), and one each used sorafenib (19), radiofrequency ablation (RFA) (23), sorafenib/immune checkpoint inhibitors (ICIs) (24), and LT (25). Nine studies were single-center studies (18, 19, 21–27) and one was a multicenter study (20). The threshold SIRI was 0.785–2.2 (median, 1.11). We, therefore, used 1.1 for subgroup analysis of cut-off value in the following analyses. Nine articles used the receiver operating characteristic (ROC) curve to determine the best threshold (18–22, 24–27) and one study applied the X-tile software (23). Six studies reported the significance of SIRI in the OS prediction of HCC (18–20, 23–25) and eight studies reported the association between SIRI and PFS (20–27). Six studies reported HRs and 95%CIs using multivariate analysis (18, 21, 22, 25–27) and four studies used univariate analysis (19, 20, 23, 24). The NOS scores of all eligible studies were 7–9, suggesting a high quality (Table 1).





SIRI and OS

Six studies involving 1,598 patients (18–20, 23–25) provided data on the significance of SIRI in predicting OS in HCC. There was no obvious heterogeneity (I2 = 0, P=0.479); therefore, we adopted a fixed-effects model. As shown in Table 2 and Figure 2, the HR was 1.75 (95% CI=1.52–2.01, p<0.001), suggesting a relationship between elevated SIRI and dismal OS in patients with HCC. Subgroup analysis revealed that the predictive role of SIRI in OS remained consistent across various factors including country, treatment, sample size, study center, threshold, threshold selection method, or survival analysis type (Table 2).


Table 2 | Subgroups of the prognostic value of SIRI for OS in patients with HCC.






Figure 2 | Forest plots of the prognostic role of SIRI for OS in patients with HCC.







SIRI and PFS

Altogether, eight articles comprising 2,008 patients (20–27) reported a correlation between SIRI and PFS in patients with HCC. Because of significant heterogeneity, we employed the random-effects model (I2 = 78.8%, P<0.001; Table 3 and Figure 3). Based on the pooled results, an increased SIRI significantly predicted inferior PFS in HCC (HR=1.66, 95% CI=1.34–2.05, p<0.001; Figure 3; Table 3). Subgroup analysis indicated that elevated SIRI still significantly predicted PFS in HCC, which was unaffected by country, treatment, sample size, study center, threshold, threshold selection method, or survival analysis type (Table 3).


Table 3 | Subgroups of the prognostic value of SIRI for PFS in patients with HCC.






Figure 3 | Forest plots of the prognostic role of SIRI for PFS in patients with HCC.







The relationship of SIRI with clinicopathological characteristics of HCC

Four studies involving 1,111 patients investigated the relationship between the SIRI and the clinicopathological characteristics of HCC (20, 23, 24, 27). According to Figure 4 and Table 4, our combined results suggested a significant relationship between increased SIRI and multiple tumor numbers (OR=1.42, 95% CI=1.09–1.85, p=0.009) and maximum tumor diameter >5 cm (OR=3.06, 95% CI=1.76–5.30, p<0.001). Nonetheless, SIRI was not significantly related to sex (OR=1.10, 95% CI=0.88–1.51, p=0.559), Child-Pugh class (OR=1.46, 95% CI=0.52–4.11, p=0.476), alpha-fetoprotein (AFP) level (OR=1.02, 95% CI=0.80–1.30, p=0.880), or hepatitis B virus infection (OR=1.12, 95% CI=0.78–1.61, p=0.550) (Figure 4; Table 4).




Figure 4 | Forest plots of the associations between SIRI and clinicopathological factors in HCC. (A) Gender (male vs female); (B) Child-Pugh class (B-C vs A); (C) Tumor number (multiple vs solitary); (D) Maximum tumor diameter (>5 cm vs ≤5 cm); (E) AFP (ng/ml) (≥400 vs <400); and (F) HBV (+) (yes vs no).




Table 4 | The association between SIRI and clinicopathological factors in patients with HCC. .







Sensitivity analysis and meta-regression

By removing studies study-by-study, sensitivity analysis revealed that none of the studies had an effect on OS or PFS, suggesting that all results remained consistent (Figure 5). Meta-regression showed that none of the factors significantly influenced the overall results of OS and PFS (Tables 2, 3).




Figure 5 | Sensitivity analysis. (A) OS and (B) PFS.







Publication bias

Begg’s test, funnel plots, and Egger’s test were used to assess potential publication bias. The funnel plot did not exhibit any significant asymmetry in the OS or PFS (Figure 6). Moreover, the results indicated no significant publication bias for OS (Begg’s p=0.133; Egger’s p=0.358) or PFS (Begg’s p=0.536; Egger’s p=0.302).




Figure 6 | Publication test by Begg’s test and Egger’s test. (A) Begg’s test for OS, p=0.133; (B) Egger’s test for OS, p=0.358; (C) Begg’s test for PFS, p=0.536; and (D) Egger’s test for PFS, p=0.302.








Discussion

The prognostic significance of SIRI in patients with HCC remains inconsistent. This meta-analysis collected data from 10 articles involving 2,439 patients. According to our results, elevated SIRI levels were markedly associated with shortened OS and inferior PFS in patients with HCC. Additionally, a high SIRI was significantly correlated with multiple tumor numbers and tumor size >5 cm in HCC. Publication bias tests and subgroup analyses were conducted to verify the reliability of the findings. Collectively, SIRI serves as a promising and cost-effective factor for predicting the short- and long-term prognoses of patients with HCC. To the best of our knowledge, this is the first meta-analysis to explore the potential of SIRI in predicting the prognosis of patients with HCC.

SIRI was calculated using the following formula: SIRI= neutrophil count × monocyte count/lymphocyte count. Therefore, a high SIRI could be the result of increased neutrophils, increased monocytes, and/or decreased lymphocytes. Currently, the accurate predictive mechanism of SIRI in HCC prognosis remains largely unclear and can be interpreted as follows: First, neutrophils recruited to a tumor site can produce inflammatory factors, such as interleukin-1 (IL-1) and IL-6, promoting the growth and metastasis of tumor cells (7). Activated neutrophils can suppress T cell proliferation and cytotoxicity by binding PD-L1 on the neutrophil surface to PD-1 on the T cell surface (30). This may promote tumor immune evasion and malignant growth, ultimately resulting in a shorter lifespan in cancer patients (31). Second, monocytes may differentiate into tumor-associated macrophages (TAMs) (32). TAMs secrete several inflammatory factors that affect the tumor microenvironment, thereby promoting tumor occurrence, metastasis, and relapse (33). Many studies have demonstrated the presence of TAM infiltration in the HCC matrix, accelerating tumor angiogenesis, growth, metastasis, and immunosuppression (34, 35). Third, lymphocytes play a critical role in cellular anti-tumor responses. Tumor-infiltrating lymphocytes (TILs) have a pivotal impact on the anticancer immune microenvironment and are involved in multiple stages of tumor progression (36). The presence of lymphocyte infiltration in tumor tissues is associated with improved therapeutic outcomes. However, when the number of lymphocytes in the tumor microenvironment decreases, anti-tumor ability decreases, resulting in immune tolerance and tumor escape (37). Taken together, a high SIRI may significantly predict the prognosis of patients with HCC.

Notably, the degree of liver fibrosis may significantly affect SIRI. As these data were rarely evaluated in the included papers, they were not analyzed. However, the development of HCC in cirrhotic and non-cirrhotic livers differs significantly. Future studies are needed to investigate the prognostic value of SIRI for HCC in both cirrhotic and non-cirrhotic liver groups. Evaluating liver function is essential for determining the prognosis of HCC although the Child-Pugh score alone is not sufficient to do so. A major prognostic factor for HCC is portal hypertension, which may affect the SIRI; however, this has rarely been examined in the included studies. None of the included studies provided data on portal hypertension. Therefore, we expect future studies to evaluate the prognostic value of the SIRI under different circumstances of portal hypertension. Sarcopenia is another important prognostic factor in patients with solid tumors (38–42). Current evidence shows that sarcopenia is independently associated with a poor prognosis in various cancers (38–42). Previous studies have also indicated that many patients with HCC have sarcopenia (43–45). The SIRI is associated with tumor characteristics but may also be influenced by general health status, particularly sarcopenia. However, the included studies did not present data on sarcopenia. Therefore, we expect that the correlation between SIRI and sarcopenia in HCC can be investigated in future studies.

Recently, meta-analyses have been conducted to determine whether SIRI can be used to predict the prognosis of solid tumors. A meta-analysis conducted by Wang et al. found that the SIRI independently predicted the prognosis and survival status of nasopharyngeal carcinoma based on 3,187 patients (46). Another meta-analysis of 10,754 cases by Zhou et al. showed that a high SIRI was related to shorter OS and DFS/recurrence-free survival/PFS in various cancers (47). In addition, in a meta-analysis of 14 studies, Wei et al. demonstrated that the SIRI is a useful factor for predicting dismal prognostic outcomes during malignancy treatment (48). The present study identified an obvious relationship between SIRI and survival in HCC, which is in accordance with findings in other cancer types.

This study has certain limitations. First, the articles included were from Asian countries, particularly China. Although only articles in the English language were included, the applicability of our results should be noted. Second, the SIRI cut-off values differed, possibly inducing heterogeneity in the present study. Third, the sample size was relatively small. Therefore, large-scale prospective trials using standard SIRI cut-off values should be conducted for further validation.





Conclusions

In conclusion, the present study showed that elevated SIRI levels significantly predicted OS and PFS in patients with HCC. Moreover, the SIRI was significantly associated with tumor aggressiveness. The SIRI could be used as a promising prognostic index for HCC in clinical practice.
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Background

Non-small cell lung cancer (NSCLC) remains the leading cause of cancer-related deaths worldwide. Lymphocytes are the primary executors of the immune system and play essential roles in tumorigenesis and development. We investigated the dynamic changes in peripheral blood lymphocyte subsets to predict the efficacy of chemotherapy or combination immunotherapy in NSCLC.





Methods

This retrospective study collected data from 81 patients with NSCLC who received treatments at the First Affiliated Hospital of Zhengzhou University from May 2021 to May 2023. Patients were divided into response and non-response groups, chemotherapy and combination immunotherapy groups, and first-line and multiline groups. We analyzed the absolute counts of each lymphocyte subset in the peripheral blood at baseline and after each treatment cycle. Within-group and between-group differences were analyzed using paired Wilcoxon signed-rank and Mann-Whitney U tests, respectively. The ability of lymphocyte subsets to predict treatment efficacy was analyzed using receiver operating characteristic curve and logistic regression.





Results

The absolute counts of lymphocyte subsets in the response group significantly increased after the first cycle of chemotherapy or combination immunotherapy, whereas those in the non-response group showed persistent decreases. Ratios of lymphocyte subsets after the first treatment cycle to those at baseline were able to predict treatment efficacy early. Combination immunotherapy could increase lymphocyte counts compared to chemotherapy alone. In addition, patients with NSCLC receiving chemotherapy or combination immunotherapy for the first time mainly presented with elevated lymphocyte levels, whereas multiline patients showed continuous reductions.





Conclusion

Dynamic surveillance of lymphocyte subsets could reflect a more actual immune status and predict efficacy early. Combination immunotherapy protected lymphocyte levels from rapid decrease and patients undergoing multiline treatments were more prone to lymphopenia than those receiving first-line treatment. This study provides a reference for the early prediction of the efficacy of clinical tumor treatment for timely combination of immunotherapy or the improvement of immune status.





Keywords: lymphocyte subsets, immunotherapy, chemotherapy, efficacy prediction, NSCLC




1 Introduction

Lung cancer is the most common cancer worldwide and the leading cause of cancer-related deaths (1). Non-small cell lung cancer (NSCLC) accounts for approximately 85% of all lung cancer cases (2). Although various clinical treatments, including chemotherapy, radiotherapy, and targeted therapy, have prolonged the survival of lung cancer patients, the five-year survival outcome of NSCLC remains unsatisfactory (3, 4). With the development of the tumor surveillance theory and continuous researches on the tumor immunity, scientists have increasingly realized the essential roles of the immune system in tumor control. The advent of immunotherapy has profoundly revolutionized cancer treatment because of its continuous therapeutic effects brought by immune memory (5–7). As the fourth modality of modern tumor treatment, immunotherapy, which controls tumors by mobilizing the immune system, is the only treatment that promises to eliminate tumor cells completely (8). The clinical effectiveness of anti-PD-1/PD-L1 therapy demonstrates the vital roles of the immune system in anti-tumor effects (9, 10). Immune status is closely related to tumorigenesis, progression and prognosis (11). Therefore, evaluating immune status of patients is of great significance in the clinical cancer treatment.

Classical lymphocyte subsets are classified into T cell, including CD4+ T cell and CD8+ T cell, B cell and natural killer (NK) cell. Abundant and active lymphocytes are important tumor resistant (8, 12). They are involved in innate and adaptive immunity and work together to exert anti-tumor effects (13). However, in clinical practice, assessing immune status by detecting tumor-infiltrating lymphocytes is not feasible for many patients with advanced cancer because of the difficulty in repeatedly obtaining tumor tissue. The use of easily available peripheral blood is less invasive and more convenient for clinical applications. Increasing evidence suggests that the absolute counts of peripheral blood lymphocytes are positively correlated with tumor prognosis and outcomes (14–16).

Currently, chemotherapy remains a vital treatment option for advanced NSCLC (17). Substances released during chemotherapy-induced tumor cell death may promote lymphocyte activation and proliferation, which are synergistically involved in tumor killing (18). However, long-term chemotherapy can lead to severe lymphopenia. The cytotoxicity of chemotherapeutic drugs and severe myelosuppression caused by chemotherapy affect the production and differentiation of lymphocytes (19). A low-lymphocyte environment affects tumor surveillance and killing, resulting in a highly susceptibility to the failure of tumor control. When there is an inadequate number of effective lymphocytes, the combination of anti-PD-1/PD-L1 therapy may not benefit cancer patients (20). Therefore, detecting dynamic changes in lymphocyte subsets is of great significance for early efficacy prediction, decisions on the replacement of ineffective treatments, the timely utilization of immunotherapy and the timely application of lymphocyte-improving drugs, such as thymosin in the clinic (21, 22).

The aim of this study was to explore the association between efficacies of chemotherapy or chemo-immunotherapy and the absolute counts of lymphocyte subsets in peripheral blood, and we expected to predict the efficacy in advance in order to provide a clinical reference. We also explored the effects of combined immunotherapy on lymphocyte counts. Besides, we noted significant differences in dynamic changes of lymphocyte subsets between patients receiving first-line and multiline treatments.




2 Methods



2.1 Clinical data collection

We collected data from NSCLC patients who received treatment at the First Affiliated Hospital of Zhengzhou University from May 2021 to May 2023. Eighty-one patients receiving first-line or multiline therapy with standard chemotherapy or chemoimmunotherapy were included in our study. Clinical and pathological data of all patients were collected, including age; sex; smoking history; pathological information; lymphocyte subsets; and imaging findings, such as chest computed tomography (CT) and head magnetic resonance imaging (MRI). Baseline was collected before patients received their first treatment. Collection of lymphocyte subsets each cycle was before the next treatment (three weeks later). This study was approved by the Medical Ethics Committee of the First Affiliated Hospital of Zhengzhou University (2021-KY-1105-002).




2.2 Inclusion criteria

	18 to 80 years of age

	Definite pathological diagnosis of non-small cell lung cancer

	Eastern Cooperative Oncology Group score 0-1, expected survival > 6 months

	No combination of other tumors, acute infections, blood system diseases, or immune system diseases

	Received four consecutive cycles of chemotherapy or chemotherapy combined with anti-PD-1 therapy

	Treated for the first time after diagnosis or treatment again after at least second-line failure






2.3 Exclusion criteria

	Inability to trace personal or clinical date

	Not followed up, lack of regular treatments or reviews, or inability to assess disease progression

	The use of immunomodulators, such as thymopeptides or placental polypeptides, during treatment






2.4 Group design

	First-line group: patients who received standard first-line therapy for the first time after diagnosis

	Multiline group: patients who received retreatment after experiencing at least second-line failure

	Chemotherapy group: patients who received a chemotherapy regimen during the four treatment cycles

	Combination group: patients who received anti-PD-1 therapy in combination with four chemotherapy cycles






2.5 Efficacy evaluation

A comprehensive assessment of treatment efficacy after four treatment cycles was performed based on CT, MRI, bone scan, and other imaging methods. Complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD) were determined according to the Response Evaluation Criteria in Solid Tumors 1.1 criteria.

Response group: CR + PR + SD

Non-response group: PD




2.6 Statistical analysis

Differences in each basic characteristic between response and non-response groups were analyzed using Chi-square test. Dynamic changes in each lymphocyte subset within the groups in four treatment cycles were subjected to the paired Wilcoxon signed-rank test. The Mann-Whitney U test was used to analyze between-group differences. The receiver operator characteristic (ROC) curve was used to evaluate predictive capacity of lymphocyte subsets and choose the best cut-off values. Cut-off values were determined by calculating the Youden’s Index = Sensitivity + Specificity-1. Combination indicators of two lymphocyte subsets for efficacy prediction as well as model evaluation were analyzed by binary logistic regression with SPSSPRO. Statistical analyses were performed using SPSS 22.0 (IBM, Armonk, NY, USA), and Prism 8.4.3 (GraphPad, San Diego, CA, USA) was used to construct figures.





3 Results



3.1 Patients’ characteristics

A total of 81 patients were enrolled in this study, including 56 males and 25 females, with a mean age of 61 years old. Forty-eight of the patients had a history of smoking. According to the 8th edition of the American Joint Committee on Cancer staging criteria, 5 patients were in stage I, 9 patients were in stage II, 20 patients were in stage III, and 47 patients were in stage IV. Forty-two patients had identified gene mutation. In addition, immunohistochemistry showed KI67 expression. The expression of KI67 varied from 2 to 90 percent. All medical histories and pathological features were shown in Table 1. These characteristics were not significantly different between the response and non-response groups, according to the Chi-squared test (P > 0.05). In this study, 45 patients received first-line treatment and 36 patients received multiline treatment. The response rate was significantly higher in the first-line treatment group than the multiline treatment group (P = 0.033). Forty-seven patients were treated with chemotherapy alone and 34 received chemotherapy combined with immunotherapy. The response rates of the two treatments were not significantly different (P = 0.752).


Table 1 | The clinical and pathological characteristics of included 81 patients.






3.2 Relationship between efficacy and dynamic changes in lymphocyte subsets



3.2.1 Significant differences in dynamic changes of lymphocyte subsets between the response and non-response groups

We respectively analyzed the dynamic changes in lymphocyte subsets in the response and non-response groups of patients who received chemotherapy or combination immunotherapy during four consecutive treatment cycles. Box plots were used to display medians and interquartile ranges of lymphocyte subset counts in each treatment cycle. Significant differences within and between groups were analyzed and marked (Figure 1).




Figure 1 | Dynamic changes in lymphocyte subsets during four treatment cycles in the response and non-response groups. Absolute counts of Lymphocyte (A), T cell (B), CD4+ T cell (C), CD8+ T cell (D), B cell (E), and NK cell (F) in the response and non-response groups during four consecutive treatment cycles were shown as boxplots. The chemotherapy and combination immunotherapy groups were shown respectively. Within-group and between-group differences were analyzed using the paired Wilcoxon signed-rank test and Mann-Whitney U test, respectively. BL, Baseline; *, P < 0.05; **, P < 0.01; ***, P < 0.001; NS, not significant.



After the first chemotherapy cycle, the absolute counts of Lymphocyte (Figure 1A, P = 0.006), T cell (Figure 1B, P = 0.004), CD4+ T cell (Figure 1C, P = 0.012) and CD8+ T cell (Figure 1D, P = 0.004) showed significant increases in the response group, with B cell (Figure 1E, P = 0.134) and NK cell (Figure 1F, P = 0.177) showing numerical increases, in contrast to the remarkable decreases in the non-response group. The absolute counts of Lymphocyte (Figure 1A, P = 0.041), T cell (Figure 1B, P = 0.021), CD4+ T cell (Figure 1C, P = 0.013), and B cell (Figure 1E, P = 0.037) significantly decreased in the non-response group after the first chemotherapy cycle. CD8+ T cell (Figure 1D, P = 0.062) and NK cell (Figure 1F, P = 0.155) likewise decreased, although the difference was not statistically significant. Lymphocyte subsets in patients receiving the first combination immunotherapy cycle showed similar trends to chemotherapy in both response and non-response groups. During the four treatment cycles in the response group, lymphocyte subsets in patients receiving chemotherapy alone showed a trend of increasing counts first and then decreasing counts, whereas patients treated with combination immunotherapy showed an increase, followed by a maintenance of high lymphocyte counts. Except for B cell (Figure 1E, P = 0.001) in the chemotherapy group, lymphocyte subsets in the response group after four treatment cycles were not significantly different from those at baseline. Patients in the non-response group showed significant reduction in the counts of all lymphocyte subsets compared to baseline after four treatment cycles, regardless of whether they received chemotherapy or combination immunotherapy. Of note, the counts of lymphocyte subsets between the response and non-response groups were not significantly different at baseline, but significant differences were observed immediately after treatment. The counts of Lymphocyte (Figure 1A), especially T cell (Figure 1B), including CD4+ T cell (Figure 1C) and CD8+ T cells (Figure 1D), was significantly higher in the response group than those in the non-response group during chemotherapy or combination immunotherapy. B cell (Figure 1E) and NK cell (Figure 1F) in the response group also showed higher counts compared with the non-response group.

Overall, we found that lymphocyte subset reactions during treatment were strongly associated with the four-cycle treatment efficacy in patients with NSCLC who received chemotherapy or combination immunotherapy.




3.2.2 Predictive value of lymphocyte subsets on the efficacy in NSCLC patients

As shown in Figure 1, we found significant differences in lymphocyte subsets between the response and non-response groups. To better demonstrate the changes in lymphocytes, we used box plots to show the ratios of lymphocyte subset count after each treatment cycle to the counts at baseline (Figure 2). The ratios of each lymphocyte subset in the response group were almost greater than 1, especially in the first two chemotherapy or combination cycles, in contrast to the non-response group, in which the ratios were less than 1 throughout the treatment cycles. The ratios of Lymphocyte (Figure 2A), T cell (Figure 2B), CD4+ T cell (Figure 2C), CD8+ T cell (Figure 2D) and B cell (Figure 2E) were significantly higher in the response group than the non-response group (P < 0.05). Likewise, the ratios of NK cell were higher in the response group than the non-response group in some of the treatment cycles (Figure 2F, P < 0.05). Regardless of whether patients received chemotherapy or combination immunotherapy, they showed similar differences in the ratios between the response and non-response groups. Owing to the cytotoxicity of chemotherapy, patients receiving chemotherapy alone in the response group experienced significant lymphopenia after the third chemotherapy cycle, leading to no significant difference in ratios between the response and non-response groups after the third chemotherapy cycle compared to baseline (Figures 2A-E, P > 0.05). While the protective effect of combination immunotherapy on lymphocytes reduced lymphopenia caused by long-term chemotherapy (Figures 2A–E).




Figure 2 | Ratios of absolute counts after each treatment to baseline for each lymphocyte subset. Ratios of absolute counts after each treatment cycle to baseline for Lymphocyte (A), T cell (B), CD4+ T cell (C), CD8+ T cell (D), B cell (E), and NK cell (F) were shown as boxplots. The chemotherapy and combination immunotherapy groups were shown respectively. Between-group differences were analyzed statistically by Mann-Whitney U test. *, P < 0.05; **, P < 0.01; ***, P < 0.001; NS, not significant.



The ratios were significantly higher in the response group than the non-response group for all chemotherapy cycles. Based on our previous analysis, lymphocyte levels in the response group and non-response groups did not demonstrate significant differences at baseline, whereas the ratios of lymphocyte count after the first chemotherapy cycle to baseline were significantly higher in the response group. This suggested that the response group possessed a more dynamic and more easily activated immune environment. Therefore, we hypothesized that the lymphocyte ratios after the first treatment cycle to baseline could predict the four-cycle treatment efficacy in patients with NSCLC. We analyzed the ROC curves in the response and non-response groups, and patients receiving chemotherapy alone or combination immunotherapy were analyzed separately (Figures 3A, B). The areas under the curve (AUCs) and cut-off values were displayed in Table 2. ROC curves showed that the ratios of Lymphocyte, T cell, CD4+ T cell, CD8+ T cell, and B cell counts after the first treatment cycle to baseline were good predictors of four-cycle treatment efficacy. B cell had the best predictive ability with AUCs of 0.857 (Figure 3A, P = 0.002) and 0.856 (Figure 3B, P < 0.001) for patients receiving chemotherapy and combination immunotherapy, respectively. Patients with NSCLC who received the first cycle of chemotherapy or combination immunotherapy had a peripheral blood B cell count to baseline ratio greater than 0.825 or 0.93, respectively, indicating that they were most likely to have good tumor control after four cycles of regular treatment. The AUCs for Lymphocyte, T cell, CD4+ T cell and CD8+ T cell were all greater than 0.75, indicating their predictive ability (P < 0.002). Based on these data, only NK cell was not an efficacy predictor (Figure 3A, P = 0.109, Figure 3B, P = 0.238). In addition, we attempted to construct models based on combined lymphocyte subsets through logistic regression for higher predictive power. Since there were only 21 non-response patients in this study, according to the rule of 10 events per variable in logistic model, we considered synthesizing two lymphocyte subsets in order to jointly predict efficacy. And we excluded total lymphocytes from the logistic regression due to the collinearity and correlation problems. By performing regression analyses on combinations of different two lymphocyte subsets, we determined that combinations of T cell plus B cell (AUC=0.88, P<0.001) and CD8+ T cell plus B cell (AUC=0.878, P<0.001) showed excellent predictive power and were better than single lymphocyte subset. Regression analyses and forest plots were demonstrated in Figure 3C. And the reliability and accuracy of the predictive models were evaluated.




Figure 3 | ROC analysis and Logistic regression of lymphocyte subsets for efficacy prediction. ROC curves were plotted for the ratios of each lymphocyte subset counts after the first treatment cycle to baseline in the response and non-response groups. The chemotherapy (A) and combination immunotherapy (B) groups were shown, respectively. AUC, significance, asymptotic 95% confidence interval, and cut-off values were shown in Table 2. (C) Logistic regression analysis of combined lymphocyte subsets for efficacy prediction. The two sets of combination indicators with the best predictive power and model evaluation were displayed. P1 value represented the significance of each lymphocyte subset for efficacy prediction. Model evaluations were generated from logistic regression. F1 score combines the precision and recall to measure accuracy. ROC curves and AUC were used to measure the classification capacity of logistic regression. P2 value was the likelihood ratio chi-square test to evaluate the validity of predictive models. P < 0.05 was considered statistically significant. OR: odds ratio, 95%CI: 95% confidence interval.




Table 2 | Predictive ability of lymphocyte subsets after the first treatment cycle.







3.3 Combination immunotherapy improved lymphopenia caused by chemotherapy toxicity

In our study, each lymphocyte subset showed a significant reduction after the third cycle of chemotherapy, while this lymphopenia was significantly ameliorated with combination immunotherapy. We found that combination immunotherapy protected against decreased lymphocyte and increased the lymphocyte counts. To confirm our hypothesis, we analyzed each lymphocyte subset in the chemotherapy and combination immunotherapy groups (Figure 4). To exclude baseline differences due to previous treatment, first-line and multiline patients were analyzed respectively. Among patients receiving first-line treatment, both the chemotherapy and combination groups showed significant increases in Lymphocyte (Figure 4A), T cell (Figure 4B), CD4+ T cell (Figure 4C), and CD8+ T cell (Figure 4D) counts after the first treatment. The chemotherapy group showed a significant reduction in all lymphocyte subsets after the third treatment cycle, whereas no significant reduction was observed in the combination immunotherapy group (Figures 4A–F). Except for B cell (Figure 4E), there were no significant differences in lymphocytes counts before and after four cycles of treatment in first-line chemotherapy patients. Observably, lymphocyte subsets were significantly maintained at relatively higher levels in the combination immunotherapy group. In the multiline group, Lymphocyte (Figure 4A), T cell (Figure 4B), CD4+ T cell (Figure 4C), CD8+ T cell (Figure 4D), and B cell (Figure 4E) were significantly decreased after four chemotherapy cycles, whereas immunotherapy maintained lymphocytes at relatively high levels. There were no significant differences in the lymphocyte subsets before and after the four cycles of combination therapy. We further analyzed the ratios of each lymphocyte subset after four treatment cycles to baseline (Figures 4G, H). Lymphocyte subsets in the combination immunotherapy group demonstrated relatively higher levels overall in both the first-line and multiline patients, although the ratios between the chemotherapy and combination groups were not statistically significant, with only B cell in the multiline group exhibiting a significant increase following combination immunotherapy (Figure 4H, P = 0.034).




Figure 4 | Combination immunotherapy improved absolute counts of lymphocyte subsets compared with chemotherapy alone. Absolute counts of Lymphocyte (A), T cell (B), CD4+ T cell (C), CD8+ T cell (D), B cell (E), and NK cell (F) in the first-line group and multiline group during four consecutive treatment cycles were shown as boxplots. The ratios of each lymphocyte subset after four treatment cycles to baseline in the first-line (G) and multiline (H) patients. The chemotherapy and combination immunotherapy groups were shown, respectively. Within-group and between-group differences were analyzed using the paired Wilcoxon signed-rank test and Mann-Whitney U test, respectively. BL, Baseline; *, P < 0.05; **, P < 0.01; ***, P < 0.001; NS, not significant.






3.4 Significant differences in dynamic changes of lymphocyte subsets in the first-line and multiline treatments

According to our inclusion criteria, 45 patients in the first-line group were treated for the first time after diagnosis, and 36 patients in the multiline group were treated again after at least second-line failure. To explore the dynamic changes in lymphocyte subsets in patients receiving first-line and multiline treatments during chemotherapy or combination immunotherapy, within-group and between-group differences were analyzed, and different treatments were displayed respectively (Figure 5).




Figure 5 | Dynamic changes in lymphocyte subsets during four treatment cycles in the first-line and multiline groups. Median absolute counts and interquartile ranges of Lymphocyte (A), T cell (B), CD4+ T cell (C), CD8+ T cell (D), B cell (E), and NK cell (F) in the first-line group and multiline group during four consecutive treatment cycles were shown as folded line charts. The chemotherapy and combination immunotherapy groups were shown, respectively. Within-group differences and between-group differences were analyzed using the paired Wilcoxon signed-rank test and Mann-Whitney U test, respectively. BL, Baseline; *, P < 0.05; **, P < 0.01; ***, P < 0.001; NS, not significant.



Lymphocyte (Figure 5A), especially T cell (Figure 5B), including CD4+ T cell (Figure 5C) and CD8+ T cell (Figure 5D), were significantly increased after the first cycle of chemotherapy or combination immunotherapy in the first-line group. Lymphocyte subsets began to decrease after the second treatment cycle, with a significant decrease after the third chemotherapy cycle. Those decreases were more significant in the chemotherapy group. Changes in lymphocyte subsets were unsatisfactory in the multiline group, with a rapid decrease, whereas combination immunotherapy significantly improved this problem. NK cell (Figure 5F) showed a similar trend, however, owing to the small number of cases included in this study and the large individual differences, no statistical differences were observed. However, abnormal behavior was observed for B cell (Figure 5E), which decreased significantly in the first-line patients who received combination therapy, but no significant decrease was observed in the multiline patients.





4 Discussion

PD-1 inhibitor in combination with chemotherapy has been the first-line standard treatment in advanced NSCLC. Although immunotherapy has pronounced excellent results, it is undeniable that some patients are insensitive to the treatment, resulting in a failure to benefit from it, which emphasizes the importance of early efficacy prediction in tumor treatment (23, 24). This prospective study aimed to analyze the differences in lymphocyte subsets with different efficacies to determine the potential predictive power of lymphocyte subsets. Our results showed that the counts of lymphocyte subsets in the response group significantly increased, in contrast to a rapid decline in the non-response group. Simultaneously, we found that patients who received anti-PD-1 based immunotherapy had higher lymphocyte levels relative to chemotherapy alone. We also noted the significant differences in the lymphocytes counts between patients who received first-line and multiline treatments.

Lymphocytes, including three major subsets of T, B, and NK cells, are the main executors of the adaptive immune system and play vital roles in tumor control through surveillance and destruction (25). T cells, with the CD3 as the surface marker, are divided into helper T cells, marked by the CD4 molecule and cytotoxic T cells, marked by the CD8 molecule (26). CD8+ T cells, the mainstay of adaptive immunity, can infiltrate tumor centers and directly target and kill tumor cells via cytotoxicity (27). Immunotherapy, especially chimeric antigen receptor T (CAR-T) cell therapy based on CD8+ T cell, has shown excellent antitumor effects in many types of tumors owing to its targeting and durability (28–30). CD4+ T cells are mainly considered as helper cells for the activation of CD8+ T cells (31). They can also kill tumor cells directly or indirectly by secreting a variety of cytokines (32). A recent study has reported a new function of CD4+ T cells for the first time, in which one specific subtype of CD4+ T cells kills tumor cells that escape CD8+ T cell attack (33). This suggests the potential to develop CD4+ T cells as immunotherapy targets in the future, especially for the patients with cancer who have failed to respond to CD8+ T cell therapy. B cells, with the CD19 as surface marker, mainly secrete antibodies against tumor-associated antigens and coactivate CD8+ T cells in conjunction with CD4+ T cells (34). However, studies have also reported that B cell infiltration in tumors is associated with poor prognosis (35, 36). NK cells are characterized by the surface molecule CD56. NK cells serve as the crucial first line of defense against tumors and pathogens (37). Their cytotoxic and immunomodulatory effects on the tumor microenvironment cannot be ignored (38). NK cell-based tumor immunotherapies have also been explored currently (39, 40). Lymphocytes, as multifunctional biomarkers, have been reported to be valuable for evaluating patient immunity and predicting outcomes (41–43). During chemotherapy, multiple substances released from tumor cells contribute to the activation and proliferation of lymphocytes, working together to kill tumors (44, 45). However, large numbers of inactive or “bystander” lymphocytes in the tumor immune microenvironment will compromise therapeutic efficacy (46). Thus, an assessment of the initial lymphocyte count merely may not accurately reflect the actual immune capacity. In this study, we respectively analyzed the dynamic changes in lymphocyte subsets in the peripheral blood of patients with NSCLC who received four consecutive cycles of chemotherapy or combination immunotherapy with ani-PD-1 antibody. We found the differences in lymphocyte subsets with different efficacies. Based on this, we propose that the ratios of lymphocyte absolute counts after the first chemotherapy or combination immunotherapy cycle to baseline are early and accurate predictors of efficacy.

The early prediction of clinical efficacy is an urgent problem for achieving precise and individualized treatment (47, 48). Early identification of patients with poor outcomes helps adjust treatment plans in a timely manner to improve treatment effects in the clinic, which is of great significance in prolonging the progression-free survival and overall survival of cancer patients. In our study, the response and non-response groups, which showed no significant differences at baseline, exhibited extremely different performances after the first treatment. In contrast to the rapid decline observed in the non-response group, the absolute counts of lymphocyte subsets in the response group exhibited a marked increase. After four cycles of chemotherapy, all lymphocyte subsets in the non-response group were significantly reduced. ROC curve analysis showed that the ratios of absolute lymphocyte count after the first treatment cycle to baseline were good predictors of four-cycle treatment efficacy, except for NK cell. In addition, the combination of T cell and B cell or the combination of CD8+ T cell and B cell had a better predictive power which provided a reference for timely identification of insensitive patients and the early prediction of outcomes in clinical practice. Although the counts of lymphocyte subsets at baseline in the non-response group were similar to those in the response group, there may be a higher proportion of anergic or bystander lymphocytes or even severe myelosuppression and an immunosuppressive microenvironment preventing lymphocyte activation and proliferation, which affects their ability towards tumor control (49). Our study highlights the importance of the dynamic detection of lymphocyte subsets in patients with cancer. Assessment of the initial immune environment alone cannot accurately predict treatment outcomes, and a dynamic assessment of the lymphocyte response during treatment may better represent immune function and predict the efficacy more reasonably.

In the response group, the absolute counts of each lymphocyte subset in the chemotherapy group first increased and then decreased, while in the combination group, they were maintained at a high level. We propose that chemotherapy combined with immunotherapy has a protective effect on lymphocytes and ameliorates the lymphopenia caused by prolonged chemotherapy. By analyzing all cases, we found that the persistent combination of anti-PD-1 therapy improved lymphocyte levels in patients receiving first-line or multiline therapy. This study provides a theoretical basis for early combination immunotherapy. On the one hand, lymphocytes in the early chemotherapy stage are in a state of massive proliferation, and high levels of lymphocytes allow anti-PD-1 antibody to work more effectively. On the other hand, combination immunotherapy is able to increase the count of lymphocytes and improve the activity of the tumor immune environment. Combined immunotherapy can provide tumor patients with greater benefits, and chemotherapy in combination with anti-PD-1/PD-L1 therapy has been included in Grade I recommendations for certain NSCLCs (50).

Finally, we found that lymphocyte performance in the multiline treatment group was unsatisfactory. Lymphocyte, especially T cell, were significantly reduced in the multiline group after reaccepting chemotherapy. Persistent lymphocyte count decrease may partly explain their poor efficacy in comparison to the favorable lymphocyte response in the first-line treatment group. This also indicates that lymphopenia may be involved in the resistance to tumor therapy. Severe myelosuppression after multiple chemotherapy treatments leads to a hypoactive immune environment, in which vulnerable lymphocytes are highly susceptible to chemotherapy toxicity, resulting in a rapid decrease in their numbers without a timely replenishment. Therefore, patients with low lymphoid levels or multiple chemotherapy treatments are recommended to be treated with immunostimulants, such as thymopeptides or placental polypeptides. Regularly evaluating the immunity level and improving immunity can collaborate with oncological treatments to achieve greater benefits for the patients. Of course, the abnormal performances of B cell after first-line and multiline treatments have also attracted attention. B cell, the smallest lymphocyte subset among three major subsets, accounts for approximately 10% of all lymphocytes (51). Both detection errors and individual differences significantly impacted on the analysis results. Therefore, the abnormality observed in this study was due to errors or unexplored mechanisms requiring multicenter large-sample data or scientific experiments for further verification.

However, this study has some limitations. Only 81 cases were included in this retrospective study. The small sample size was due to the impact of COVID-19 in recent years, which made it difficult to collect complete data covering four consecutive cycles. Factors, such as local treatment and loss to follow-up, influenced data collection. Besides, only the absolute counts of lymphocyte subsets in patients were analyzed in this study. The functions of lymphocytes and other complex tumor microenvironment components have not been considered. In the future, we plan to collect more cases and conduct prospective studies. Long-term dynamic monitoring of lymphocyte subsets in chemotherapy patients, not just limited to four cycles, will allows for a better prediction of efficacy. Importantly, in the future, we expect to build integrated models that combine immune, tumor, and personal characteristics to predict treatment efficacy more accurately.

Currently, the detection of absolute lymphocyte subset counts is largely limited to infectious and immunological diseases in practical clinic application. With the development of the immune surveillance theory, the efficacy of immunotherapy is directly affected by lymphocytes, suggesting a great application space in the field of cancer. Our study provides a reference for the prediction of tumor efficacy and confirms that this simple and easy clinical test can evaluate the real immune status, which is valuable for the timely application of immunostimulants or early replacement of insensitive chemotherapy regimens in clinical treatment. With the accumulation of relevant evidence, the detection of lymphocyte subsets will surely play an important role in the field of oncology. It is reasonable to expect that the rapid and effective detection of peripheral blood lymphocyte subsets will contribute to non-invasive early screening and accurate prognosis of cancer. The realization of this goal is of great significance for the survival of patients with cancer. However, more comprehensive clinical data are yet to be generated by large-scale clinical testing.




5 Conclusions

In this study, we identified an association between lymphocyte subsets and the prognosis of patients with NSCLC, which may contribute to the early prediction of the efficacy during chemotherapy or combination immunotherapy. Combination anti-PD-1 therapy protected the immune microenvironment and increased the lymphocyte counts. Patients receiving multiline treatment showed a rapid decrease in lymphocytes, which may be related to the poor efficacy. In summary, dynamic surveillance of lymphocyte subsets allows for the effective assessment of the immune status and the prediction of outcomes in patients with NSCLC.
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CD8+ T cells affect the outcomes of pancreatic ductal adenocarcinoma (PDAC). Using tissue samples at pre-treatment to monitor the immune response is challenging, while blood samples are beneficial in overcoming this limitation. In this study, we measured peripheral antigen-specific CD8+ T cell responses against four different tumor-associated antigens (TAAs) in PDAC using flow cytometry and investigated their relationships with clinical features. We analyzed the optimal timing within the treatment course for effective immune checkpoint inhibition in vitro. We demonstrated that the frequency of TAA-specific IFNγ+4-1BB+ CD8+ T cells was correlated with a fold reduction in CA19-9 before and after neoadjuvant therapy. Moreover, patients with TAA-specific IFNγ+4-1BB+ CD8+ T cells after surgery exhibited a significantly improved disease-free survival. Anti-PD-1 treatment in vitro increased the frequency of TAA-specific IFNγ+4-1BB+ CD8+ T cells before neoadjuvant therapy in patients, suggesting the importance of the timing of anti-PD-1 inhibition during the treatment regimen. Our results indicate that peripheral immunophenotyping, combined with highly sensitive identification of TAA-specific responses in vitro as well as detailed CD8+ T cell subset profiling via ex vivo analysis, may serve as peripheral biomarkers to predict treatment outcomes and therapeutic efficacy of immunotherapy plus neoadjuvant chemotherapy.
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1 Introduction

Pancreatic ductal adenocarcinoma (PDAC) has a poor prognosis, with a 5-year survival rate of approximately 12% (1). Resection is generally feasible in only 20% of PDAC cases (2), and the recurrence rate remains high (3). Therefore, multidisciplinary treatment with adjuvant therapies is employed to improve patient outcomes (4).

Cytotoxic chemotherapy and radiation therapy, which are commonly used for PDAC, affect immune cells, including CD8+ T cells. For example, gemcitabine administration increases the peripheral blood and peritumoral CD8/CD4 ratios in a mouse model of liver metastasis and peritumoral dissemination (5). Furthermore, in patients with stage III–IV PDAC, elevated exhausted peripheral blood mononuclear cell (PBMC) CD8+ T cells are associated with a poorer prognosis post-chemotherapy (6). Therefore, the characteristics of PBMC CD8+ T cells may vary depending on the pathogenesis and treatment of PDAC. However, it remains unclear whether tumor-associated antigen (TAA)-specific CD8+ T cells influence chemotherapy or surgery outcomes.

Recently, immunotherapy, including immune checkpoint inhibitors (ICIs), has been applied to the treatment of various cancers (7–11). However, its benefits for patients with PDAC are limited, as evidenced by the low objective response rates (3.1%) (12). The success of ICIs largely depends on the tumor microenvironment (TME); however, the use of tumor tissue biopsy samples before ICI initiation is challenging for monitoring the immunological condition of the TME. Thus, blood surrogate markers are valuable for assessing the anti-tumor efficacy of immunotherapeutic approaches. In lung cancer, correlations between the cytotoxic activity of tumor-infiltrating lymphocytes (TILs) and that of peripheral blood mononuclear cell (PBMC)-derived T cells have been reported, as have correlations between the cytotoxic activity of TILs and the percentage of PBMC-derived effector memory re-expressing CD45RA CD8+ T cells. These findings suggest that certain phenotypes of peripheral blood CD8+ T cells may reflect those of TILs (13).

In the present study, we examined the potential utility of antigen-specific CD8+ T cell responses against TAAs detected in the blood of patients with PDAC. By analyzing PBMCs, we investigated the relationship between TAA-specific CD8+ T cell responses and cytotoxic chemotherapy in patients with PDAC. Additionally, we evaluated the efficacy of immunotherapy by monitoring the TAA-specific responses of CD8+ T cells. We also analyzed immune response enhancement by ICI in vitro to determine the optimal timing of treatment to maximize the efficacy of neoadjuvant chemotherapy.




2 Materials and methods



2.1 Patient and sample collection

Patients with pancreatic cancer were recruited from the Osaka University Hospital (Osaka, Japan) and Osaka International Cancer Institute (Osaka, Japan) from September 2019 to December 2021. All patients received neoadjuvant chemotherapy or chemoradiotherapy with the following regimens: gemcitabine + nab-paclitaxcel (n=9), gemcitabine + nab-paclitaxcel + radiation (n=7), gemcitabine + S-1 (n=20), gemcitabine + S-1 + radiation (n=13), FOLFIRINOX (n=1), gemcitabine + radiation (n=1), and multiple regimens (n=6). This study was approved by the local institutional ethics committees of Osaka University, Osaka International Cancer Center, and the National Institutes of Biomedical Innovation, Health, and Nutrition, Osaka, Japan, and was conducted in accordance with the Declaration of Helsinki (1975). All participants provided written informed consent. PBMCs were isolated from patients with PDAC within 6 h of blood sampling using BD Vacutainer CPT (BD Biosciences, Franklin Lakes, NJ, USA). PBMCs were cryopreserved in fetal bovine serum (FBS) containing 10% dimethyl sulfoxide (DMSO) and stored in liquid nitrogen vapor until analysis.




2.2 Pancreatic cancer cell lines, quantitative reverse transcription polymerase chain reaction, and cancer cell line encyclopedia analysis

Pancreatic cancer cell lines were cultured in an appropriate culture medium supplemented with 10% FBS and 1% penicillin–streptomycin (Gibco, Thermo Fisher Scientific, Waltham, MA, USA). Dulbecco’s modified Eagle medium (Sigma-Aldrich, St. Louis, MO, USA) was used for BxPC3, MiaPaCa2, Panc1, and PSN1 cells, and Eagle’s minimal essential medium (Sigma-Aldrich) was used for SUIT-2 cells. TYPK1 cells were cultured in a 1:1 mixture of DMEM and Ham’s F-12 medium supplemented with 5% FBS and 1% penicillin–streptomycin. Cells were cultured at 37°C and 5% CO2 until reaching 80% confluency, at which point mRNA was extracted using an RNeasy mini kit (Qiagen, Hilden, Germany).

qRT-PCR was performed using SuperScript III Master Mix (Invitrogen, Thermo Fisher Scientific), RT enzyme, ROX, and TaqMan probes for candidate genes (CEACAM5, Hs00944025_m1; CTAG1, Hs00265824_m1; DCT, Hs01098278_m1; MUC1, Hs00159357_m1; Telomerase reverse transcriptase (TERT), Hs00972656_m1; and WT1, Hs00240913_m1). The following thermal cycling conditions were used: 30 min at 45°C, 5 min at 95°C, 50 cycles of 1 s at 95°C, and 60 s at 50°C. qRT-PCR was replicated three times.

The CCLE (14) was used to evaluate the mRNA expression of six TAAs (CEACAM5, NY-ESO-1 [CTAG1A], TRP2 [DCT], MUC1, TERT, and WT1) in the pancreatic cancer cell lines. The normalized transcripts per kilobase million (TPM) dataset were downloaded from the Cancer Dependency Portal (DepMap) on 2022.12.14. The original log2 (TPM+1) values were plotted as a heatmap without scaling.




2.3 Overlapping peptides

Overlapping peptides covering four TAAs (all from JPT Peptide Technologies, Berlin, Germany) were used in this study: PepMix™ Human CEA (#PM-CEA) for CEACAM5; PepMix™ Human Mutin-1 (#PM-MUC1) for MUC1; PepMix™ Human TERT (#PM-TERT) for TERT; and PepMix™ Human WT1/WT33 (#PM-WT1) for WT1. The peptides consisted of 15 amino acids spanning the complete amino acid sequence of the indicated protein antigen, with 11 overlapping amino acids between adjacent peptides (Supplementary Table 1).




2.4 Amplification of TAA-specific CD8+ T cells by in vitro culture

TAA-specific CD8+ T cells were enriched from the PBMCs of patients with PDAC. Briefly, frozen PBMCs were thawed and treated with 1 mL of 50 unit/mL of benzonase (Merck, Rahway, NJ, USA) in R10 medium for 2 h at 37°C in 5% CO2. Subsequently, 20% of the PBMCs (1.1×105 [0.2×105 – 3.5 ×105] cells) were pulsed with 2 μg/mL of each of the overlapping TAA peptides (CEA, MUC1, TERT, and WT1) for 1 h at 37°C. After washing, the pulsed PBMCs were co-cultured with the remaining 80% un-pulsed PBMCs in R10 in the presence of 20 U/mL of recombinant interleukin (IL)-2 (R&D Systems, Minneapolis, MN, USA) for 10 days; the medium was changed on days 4 and 7. For the ICI experiments, 1 mg/mL of anti-PD-1 (Cat# 621604, RRID: AB_2820105; BioLegend, San Diego, CA, USA), anti-TIGIT (Cat# 16-9500-82, RRID: AB_10718831; Thermo Fisher Scientific), or mouse IgG1 isotype control antibody (Cat# 400102, RRID: AB_2891079; BioLegend) was added to the culture medium at the beginning of the culture, and half of the medium was replaced with a culture medium without antibodies on days 4 and 7.




2.5 Flow cytometric detection of TAA-specific CD8+ T cell responses

Ten days after culture, amplified cells were stimulated with 2 μg/mL of the TAA-derived overlapping peptides (CEA, MUC1, TERT, and WT1) for 30 min at 37°C with CD107A antibody (BD Biosciences). After 30 min of stimulation, 1 μL/mL BD GolgiPlug (containing Brefeldin A) (BD Biosciences) and 0.7 μL/mL of BD GolgiStop (containing Monensin) (BD Biosciences) were added to the media, and the cells were cultured for another 5.5 h. After incubation, the cells were washed with phosphate-buffered saline (PBS) and stained using a Live/Dead Fixable Aqua Dead Cell Stain Kit (L34957; Thermo Fisher Scientific) at 18-25°C for 5 min. Subsequently, the samples were probed with antibodies (Supplementary Table 2A) against cell surface markers for 15 min at 18-25°C. After washing, the cells were thoroughly resuspended in 200 µL BD Cytofix/Cytoperm solution per well and incubated for 20 min at 18-25°C. The cells were washed twice with BD Perm/Wash buffer and probed with intracellular staining antibodies for 25 min at 18-25°C. After staining, the cells were washed twice with BD Perm/Wash buffer and fixed with 1% paraformaldehyde. The data were collected using FACSymphony A5 (BD Biosciences).




2.6 HLA typing and analysis

Cryopreserved PBMCs were thawed, and genomic DNA was extracted from a portion of cells (approximately 100,000 cells) using a QIAamp DNA mini kit (Qiagen) and stored at −30°C until use. Isolated genomic DNA was used as a template to prepare cDNA libraries for HLA typing using the commercially available kit AlloSeq™ Tx 17.1 (CareDx) or WAKFlow® HLA DNA Typing (Wakunaga Pharmaceutical Co. Ltd., Osaka, Japan). The combination of each HLA was visualized using the “circlize” package (version 0.4.15) in the R software language (version 4.2.1). The frequency of HLA-A types among the donors was calculated based on the cumulative total number of alleles.




2.7 Ex vivo flow cytometry profiling of bulk CD8+ T cells

Cryopreserved PBMCs were thawed, washed with PBS, and stained with Fixable Viable Stain UV440 (BD Biosciences) at 18-25°C for 5 min. CC-chemokine receptor 7 (CCR7) was stained at 37°C for 10 min and probed using antibodies against the remaining markers (Supplementary Table 2B) at 18-25°C for 15 min. After washing, the cells were thoroughly resuspended in 500 µL Fix/Perm solution per tube and incubated for 40 min at 4°C. The cells were washed twice with BD Perm/Wash solution and probed with anti-Ki67 antibodies for 40 min at 4°C. After staining, the cells were washed twice with BD Perm/Wash solution and fixed with 1% paraformaldehyde, and the data were collected using FACSymphony A5 (BD Biosciences).




2.8 Flow cytometry data analysis

Flow cytometry FCS files were analyzed using FlowJo software (version 10.8.1; RRID: SCR_008520; BD Biosciences). The gating setting for settings for each population are described in result section and Figures. TAA-specific CD8+ T cell responses were determined by subtracting the value obtained by peptide-free stimulation (DMSO; background) from that obtained by TAA stimulation. After background subtraction, values less than 0.01% were considered negative (no response). For the IFNγ+4-1BB+ criteria, values greater than 0.01% after background subtraction corresponded with responders, while those with values less than 0.01% corresponded with non-responders. For the IFNγ+ and/or 4-1BB+ criteria, if the sum of the values after the background subtraction of IFNγ+4-1BB+, IFNγ+4-1BB-, and IFNγ-4-1BB+ was greater than 0.03%, it corresponded with a responder, while if it was less than 0.03%, it corresponded with a non-responder. For the IFNγ+ and 4-1BB+ criteria, if the sum of the values after the background subtraction of two gates in each marker positive cells was greater than 0.02%, it corresponded with a responder, while if it was less than 0.02%, it corresponded with a non-responder.




2.9 Statistical analyses

Statistical analyses were performed using R/Bioconductor (R version 4.2.1) or GraphPad Prism (version 9.0.0; GraphPad Software, RRID: SCR_002798). Experiments and data analysis were performed by individuals blinded to the collection of blood samples and clinical information. For the HLA analysis, statistical significance of all combinations of four gating sets in each HLA type were obtained using Fisher’s exact test, and are displayed in tile format.





3 Results



3.1 Selection of specific TAAs in pancreatic cancer cells

To detect major TAA-specific PBMC CD8+ T cell responses in patients with PDAC, we selected TAAs based on their expression in PDAC cells. Of the 403 TAAs registered in the TAA database (TANTIGEN 2.0) (15), we selected four candidates that have been utilized in peptide vaccine clinical trials: CEACAM5 [carcinoembryonic antigen (CEA)] (16), MUC1 (17), TERT (18), and WT1 (19). Additionally, we selected two candidates used in peptide vaccine clinical trials for other cancers, NY-ESO-1 (CTAG1A) and TRP2 (DCT).

Using the RNAseq data of 1404 cell lines from the CCLE, we assessed the mRNA expression of six TAAs. Of these, CEACAM5, MUC1, TERT, and WT1 were expressed in multiple PDAC cell lines, whereas CTAG1A and DCT were not expressed (Figure 1A and Supplementary Figure 1). Moreover, mRNA expression was further confirmed through qRT-PCR in six PDAC cell lines (four from primary tumors, one from liver metastasis, and one from lymph node metastasis), revealing upregulation of the expression of CEACAM5, MUC1, TERT, and WT1 in several cell lines (Figures 1B, C).




Figure 1 | Selection of tumor-associated antigens (TAAs) specifically expressed in pancreatic cancer. (A) Gene expression of six TAAs (CEACAM5, NY-ESO-I [CTAG1A], TRP2 [DCT], MUC1, TERT, and WT1) in pancreatic cancer cell lines. A public database (CCLE) was used to evaluate mRNA expression using RNA-sequencing. (B, C) mRNA expression of TAAs in pancreatic cancer cell lines determined by qRT-PCR. Relative expression levels of the housekeeping gene (hGUS) are shown as bar graphs (B), and median values after min-max normalization are shown as heatmap (C). Unpaired t-test was used for statistical analyses. *P<0.05, **P<0.01, ***P<0.001. “N.D” means “Not Detected”.






3.2 Establishment of a detection system for TAA-specific PBMC CD8+ T cell response from patients with PDAC

We then detected TAA-specific CD8+ T cell responses in PBMCs derived from patients with PDAC at treatment initiation. As these cells are known to have a low frequency (20), to increase detection sensitivity, we stimulated PBMCs with overlapping peptides covering the full length of the four TAAs (Supplementary Table 1) and then cultured them in the presence of IL-2 for 10 days to amplify TAA-specific cells (21). Moreover, we aimed to increase detection sensitivity by stimulation with a mixture of four different TAAs. After culture, we re-stimulated the cells with the peptide pool and detected TAA-specific CD8+ T cell responses using a flow cytometer. To evaluate antigen-specific responses, we measured the expression levels of interferon-gamma (IFNγ), a widely used marker for antigen-specific CD8+ T cell responses, and 4-1BB, which is known as an activation-induced marker. IFNγ and 4-1BB have each been used as markers of antigen-specific responses (22, 23), and the antigen-specific response of the two in combination has been evaluated (24). However, it was unclear whether the and/or case, single positive, or double positive is more useful in controlling cancer, so we compared them in this study based on four criteria: IFNγ+ and/or 4-1BB+, IFNγ+, 4-1BB+, and double-positive (IFNγ+4-1BB+) (Figures 2A, B). Although there was a certain amount of bulk T cell amplification due to culture in the presence of IL-2, there was no increase in TAA-specific CD8+ T cell responses due to TAA stimulation in healthy donors (Supplementary Figure 2).




Figure 2 | TAA-specific responses in CD8+ T cells in PBMCs at the beginning of treatment are associated with changes in serum CA19-9 levels before and after treatment. (A) Flow cytometry gating for TAA-specific CD8+ T cell response analysis and antigen-specific responses in CD8+ T cells upon stimulation of PBMCs from patients with pancreatic cancer with the mixture of TAA peptides pool. Examples of TAA-specific response-positive specimens are shown. Numbers in the gates shown in red indicate frequencies (%). (B) Regions considered to have TAA-specific CD8+ T-cell responses according to the four criteria are shown. (C) Percentage of patients with or without TAA-specific responses according to the four criteria (n=57). (D) Correlation between the percentage of TAAs-specific response in antigen-specific response-positive specimens according to the four criteria and the clinical information of the patients. The percentage of cells positive for each marker in CD8+ T cells without peptide stimulation (as background) was subtracted from the percentage of each marker positive cells in CD8+ T cells with TAA stimulation. (E) Correlation between the percentage of TAA-specific response in CD8+ T cells and changes in pre- and post-treatment serum CA19-9 levels. Patients with CA19-9 levels below the detection sensitivity were excluded. Spearman's rank correlation test was used for statistical analysis.






3.3 Association of TAA-specific PBMC IFNγ+4-1BB+ CD8+ T cell responses with neoadjuvant therapy efficacy in patients with PDAC

To investigate the relationship between TAA-specific CD8+ T cell responses and clinical features of patients with PDAC (n=57), we stimulated PBMCs with a peptide pool containing four TAAs and determined the percentage of responders for TAA-specific CD8+ T cell response using the four criteria described above (Figure 2C and Supplementary Figure 3).

We subsequently investigated if these cell responses were affected by specific HLA class 1 types. Among the 57 donors, 12 HLA-A types were detected with 25 allelic combinations (Supplementary Figures 4A, B), and TAA-specific CD8+ T cell responses were observed for all HLA-A types except A*30:01 (Supplementary Figure 4C). We then compared the HLA distribution of responders in each criterion to that of all donors to determine whether TAA-specific CD8+ T cell responses were more prevalent in specific HLA-A types. However, we detected no differences in our cohort (Supplementary Figures 4D, E). Larger cohorts should be employed to investigate the association between HLA and TAA-specific responses.

We investigated the correlation between TAA-specific CD8+ T cell responses and patient characteristics at the initiation of neoadjuvant therapy. The analysis revealed a significant association between TAA-specific IFNγ+4-1BB+ CD8+ T cell response and pancreatic head and pancreatic body tail cancer (p = 0.0307; Supplementary Table 3). However, no significant correlations were observed for basic patient characteristics, such as age, sex, blood counts, and tumor factors (Supplementary Table 3). Moreover, there were no significant differences in the presence or absence of TAA-specific responses by treatment content (Supplementary Table 3).

To more comprehensively assess the relationship between clinical background information and total TAA-specific CD8+ T cell responses, we generated a new index that may reflect the effects of neoadjuvant therapy. The index comprised ratios and differences of three tumor markers (CA19-9, CEA, and DUPAN-2), along with the tumor diameter on computed tomography (CT) images at the initiation of treatment, after neoadjuvant therapy, and after surgery. We then analyzed the parameters that were correlated with the frequency of TAA-specific CD8+ T cell responses based on the four criteria.

The number of lymphocytes in the peripheral blood was positively correlated with TAA-specific 4-1BB+ CD8+ T cell and TAA-specific IFNγ+4-1BB+CD8+ T cell frequencies (Figure 2D, columns 3 and 4). TAA-specific CD8+ T cell frequency, characterized by IFNγ+ and/or 4-1BB+, was inversely correlated with both clinical progression (cStage) and tumor diameter on CT before treatment initiation. However, no inverse correlation was observed between the pathological progression (pStage) of the resected specimen and the difference in tumor diameter on CT after neoadjuvant therapy (Figure 2D, column 1). In contrast, the frequency of TAA-specific IFNγ+4-1BB+ CD8+ T cell responses showed an inverse correlation with the rate of CA19-9 change during neoadjuvant therapy: the lower the rate, the better the therapeutic effect (R = −0.56, p = 0.011; Figure 2D, column 4 and Figure 2E). CA19-9 is a widely used serum biomarker in PDAC, and changes in its levels during neoadjuvant therapy are considered to be prognostic (25). The results suggest that patients with TAA-specific IFNγ+4-1BB+ CD8+ T cell response observed prior to treatment initiation had a higher response to neoadjuvant therapy. Moreover, this criterion resulted in the lowest background; therefore, we used it for subsequent analyses.




3.4 Postoperative TAA-specific IFNγ+4-1BB+ CD8+ T cells and prognosis

To investigate the prognostic impact of TAA-specific IFNγ+4-1BB+ CD8+ T cells at different time points (before treatment [TP1], after neoadjuvant therapy but before resection [TP2], and after resection [TP3]) using PBMCs collected from the same patients (Figure 3A), we compared the postoperative disease-free survival in the two groups according to the presence or absence of TAA-specific IFNγ+4-1BB+ CD8+ T cells. There was no difference in the number of responders at each time point (Figure 3B). No difference was observed before treatment [TP1] or before surgery [TP2], whereas a significant difference was observed after surgery [TP3] (Figure 3C). The modulation of TAA-specific IFNγ+4-1BB+ responses over time did not exhibit a consistent trend, with some patients exhibiting a loss of response and others becoming new responders before and after treatment (Supplementary Figure 4). Notably, the four patients who had responded before treatment and maintained this response after surgery remained recurrence-free, whereas the three patients exhibiting loss of TAA-specific IFNγ+4-1BB+ responses experienced recurrence (data not shown). There were no significant differences in clinicopathologic factors (including treatment regimen) between the presence or absence of TAA-specific IFNγ+4-1BB+ reactions in TP3 (Supplementary Table 4).




Figure 3 | Patients with TAA-specific IFNγ+4-1BB+ CD8+ T cells responses in peripheral blood after surgery (TP3) had better disease free survival. (A) Schematic showing the timing of specimen collection. The numbers below each time point indicate the duration between each time point (days post TP1 at which TP2 or TP3 were sampled, median and range are indicated). (B) Ratio of responders evaluated by TAAs-specific IFNγ+4-1 BB+ CD8+ T cells at TP1/TP2/TP3. The number of donors with all time points is n=20. (C) Kaplan-Meier survival curves compared disease free survival between the presence or absence of TAA-specific IFNγ+4-1 BB+ CD8+ T cells at TP1/TP2/TP3. TP1, before the start of treatment; TP2, before surgical resection; TP3, after resection.






3.5 ICIs enhance TAA-specific PBMC IFNγ+4-1BB+ CD8+ T cell responses in cells derived from patients with PDAC

We investigated the impact of ICIs on TAA-specific IFNγ+4-1BB+ CD8+ T cell response. To identify candidate immune checkpoint molecules as potential therapeutic targets, we compared the ex vivo expression profiles of PD-1, TIGIT, Tim-3, CD160, and BTLA on CD8+ Tm cells in PBMCs derived from patients with PDAC via flow cytometry (Figure 4A; Supplementary Figure 6). Among these, only PD-1 was significantly more expressed in samples derived from patients with PDAC than in those from healthy participants (Figure 4B). Therefore, we selected PD-1 as the target molecule. We stimulated PBMCs with TAA peptide pools in the presence of ICIs and cultured them to analyze TAA-specific IFNγ+4-1BB+ CD8+ T cells. We identified more responders in the anti-PD-1 antibody group than in the no-antibody and isotype groups, although this observation was not significant (Figure 4C; Supplementary Figure 7), suggesting that anti-PD-1 treatment detected new TAA-specific IFNγ+4-1BB+ CD8+ T cells in some non-responders. Furthermore, anti-PD-1, but not anti-TIGIT, treatment significantly increased TAA-specific IFNγ+4-1BB+ CD8+ T cell frequency (Figures 4C–E).




Figure 4 | PD-1-positive memory CD8+ T cells are increased in PBMCs from patients with pancreatic cancer, and PD-1 inhibition in vitro increased TAA-specific IFNγ+4-1BB+ CD8+ T cells. (A) Representative flow cytometry plots of exhaustion markers expression in PBMCs from the healthy donor and the patient with pancreatic cancer. (B) PBMCs were analyzed ex vivo via flow cytometry, and the frequency of expression of five immune checkpoint molecules in memory CD8+ T cells was compared between healthy donors (HD) (n=15) and pre-treatment (TP1) pancreatic cancer patients (PDAC Pt.) (n=57). Mann—Whitney U test was used for the statistical analysis. (C) Ratio of responders evaluated by TAA-specific IFNγ+4-1BB+ CD8+ T cells in TP1 samples (n=57) treated without antibody, with isotype antibody, with anti-PD-1 antibody, or with anti-TIGIT antibody. (D) Comparison of TAA-specific IFNγ+4-1BB+ CD8+ T cells frequencies in PDAC Pt. TP1 samples (n=57) upon isotype and anti-PD-1 antibody treatment. Wilcoxon signed-rank test was used for statistical analysis. (E) Comparison of TAA-specific IFNy+4-1BB+ CD8+ T cells frequencies in TP1 samples (n=57) treated with isotype or anti-TIGIT antibody. Wilcoxon signed-rank test was used for statistical analysis. ****P<0.0001. “ns” means “not significant”.






3.6 Timing of ICI intervention in PBMCs from patients with pancreatic cancer

To date, clinical trials of ICIs in patients with PDAC have included patients treated with cytotoxic anticancer drugs. Thus, we next investigated whether chemotherapy, radiation therapy, or surgery would affect the efficacy of ICI in patients with PDAC. PD-1 inhibition was assessed at the TP1, TP2, and TP3 time points using PBMCs collected from the same patients. The efficacy of ICI in donors increased as follows: 50% at TP1, 25% at TP2, and 35% at TP3 (Figure 5A). PD-1 inhibition significantly increased the frequency of TAA-specific IFNγ+4-1BB+ CD8+ T cells only at TP1 (Figure 5B), whereas TIGIT inhibition did not result in significant changes at any time point (Figure 5C). These results suggest that anti-PD-1 ICIs may be less effective after chemotherapy, either alone or in combination with radiotherapy, which could explain the poor outcomes reported in previous clinical trials.




Figure 5 | PD-1-positive memory CD8+ T cells are increased in PBMCs from patients with pancreatic cancer, and PD-1 inhibition in vitro increased TAA-specific IFNγ+4-1 BB+ CD8+ T cells. (A) Comparison of the percentage (%) of TAAs-specific IFNγ+4-1BB+ CD8+ T cells during anti-PD-1 antibody treatment at TP1/TP2/TP3. The number of donors with all time points is n=20. (B) Comparison of the percentage (%) of TAA-specific IFNy+4-1BB+ CD8+ T cells during anti-PD-1 treatment at TP1/TP2/TP3. The number of donors with all time points is n=20. (C) Comparison of the percentage (%) of TAA-specific IFNy+4-1BB+ CD8+ T cells during anti-TIGIT treatment at TP1/TP2/TP3. The number of donors with all time points is n=20. Wilcoxon signed-rank test was used for statistical analysis. before the start of treatment; TP2, before surgical resection; TP3, after resection.







4 Discussion

In the present study, we demonstrated that the frequency of TAA-specific IFNγ+4-1BB+ CD8+ T cells in the blood before treatment was correlated with reduced CA19-9 levels, suggesting the potential utility of the proposed method for detecting TAA-specific IFNγ+4-1BB+ CD8+ T cells as a surrogate marker to predict treatment efficacy. Additionally, we demonstrated that postoperative IFNγ+4-1BB+ TAA-specific IFNγ+4-1BB+ CD8+ T cells may be predictive of postoperative recurrence. Although it remains unclear whether this peripheral in vitro response reflects in vivo suppression of cancer cells, patients exhibiting a TAA-specific IFNγ+4-1BB+ response after surgery exhibited a favorable prognosis, whereas those exhibiting a response before treatment but not after surgery were more susceptible to recurrence.

TIL analysis requires invasive tissue collection, posing challenges to monitoring changes in patients. In contrast, liquid biopsies can be conducted multiple times with minimal invasiveness, and are considered a rich source of information that reflects biological status, therapeutic response, and clinical outcomes (26). Recently, a variety of biomolecules or particles in plasma such as cell free DNA (cfDNA), circulating tumor DNA (ctDNA), non-coding RNAs, and exome or extracellular vesicles have emerged as new probes to examine the biological status of tumors, therapeutic responses, and prognoses (27–32). In addition, certain types of cells, such as circulating tumor cells (CTCs), have been used to identify tumor status (33, 34). In general, cell-based analysis requires more labor than molecular-based analysis. However, the overall information it supplies is richer. Circulating immune cells would be as valuable a source of information as CTCs. Compared to the rare nature of CTCs and the specific tools needed to capture them, circulating T cells are easier to detect and more easily accessible using standard immunological instruments. Indeed, the transcriptomic analysis of bulk peripheral CD8+ T cells in melanoma patients has revealed the association between peripheral CD8+ T cell characteristics and ICI responses (35). Furthermore, in clinical trials investigating the use of atezolizumab and personalized RNA neoantigen vaccines, as well as mFOLFIRINOX as adjuvant chemotherapy in patients with pancreatic cancer, those with vaccine antigen-specific T cells in their PBMCs exhibited a significantly improved recurrence-free survival (36). While more patients are required for further validation, our study suggests a potential synergistic effect of immune response and neoadjuvant therapy, providing important insights for future combination therapies with anticancer drugs and ICIs.

In addition to conventional treatments such as surgery, chemotherapy, and radiation, immunotherapy has emerged as a new treatment strategy for cancer. However, the effectiveness of ICI monotherapy is limited in pancreatic cancer (10]. Therefore, various combination therapies are being investigated, including cytotoxic chemotherapy and radiotherapy (37). Moreover, a previous report has suggested that neoadjuvant chemotherapy activates the immune response (38). In cancers other than pancreatic cancer, ICI treatment is more effective when administered before surgery rather than after (39–42). Notably, a preoperative cytotoxic anticancer drug plus ICI therapy showed efficacy in a phase 3 trial for resectable non-small cell lung cancer (43). Based on these reports, clinical trials investigating ICI treatment in combination with neoadjuvant chemotherapy regimens are currently underway for pancreatic cancer. The results of these trials are anticipated to provide insights into the optimal timing of treatment. However, most of the study focuses on the neoadjuvant (preoperative) versus adjuvant (postoperative) difference, rather than the untreated versus neoadjuvant in a preoperative setting (44), or by comparing it with or without ICI in the neoadjuvant setting (45). Here, we directly investigated the three distinct timings of PD-1 inhibition in vitro. Contrary to the anticipated result from previous studies, our results indicated the effectiveness of PD-1 inhibition in TAA-specific IFNγ+4-1BB+ CD8+ T cells before the start of neoadjuvant therapy, at least in vitro. There is one possible explanation for this discrepancy. The rationale for neoadjuvant ICI therapy is the following: increased priming of tumor-specific T cells due to immunogenic cell death in tissue that is induced by neoadjuvant increases the antigenic stimuli (46–49). In our analysis, in contrast, TAA-specific peripheral memory CD8+ T cells were stimulated by an abundant amount of TAA peptides either in the presence or absence of PD-1 inhibition. Another explanation is that the study design of previous reports was limited to fully delineate the optimal timing of ICI therapy. Consistently, one study focusing on the sequence of ICI before and after neoadjuvant suggested that the ICI before neoadjuvant was efficacious in BRAF-wildtype metastatic melanoma (50).

This study has some limitations. First, this study suggests the prognostic value of analyzing postoperative peripheral blood samples in patient follow-up. However, further investigations are warranted, owing to the small number of cases and short observation period. Second, given the interplay of peripheral CD8+ cells with tissue-resident memory CD8+ T cells against anti-tumoral immunity (51), TAA-specific IFNγ+4-1BB+ CD8+ T cells in the blood may contribute to the efficacy of neoadjuvant therapy. However, our study did not directly analyze TILs, and it remains unclear if similar cells existed in the tissues.

In summary, we selected TAA-specific antigen molecules to stimulate CD8+ T cells and we established a flow cytometry system to detect antigen-specific responses of these cells in peripheral blood derived from patients with PDAC, utilizing them as peripheral biomarkers for assessing the efficacy of neoadjuvant chemotherapy. Evaluation of the impact of immunotherapy by monitoring the TAA-specific IFNγ+4-1BB+ responses of CD8+ T cells suggested that PD-1 inhibition may effectively increase TAA-specific IFNγ+4-1BB+ CD8+ T cells when administered as a neoadjuvant therapy. Our findings suggest that a sequential treatment approach, involving initial ICI treatment followed by neoadjuvant chemotherapy, as opposed to a combination therapy where ICI and neoadjuvant chemotherapy are administered simultaneously, may optimize the efficacy of multidisciplinary treatment.
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Chimeric antigen receptor (CAR) T cell therapy holds enormous potential for the treatment of hematologic malignancies. Despite its benefits, it is still used as a second line of therapy, mainly because of its severe side effects and patient unresponsiveness. Numerous researchers worldwide have attempted to identify effective predictive biomarkers for early prediction of treatment outcomes and adverse effects in CAR T cell therapy, albeit so far only with limited success. This review provides a comprehensive overview of the current state of predictive biomarkers. Although existing predictive metrics correlate to some extent with treatment outcomes, they fail to encapsulate the complexity of the immune system dynamics. The aim of this review is to identify six major groups of predictive biomarkers and propose their use in developing improved and efficient prediction models. These groups include changes in mitochondrial dynamics, endothelial activation, central nervous system impairment, immune system markers, extracellular vesicles, and the inhibitory tumor microenvironment. A comprehensive understanding of the multiple factors that influence therapeutic efficacy has the potential to significantly improve the course of CAR T cell therapy and patient care, thereby making this advanced immunotherapy more appealing and the course of therapy more convenient and favorable for patients.
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1 Introduction

Chimeric antigen receptor (CAR) T cell therapy holds enormous potential for the treatment of hematologic malignancies and shows promise for solid tumors treatment as well. This innovative approach involves reprogramming patient’s T cells to recognize and attack cancer cells through engineered receptors known as CARs. As research and clinical applications evolve, CAR T cell therapies have been developed across multiple generations, each with distinct features aimed at enhancing therapeutic efficacy and safety. The first generation of CAR T cells laid the groundwork by introducing a singular signaling domain, typically CD3ζ, to activate T cells upon antigen recognition. However, their clinical impact was limited due to modest T cell proliferation and persistence (1). Second-generation CAR T cells improved upon this by incorporating an additional costimulatory domain (such as CD28 or 4-1BB) alongside CD3ζ. This enhancement significantly boosted T cell expansion, lifespan, and antitumor activity, representing a leap forward in therapeutic effectiveness (2). Third-generation CARs further advanced the design by including two costimulatory domains, aiming to amplify T cell activation and antitumor responses even more (2). The fourth generation, often referred to as TRUCKs (T cells redirected for universal cytokine killing), are engineered to secrete proinflammatory cytokines upon engaging with tumor antigens. This feature is intended to recruit additional immune effector cells to the tumor site, intensifying the immune response (3). The fifth-generation CAR T cells, which incorporate novel signaling domains, are designed to mimic the complete activation pathway of natural T cells, offering the promise of even more potent and selective cancer targeting capabilities (4).

Despite their potential, CAR T cell therapies are associated with significant adverse events. Cytokine release syndrome (CRS) is often considered the most common side effect of CAR T cell therapy, which results from the massive release of cytokines by activated T cells and other immune cells. Symptoms can range from mild flu-like symptoms, such as fever, fatigue, and myalgia, to severe life-threatening conditions, including hypotension, high fever, and multi-organ dysfunction (5). Immune effector cell-associated neurotoxicity syndrome (ICANS) is another common side effect of CAR T cell therapy, characteristic of a wide range of neurological symptoms. These can include headache, confusion, aphasia, tremors, seizures, and in severe cases, cerebral edema (6). Other common side effects include B-cell aplasia, off-tumor cytotoxicity, tumor lysis syndrome (TLS), macrophage activation syndrome (MAS), and other less frequent adverse events (7, 8).

Despite the benefits of this promising treatment approach, it is still used as a second line of therapy for patients who relapsed after at least two previous lines of cancer therapy, or for whom for any reason other therapies can no longer be considered effective (9). The limitations of CAR T cell therapy arise primarily from severe side effects during treatment course, mainly CRS and ICANS, which can result in multiple organ dysfunction and even death. Overview of incidence of CRS and ICANS and their severity in patients treated with CAR T cell therapies is shown in Table 1. Accurate monitoring and efficient response times for intervention after the onset of side effect symptoms are seldom achieved because side effect symptoms usually occur rapidly and share many similarities with the regular therapy progression (inflammation, fever, fatigue, confusion, nausea, headache, rapid heart rate, etc.). Another substantial challenge in the field of CAR T cell therapy lies in addressing the issue of patient unresponsiveness. It has been observed that up to 36% of patients eligible for CAR T cell therapy undergo treatment, only to be later identified as non-responders (29). For these non-responders, the aftermath of an unsuccessful CAR T treatment can be particularly dire; it often becomes too late to pursue alternative treatments, leading to deteriorating outcomes or even death. This predicament necessitates significant research aimed at identifying potential non-responders prior to initiating CAR T cell therapy. This would enable these patients to be redirected toward alternative, more appropriate cancer therapies. Furthermore, it has the potential to alleviate the financial burden associated with unsuccessful treatment attempts. Given that the cost of CAR T therapy can range from 50,000 to several hundred thousand euros, its ineffectiveness in non-responders represents not only a therapeutic failure but also a substantial economic setback. Hence, efforts to preemptively distinguish responders from non-responders could significantly improve the cost-effectiveness and overall success rate of this innovative treatment approach. The therapy exploits the patient’s own immune system as a tool to fight cancer and, due to the heterogeneous immune traits of each individual, more personalized approaches are needed to improve therapeutic outcomes and patient care. In order to improve therapeutic efficacy, it is necessary to develop better biomarker models for predicting immune system response to CAR T cell infusion, cytotoxic efficacy of the infusion product, side effect susceptibility of each patient, therapeutic outcomes, and long-term remission.


Table 1 | Overview of incidence of CRS and ICANS and their severity in patients treated with CAR T cell therapies.



Numerous researchers worldwide have sought to identify effective predictive biomarkers, albeit so far only with limited success. The Eastern Cooperative Oncology Group (ECOG) performance status is a general scale used to evaluate disease progression and the patient’s abilities in daily living (30, 31). Considerable attention has been paid to estimating tumor burden prior to CAR T cell therapy, as lower tumor burden and biomass are preferred for an effective antitumor response by CAR T cells. Although tumor burden is a critical factor influencing the success of CAR T therapy (12, 32, 33), the presence of disseminated tumor already serves as a primary exclusion criterion for this treatment. Some researchers propose that assessing the tumor burden prior to CAR T cell therapy may predict therapy’s outcome (33–35). However, given the stringent inclusion criteria and the complex mechanisms affecting the therapy’s outcome and the onset of side effects, this strategy alone is not comprehensive enough for effective prediction of therapy progression (36). Clinical evidence also suggests that ≥ 3 prior lines of therapy may predict inferior survival, suggesting that CAR T therapy may be more effective if given earlier (37).

Another commonly used predictive model is the CAR-HEMATOTOX score, which captures cytopenias (thrombocytopenia, anemia, neutropenia, etc.) and inflammatory markers (C-reactive protein (CRP), ferritin, etc.) at baseline condition (38, 39). Factors included in the CAR-HEMATOTOX score are associated with prolonged cytopenias following CAR T cell therapy (38). Even though studies cite that CAR-HEMATOTOX score represents an easy-to-use risk-stratification tool that is helpful in ruling out patients at risk of hematotoxicity, the baseline CAR-HEMATOTOX score alone did not prove to be an accurate predictor of CAR T therapy progression (39, 40).

The Inflammation-Based Prognostic Score (IBPS) is a validated approach assessing systemic immune inflammation as well as a prognostic nutritional index which might prove useful in predicting CAR T therapy outcomes, however, further research is needed (41). Furthermore, the Endothelial Activation and Stress Index (EASIX) score, a marker of endothelial damage, was tested to predict the occurrence of CAR T therapy side effects. However, the major limitation of the EASIX score arises from the use of surrogate blood biomarkers that do not directly indicate endothelial damage but could also be associated with other pathologic conditions. The EASIX score is based on baseline blood levels of lactate dehydrogenase (LDH), creatinine, platelets, and additionally CRP and ferritin (42–44).

Another prediction score called the modified Cumulative Illness Rating Scale (CIRS), is used to assess comorbidities in patients with hematologic malignancies. The comorbidities with the highest impact on therapy prognosis have been classified into four main categories, referred to as the ˝Severe4˝ (encompassing the respiratory, upper gastrointestinal, hepatic, and renal systems). Patients with an overall CIRS score ≥ 7 before CAR T cell therapy, indicating severe or life-threatening comorbidities, were associated with worse CAR T therapy progression and overall survival (37, 45, 46). Although severe comorbidities serve as a prediction of poor therapy response, not many patients bear other severe illnesses. Therefore, the CIRS score is only useful for distinguishing between therapy responders and non-responders in this small group of critically ill patients, but not in patients without comorbidities or for identifying patients at increased risk for developing severe side effects (47).

Other studies have demonstrated statistically significant correlations of specific single biomarkers (e.g., LDH, programmed cell death protein 1 (PD-1), ferritin, CRP, interleukin 6 (IL-6), interleukin 15 (IL-15), etc.) with therapy progression prior to CAR T cell infusion, but failed to encapsulate the complexity of the immunologic response to CAR T cells and their antitumor effect (48–53). While many of the aforementioned prediction scores show correlations with CAR T therapy outcomes and the occurrence of adverse effects, they are unable to capture the intricate combinations of various factors involved in the antitumor activity of the infused CAR T cells and the immune system response. Therefore, more robust and complex prediction scores are needed.

The aim of this review is to identify six principal groups of predictive biomarkers and propose their use in the development of improved and efficient models for early prediction of outcomes and adverse effects in CAR T cell therapy. This approach captures various aspects of the immune response, which is a critical factor in developing robust predictive models intended for a broader population. Our review focuses on potential blood markers that can be measured using common methods, as well as advanced immunological techniques. The main focus is on markers where even minor changes in blood concentrations could have a significant value in accurately predicting the therapy progression. This is an innovative new concept that has never been explored before into such detail. It has the potential to significantly improve the course of CAR T cell therapy and patient care, thereby making this advanced immunotherapy more appealing and the course of therapy more convenient and favorable for patients.




2 Prospective groups of biomarkers to predict progression of CAR T cell therapy



2.1 Changes in mitochondrial dynamics

To better understand the state of immune cells during the process of CAR T cell therapy, it is important to note that at the time of leukapheresis, the patient’s T lymphocytes have usually already undergone at least two lines of other cancer therapies (9). These cells, influenced by the previous lines of immunosuppressive medication and the inhibitory tumor microenvironment (persistent antigen stimulation, inhibitory signaling, hypoxia, acidosis, etc.), often enter the CAR T production process already exhausted, terminally differentiated, and with impaired mitochondrial function (54, 55). During the production process, the cells are activated, genetically modified, proliferated, kept, and stored in in vitro conditions (56, 57). Upon infusion into the patient, it is desired that the CAR T cells further clonally expand, migrate rapidly to the tumor site, recognize, and efficiently kill tumor cells, with each CAR T cell eliminating as many tumor cells as possible (58, 59). Since all of these processes are extremely energy consuming, adequate energy production and cellular energy metabolism are crucial for an effective and successful therapy course. In this context, mitochondria play a key role as cellular organelles, responsible for energy production and metabolism (60, 61), constantly adapting to environmental stimuli and the energy demands of the cell. A simplified schematization of mitochondrial dynamics during different phases of CAR T cell therapy is presented in Figure 1.




Figure 1 | An idealized representation of T cell metabolism and mitochondrial dynamics in CAR T cell therapy. The figure illustrates a simplified representation of T cell metabolism and mitochondrial dynamics during the stages of CAR T cell therapy. The process begins with naive T cells characterized by quiescent mitochondria that mainly use oxidative phosphorylation (OxPhos) as a metabolic pathway. The obtained T cells are transferred to the CAR T production process, where they first undergo activation. This stage is characterized by a significant increase in energy demand and consequently a shift in metabolism towards glycolysis. At the same time, mitochondria undergo fission, multiplication, and formation of cristae - intricate invaginations of the inner membrane that serve to expand the surface area of the inner membrane to increase energy production capacity. After activation, the cells are genetically modified, usually by exploiting viral vectors such as lentiviral or retroviral vectors encoding for a CAR receptor. This modification normally has no significant effect on cellular metabolism or mitochondrial dynamics. Once the genetically modified CAR T cells are produced, they enter a stage of proliferation in which they further multiply their mitochondria and continue to rely on glycolysis to meet their increased energy demands. Subsequent steps include purification and quality control, culminating in the production of the infusion product, which consists mainly of effector T cells (Teff), effector memory T cells (Tem), and central memory T cells (Tcm). Effector T cells are characterized by a high rate of glycolysis and increased mitochondrial biomass, which enables the cells to respond rapidly to target cells and effectively perform their cytotoxic function within a short period of time. Central memory T cells, on the other hand, typically possess elongated mitochondrial structures and primarily utilize oxidative phosphorylation, allowing them to extend their lifespan and persist in the organism. The phenotype of effector memory T cells can be simplistically viewed as a combination of both and therefore exhibits both glycolytic and oxidative phosphorylating metabolism. Once infused into the patient, CAR T cells rapidly recognize tumor cells and exert a cytotoxic effect on them. Cytotoxicity is a highly energy-consuming process characterized by a high rate of glycolysis and increased mitochondrial biomass. Mitochondria are polarized along the cellular cytoskeleton toward the immunological synapse, providing the energy required for production, polarization, and formation of the immunological synapse, as well as for transfer of lytic granules into target cells to induce apoptosis - in the case of CAR T cells, apoptosis of target cancer cells. Remarkably, a single CAR T cell can eliminate multiple cancer cells. Following the cytotoxic effect, the majority of T cells become exhausted, with mitochondria undergoing mitophagy and the cells losing their effector function as all types of metabolism diminish. These cells may undergo apoptosis, initiated by the mitochondria, leading to rupture of cell structures and cell death. However, a small subset of cytotoxic cells transforms into central memory T cells, forming a permanent immunological memory for the specific antigen.



For successful therapeutic outcomes at each phase of the process, it is imperative that mitochondrial function remains robust and demonstrates rapid adaptability to alterations in the cellular milieu and metabolic demands. Five main groups of mitochondrial processes and their potential impact on CAR T cell therapy are further discussed. These are metabolic reprogramming, mitochondrial mass and biogenesis, mitochondrial membrane potential, production and neutralization of reactive oxygen species (ROS), and mitophagy.

Metabolic reprogramming in T lymphocytes refers to the shift in cellular metabolic pathways in response to changes in cellular energy requirements. The primary cellular metabolism in naive, non-activated T cells is oxidative phosphorylation, in which ATP is generated by the transfer of electrons through the electron transport chain at the inner mitochondrial membrane, producing few toxic byproducts and efficiently utilizing glucose (62, 63). However, when cells’ energy demands increase (e.g., during activation, proliferation, cytotoxic activity, or other complex cellular processes), cells shift their metabolism toward glycolysis (64). The latter produces ATP molecules faster, but less efficiently and with the production of toxic byproducts, such as excessive lactate, which can lead to acidification of the cellular environment and loss of cellular functions (65). In addition to glucose metabolism, other catabolic pathways, such as efficient fatty acid oxidation, play critical roles in T cell development, central memory differentiation, cell survival, and long-term remission (66). While shifts in metabolic pathways in healthy cells occur regularly in response to stimuli for altered energy demands, it has been shown that the most effective CAR T cells possess a balanced metabolic profile and are characterized by the ability to quickly shift from one metabolic type to another and vice versa. Inefficient metabolic shifts can result in prolonged glycolysis, inefficient energy production, and consequently ineffective and short-lived CAR T cells (60, 67–69).

Adequate mitochondrial mass is another critical factor defining cellular energy production capacity (70). Along with the increased energy demands and metabolic switch to glycolysis in T lymphocytes or CAR T cells, these cells enhance their mitochondrial biogenesis, resulting in elevated number of mitochondria per cell, and increased mitochondrial size and mass to increase the energy production capacity (71). For the CAR T production process, it is desired that the input T cells have intact mitochondrial function and high mitochondrial biomass (67). After T cell selection, the cells first undergo activation characterized by mitochondrial fission and multiplication. This leads to the formation of punctate mitochondria with loose cristae, reducing the efficiency of oxidative phosphorylation and triggering the initiation of glycolytic metabolism characteristic of effector T cells (60, 71). After effector function, a small proportion of T lymphocytes transform into a memory phenotype with large, elongated mitochondria. These mitochondria possess a high capacity for energy production, which enables them to maintain oxidative phosphorylation and allows the cells to persist in the organism for prolonged time periods (60, 70). However, most effector T lymphocytes become exhausted, the mitochondria disintegrate, shrink, and all metabolic types vanish, leading to cell apoptosis (71). In the context of predicting CAR T therapy progression, Rostamian et al. (60) found that impaired mitochondrial function with low mitochondrial biomass prior to infusion of CAR T cell product leads to poor therapeutic outcomes.

The mitochondrial membrane potential (ΔΨm), generated by pumping protons from the mitochondrial matrix into the intermembrane space, is another indicator of mitochondrial function and the antitumor efficacy of CAR T cells and is crucial for efficient ATP synthesis (72). High mitochondrial membrane potential characterizes the effector phenotype of T lymphocytes, along with increased glycolysis, ROS production, and cellular impairment. In contrast, low mitochondrial membrane potential is characteristic of naive and memory T lymphocytes and is favored in input cells in the CAR T production process for better energy production capacity of the final product (60, 68). In terms of cytotoxic T lymphocytes, lower ΔΨm levels are desirable, as they indicate a better metabolic capacity of the cells, less exhaustion, correspondingly low glycolysis levels, better persistence in vivo, better migratory capacity, and antitumor efficacy (68).

Reactive oxygen species (ROS) are oxygen-containing molecules that are mainly generated in the mitochondria (73). Due to their instability, they react rapidly, causing cellular defects at the DNA, RNA, or cellular structure levels, and can even induce cell death (61). Small amounts of ROS are continuously produced and act as signaling molecules, which are then neutralized by cellular antioxidant mechanisms (74). However, under pathological conditions (e.g., cancer) and in exhausted cells, ROS concentrations can greatly increase (71, 75) and damage cellular structures to the point of irreparability (71), impair T cells function (76), and induce T cells senescence (77). Elevated ROS concentrations and impaired antioxidant mechanisms for ROS neutralization in T lymphocytes and CAR T cells prior to infusion of CAR T cell product are indicative of a poor prognosis for effector cell function upon infusion into the patient (60).

Mitophagy is a multistep process that involves recognition of damaged or dysfunctional mitochondria, their uptake into autophagosomes, and subsequent degradation by fusion with lysosomes (78). The process is tightly regulated at multiple levels, including activation of specific mitophagy receptors, recruitment of autophagic machinery components, and coordination of autophagosome-lysosome fusion (79). Mitophagy is essential for proper mitochondrial function in CAR T cells, as it helps to prevent the accumulation of damaged mitochondria that otherwise accumulate excessive amounts of ROS and impair energy production throughout the CAR T production process as well as the therapy course (67, 80).

Mitochondria therefore hold great potential as therapeutic targets to aid the antitumor therapies and as predictive biomarkers for assessing the therapy course prior to CAR T cell infusion (60, 61, 64, 67, 75, 80).

As research continues to illuminate the dynamic role of mitochondria in CAR T cell therapy, understanding and monitoring mitochondrial processes may lead to more effective therapeutic outcomes. Methods to assess mitochondrial function can be categorized at the genomic, transcriptomic, proteomic, and metabolomic levels (81). Primary mitochondrial genetic disorders arise from cellular or mitochondrial pathological mutations (81) that can be identified by genome sequencing analyses (82). At the transcriptomic level, gene expression can be assessed using techniques such as RNA sequencing, polymerase chain reaction (PCR), Northern blotting, microarrays, and many others (83). Epigenetic regulation and post-translational modifications also play an important role in modulating mitochondrial dynamics (84). A variety of techniques are available for proteomic analysis. For example, fluorescently labeled dyes can be used to stain target molecules, allowing determination of their concentration, localization, and dynamics. Such measurements can be performed with fluorescence microscopy (i.e., flow cytometry) and allow visualization and quantification of mitochondrial membrane potential, mass, and other parameters (85). Other common methods for analyzing protein content include Western blotting, electrophoresis, ELISA, chromatography, mass spectrometry, protein microarrays, etc. (81, 83, 84) The Seahorse analyzer is an excellent tool for determining the metabolic status of target cells (86). In addition, high-resolution respirometry, isotope tracking, and other methods have proven useful in this field (87). Other microscopy techniques, such as transmission electron microscopy (TEM), provide high-resolution images of mitochondria that allow direct observation of changes in mitochondrial morphology and structure (88). The analysis of mitochondrial characteristics offers an insight into the cell’s functional state, potentially serving as a biomarker for predicting cell behavior and progression during the CAR T production process. Since mitochondrial characteristics are indicative of cells’ energy capacity, apoptotic susceptibility, and cytotoxic functionality, they could be utilized to forecast the anti-tumor cytotoxicity of CAR T cells before therapy initiation. This prospective approach may allow for the early identification of therapeutic potential of CAR T cells, enhancing patient-specific treatment strategy.




2.2 Endothelial activation

The endothelium is a layer of endothelial cells that form the inner lining of blood and lymphatic vessels and play a crucial role in many bodily functions, including the regulation of inflammation, blood clotting, and the formation of new blood vessels (angiogenesis) (89). Upon infusion of CAR T cells, the infused cells migrate to the tumor site and induce apoptosis of tumor cells. In addition to the cytotoxic effect, they secrete cytokines that trigger inflammation and activation of endogenous immune cells (such as macrophages, dendritic cells, natural killer cells, B cells, etc.), fibroblasts, and endothelial cells (90–94). Activated endogenous cells also secrete proinflammatory cytokines and chemokines, which can lead to overactivation of the immune system, endothelial damage, and increased vascular permeability (5, 95). Among these inflammatory cytokines and chemokines, IL-6 is considered the critical cytokine involved in endothelial permeabilization and induction of CRS (5, 96, 97). After endothelial activation and permeabilization, activated endothelial cells also begin to secrete inflammatory signals (such as IL-6). This further leads to increased permeability of the blood-brain barrier, infiltration of inflammatory molecules and immune cells into the central nervous system, and onset of ICANS symptoms such as headache, nausea, confusion, blurred vision, delirium, coma, or even death (98, 99). IL-6 antagonists (such as tocilizumab) are used as intervention drugs to treat severe CRS and ICANS symptoms (96, 97, 100). The stages of endothelial activation and blood-brain barrier permeabilization in CAR T cell therapy leading to the occurrence of CRS and ICANS are shown in Figure 2.




Figure 2 | A schematic representation of the stages of endothelial activation and blood-brain barrier permeabilization in CAR T cell therapy leading to the occurrence of cytokine release syndrome (CRS) and immune effector cell-associated neurotoxicity syndrome (ICANS). (1) The CAR T cell product is infused into the patient, and the CAR T cells migrate to the tumor site. (2) CAR T cells recognize the tumor cells and exert a cytotoxic effect on them, triggering the release of inflammatory molecules. (3) Apoptosis and pyroptosis of tumor cells lead to tumor cell death and release of large amounts of cellular components and apoptotic bodies into the bloodstream. The byproducts of tumor cell death trigger the activation of neighboring cells and further stimulate the secretion of inflammatory molecules. (4) The inflammatory molecules from the previously described stages of the CAR T therapy process cause activation of endogenous immune cells (such as macrophages, dendritic cells, neutrophils, natural killer cells, healthy B cells, T cells, and others), resulting in further secretion of inflammatory molecules. (5) Cytokines (primarily IL-6) and other inflammatory molecules stimulate activation and permeabilization of the endothelium, leading to migration of immune cells into the tissue and initiation of inflammation. Activated endothelial cells also begin to secrete inflammatory molecules (such as IL-6), further promoting endothelial activation. (6) Along with endothelial activation, the blood-brain barrier (BBB) is also activated and its integrity is compromised. This allows immune cells and inflammatory molecules to enter the central nervous system (CNS), culminating in CNS inflammation and subsequently the onset of immune effector cell-associated neurotoxicity syndrome (ICANS). (7) Endothelial activation and increased permeability allow immune cells and inflammatory molecules to infiltrate tissues and cause local or systemic inflammation, characteristic of CRS.



In CAR T cell therapy, endothelial activation plays a crucial role in inflammation, regulation of the immune response, and development of side effects (CRS, ICANS, etc.) (5, 101). After administration of the cell product and migration of CAR T cells to the tumor site, the antitumor immune response is initiated. At this time, it is desired that endothelial activation and vascular permeability remain low to moderate to allow for an effective immune response and inflammatory signaling without causing severe inflammation or vascular injury (5). It is important to note that increased endothelial activation and vascular permeability can lead to severe inflammation and high-grade side effects, resulting in less efficient tumor cell killing, unsuccessful therapeutic outcomes, and unmanageable development of side effects that can result in long-lasting consequences and even death (101). Not only does the endothelial activation play a crucial role after administration of the cell product and therapy progression, but studies have also shown that endothelial activation prior to CAR T cell infusion may also contribute to therapy progression and have a negative prognostic effect on CAR T therapy outcome and the occurrence of CRS and ICANS (6). There are many reasons for endothelial activation prior to CAR T cell infusion. On the one hand, it may be a consequence of previous cancer therapies (chemo- or immunotherapy) and the lymphodepleting regimen. Tumor burden with inhibitory tumor microenvironment (TME), hypoxia, and permanent antigen stimulation may also trigger endothelial activation. On the other hand, factors may be un-related to the tumor, such as other medical conditions (diabetes, hypertension, etc.), infections and inflammations, or the physiological state of the patient (obesity, physical performance, age, stress, injuries, etc.) (55, 98, 102). It is usually impossible to select a single factor, but a combination of the listed reasons typically results in excessive activation of the endothelium.

In the context of predicting the outcome of CAR T cell therapy, the Endothelial Activation and Stress Index (EASIX) score has been proposed. It is defined as (creatinine [mg/dL] × lactate dehydrogenase [LDH; U/L])/platelets [109 cells/L] or modified EASIX score combined with CRP × ferritin (EASIX-FC) (42, 43, 103). The correlation between the EASIX score prior to CAR T cell infusion and the occurrence of CRS and ICANS was confirmed (44, 103). However, while EASIX can be a useful predictive tool, it does not directly measure endothelial activation. Instead, it uses surrogate biomarkers that may be influenced by various other factors and accompanying pathological conditions.

In the search for better biomarkers of endothelial activation, the candidates can be classified into three groups based on their effect on the endothelium. The first are endothelial stabilizers, which are mainly synthesized by the endothelium and released into the bloodstream. They are responsible for maintaining endothelial homeostasis and stability and are absent or under-expressed in pathological conditions with endothelial overactivation. Common examples of endothelial stabilizers are nitric oxide (NO) (104), VE-cadherin (105), antioxidant compounds such as superoxide dismutase (SOD) and catalase to combat oxidative stress and maintain endothelial stability (106), extracellular matrix (ECM) components such as collagens, laminins, fibronectins, etc., that structurally support the endothelium and are responsible for maintaining endothelial barrier function (107), and many others. The next group of biomarkers for endothelial activation are endothelial destabilizers, which can be secreted from various cell types and are typically elevated in pathological conditions such as inflammation, stress, cancer, injury, and others. Some common examples of endothelial destabilizers are inflammatory cytokines, such as tumor necrosis factor-alpha (TNF-α) and IL-6 (108, 109), ROS that can cause oxidative stress and damage to the endothelium (110, 111), matrix metalloproteinases (MMPs) that can degrade the ECM and impair endothelial structural support and barrier function (107, 108), and many others. The next important group of endothelial activation biomarkers are endothelial adhesion molecules, which are expressed on the surface of endothelial and other cells and play a crucial role in the interaction and adhesion of leukocytes, other cells, and the ECM to the endothelium (112, 113). Endothelial adhesion molecules play dual roles in stabilizing and destabilizing the endothelium and also in controlling the contact between CAR T cells and their targets (114). Under normal physiological conditions, they contribute to the maintenance of vascular integrity and homeostasis by regulating leukocyte recruitment and transendothelial migration. However, in pathological conditions such as inflammation, infection, or cancer, excessive or prolonged expression of adhesion molecules can lead to endothelial destabilization, increased vascular permeability, and leukocyte infiltration (114, 115). To highlight only a few of the important examples of adhesion molecules, Intercellular Adhesion Molecule-1 (ICAM-1), angiopoietin-2 (Ang-2), Vascular Cell Adhesion Molecule-1 (VCAM-1), and others contribute to endothelial permeabilization. In elevated concentrations, they exhibit a poor prognostic effect and may immunosuppress CAR T cells (116, 117).

It is important to note that to maintain endothelial homeostasis, a precise balance between stabilizing and destabilizing signals must be maintained. Many of the endothelium-related molecules are released into the circulation and can be easily measured from blood samples. They therefore represent a great source of potential biomarkers for predicting CAR T cell therapy outcomes and side effects susceptibility. Moreover, endothelial markers, reflecting the state of vascular health, could serve as valuable tools for predicting therapeutic outcomes even before the initiation of CAR T cell therapy process. Their role in vascular integrity and reaction to inflammatory stimuli makes them promising indicators for assessing the efficacy and potential side effects of treatments in advance.




2.3 Central nervous system impairment

The term central nervous system (CNS) includes the brain, spinal cord, nerves, and associated cells. The causes of CNS impairment and injury may be due to concomitant diseases and disorders (autoimmune diseases, neurodegenerative diseases, stroke, etc.), neurological diseases of exogenous origin (toxins, inflammation, infection, injury, etc.), or tumor burden and the TME. The malignancy itself can promote inflammation, tissue damage, and CNS impairment, but prior cancer therapies (chemo- or immunotherapy) and the lymphodepleting regimen may also have an impact (6, 9, 118, 119).

The connection between CNS impairment and the outcome of CAR T cell therapy is an emerging area of research. Focusing on even the smallest changes in markers of blood-brain barrier disruption and markers of neuronal and glial injury could help in predicting and monitoring the progression of ICANS (6, 119–121). Schoeberl et al. (122) observed that efficient ICANS prediction could be achieved in patients without a history of neurological disorders, while patients with accompanying neurological disorders and diseases show signs of previous and/or chronic neuronal damage and respond very heterogeneously to the treatment. Therefore, the predictive accuracy for therapy outcomes and ICANS is limited to individuals without prior neuronal injuries (122).

Biomarkers for determining CNS impairment can be monitored after cell infusion to observe disruptions in CNS homeostasis. The measured values can serve as early indicators of ICANS. However, an emerging field is the use of biomarkers of CNS impairment prior to infusion of CAR T cells. These markers reflect impaired CNS homeostasis and possible CNS injury that may later lead to the development of high-grade ICANS (118). Recent studies have shown that levels of CNS impairment markers prior to CAR T cell infusion correlate with the development of ICANS after CAR T cells administration (121, 123, 124). Several notable biomarkers of neuronal or glial injury have been identified that show considerable promise for predicting the occurrence of ICANS with CAR T cell therapy. Such examples include neurofilament light chain (NfL), a protein originally located in neurons and released into the cerebrospinal fluid (CSF) and into the bloodstream during neuronal injury (118, 122); glial fibrillary acidic protein (GFAP) which indicates astrocyte activation and astrogliosis, often associated with neuroinflammation (123, 124); S100 calcium-binding protein B (S100B), which is released by activated astrocytes and indicates CNS injury (124), and many others. These markers are secreted into the CSF upon CNS injury, but their concentrations in the CSF correlate directly with their concentrations in the blood and can therefore be easily measured from a blood sample (122, 125, 126). Furthermore, the predictive value of CNS impairment markers prior to therapy initiation is gaining attention. By assessing these markers before starting CAR T cell therapy, clinicians might better anticipate therapeutic outcomes and the risk of ICANS, enabling more tailored and proactive management strategies. This approach leverages the correlation between pre-treatment levels of CNS markers and the likelihood of subsequent ICANS, highlighting their utility in enhancing patient-specific therapeutic strategies.




2.4 Markers of the immune system

The concept of “immune system markers” encompasses diverse facets of a patient’s heterogeneous immune system. Such aspects include the patient’s baseline characteristics such as age, performance status, organ function, comorbidities, immune system characteristics, immune cells function and exhaustion, and other factors. These characteristics may influence the course and outcome of CAR T cell therapy (37, 45, 47, 55, 102, 127, 128). Moreover, immune system function markers may denote cell markers that differentiate between subpopulations of immune cells and define their phenotypic characteristics (47, 129). This has notable implications for the production process of CAR T cells and their subsequent antitumor efficacy post-administration (47, 55). Therefore, an in-depth understanding of individual immune systems and immune cells characteristics could potentially pave the way for improved prediction of response to CAR T cell therapy and resulting therapeutic outcomes.

Various baseline characteristics and blood biomarkers have been identified that might predict the outcomes of CAR T cell therapy, thus highlighting their importance for therapy selection and management. Among physiological measures, parameters such as age, heart rate, body temperature, comorbidities, and blood pressure have displayed the highest predictive values (47, 128, 130). Among blood biomarkers, leukocyte count, inflammatory cytokines, hemoglobin, creatinine, CRP, ferritin, fibrinogen, and platelets have been shown to predict the development of severe CRS (29, 52, 131, 132). However, consideration of these patient characteristics alone does not provide a sufficiently specific and robust predictive model for application in a broader population. Given their high variability, which may be influenced by previous therapies, patient lifestyle, and disease burden, baseline patient characteristics should be used in conjunction with more robust biomarker systems (47, 55).

Given the nature of CAR T as a T cell therapy, T cell biomarkers are frequently being monitored throughout the process. For instance, studies have shown that a defined CD4:CD8 ratio of T lymphocytes at the time of leukapheresis (ranging from 1:1 to 3:1) is associated with a better proliferative capacity for the CAR T production process (129, 133, 134). A higher CD45RA : CD45RO ratio at the time of leukapheresis indicates an increased proportion of naive, less differentiated T cells correlated with improved proliferative capacity and therapeutic outcome (67). CAR T cell subsets can be distinguished as naive T cells (CD45RO−/CD62L+/CD27+), central memory T cells (CD45RO+/CD62L+/CD27+), effector memory T cells (CD45RO+/CD62L−/CD27−), and effector T cells (CD45RO+/CD62L−/CD27−). Activated CAR T cells express activation markers such as CD25, CD69, and CD137 (94, 135, 136). Furthermore, studies indicate that higher levels of central memory T cells (Tcm) and lower levels of effector T cells (Tef) in the infusion product are associated with improved therapeutic outcomes (50, 94, 129, 136, 137). Elevated levels of exhausted and senescent (CD57+) T cells in the infusion product correlate with poor therapy progression (94, 138). To achieve long-term remission, it is therefore advantageous to have memory CAR T cells that persist over time and provide an efficient antitumor response in the event of relapse (139). New phenotyping biomarkers with higher predictive capacity for CAR T therapy progression are being extensively investigated.

Another significant component of biomarkers of the immune system pertains to the antitumor cytotoxic activity of the CAR T cells. The mechanisms entailing migration, tumor cell recognition, cytokine release, and target cell killing are highly complex and play key roles in successful antitumor efficacy of CAR T cells after administration of the cell product into the patient (29, 114, 140, 141). The specific steps of the cytotoxic function are shown in Figure 3. Any malfunctions within these cytotoxic mechanisms can lead to unsuccessful therapy and severe inflammation. Such malfunctions may stem from relatively rare genetic disorders or from T cells dysfunction, which may be a consequence of disease burden, patient characteristics, and exhausted and senescent T cell phenotypes prior to the CAR T production process (29, 55, 102, 142). The malfunctions may also arise during the production process, as cells respond differently to ex vivo manipulation due to their individual characteristics (55). The vector encoding the CAR receptor is integrated semi-randomly into the genome, leading to variable expression and consequently variable efficacy of the CAR T cells. The receptors can also be expressed constitutively for extended periods or inductively for a brief duration (143, 144).




Figure 3 | Mechanisms of anti-tumor response of CAR T cells: from target recognition to tumor cell apoptosis. (1) Upon infusion into the patient, CAR T cells migrate through the bloodstream to tumor sites. Their homing ability is influenced by chemokines and adhesion molecules that ensure these cells reach the designated area. (2) Once in the tumor vicinity, CAR T cells recognize specific tumor-associated antigens. This recognition is crucial for precision in targeting. Defects in this process can result in off-tumor toxicities and the development of severe side effects. (3) After recognition of the target antigen, the CAR T cell binds to the tumor cell, leading to cytoskeletal reorganization and formation of the immunological synapse – a specialized interface between the CAR T cell and its target. (4) Dynamic reorganization of CAR T cell components is required to achieve a cytotoxic effect. The cellular organelles responsible for cytotoxic processes travel along the reorganizing cytoskeleton toward the immunological synapse: actin filaments provide structural support for the lamellipodium near the synapse; the centrosome guides cytoskeletal reorganization; the Golgi apparatus aids in the formation of cytotoxic vesicles; mitochondria provide the energy required for cytotoxic processes. (5) These mechanisms culminate in the formation of lytic granules. These granules are transported into the target cell through the immunological synapse. (6) Lytic granules induce apoptosis of tumor cells.



Furthermore, the integration of transgenes via viral vectors raises concerns about potential risks, including insertional oncogenesis, gene inactivation or dysregulation, and impairment of cell functions (144). Early detection of such integration events is crucial for ensuring the safety of CAR T cell therapies. Potential biomarkers, such as abnormal gene expression levels, novel fusion transcripts, epigenetic changes, etc., and assays, such as linear amplification-mediated PCR (LAM-PCR), high-throughput sequencing (i.e. integration site sequencing), whole-genome sequencing (WGS), etc. could serve to identify transgene integration sites (145). Advanced bioinformatics tools are further used to analyze the data to assess the potential impact of transgene integration on gene expression (145). Monitoring these integration events could provide insights into the safety profile of CAR T cell products and help mitigate risks associated with gene therapy.

After infusion of the CAR T cell product, the modified cells first migrate to the tumor site. The migration and infiltration into tumor tissue are the main obstacles of CAR T efficiency in solid tumors (146) but also play an important role in hematologic malignancies (99, 115). Adequate expression of adhesion molecules (e.g., LFA-1, VCAM-1, ICAM-1, VEGFA, and others), chemokines (e.g., CCL3, CCL4, CXCL9, CXCL10, CXCL11, CXCL12, and others), and other guidance molecules are of paramount importance for effective CAR T cell homing (114, 147–153). Therefore, inadequate expression of these navigation-related molecules could serve as a negative predictive factor for the progression and outcome of CAR T cell therapy (114, 149, 150). For successful effector functions, it is imperative for CAR T cells to rapidly recognize tumor cells and facilitate CAR receptor binding with the CAR antigen (e.g., CD19, CD20, CD22, BCMA, etc.) expressed on tumor cells (154). Recent clinical evidence indicates that antigen downregulation and escape have arisen as major obstacles that affect the overall efficacy, success rate, and long-term remission after CAR T cell therapy (155). Therefore, sufficient antigen expression on tumor cells may serve as a prognostic tool for therapy outcomes and may even influence patient eligibility for CAR T cell therapy. Upon recognition of target cells, CAR T cells trigger a series of cytotoxic reactions aimed at inducing target cells apoptosis.

In the event of abnormalities within cytotoxic mechanisms or prolonged duration of the immunological synapses leading to an extended effector function timeframe, this could escalate the release of cytokines and chemokines, thus increasing inflammation, compromising the efficacy of the therapeutic response, and potentially causing a relapse of antigen-free malignancy (29, 140, 142, 147, 156–158). Methods for ex vivo examination of cytotoxic efficiency of CAR T cells are described in Table 2. A careful examination of cytotoxic mechanisms of T cells prior to CAR T cell infusion may provide insight into potential defects and serve as an initial indication of therapy prognosis and the probability of severe inflammation occurrence. This information is crucial for predicting the course of CAR T cell therapy prior to cell infusion.


Table 2 | Methods for ex vivo investigation of the cytotoxic efficacy of CAR T cells.






2.5 Extracellular vesicles

Extracellular vesicles (EVs) are small membrane-derived particles that are released by cells into the extracellular space and can be transported throughout the body. These vesicles play an important role in cell-to-cell communication and transport a variety of biological molecules from their cell of origin to target cells (160, 161). Because they are derived from parent cells, the EVs carry markers of parent cell that allow the origin of the vesicles and their contents to be determined (162). By analyzing the vesicles content, cellular signaling can be monitored, providing insight into cell-to-cell communications (163). Their usual cargo is proteins, lipids, DNA, messenger RNAs (mRNAs), microRNAs (miRNAs), and other molecules (164).

Because EVs are involved in many physiological and pathological processes, their content provides valuable insights into the signaling of specific cell populations. For example, they can mediate immune responses, facilitate blood clotting, and contribute to the spread of cancer (160, 165, 166). In the case of CAR T immunotherapy, this could prove useful in assessing the immune system status, immune cell exhaustion and functionality, and antitumor response. On the other hand, by studying tumor cell-derived extracellular vesicles (oncosomes), the information on tumor invasiveness, antigen escape, and inhibitory signaling toward cells of the immune system, including CAR T cells, could be better understood (163, 167). EVs were shown to exhibit an effect on CAR T cells (168, 169). Due to their ability to transport molecules from one cell to another, EVs are being extensively studied for their potential use as drug delivery systems and as biomarkers for disease prognosis and immunotherapy progression (170–172).

To discuss some examples of EVs that could potentially predict response to CAR T cell therapy and the development of high-grade CRS and ICANS, the origin of the vesicles must be taken into consideration. First, the vesicles can be derived from endogenous immune cells. They can exhibit stimulatory or inhibitory functions toward CAR T cells and therapy response (173, 174). For example, an increased number of CD69 positive T cell vesicles can indicate increased T cell activation and act as a negative feedback loop that inhibits further T cell activation (175). Increased numbers of T cell EVs expressing inhibitory molecules such as PD-1, CTLA-4, TIM-3, LAG-3, and others reflect an ineffective and exhausted immune system and could consequently be used to predict poor response to therapy (169, 174, 176).

Possible sources of EVs are also CAR T cells. Studies have shown that persistent concentrations of CAR-positive EVs in the bloodstream of patients after CAR T cell infusion exhibit predictive impact on long-lasting remission (177). Evidence also suggests that CAR-positive EVs assist the antitumor function of CAR T cells by overcoming obstacles and barriers that otherwise limit the effect of the immunotherapy (178–180). The next example is increased levels of endothelial vesicles and apoptotic bodies, which indicate excessive endothelial activation and damage, which may predict the development of severe CRS and ICANS even before infusion of the cell product (170). Tumor-derived vesicles often express inhibitory molecules and reduce the antitumor effect of CAR T cells (169). Elevated levels of circulating tumor DNA correlate with poor therapeutic efficacy and higher CRS levels (181), which can also be applied to circulating oncosomes containing tumor DNA. CD19+ vesicles were shown to cause activation and exhaustion of CAR T cells with decreased antitumor activity and trigger CRS (175).

Stated here are just some common examples of EVs and their potential impact on immunotherapy. The EVs show great potential for predicting the immune response to CAR T cell therapy. However, this field is relatively young and poses many challenges. The first is the development of standardized and optimized extraction procedures for isolation of heterogeneous vesicles from cancer patients’ samples. Because vesicles vary in density, structure, and size, robust isolation techniques with minimal sample loss need to be established (165). Another challenge currently being investigated by many research groups is the development of biomarkers to efficiently differentiate B-cell leukemia or lymphoma from other types of vesicles. Some studies suggest examples such as CD5, CD19, CD31, CD44, CD55, CD62L, CD82, and CD123 (169, 182, 183). Further research on this topic is needed to develop efficient biomarkers and predictive models. EVs could serve as predictors before CAR T cell infusion to provide an impression of cellular signaling and information circulating in the patient’s bloodstream.




2.6 Inhibitory tumor microenvironment

The tumor microenvironment (TME) is a complex mixture of various components, including different cell types, signaling molecules, and extracellular matrix components. The TME can contribute to tumor growth, progression, and inhibition of the antitumor immune responses (184, 185). Consequently, the TME components may undermine the cytotoxic potency of CAR T cells, thereby limiting the efficacy of CAR T cell therapy. Accordingly, assessment of individual patient TME characteristics and the inhibitory properties of the TME components on CAR T cells prior to CAR T cell infusion may serve as predictive parameters for determining the potential extent of CAR T cell effector function inhibition after infusion. This could allow the prediction of inflammation development associated with immune cell inhibition.

The TME constituents are divided into six main categories based on their composition and function. First are immunosuppressive cells, which include regulatory T cells (Tregs), myeloid-derived suppressor cells (MDSCs), tumor-associated macrophages (TAMs), and other (113, 186–189). The TME immunosuppressive cells can inhibit the antitumor response in several ways: by inducing anergy, exhaustion, or even apoptosis of T cells (190, 191), by inducing expression of immunosuppressive cell markers (such as immune checkpoint molecules) (187, 189, 192), by signaling proliferation and recruitment of other immunosuppressive cells (189, 192), by altering antigen presentation, which impairs recognition of the tumor by the immune system (187), by altering metabolic pathways to deplete energy sources and produce toxic metabolites (190), and by secretion of immunosuppressive molecules such as cytokines, chemokines, and others (187, 188, 192). The TME can induce expression of inhibitory immune checkpoints, typically expressed on various immune cell types. Normally, these molecules regulate and control the immune response to prevent over-activation. However, in the context of cancer, tumor cells can exploit their mechanisms to downregulate the immune system response, thereby facilitating evasion of the immune system. Prominent examples of inhibitory immune checkpoints include PD-1, CTLA-4, TIM-3, LAG-3, etc. (193, 194) Moreover, these inhibitory checkpoint molecules can hinder the activation and functionality of CAR T cells after infusion (193), and their quantitative expression serves as an estimate of their inhibitory effect on CAR T cells (195). Albeit more common in solid tumors, hypoxia may also manifest in the bone marrow microenvironment and contribute to immunosuppression in hematologic malignancies (187, 190). Hypoxic conditions can induce accumulation of immunosuppressive cells and molecules, inhibit the effector function of T cells, and promote immune evasion by tumor cells (113, 196). Tumor cells also expedite metabolic pathways to produce sufficient energy for tumor growth, depriving tissues of nutrients such as glucose, glutamine, amino acids, O2, etc. (113, 190, 197) This increased metabolic activity generates toxic or acidic metabolic byproducts (such as lactate) (112, 190) that contribute to acidification of the tumor microenvironment and subsequently suppress the immune response and CAR T cell function (112, 113, 196). The dysregulation of metabolic pathways and the imbalance of metabolites can result in the production of ROS, causing further damage to immune cells and tissues, inhibiting the antitumor effect of T lymphocytes and CAR T cells, and promoting tumor growth (113, 191). Another significant impact of the TME is the degradation and alteration of the ECM by degradative enzymes secreted by tumor cells (e.g., metalloproteinases, collagenases, oxidases) (192, 198). Degradation and alteration of the ECM can lead to impaired tissue integrity, accumulation of metabolic byproducts, and promotion of tumor spread and growth (112, 199). The main components of the inhibitory TME associated with hematologic malignancies are shown in Figure 4.




Figure 4 | A schematic representation of the main components of the inhibitory tumor microenvironment (TME) associated with hematologic malignancies, which possess inhibitory properties toward the anti-tumor response of the immune system. The components of hematologic TME can be divided into six main groups. One important component are the immunosuppressive cells, which include regulatory T cells (Tregs), tumor-associated macrophages (TAMs), myeloid-derived suppressor cells (MDSCs), tumor cells, and others. These immunosuppressive cells can secrete immunosuppressive molecules, along with other patient cells. These molecules are cytokines (IL-10, TGF-β, etc.), chemokines, or others (e.g., reactive oxygen species), all of which may exert an inhibitory effect on the anti-tumor functions of the immune system. The expression of inhibitory immune checkpoint molecules (PD-1, CTLA-4, TIM-3, LAG-3, etc.) is another important aspect of inhibitory TME that leads to cellular exhaustion and ineffectiveness of immune cells. Although hypoxia is more characteristic of solid tumors due to poor perfusion of tumor tissue and metabolic processes, it also plays an important role in hematologic diseases. Its effect is more pronounced in the bone marrow and can lead to accumulation of immunosuppressive cells and molecules that inhibit the effector function of T cells. Tumor cells are characterized by enhanced metabolic processes leading to excessive uptake of glucose, glutamine, amino acids and O2. The high nutrient uptake by tumor cells can deprive immune cells of nutrients, thereby impairing their metabolic processes and overall fitness. Excessive metabolic byproducts, such as lactate, CO2, other acidic metabolites, ammonia, and ROS are also produced and secreted into the TME, often leading to a drop in pH and subsequent immunosuppression. Finally, tumor cells can secrete various enzymes (e.g., metalloproteinases, collagenases, oxidases, etc.) that can degrade or alter the components of the extracellular matrix (ECM), which is critical for maintaining tissue integrity. The thickening and alteration of the ECM can inhibit the anti-tumor immune response, facilitate tumor growth and spread, and promote inflammatory processes.



Considering the factors described above, the characteristics of the TME are increasingly recognized as potential predictive biomarkers for CAR T cell therapy progression even before infusion of the cell product into the patient. For instance, the presence of specific immunosuppressive cell types (such as CD4+/CD25+/FOXP3+ Tregs) (99, 195), the expression of certain inhibitory molecules (e.g., PDL-1, TGF-β, IL-10, ROS, etc.) (55, 112, 200), and the overall metabolic state of the TME (e.g., lactate, LDH, etc.) (102, 112, 195) could provide insight into the ability of CAR T cells to function effectively after infusion. A thorough understanding of the interplay between CAR T cells and the TME will also aid in development of strategies to overcome the inhibitory environment. Approaches such as co-administration of immune checkpoint inhibitors, supplementation of cytokines, or genetic modification of CAR T cells to resist the immunosuppressive environment are currently being investigated to increase the efficacy of CAR T cell therapy (112, 174, 195, 196). Given the dynamic nature of the tumor immunological microenvironment, which exhibits variations over time, it is of paramount importance to personalize and monitor immunotherapies to maximize the therapeutic efficacy (196). An overview of common techniques for ex vivo biomarker analysis of the discussed biomarkers for predicting treatment response and side effects in CAR T cell therapy is presented in Table 3.


Table 3 | Examples of common techniques for ex vivo biomarker analysis for predicting treatment response and side effects in CAR T cell therapy.







3 Conclusions and future directions

The emergence of CAR T cell therapy has ushered in a new era of cancer treatment, offering the potential to overcome many of the limitations associated with conventional therapies. However, better approaches for understanding and predicting the therapy progression are needed. This review emphasizes the multifactorial nature of therapeutic outcomes that extend beyond the CAR T cells themselves to include the intrinsic characteristics of the patient’s immune system and the dynamic interplay with the tumor microenvironment. The findings highlight the complexity and variability of the determinants of therapeutic success and suggest that a shift away from a reductionist approach focusing on single biomarkers toward a more integrative perspective is needed. Here, we propose the use of advanced biomarker models that incorporate various aspects of individual immune characteristics as well as the interplay and signaling between the immune system and the malignancy at both the cellular and systemic levels, as discussed in this review. In this way, predictive models could more accurately reflect the complex interactions that occur within the human body, potentially leading to more precise and robust predictions of therapy outcomes and more personalized therapeutic strategies. In conclusion, to realize the full potential of CAR T cell therapy, a comprehensive understanding of the numerous factors influencing its efficacy is needed. Further investigation of the impact and correlation of the discussed factors with therapy progression may lead toward a more personalized approach, which could offer reduced side effects and hold promise for the future use of this advanced immunotherapy.
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Background

The aim of the present study was to explore the potential of peripheral immune cells in predicting the response and prognosis of patients with advanced non-small cell lung cancer (NSCLC) receiving anti-PD-1 immunotherapy and platinum-based chemotherapy.





Participants and Methods

We utilized flow cytometry to examine the levels and dynamics of blood immune cells in 79 advanced NSCLC patients treated with the chemoimmunotherapy between December 2019 and January 2022. The pre- and post-treatment blood samples were collected within 3 days prior to the initiation of the first and third cycle of combination treatment, respectively. Progression-free survival (PFS) and overall survival (OS) analyses were conducted using Kaplan-Meier method and Cox regression models.





Results

The pre-treatment CD4+/Total T cells ratio was significantly higher in responders than non-responders (P < 0.05). The levels of pre-treatment total lymphocytes (P = 0.012), total B lymphocytes (P = 0.025), and NK cells (P = 0.022), and post-treatment NK cells (P = 0.011) and NKT cells (P = 0.035) were significantly associated with OS. Post-treatment CD8+/Total T cells ratio was positively correlated with OS (P = 0.038). In multivariate analysis, post-treatment NK cells and post-treatment CD4+CD8+/Total T cells ratio were negatively associated with OS (hazard ratio [HR] = 10.30, P = 0.038) and PFS (HR = 1.95, P = 0.022), respectively. Notably, significantly positive correlations were observed between CD4+/Total T cells ratio and prognosis both before and after treatment (P < 0.05).





Conclusion

To summarize, our finding reveals that high CD4+/total T cells ratio was associated with favorable response and prognosis, highlighting its potential as a predictive biomarker to guide the selection of likely responders to platinum and anti-PD-1 combination therapy.





Keywords: chemoimmunotherapy, lymphocyte subsets, biomarker, prognosis, non-small cell lung cancer





Introduction

Non-small cell lung cancer (NSCLC) is among the leading cause of cancer-related deaths worldwide, greatly endangering public health (1). Cytotoxic therapies, such as platinum-based chemotherapy, in combination with immune checkpoint inhibitors (ICIs) targeting PD-1/PD-L1 axis have been shown to profoundly improve efficacies of NSCLC treatment by synergizing to enhance anti-cancer immunity (2–4). Of note, only a limited range of NSCLC patients could derive significant survival benefits from the combination therapy (5, 6). However, specific biomarkers that were capable of predicting responses to the chemoimmunotherapy (chemoIO) remain to be identified (7–9). Therefore, it is paramount to identify feasible biomarkers to discriminate responders to the chemoIO from non-responders (10).

Peripheral blood might contain immune cells that were derived from the sites of tumor tissues, and therefore might have been recently recognized to possess predictive values for tumor infiltration and therapy response across multiple cancers, such as NSCLC, colorectal adenocarcinoma, endometrial adenocarcinoma and renal clear cell carcinoma (11). For example, increased lymphocyte-to-monocyte ratio in the peripheral blood was associated with improved clinical outcome in patients with metastatic nasopharyngeal carcinoma (12). High circulating NK cell counts forecasted a better overall survival in patients with untreated advanced gastric cancer (13). In addition, enhanced proliferation of peripheral PD-1+CD8+ T cells was linked with improved prognosis (14), while relative B cell levels in the blood predicted a poor overall survival in patients with NSCLC receiving immune checkpoint inhibitors-based therapy (15). However, the association between peripheral immune cells and clinical outcome remains to be explored in NSCLC patients treated with chemoIO.

Here, we present the first research centering on evaluating the relationship of the compositions of peripheral immune cells with the response and prognosis in patients with inoperable advanced NSCLC receiving chemoIO, with the aim of characterizing potential response biomarkers to chemoIO. Overall, our findings may pave the way for further research on identifying novel biomarkers in the peripheral blood to promote the implementation of chemo-immunotherapy in clinical practice for treating NSCLC.





Patients and methods




Study population

A total of 79 advanced NSCLC patients (stage III and IV at diagnosis according to IASLC 8th version) receiving platinum-based chemotherapy in combination with PD-1 checkpoint inhibitors at the First Affiliated Hospital of Chongqing Medical University (Chongqing, China) between September 2019 and January 2022 were enrolled in this study. Survival follow-up was carried out through multiple ways, mainly including clinic visits, reaching patients through monthly phone calls, and surveying death reports. Overall survival (OS) and Progression-free survival (PFS) were used as the endpoints for survival outcomes. OS was defined as the duration time starting from the initiation of chemoIO treatment to death from any cause. PFS was defined as the duration time starting from the initiation of chemoIO treatment to disease progression or death from any cause, whichever happened first. The follow-up period of OS and PFS ended December 11, 2022, or death.





Criteria of inclusion and exclusion

The inclusion of patients was based on the following criteria: 1) stage III-IV NSCLC patients with diagnostic biopsy; 2) patients treated with platinum-based chemotherapy in combination with immune checkpoint inhibitors targeting PD-1; 3) patients without autoimmune diseases; 4) patients with normal functions of liver and kidney; 5) patients with good tolerance to chemotherapy plus immunotherapy, as indicated by Karnofsky performance status (KPS) score ≥ 80.

The exclusion criteria were as follows: 1) patients receiving adjuvant therapy after undergoing radical surgery of lung cancer; 2) patients treated with neoadjuvant therapy; 3) patients with severe organ dysfunctions; 3) patients with incomplete clinical data (for example, only tested for blood immune cells once); 4) patients with recent use of immunosuppressive medications; 5) patients lost to follow up; 6) positive for EGFR mutation, ALK fusion, and ROS1 fusion.

The following data were sourced from the medical records: age, gender, smoking history, histopathological features, disease stage, use of PD-1 inhibitors and comorbidity. Platinum-based chemotherapy was applied following the standard first-line chemotherapy regimen for advanced NSCLC. The immunotherapy drugs contained camrelizumab, tislelizumab, and pembrolizumab. Patients achieving complete response (CR) or partial response (PR) were grouped as responders, whereas patients showing stable disease (SD) or progressive disease (PD) were defined as non-responders, according to RECIST criteria v1.1.





Patient sample collection

Fasting blood (> 200 μL) was aseptically collected through venipuncture within 3 days before the initiation of the first and third cycle of chemoIO treatment to examine pre- and post-treatment blood samples, respectively. Then, the blood was immediately transported in vacutainer blood collection tubes to the laboratory at room temperature and processed within 24 hours of draw.





Flow cytometry analysis

The flow cytometry was performed to determine the percentages and absolute counts of T lymphocytes (CD3+), B lymphocytes (CD19+), natural killer (NK) lymphocytes (CD3–CD16+ and/or CD56+), helper/inducer T lymphocytes (CD3+CD4+), and suppressor/cytotoxic T lymphocytes (CD3+CD8+) in the peripheral whole blood samples, using a 6-Color TBNK Reagent (QuantoBio, China, Z8610002) following the manufacturer’s instructions. Whole blood samples were stained within 24 hours of draw. The representative gating strategy for these cells from one representative patient was shown in Figure 1. Briefly, 50 μL of well-mixed, anticoagulated whole blood and 20 μL of CD3/CD16 + 56/CD45/CD4/CD19/CD8 reagent containing a mixture of fluorophore conjugated antibodies (fluorescein isothiocyanate (FITC)-labeled CD3 (UCHT1), phycoerythrin (PE)-labeled CD16 (CB16), PE-labeled CD56 (MEM-188), PerCP-Cy5.5–labeled CD45 (2D1), PC7–labeled CD4 (RPA-T4), allophycocyanin (APC)-labeled CD19 (HIB19), and APC-Cy7–labeled CD8 (HIT8a)) were pipetted into the bottom of the collection tubes, and vortexed gently to mix, followed by incubation in the dark at room temperature for 15–30 minutes. Next, to lyse red blood cells, 450 μL lysing solution were added to the tubes and incubated for 15–30 minutes in the dark at room temperature. Then, the samples were acquired on the flow cytometer (BD FACSCantoTMII, USA) and the data were analyzed using the BD FACSCantoTM clinical software.




Figure 1 | The gating strategy of a representative sample.



To simply introduce the gating strategies, nucleated cells (R1) were first revealed by CD45 expression and side scatter (SSC) size. Then, the sum of lymphocytes and monocytes (A) were gated by CD45high and SSClow populations. Within the gate (A), the total lymphocytes (Lym) were identified by gating out monocytes in (q). The lymphocytes (Lym) could be split into CD3 positive T cells and CD3 negative cells (G) by the CD3 expression. CD3 positive T cells were then further identified and gated by the expression of CD4 and CD8 to identify helper and cytotoxic cells. Within the gate (G), CD3 negative cells were split into B cells and NK cells by the expression of CD19 and CD16 + 56. All information on antibodies was presented in Supplementary Table S1.





Statistical analyses

GraphPad Prism version 10.0 and R software 3.6.2 were used for statistical analysis. Data were presented as mean ± SEM. Fisher’s exact test was used to analyze the categorical variables that were processed as percentages and frequencies. Survival analyses were performed using the Kaplan-Meier method with log-rank test and Cox proportional hazards regression model. The optimal cutpoints of different lymphocyte subsets for survival analysis were determined using the maximally selected test statistics from survminer R package. PFS used the same cutpoints as those of OS for corresponding immune cell subset. Hazard ratio (HR) and 95% confidence interval (CI) were calculated for Cox regression analysis. The variables that showed statistical significance in the univariate analyses were selected to be further analyzed in the multivariate models. The continuous variables were analyzed using Mann–Whitney U test and paired t-test, and the categorical variables using Fisher’s exact test. The two-sided probability of type I error was 0.05 in the analysis. P < 0.05 was determined to be with statistical difference.






Results




Patient demographic and clinical characteristics

159 NSCLC patients who were not eligible for curative surgery and received combination treatment of platinum-based chemotherapy plus PD-1 checkpoint inhibitors were retrospectively enrolled from September 2019 to January 2022 at the Department of Thoracic Surgery, the First Affiliated Hospital of Chongqing Medical University. Thirty patients with stage I-II NSCLC were excluded due to severe cardiopulmonary functions. Next, 38 patients with incomplete clinical data were excluded. Twelve additional patients lost to follow up were excluded. Therefore, the study cohort comprised of 79 advanced NSCLC patients qualified for peripheral immune cell analysis (Figure 2). The detailed clinical characteristics of the included patients were displayed in Table 1. Across the 79 patients, 47 (59.5%) and 32 (40.5%) were lung squamous carcinoma and lung adenocarcinoma, respectively. The cohort has a median age of 59 years old (range, 30-74 years old), and 52 (65.8%) patients have a smoking history or currently smoke. Males, being a major part of the cohort, account for 89% of the cohort. According to the Fisher’s exact test, no significant differences of histology type, PD-1 inhibitors types, comorbidity, smoking history, age, and gender were observed between the two groups (CR/PR vs SD/PD) (Table 1). Overall, with 39 and 40 patients achieving CR/PR and SD/PD respectively, the objective response rate (ORR) was 49.4% (39/79) in advanced NSCLC patients treated with the chemoimmunotherapy.




Figure 2 | The flowchart of patient selection.




Table 1 | Baseline characteristics of 79 patients with advanced NSCLC.







Correlations between peripheral immune cells and response

The patients were stratified into two groups, responders (CR/PR) and non-responders (SD/PD) based on their response to platinum-based chemotherapy plus immunotherapy, as clarified by RECIST criteria v1.1. To investigate the association between clinical hematological parameters and patients’ response to therapy, the levels of peripheral total lymphocytes, total B lymphocytes, total T lymphocytes, NK cells and NKT cells were compared between CR/PR and SD/PD. The pre-treatment CD4+/Total T cells ratio (P = 0.003, Fisher’s exact test) and post-treatment CD4-CD8- T cell frequency (P = 0.029, Fisher’s exact test) were significantly different between CR/PR group and SD/PD group (Tables 2, 3). The level of peripheral total B lymphocytes was significantly decreased after treatment in non-responders as compared with pre-treatment (Figure 3A). Furthermore, the ratios of respective T cell subset to total or CD8+ T cells were analyzed. According to Figure 3B, pre-treatment CD4+/Total T cells ratio was significantly higher in responders than non-responders. In addition, CD4-CD8-/Total T cells ratio and the CD4+/CD8+ T cells ratio before treatment was significantly increased and decreased compared to their counterparts after treatment in responders, respectively (Figure 3B).


Table 2 | Association of lymphocyte subsets before treatment with objective response rate.




Table 3 | Association of lymphocyte subsets with objective response rates after treatment.






Figure 3 | The correlations between pre- and post-treatment peripheral immune cell levels and responses. (A) The differneces of the abundances and (B) ratios of peripheral immune cell subsets between responders and non-responders. Responders group corresponds to complete response (CR) and partial response (PR), while non-responders group refers to stable disease (SD) and progressive disease (PD). The data were analyzed by paired t-test and Mann–Whitney U test. Data were presented as mean ± SEM. *p<0.05 and **p<0.01. ns, not significant.







Correlations between peripheral immune cells and clinical outcomes

Next, we comparatively analyzed the differences between the pre- and post-treatment peripheral immune cells compositions in NSCLC patients treated with chemoIO. Low pre-treatment levels of total lymphocytes (P = 0.012), total B lymphocytes (P = 0.025), and low pre- and post-treatment levels of NK cells (P = 0.0215; P = 0.011) were associated with significantly better overall survival than high-level groups, while higher levels of post-treatment NKT cells were correlated with longer overall survival (P = 0.035) (Figure 4, Supplementary Figure S1). However, no association was observed between peripheral immune cell levels and progression-free survival (Supplementary Figure S2). Next, the correlations between the relative abundances of immune cell subsets among the total T cells and patients’ prognosis were also analyzed. Both before and after chemoIO treatment, the CD4+/total T cells ratio was positively associated with improved OS (before: P < 0.001; after: P = 0.0015) and PFS (pre: P = 0.0002; post: P < 0.0001) (Figure 5A). And post-treatment CD8+/Total T cells ratio and CD4+CD8+/Total T cells ratio were significantly associated with OS and PFS, respectively (Figures 5B, C, Supplementary Figures S3, S4).




Figure 4 | Kaplan-Meier analysis on the overall survival with regard to different peripheral immune cell subsets. The Kaplan-Meier curves of OS of patients stratified by total lymphocyte cells (A), total B lymphocyte cells (B), NK cells (C), and NKT cells (D) at pre- and post-treatment according to the optimal cutpoints of respective lymphocyte subsets. The high and low groups were stratified by the cutpoints that were determined using the maximally selected test statistics for OS. The log-rank test was conducted to evaluate the significance of patients’ survival.






Figure 5 | Kaplan-Meier analysis on the overall survival and progression-free survival with regard to the relative levels of different peripheral immune cells. The Kaplan-Meier curves of OS and PFS of patients stratified by CD4+/Total T cells ratio (A), OS of patients stratified by CD4+/Total T cells ratio (B), and PFS of patients stratified by CD4+CD8+/Total T cells ratio (C) at pre- and post-treatment according to the best cutpoints of respective immune cell ratios. The high and low groups in both OS and PFS analysis were stratified by the cutpoints that were determined using the maximally selected test statistics for OS. The log-rank test was conducted to evaluate the significance of patients’ survival.



We next conducted univariate and multivariate cox regression analysis to analyze the potential of peripheral lymphocyte subsets as independent prognostic factors. As illustrated by the forest plot, high level of post-treatment NK cells was significantly associated with shorter OS (P = 0.038, HR = 10.30). Conversely, pre-treatment CD4+/Total T cells ratio (P = 0.004, HR = 0.28) and post-treatment CD4+/Total T cells ratio (P = 0.006, HR = 0.17) were significantly associated with improved OS (Figure 6A, Table 4). Furthermore, an increased ratio of CD4+ to Total T cells before (P = 0.025, HR = 0.45) and after treatment (P = 0.002, HR = 0.25) was associated with favorable prognosis, while post-treatment CD4+CD8+/Total T cells ratio (P = 0.022, HR = 1.95) was independently associated with shorter PFS (Figure 6B, Table 5). Collectively, these results suggested that CD4+ T cells was associated with better clinical outcome in advanced NSCLC patients receiving the chemoIO treatment.




Figure 6 | Multivariate survival analysis. Multivariate survival analysis of the peripheral immune cell subsets for OS (A) and PFS (B) in NSCLC patients for variables that showed statistical significance in univariate survival analysis. The cutpoints that were determined using the maximally selected test statistics.




Table 4 | Cox proportional analysis for overall survival.




Table 5 | Cox proportional analysis for progression-free survival.








Discussion

Chemotherapy in combination with anti PD-1/PD-L1 antibodies has become a mainstay for patients with advanced non-small cell lung cancer (16). However, accurate selection of potential responders to the chemoIO remains challenging due to the wide variations in patients’ clinical responses to immunotherapy due to tumor heterogeneity. Here, we demonstrated that CD4+/total T cells ratio was significantly higher in CR/PR group than in SD/PD group. In addition, our study uncovered that the frequencies of circulating immune cells, including CD4+ T cells, CD8+ T cells and NK cells, were significantly associated with the overall survival and progression-free survival. Notably, this is the first study to support the characterization of CD4+ T cells as a potential prognostic parameter in inoperable advanced NSCLC patients receiving chemoimmunotherapy.

Combining chemotherapy with ICIs could enhance immunotherapy efficacy by exposing tumor neoantigens and priming immune cells, thus inducing immunogenic cell death (17–19). For example, chemotherapy could enhance cytotoxic T lymphocytes-mediated killing of cancer cells through immunogenic modulation (20). However, no available blood-based biomarkers associated with clinical outcome have been investigated as of now. Therefore, there is a pressing need to identify effective biomarkers to guide selection of NSCLC patients that might derive survival benefit from chemoIO treatment. Due to the invasive and time-consuming nature of histopathological evaluation which is currently a standard disease monitoring approach, identifying a novel blood-based biomarker that is non-invasive and easily accessible is of great clinical significance (21). In contrast with tumor tissues, the immune cells in the peripheral blood would provide a far more convenient sample source for patient selection and might offer a more comprehensive immune landscape of the whole tumor since they are circulated systemically (22, 23). Moreover, durable antitumor immune responses also require unrelenting immune cell recruitment from the peripheral blood (24, 25). However, the association between peripheral immune cell subsets and clinical outcomes in NSCLC patients receiving chemoimmunotherapy has remained elusive yet. A previous study showed that the levels of peripheral T cells and NK cells were closely related to the pathological response in 59 patients with resectable stage IIA-IIIB NSCLC treated with neoadjuvant chemoIO (26). Here, we demonstrated that the peripheral CD4+/Total T cells ratio was significantly higher in responders (CR and PR) as compared to non-responders (SD and PD). Consistently, a previous study demonstrated that the activated CD4+ T cell subset in the peripheral blood was a potent mediator of anti-tumor immunity (27). Collectively, the present study demonstrated the association between peripheral CD4+ T cells and response to chemoIO in inoperable NSCLC patients for the first time.

The immune contexture is a major determinant of tumor progression and clinical outcomes in patients with solid tumors (28). For example, increased tumor-infiltrating lymphocytes (TILs) were associated with survival in patients with breast cancer (29). Besides, it has been reported that long-term responders showed significantly higher levels of peripheral CD62LlowCD4+ T cells before PD-1 blockade therapy in patients with NSCLC (30). Moreover, the prognostic impact of the peripheral neutrophils-to-lymphocytes ratio has also been recognized across different cancers (31). Hematological biomarkers, which allow for longitudinal monitoring of real-time disease status by safe venipuncture, present an informative surrogate of histopathological examination for risk stratification and treatment guidance (32). For instance, as one of the most prevalent biomarkers used in liquid biopsy, ctDNA is now widely used to aid in the selection of NSCLC patients who might benefit from epidermal growth factor receptor (EGFR)-targeted therapy (33). Here, we demonstrated the association of lymphocytes and NK cells with prognosis in NSCLC patients receiving chemoimmunotherapy for the first time. Our study revealed that higher percentages of pre- and post-chemoIO CD4+ T cells were independently associated with improved OS and PFS in patients with NSCLC, which was in line with our finding that CD4+/Total T cells ratio before chemoIO therapy was higher in responders than non-responders. Taken together, these results suggested that peripheral CD4+ T cell subset might exert protective functions in response to chemoIO treatment, thus underscoring its potential as a predictive biomarker for screening beneficiaries before chemoIO treatment and evaluating efficacy after the chemoIO treatment. Despite less understood than CD8+ T cells in anti-cancer function, the CD4+ T cell subset has been recently demonstrated to be protective against cancer progression likely by enhancing tumoricidal activity of other antitumor effector cells subsets (34). For example, CD4+ T cell depletion retarded tumor growth by increasing effector T cell function (35). Moreover, it was lately demonstrated that a novel CD62LlowCCR4-CCR6+ CD4+ T cell metacluster exhibited predictive potential of the immune status and sensitivity to PD-1 blockade (36). It should be noted though that effective prediction will most likely be satisfactorily achieved by comprehensively implementing multiple biomarkers instead of a single one, thus highlighting the importance of combining peripheral CD4+ T cells with other parameters to effectively evaluate efficacy and prognosis in response to chemoIO. Overall, this is the first study to suggest a positive correlation of peripheral CD4+ T cells with OS and PFS in patients with inoperable advanced NSCLC treated with chemoimmunotherapy.

However, there are several limits to the present study. Firstly, a prospective study should be conducted in the future to validate the relationships of the peripheral blood immune cell subsets to the response and prognostic outcomes in a larger cohort of NSCLC patients receiving chemoIO. Secondly, the functions of each immune cell subset are multifaceted, therefore a more detailed landscape of the immune composition need to be further profiled to investigate the specific immune subpopulation that is involved in cancer-related immunity. Lastly, with only relevance analysis being performed in the current study, experiments in vitro and in vivo will also be our next step to explore the molecular mechanisms underlying the protective roles of CD4+ T cells in patients with advanced NSCLC receiving chemo-immunotherapy.

In conclusion, with the prospects for long-time survival greatly improved by immunotherapy, our results provide timely and valuable information on the prognostic roles of CD4+ T cells in advanced NSCLC patients treated with chemoIO. Dynamic and longitudinal monitoring of the peripheral CD4+ T cells might aid in selection of likely responders to the treatment. A prospective study in a larger cohort of advanced NSCLC patients treated with chemoimmunotherapy is further warranted to validate the use of peripheral CD4+ T cells as biomarkers that are truly predictive of prognosis.
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Background

Creatinine-to-cystatin C ratio (CCR) and body composition (BC) parameters have emerged as significant prognostic factors in cancer patients. However, the potential effects of CCR in gastric cancer (GC) remains to be elucidated. This multi-center retrospective study explored the predictive and prognostic value of CCR and BC-parameters in patients with metastatic GC receiving PD-1 inhibitors-based combination therapy.





Methods

One hundred and thirteen GC patients undergoing PD-1 inhibitors-based combination therapy were enrolled at three academic medical centers from January 2021 to July 2023. A deep-learning platform based on U-Net was developed to automatically segment skeletal muscle index (SMI), subcutaneous adipose tissue index (SATI) and visceral adipose tissue index (VATI). Patients were divided into two groups based on the median of CCR or the upper tertile of BC-parameters. Logistic and Cox regression analysis were used to determine the effect of CCR and BC-parameters in predicting response rates and survival rates.





Results

The CCR was positively correlated with SMI (r=0.43; P<0.001), but not with SATI or VATI (P>0.05). Multivariable logistic analysis identified that both low CCR (OR=0.423, P=0.066 for ORR; OR=0.026, P=0.005 for DCR) and low SATI (OR=0.270, P=0.020 for ORR; OR=0.149, P=0.056 for DCR) were independently associated with worse objective response rate (ORR) and disease control rate (DCR). Patients with low CCR or low SATI had significantly lower 8-month progression-free survival (PFS) rate and 16-month overall survival (OS) rate than those with high CCR (PFS rate, 37.6% vs. 55.1%, P=0.011; OS rate, 19.4% vs. 44.9%, P=0.002) or those with high SATI (PFS rate, 37.2% vs. 53.8%, P=0.035; OS rate, 8.0% vs. 36.0%, P<0.001). Multivariate Cox analysis showed that low CCR (HR=2.395, 95% CI: 1.234-4.648, P=0.010 for PFS rate; HR=2.528, 95% CI: 1.317-4.854, P=0.005 for OS rate) and low SATI (HR=2.188, 95% CI: 1.050-4.560, P=0.037 for PFS rate; HR=2.818, 95% CI: 1.381-5.752, P=0.004 for OS rate) were both independent prognostic factors of poor 8-month PFS rate and 16-month OS rate. A nomogram based on CCR and BC-parameters showed a good performance in predicting the 12- and 16-month OS, with a concordance index of 0.756 (95% CI, 0.722-0.789).





Conclusions

Low pre-treatment CCR and SATI were independently associated with lower response rates and worse survival in patients with metastatic GC receiving PD-1 inhibitors-based combination therapy.





Keywords: creatinine-to-cystatin C ratio, body composition, subcutaneous adipose tissue index, sarcopenia, programmed cell death 1, gastric cancer




1 Introduction

Gastric cancer (GC) is among the most common cancer which lead to cancer-related mortality (1). A significant portion of patients receives a diagnosis at an advanced and inoperable stage. The introduction of immune checkpoint inhibitors (ICIs) has substantially improved the survival rates of patients with metastatic GC. Nevertheless, the response to PD-1 monotherapy is limited to a small subset of patients, potentially due to the heterogeneous nature of GC. Even with combinatorial therapy, the objective response rate remains constrained at 50-60% (2, 3). Therefore, it is crucial to identify novel factors influencing or predicting the efficacy and prognosis of PD-1 inhibitors in GC patients.

Serum creatinine and Cystatin C serve as biochemical markers for estimating the glomerular filtration rate (eGFR) and renal function in clinical practice. Creatinine, primarily originating from muscle metabolism, exhibits lower blood levels in cancer patients with reduced muscle mass, particularly in those with sarcopenia or cachexia (4). Cystatin C, a low molecular weight protein, is uniformly secreted by all nucleated cells with consistent productivity, unaffected by muscular metabolic processes (5). Leveraging the characteristics of creatinine and Cystatin C, the creatinine-to-cystatin C ratio (CCR) was initially proposed by Kashani et al. as a simplified method for diagnosing sarcopenia in patients (6). Since then, CCR has been extensively studied and established as a biomarker for the prognosis in patients with critically illness (7, 8), hypertension (9), type 2 diabetes (10, 11) and cancer (12–17). Recently, a retrospective study reported that low CCR was an independent biomarker of poor prognosis in non-small cell lung cancer (NSCLC) patients treated with PD-1 monotherapy (18). However, the potential role of CCR in predicting the treatment efficacy of ICIs combination therapy and prognosis in GC patients remains to be investigated.

The most important parameters of body composition (BC) are skeletal muscle index (SMI), subcutaneous adipose tissue index (SATI) and visceral adipose tissue index (VATI). These indices have undergone extensive study in past decades to elucidate their prognostic values in various cancer types (19–21). Sarcopenia, defined as a decline in both muscle mass and function, has long been established as a prognostic risk factor in cancer patients treated with ICIs (22, 23). In contrast to sarcopenia, studies evaluating the prognostic value of subcutaneous or visceral adipose tissue in cancer patients are still controversial (24), with the prognostic value reported as protective, detrimental or no effect. It may be due to the differences in disease contexts or treatment regimens. Notably, the potential impact of subcutaneous or visceral adipose tissue on treatment efficacy and prognosis in patients with metastatic GC receiving PD-1 inhibitors-based combination therapy remains unknown.

In this study, we aimed to explore whether the CCR and BC-parameters are associated with efficacy and prognosis in patients with metastatic GC receiving PD-1 inhibitors-based combination therapy.




2 Materials and method



2.1 Patient selection

In this study, we retrospectively enrolled 113 metastatic GC patients treated with PD-1 inhibitors-based combination therapy at three academic medical centers from January 2021 to July 2023. Inclusion criteria consisted of (a) age ≥ 18 years, (b) pathologically confirmed GC, (c) treated with at least one dose of PD-1 based combinatorial regimen. The exclusion criteria were as follows: (a) receiving PD-1 monotherapy or PD-L1 therapy, (b) high microsatellite instability (MSI-H) phenotype, (c) renal function impairment (eGFR<60ml/min/1.73m2).




2.2 Clinical data collection

The following clinical variables, including age, gender, ECOG Performance Status (PS), height, weight, number of previous therapies, presence or absence of ascites, degree of differentiation, number of organs with metastases, PD-L1 status, treatment regimen, creatinine (mg/dL), cystatin C (mg/L), platelet absolute (P×109/L), neutrophil absolute (N×109/L), and lymphocyte absolute (L×109/L) were extracted from electronic medical records. PD-L1 positive was defined as a combined positive score (CPS) of ≥1 or a tumor proportion score (TPS) of ≥1%. All biochemical and routine blood parameters were measured in accredited laboratories. The relevant indicators were calculated as: CCR=creatinine/cystatin C×100; SII=P×N/L. CCR and SII were considered binary variables and dichotomized based on the median values.




2.3 Assessment of CT-based BC-parameters

We developed a deep-learning model based on U-Net to automatically segment CT images of SAT, VAT, and skeletal muscle at the third lumbar vertebra (L3) level. The model is available at https://body-compositions-assessment-tool.streamlit.app/. The performance of the model is summarized in Supplementary Materials (Supplementary Table 1; Supplementary Figure 1). According to the criteria commonly referenced in Asian cancer patients, sarcopenia was defined as SMI ≤40.8 cm2/m2 in men and ≤34.9 cm2/m2 in women (25). Additionally, we conducted calculations using X-tile analysis to determine the cut-off points of body composition parameters. The upper tertile of all indicators could clearly stratify the survival outcome. Therefore, based on both the reproducibility of the study and previous reports (26), we chose the upper tertile to classify the SATI, VATI and SMI.




2.4 Follow-up

The primary endpoints were 8-month PFS rate and 16-month OS rate, and the secondary endpoints were ORR and DCR. The assessment of treatment response was conducted according to the RECIST V.1.1 criteria (27). Objective response rate (ORR) and disease control rate (DCR) were defined as the proportion of patients who achieved a complete (CR) or partial response (PR) and CR, PR or stable disease (SD), respectively. Progression-free survival (PFS) rate at 8 months was calculated from PD-1 treatment initiation to death or progression disease (PD) with maximal follow-up of 8 months. Overall survival (OS) rate at 16 months was calculated from PD-1 treatment initiation to death or last follow-up with maximal follow-up of 16 months.




2.5 Statistical analysis

Statistical analysis was performed using SPSS 26.0. All continuous variables were reported as median and interquartile range (IQR), and categorical variables were reported as frequency and percentage. Multiple imputation (MI) was used to account for missing data on PD-L1 status and differentiation grade. Spearman correlation coefficient was performed to determine the association between CCR and BC-parameters. Univariable and multivariable logistic regression analysis were used to explore the factors influencing efficacy. The efficacy of predicting treatment response was compared by drawing receiver operating characteristic (ROC) curves, and the area under the ROC curves (AUCs) was compared using the Delong test. The variance inflation factor (VIF) method was used to select covariates with a maximum threshold of 5 to control for multicollinearity. Cox regression models were established to identify independent factors associated with PFS/OS. Kaplan-Meier analysis and log-rank test were utilized to compare the survival rates between groups. A prognostic nomogram was established to predict 12- and 16-month OS. The discriminant ability and predictive accuracy were evaluated by the Concordance index (C-index) and decision curve analysis (DCA). All tests were two-sided, and p values <0.05 were considered statistically significant.





3 Results



3.1 Baseline characteristics of patients

A total of 113 patients were included in the study. The median age was 63 years (IQR: 57-69) and 96 (85.0%) of the patients were male. Overall, 99 (87.6%) patients exhibited good performance status (ECOG PS 0-1) and 47 (41.6%) had a low degree of differentiation. 89 (78.8%) patients received PD-1 combined with chemotherapy and 94 (83.2%) patients were treated for the first line. Some missing data were observed in our study cohort. To enhance statistical power and decrease bias due to missing data, we used multiple-imputation to deal with missing data on PD-L1 status and differentiation grade. We also performed sensitivity analyses using a complete-case analysis for comparison. The results were still statistically significant. (Supplementary Table 2). Other detailed clinicopathological characteristics of the patients were depicted in Table 1. Representative images for U-Net-based segmentation were shown in Figure 1.


Table 1 | Patient characteristics.






Figure 1 | U-Net-based segmentation of body composition using CT images. Yellow=SMA, Blue=SATA, Green=VATA. (A) Representative of patients with high SMA and TATA. (B) Representative of patients with high SMA and low TATA. (C) Representative of patients with low SMA and high TATA. SMA, skeletal muscle area; SATA, subcutaneous adipose tissue area; VATA, visceral adipose tissue area, TATA, total adipose tissue area.






3.2 Association between CCR and BC-parameters

The CCR was positively correlated with SMA (r=0.49; P<0.001) and SMI (r=0.43; P<0.001), but not with SATI (r=-0.04; P>0.05) or VATI (r=0.15; P>0.05). No significant association between SII and BC-parameters was observed (Figure 2).




Figure 2 | Correlation matrix between CCR and body composition parameters. BMI, body mass index; SATA, subcutaneous adipose tissue area; VATA, visceral adipose tissue area; SMA, skeletal muscle area; SATI, subcutaneous adipose tissue index; VATI, visceral adipose tissue index; SMI, skeletal muscle index; CCR, creatinine-to-cystatin C ratio; SII, systemic immune-inflammation index.






3.3 Assessment of treatment response

As shown in Table 2, low CCR and low SATI were significantly associated with worse ORR. Low CCR, low SATI, low SMI, sarcopenia, two or more lines of therapy and presence of ascites were highly linked to worse DCR. The results of multivariable logistic regression analysis showed that low SATI (OR=0.270, 95% CI: 0.090-0.814, P=0.020) was an independent risk factor for ORR, while low CCR (OR=0.423, 95% CI: 0.169-1.059, P=0.066) tend to be independently associated with ORR. Low CCR (OR=0.026, 95% CI: 0.002-0.335, P=0.005), two or more lines of therapy (OR=0.015, 95% CI: 0.001-0.190, P=0.001) and presence of ascites (OR=0.023, 95% CI: 0.002-0.299, P=0.004) were independent risk factors for DCR, while low SATI (OR=0.149, 95% CI: 0.021-1.051, P=0.056) tended to be significant (Table 3). Furthermore, ROC curves were calculated to compare the performance of different variables in predicting treatment response. The AUCs of the CCR, SMI and SATI were 0.616 (95% CI: 0.497-0.735), 0.570 (95% CI: 0.439-0.702) and 0.594 (95% CI: 0.473-0.715) for ORR and 0.787 (95% CI: 0.694-0.881), 0.773 (95% CI: 0.666-0.880) and 0.606 (95% CI: 0.460-0.752) for DCR, respectively (Figure 3). The AUC of CCR (0.787) was significantly higher than that of SATI (0.606) (Delong test: P=0.043) in predicting DCR. The differences between AUCs of other groups were not statistically significant in predicting of ORR or DCR. The predictive accuracy of the CCR, SMI and SATI for ORR/DCR were shown in Table 4. Therefore, it is believed that the CCR seems to be superior to other indexes in predicting treatment efficacy.


Table 2 | Univariable logistic regression analysis for ORR and DCR.




Table 3 | Multivariable logistic regression analysis for ORR and DCR.






Figure 3 | ROC curves of the (A, D) CCR, (B, E) SMI and (C, F) SATI for predicting treatment response. CCR, creatinine-to-cystatin C ratio; SMI, skeletal muscle index; SATI, subcutaneous adipose tissue index; ORR, objective response rate; DCR, disease control rate.




Table 4 | Predictive accuracy of CCR, SMI and SATI for ORR/DCR.






3.4 Progression-free survival

Univariate Cox regression analysis showed that low CCR, low SATI, low VATI, sarcopenia, high ECOG PS, two or more lines of therapy and presence of ascites were significantly associated with poor 8-month PFS rate. On multivariate analysis, low CCR (HR=2.395, 95% CI: 1.234-4.648, P=0.010), low SATI (HR=2.188, 95% CI: 1.050-4.560, P=0.037), two or more lines of therapy (HR=4.513, 95% CI: 2.073-9.826, P<0.001) and high ECOG PS (≥2) (HR=2.365, 95% CI: 1.089-5.138, P=0.030) remained independent prognostic factors for inferior 8-month PFS rate (Table 5). The Kaplan-Meier analysis highlighted those patients with low CCR had a significantly decreased 8-month PFS rate compared to those with high CCR (37.6% vs. 55.1%, P=0.011). Similar results were observed in patients with low SATI and low VATI compared to those with high SATI (37.2% vs. 53.8%, P=0.035) and high VATI (30.5% vs. 56.8%, P=0.014), respectively (Figure 4).


Table 5 | Univariable and Multivariable Cox regression for 8-month PFS rate.






Figure 4 | Kaplan-Meier survival curves of 8-month progression-free survival rate for GC patients dichotomized with (A) CCR, (B) SATI, (C) VATI and (D) SMI. CCR, creatinine-to-cystatin C ratio; SATI, subcutaneous adipose tissue index; VATI, visceral adipose tissue index; SMI, skeletal muscle index.






3.5 Overall survival

Univariate Cox regression analysis showed that low CCR, low SATI, low VATI, low SMI, sarcopenia, high ECOG PS, two or more lines of therapy and presence of ascites were significantly associated with poor 16-month OS rate. On multivariate analysis, low CCR (HR=2.528, 95% CI: 1.317-4.854, P=0.005), low SATI (HR=2.818, 95% CI: 1.381-5.752, P=0.004), two or more lines of therapy (HR=3.008, 95% CI: 1.417-6.387, P=0.004) and high ECOG PS (≥2) (HR=3.231, 95% CI: 1.512-6.905, P=0.002) remained independent prognostic factors for inferior 16-month OS rate (Table 6). When adjusting for CCR, SMI or sarcopenia alone, both CCR and SMI, but not sarcopenia were independent prognostic factors (Supplementary Table 3). The Kaplan-Meier analysis highlighted those patients with low CCR had a significantly decreased 16-month OS rate compared to those with high CCR (19.4% vs. 44.9%, P=0.002). Similar results were observed in patients with low SATI, low VATI and low SMI compared to those with high SATI (8.0% vs. 36.0%, P<0.001), high VATI (12.7% vs. 36.6%, P=0.009) and high SMI (18.7% vs. 33.5%, P=0.029), respectively (Figure 5).


Table 6 | Univariable and Multivariable Cox regression for 16-month OS rate.






Figure 5 | Kaplan-Meier survival curves of 16-month overall survival rate for GC patients dichotomized with (A) CCR, (B) SATI, (C) VATI and (D) SMI. CCR, creatinine-to-cystatin C ratio; SATI, subcutaneous adipose tissue index; VATI, visceral adipose tissue index; SMI, skeletal muscle index.






3.6 Construction of the nomogram

To evaluate the prognosis of GC comprehensively, we established a nomogram including ECOG PS, number of previous therapies, presence of ascites, CCR, SATI and VATI (Figure 6). Nomogram C-index was 0.756 (95% CI, 0.722-0.789), indicating an outstanding performance. In addition, DCA curves suggested that the combined model had a more significant predictive accuracy than the single model (Figure 7).




Figure 6 | Prognostic nomogram to estimate their probability of survival at 12- and 16-month in patients with GC. ECOG PS, Eastern Cooperative Oncology Group performance status; CCR, creatinine-to-cystatin C ratio; SATI, subcutaneous adipose tissue index; VATI, visceral adipose tissue index.






Figure 7 | Decision curves analysis of the nomogram for (A) 12 and (B) 16 months OS. The x-axis represents the threshold probability, and the y-axis represents the net benefit. ECOG PS, Eastern Cooperative Oncology Group performance status; CCR, creatinine-to-cystatin C ratio; SATI, subcutaneous adipose tissue index; VATI, visceral adipose tissue index.







4 Discussion

Our retrospective multi-institutional analysis revealed significant predictive and prognostic value in pre-treatment CCR and SATI for patients with GC undergoing PD-1-based combination therapy. In brief, patients with lower CCR and SATI exhibited inferior response rates and lower survival rates. Furthermore, we successfully developed and validated a nomogram based on CCR and BC-parameters to predict survival in GC patients.

Recent evidence suggests that CCR serves as a promising indicator for predicting the prognosis of various cancers (28, 29). Zheng et al. demonstrated the utility of CCR as a prognostic factor for post-esophagectomy complications and long-term survival in esophageal cancer patients (14). Ding and colleagues independently found that CCR predicts recurrence-free survival in gastrointestinal stromal tumor patients (15). A retrospective study involving 3,060 patients showed a strong association between CCR at diagnosis and both 6- and 12-month survival (30). Despite the growing interest in CCR analysis in cancer patients, limited research has been conducted in the burgeoning field of cancer immunotherapy. A recent study highlighted the significant prognostic value of pre-treatment CCR in NSCLC patients undergoing PD-1 inhibitor monotherapy (18). In line with the previous studies, our findings indicated that a lower CCR was independently associated with lower survival rates. The novelty of our findings was that we demonstrated a potential link between CCR and ORR/DCR in patients with GC receiving PD-1 based combination therapy.

There are several possible mechanisms, which remain to be proved, to explain the effect of CCR on the efficacy and prognosis in GC patients. Firstly, CCR partially reflects muscle mass or SMI, which is a well-known risk factor for the efficacy and prognosis of GC patients treated with immunotherapy (31, 32). In addition, CCR may also be a marker of systemic inflammation. Previous studies reported that serum creatinine levels were low in patients with high white blood cell counts (33), while the levels of cystatin C were elevated in chronic inflammatory conditions (34). Consequently, low CCR may be associated with increased inflammation burden, which was reported to be poor prognostic factor in cancer patients (35). Finally, some researchers reported that cystatin C might be involved in cancer progression by antagonizing the suppressive functions of transforming growth factor β (TGF-β) (36). Therefore, CCR may be a promising predictive and prognostic biomarker in GC patients treated with ICIs.

Several studies have explored the impact of sarcopenia on outcomes in various cancers (37). A recent meta-analysis of 2501 patients from 26 trials concluded that sarcopenia predicts response rates and survival outcomes in solid cancers treated with ICIs (38). Kim et al. indicated that sarcopenia to be a standalone prognostic marker for PFS but not for OS in microsatellite-stable GC patients receiving immune monotherapy (31). Our results suggested that sarcopenia was not a significant predictor for survival rates on multivariate analysis. These inconsistencies might stem from variations in cut-off values of sarcopenia or differences in treatment regimen across studies.

VAT and SAT reflect both the nutritional and inflammatory status of cancer patients. Subcutaneous and visceral adiposity have different structures and functions and play different roles in immune and metabolic regulation. VAT secretes pro-inflammatory factors that contribute to systemic inflammation and metabolic disturbances (39). On the contrary, the leptin secreted by SAT can increase insulin sensitivity and lipid metabolism and exert beneficial effects on metabolism and anti-inflammatory (40). Several studies focusing on cancer patients have suggested a relationship between VAT or SAT and survival, although sometimes results are conflicting (41–44). He et al. reported that SATI but not VATI was significantly associated with OS in GC patients undergoing dual PD-1 and HER2 blockade (45). Our results demonstrated that low SATI was associated with lower response rates and survival rates, which aligned partially with their findings. Martini et al. found that high VATI was highly linked to improved PFS and showed a trend toward longer OS in urothelial carcinoma patients treated with ICIs (42). In contrast, Ke and colleagues argued that low VATI was linked to preferable prognosis in invasive bladder cancer patients receiving immunotherapy (46). Moreover, several studies demonstrated that high VATI was linked to increased incidence rates of post-operative complications in GC patients (47–49). Our study suggested that low VATI acted as a risk factor in univariate analysis, while it failed to serve an independent negative prognostic factor for survival in multivariate analysis in GC patients receiving PD-1 inhibitors-based combination therapy. The inconsistent effects of VATI on cancer treatment efficacy and survival may be explained by the differences in disease context, treatment regimen and patient characteristics (BMI, sex, age, et al.) (50). Next, we will continue to collect enough samples and stratify patients by their BMI and sex to further investigate the protective effect of subcutaneous and visceral adiposity in patients of different baseline characteristics.

To the best of our knowledge, this is the first study to investigate the effects of the CCR, SII and BC-parameters on response rates and survival outcomes in GC patients receiving PD-1 based combination therapy. However, our investigation has certain limitations. Firstly, it is a retrospective study with a small sample size and different treatment regimens of PD-1. Secondly, missing PD-L1 status data might affect the power of the statistical analysis, although no PD-L1 variation was observed in high or low CCR and SATI patients. Lastly, our study did not analyze ICIs-linked adverse events (AEs) due to the predominance of low to moderate-grade AEs. Consequently, larger prospective cohort studies are necessary to validate the findings presented in this retrospective analysis.

In conclusion, our study demonstrates that CCR and SATI are independent predictive and prognostic factors in patients with metastatic GC receiving PD-1 inhibitors-based combination therapy. The nomogram based on CCR and BC-parameters may assist in identifying potential patients who would benefit from PD-1 inhibitors. Therefore, further large-sample and prospective studies are necessary to validate our conclusions.
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Background

Immunotherapeutic approaches, including immune checkpoint inhibitor (ICI) therapy, are increasingly recognized for their potential. Despite notable successes, patient responses to these treatments vary significantly. The absence of reliable predictive and prognostic biomarkers hampers the ability to foresee outcomes. This meta-analysis aims to evaluate the predictive significance of circulating myeloid-derived suppressor cells (MDSC) in patients with solid tumors undergoing ICI therapy, focusing on progression-free survival (PFS) and overall survival (OS).





Methods

A comprehensive literature search was performed across PubMed and EMBASE from January 2007 to November 2023, utilizing keywords related to MDSC and ICI. We extracted hazard ratios (HRs) and 95% confidence intervals (CIs) directly from the publications or calculated them based on the reported data. A hazard ratio greater than 1 indicated a beneficial effect of low MDSC levels. We assessed heterogeneity and effect size through subgroup analyses.





Results

Our search yielded 4,023 articles, of which 17 studies involving 1,035 patients were included. The analysis revealed that patients with lower levels of circulating MDSC experienced significantly improved OS (HR=2.13 [95% CI 1.51–2.99]) and PFS (HR=1.87 [95% CI 1.29–2.72]) in response to ICI therapy. Notably, heterogeneity across these outcomes was primarily attributed to differences in polymorphonuclear MDSC (PMN-MDSC) subpopulations and varying cutoff methodologies used in the studies. The monocytic MDSC (M-MDSC) subpopulation emerged as a consistent and significant prognostic marker across various subgroup analyses, including ethnicity, tumor type, ICI target, sample size, and cutoff methodology.





Conclusions

Our findings suggest that standardized assessment of MDSC, particularly M-MDSC, should be integral to ICI therapy strategies. These cells hold the promise of identifying patients at risk of poor response to ICI therapy, enabling tailored treatment approaches. Further research focusing on the standardization of markers and validation of cutoff methods is crucial for integrating MDSC into clinical practice.





Systematic Review Registration

https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42023420095, identifier CRD42023420095.
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1 Introduction

Despite modern therapies, cancer is still one of the most common causes of death in industrialized countries. For example, in 2019, solid tumors such as tracheobronchial lung cancer, prostate and colon cancer were among the leading causes of death worldwide from cancer in men while it was breast, colon cancer and tracheobronchial lungs in women (1). The approval of immune checkpoint inhibitor (ICI) treatments, by the Food and Drug Administration in 2011provides alternative therapies to the standard chemotherapy regimens, particularly for the treatment of solid tumor malignancies It has been shown that T cells become anergic in cancer patients due to the interaction of programmed death -1 (PD-1) or cytotoxic-T-lymphocyte-associated protein-4 (CTLA-4) upregulated on activated T cells with their ligands PD-L1 and CD80 or CD86 respectively. Blocking this interaction could result in regaining anti-tumor T cell functions (2, 3).

With the introduction of Ipilimumab in the treatment of malignant melanoma, the median overall survival was increased from 6.4 months to 10 months compared to the control group (4). The survival curve in a cohort of patients with non-resectable malignant melanoma treated with ipilimumab reached a plateau between 20–26% after three years, indicating a long-term response (5). Another breakthrough was found in the treatment of non-small-cell lung carcinoma. Here, recent studies have shown that immunotherapy combined with chemotherapy already shows a survival advantage in the first line therapy compared to the single chemotherapy (median overall survival after 12 months: 69.2% in the combination group and 49.4% in the chemotherapy group) (6).

Despite these advancements, a subset of patients either fails to respond initially or loses responsiveness over time to such therapies. The search for explanations has increasingly focused on immunosuppressive mechanisms, including the role of myeloid-derived suppressor cells (MDSC). Studies have indicated an inverse relationship between the prognosis of solid tumor patients and the presence of immunosuppressive cell types such as MDSC and regulatory T-cells (Treg) within the tumor microenvironment (TME) and peripheral blood (7–9).

MDSCs represent a heterogeneous population of myeloid cells known for their immunosuppressive activities. They originate from immature myeloid cells that fail to differentiate under chronic inflammatory conditions, such as cancer (10, 11). In addition, normal mature myeloid cells could be converted into MDSC in cancer patients (12, 13). MDSCs are categorized into two subpopulations based on their phenotypic characteristics: monocytic MDSCs (M-MDSCs) and polymorphonuclear MDSCs (PMN-MDSCs). M-MDSCs are identified by the expression of surface markers CD11b+CD14+HLA-DRlow/-CD15-, with CD33 also serving as an alternative marker to CD11b. This subgroup is morphologically comparable to monocytes. On the other hand, PMN-MDSCs, which express CD11b+CD14-CD15+(CD66 as an alternative to CD15) markers, are morphologically akin to neutrophils (10, 11).

The discovery of Lectin-type oxidized LDL receptor 1 (LOX-1) as a specific ligand has refined the identification and separation of these cell types, facilitating a more accurate characterization and understanding of their roles within the tumor microenvironment (TME) and systemic circulation (14). A standardized gating strategy to identify M-MDSCs, based on common morphological criteria such as CD14+ and HLA-DR expression, has been established recently, noting that functional examination of the immunosuppressive properties of MDSCs is the safest way to identify them (10). This advancement in methodology has been crucial for consistent and reproducible analysis of MDSC populations across various studies.

The suppressive mechanisms of MDSC include inhibiting T cells and other components of immune systems to facilitate tumor growth and survival (11). One of the major mechanisms of MDSC-mediated immunosuppression is linked to the upregulation of programmed cell death ligand 1 (PD-L1) interacting with its receptor PD-1 expressed on tumor-infiltrating T cells (10, 15),

They are also capable to inhibit anti-tumor T cell functions via production of nitric oxide (NO) and reactive oxygen species (ROS) as well as by upregulation of arginase 1 and Indolamin-2,3-Dioxygenase (11, 16–19).

They also interact synergistically with regulatory T cells (Tregs), promoting their expansion within the TME via the CD40 receptor (20). This interaction highlights the complex network of immunosuppressive pathways that contribute to tumor growth and survival.

Given these extensive immunosuppressive capabilities, MDSC subpopulations represent potential biomarkers for predicting patient outcomes, including responses to immunotherapies (11, 21–23). Furthermore, the recruitment of MDSCs from the bone marrow to the TME, driven by various cytokines (24) suggests that an early increase in circulating MDSC levels could serve as a negative prognostic indicator.

Despite existing research demonstrating a correlation between high levels of MDSCs in peripheral blood and adverse outcomes in solid tumors (9), the specific impact of MDSCs on the efficacy of immune checkpoint inhibitor (ICI) therapy remains underexplored. To date, no systematic review or meta-analysis has separately assessed the predictive value of circulating MDSCs on the response to ICI therapy in patients with solid tumors. This gap in the literature underscores the need for a comprehensive analysis that can elucidate the influence of circulating MDSC populations on overall survival and therapeutic response, thereby informing clinical decision-making and potentially guiding the development of more effective treatment strategies. The goal of this meta-analysis is to address this need by examining the relationship between MDSC levels in peripheral blood and patient outcomes in the context of ICI therapy.




2 Methods

This study was conceived as a meta-analysis to investigate whether elevated levels MDSCs and their subpopulations in peripheral blood serve as predictive markers for the response to immune checkpoint inhibitor (ICI) therapy or survival outcomes in patients with solid tumors. The PICO scheme for our research question was defined as:

	Population. Patients with solid tumors treated with ICI

	Intervention: measurement of MDSC in patients’ peripheral blood by flow cytometry

	Comparison: high concentrations of MDSC compared to low concentrations of MDSC

	Outcome: Progression-free survival and overall survival



The study protocol was prospectively registered with PROSPERO (registration number CRD42023420095), adhering to the Preferred Reporting Items for Systematic Reviews and Meta-Analysis Protocols 2020 (PRISMA-P) guidelines, which underpin both the protocol and the manuscript structure (see Supplementary Table 2 for details).



2.1 Search strategy

The literature search was conducted in the PubMed and EMBASE databases from January 2007 to November 2023, utilizing the PubMed and EMBASE databases. A detailed search strategy was developed in collaboration with a medical librarian, incorporating terms and synonyms related to immune checkpoint inhibitors and “myeloid-derived suppressor cells” [MeSH], utilizing both OR and AND Boolean operators for term combination. Additionally, Google Scholar was employed to identify grey literature, and the reference lists of relevant articles were reviewed to uncover further studies.




2.2 Inclusion criteria

Inclusion criteria mandated that studies: (1) were prospective or retrospective cohort studies, clinical trials, or randomized controlled trials; (2) included patients diagnosed with solid neoplasms; (3) involved treatment with an immune checkpoint inhibitor; (4) measured MDSC levels in peripheral blood at a minimum of two time points, one of which must be prior to therapy initiation; (5) used cutoff values for MDSC levels to stratify patients; and (6) performed a correlation analysis with survival or other outcome parameters, including either (7) hazard ratios with 95% confidence intervals or provided sufficient data for their calculation.




2.3 Exclusion criteria

Excluded were studies that: (1) were reviews, case reports, animal studies, or in vitro studies; (2) did not measure MDSC levels using flow cytometry or measured them peritumorally or directly within tumor tissues; (3) targeted MDSCs directly as a therapeutic intervention; (4) provided insufficient data for hazard ratio calculations.

The eligible studies were screened in full text by two authors (MM, VO) with discrepancies resolved via a third author (SS).




2.4 Data extraction

The data were collected by both authors independently in a data matrix that included the first author, year of publication, country of origin, number of patients and age (median and/or range) of the study population, tumor type and stage, type of therapy (immune checkpoint inhibitor with target) MDSC subpopulation, MDSC markers, cutoff values, and method of cutoff value determination, observed endpoints. We extracted hazard ratios with 95% confidence intervals for the endpoints overall survival (OS), progression free survival (PFS), disease free survival (DFS). If these were not specified, we calculated the hazard ratios according to method of Tierney (25) by estimating the necessary data from the Kaplan Meier curves. Alternatively, we extracted the HR from other sources if the data were already calculated there.




2.5 Risk of bias assessment

Using the QUIPS tool, one author (MM) assessed the risk of bias of the included studies. A second author (VO) independently reviewed the assessment. Disagreements were resolved by a third author (SS). The tool contains six categories of bias due to study participation, study attrition, prognostic factor measurement, outcome measurement, adjustment for other prognostic factors and bias due to statistical analysis and reporting. In each category, the authors could choose between low, moderate and high risk of bias (26).




2.6 Statistical analysis

For the statistical analysis, we used RevMan 5.4 (Review Manager Version 5.4. The Cochrane Collaboration, 2020) and Comprehensive Meta-Analysis software Version 4 (Biostat, Englewood, NJ 2022). We weighted them according to the generic inverse variance method. A hazard ratio >1 defined a preference for a low MDSC level at baseline. To detect heterogeneity, we used a χ² test and the I² value, which were considered significant if the χ² test assumed a value of P<0.1 or I²>50% (27). Subgroup and sensitivity analyses further explored heterogeneity, while publication bias was assessed visually with a funnel plot and quantitatively via the Egger test. The Duval and Tweedie’s trim-and-fill method was applied in cases of detected asymmetry, with a significance threshold set at P<0.05 (28). If the heterogeneity was significant, we used the random-effects model; otherwise, we used the fixed-effects model.





3 Results



3.1 Study characteristics

In our comprehensive search across three databases (PubMed, EMBASE, Google Scholar), we initially identified 4,023 articles. Upon removal of 1,197 duplicates, 2,731 articles remained for consideration. The initial screening of titles and abstracts facilitated the exclusion of 2,650 articles deemed not relevant to our research objectives. Further detailed examination of the full texts led to the exclusion of additional articles for various reasons: 12 articles were excluded due to lack of stratification of MDSC levels into high or low categories; 5 articles were omitted because they failed to collect baseline data; 7 articles were excluded for not incorporating immune checkpoint inhibitor (ICI) therapy; 5 articles were disregarded due to insufficient data for calculating Hazard ratios; 3 articles were eliminated because they did not measure MDSC in peripheral blood; and 32 articles were excluded for other reasons or because they did not align with the study’s focus. Ultimately, 17 studies (29–45) were selected for inclusion in our meta-analysis, as illustrated in the PRISMA flow diagram (Figure 1).




Figure 1 | PRISMA Flow Chart, illustrating the study selection process.



These 17 studies collectively encompassed 1,035 patients, with the majority being melanoma cases (10 studies involving 720 patients). The next most significant group was patients with non-small cell lung cancer (NSCLC), represented by 207 patients across 3 studies. Other cancer types included in the analysis were prostate cancer (2 studies with 45 patients) and urothelial carcinoma (1 study with 30 patients), along with a study that pooled data from patients with various solid tumors (33 patients across 11 entities). Regarding ICI specificity, 8 studies targeted PD-1/PD-L1 exclusively, involving 428 patients; 5 studies focused solely on CTLA-4, including 359 patients; and 4 studies, comprising 248 patients, pooled effect measurements for patients treated with either PD-1/PD-L1 or CTLA-4 antibodies.

A more detailed breakdown of these studies is provided in Table 1. Out of the included studies, 15 reported data on OS, and 9 included PFS data. The analysis of MDSC subtypes revealed that 2 studies examined total MDSC levels, 2 focused exclusively on PMN-MDSC, and 7 investigated monocytic MDSC (M-MDSC). Additionally, 6 studies presented data relevant to both PMN-MDSC and M-MDSC subgroups, offering a comprehensive overview of the impact of these immune cells on patient outcomes in the context of ICI therapy.


Table 1 | Main characteristics of the 17 studies qualified to be included in this meta-analysis.






3.2 Progression-free survival

A high baseline MDSC value indicated a poorer response to ICI, according to PFS. The HR was 1.87 [95%CI 1.29–2.72] with an I2 of 79%. Here, however, only the M-MDSC achieved a significant result (HR= 2.03 [95% CI 1.42–2.90]) with a moderate heterogeneity I2 = 34% %. The other three populations were not significant (PMN MDSC HR=1.68 [95% CI 0.94–3.01] I2 = 78%); total MDSC HR=2.21 (95%CI [0.68–7.16] I2 = 48%). Due to the overall high heterogeneity, the HRs were also calculated here using a random effects model (Figure 2).




Figure 2 | Forest plot illustrating the impact of myeloid-derived suppressor cell levels on progression-free survival in patients receiving immune checkpoint inhibitor therapy.






3.3 Overall survival

OS was lower with a high MDSC baseline value. This resulted in an HR=2.13 [95% CI 1.51–2.99] for OS after pooling the studies. The heterogeneity amounted to I2 = 82%. However, only the M-MDSC reached a significant level. We calculated an HR=2.45 [95% CI 1.89–3.18] I2 = 23%) for the M-MDSC. For the PMN-MDSC population, the HR was 1.47 [95%CI 0.90–2.42]. This resulted in I2 = 68%. Overall, the heterogeneity was relatively high, which is why the HR was calculated using the random effects model (Figure 3).




Figure 3 | Forest plot illustrating the impact of myeloid-derived suppressor cell levels on overall survival in patients receiving immune checkpoint inhibitor therapy.






3.4 Subgroup analysis

To delve deeper into the heterogeneity observed within our meta-analysis, we conducted detailed subgroup analyses focusing on variables such as geographic region, patient cohort size, type of cancer, stage of cancer, method and value used for cutoff determination, and the specific immune checkpoint target (PD-1/PD-L1 versus CTLA-4). Stratification for the number of patients and cutoff values was based on the median values within each respective group. The comprehensive findings of these subgroup analyses are presented in Supplementary Table 1. A reduction in heterogeneity was observed when studies utilized consistent methods for determining cutoff values, highlighting this as a significant factor in our analysis. The type of cancer entity did not impact heterogeneity. Predominantly, PMN-MDSC emerged as a primary source of heterogeneity, both in our primary and subgroup analyses.

In instances where a high degree of pooled heterogeneity was noted, it was often accompanied by significant heterogeneity within the PMN-MDSC subgroup, as detailed in the Supplementary Material. A visual inspection of the Forest plot readily identified the study by Passaro et al. as a potential primary contributor to this observed heterogeneity. Further analysis confirmed that the inclusion of Passaro et al. markedly influenced the heterogeneity levels: for the PMN-MDSC subgroup analyzing PFS, heterogeneity dramatically decreased from I²=78% to 0% upon excluding this study, resulting in an adjusted HR of 2.18 (95% confidence interval [CI]: 1.46–3.26) and a revised pooled HR of 2.10 (95% CI: 1.68–2.62) with an I² of 0%. A similar pattern emerged within the overall survival subgroup; the exclusion of Passaro et al. halved the heterogeneity from I²=68% to 39%, with an HR of 1.73 (95% CI: 1.04–2.88), leading to a pooled HR of 2.26 (95% CI: 1.81–2.83) and an I² of 27%.

This significant reduction in heterogeneity, particularly in the PFS PMN-MDSC population, from I²=78% to a null value (I²=0%) following the removal of Passaro et al., underscores the substantial impact this study had on the heterogeneity levels. Similarly, in the OS analysis, the heterogeneity within the PMN-MDSC subgroup was notably reduced by half (from I²=68% to 39%), with the pooled HR adjusting to 2.26 (95% CI: 1.81–2.83) and an I² of 27%. These findings highlight the critical influence of specific studies on the heterogeneity of meta-analytic outcomes and underscore the importance of scrutinizing individual study contributions to the OS.

In addition, we explored the role of MDSCs as prognostic markers across various subgroups:

As shown in Table 2, MDSCs consistently demonstrated robust prognostic value for OS across all subgroups, except for non-small cell lung cancer (NSCLC), where the HR was 1.85 [95% CI 0.88–3.90]. For PFS, MDSCs showed strong predictive value, particularly in patients with advanced (stage IV) cancer, with an HR of 2.66 [95% CI 1.84–3.86]. Notably, MDSCs maintained low heterogeneity and high predictive value when the median cutoff method was employed.


Table 2 | Subgroup analysis of myeloid-derived suppressor cell and progression free survival or overall survival.



In our detailed analysis (see Supplementary Table 1 for details), M-MDSC were identified as robust predictive markers for both OS and PFS in nearly all examined subgroups. In NSCLC specifically, M-MDSCs were predictive and prognostic for both outcome measures (OS: HR=2.55 [95% CI 1.36–4.78], PFS: HR=2.07 [95% CI 1.26–3.39]). Additionally, M-MDSCs showed strong predictive value for PFS across different cutoff determination methods (Cutoff method median: HR=1.96 [95% CI 1.40–2.72]; pooled different cutoff methods: HR=2.06 [95% CI 1.22–3.49]). Conversely, PMN-MDSCs were significant prognostic markers only in subgroups utilizing the median as the cutoff method, underscoring their potential as predictive markers in specific contexts (OS: HR=1.74 [95% CI 1.11–2.75]; PFS: HR= 2.29 [95% CI 1.39–3.77]).




3.5 Risk of bias

Our assessment of the risk of bias across various categories yielded heterogeneous outcomes, as detailed in Figures 4A, B. A notable observation was that the employment of non-standardized markers significantly elevated the risk of bias within the prognostic marker category. Specifically, the study attrition and confounder categories were identified as areas with a particularly high risk of bias. This heightened risk was primarily attributed to inadequate descriptions of potential confounding variables or insufficient information regarding participants not included in the analysis. In the category of statistical analysis and reporting, a high risk of bias was frequently encountered; 8 out of 17 studies did not directly report hazard ratios, necessitating their estimation through the method proposed by Tierney et al. (25) or extracted from alternative sources. Specifically, hazard ratios were estimated for 6 studies using the Tierney et al. methodology, while for one study, hazard ratios were obtained from other published sources. Additionally, one study provided hazard ratios upon our direct request, highlighting the challenges and variability in data reporting practices across studies included in our meta-analysis.




Figure 4 | (A) Risk of bias summary plot. (B) Risk of bias assessment using the QUIPS tool.






3.6 Sensitivity analysis

To validate the reliability of our findings, we conducted a sensitivity analysis by excluding studies identified with a high risk of bias in any category. This stringent approach aimed to mitigate potential biases impacting our conclusions. Despite these exclusions, the pooled hazard ratios for both PFS and OS remained statistically significant, with PFS showing a hazard ratio of 2.59 [95% CI 1.73–3.87] and OS demonstrating a hazard ratio of 1.93 [95% CI 1.30–2.87]. However, heterogeneity remained in OS across all groups. This analysis was limited by the fact that PMN-MDSC or total MDSC could not be considered for PFS due to the lack of studies with low risk of bias here. The sensitivity analysis continues to show significant results, especially for the M-MDSC in OS: 2.23 [95% CI 1.49–3.35]. However, we observed persistent heterogeneity in OS across all evaluated groups, indicating variability that could not be fully accounted for by excluding studies with high bias risk.

A limitation of our sensitivity analysis emerged when considering the specific subtypes of MDSCs, particularly PMN-MDSC and total MDSC, for PFS outcomes. The absence of studies with a low risk of bias for these subgroups precluded their evaluation, underscoring a gap in the available literature. Despite these constraints, the sensitivity analysis underscored the significance of M-MDSC in predicting OS, with a hazard ratio of 2.23 [95% CI 1.49–3.35], reinforcing the potential prognostic value of this MDSC subtype in the context of immune checkpoint inhibitor therapy.




3.7 Publication bias

The analysis of OS and PFS data revealed asymmetry in the funnel plots, indicative of potential publication bias or other small-study effects (Figures 5A, B). This observation was further substantiated by the results of the Egger test, which demonstrated statistical significance with P<0.001 for PFS and P< 0.001 for OS, suggesting the presence of bias in the reported. In alignment with our predefined protocol, we employed the trim-and-fill method as a corrective measure to address this asymmetry, aiming to estimate the effect of potentially unpublished studies on our meta-analysis outcomes. The application of this method led to adjusted hazard ratios (HR) of 1.72 (95%CI 1.23, 2.41) for the PFS and 1.89 (95%CI 1.39, 2.58) for the OS. These revised estimates further underscore the robustness and statistical significance of our findings, reinforcing the predictive value of MDSC levels on the outcomes of patients undergoing immune checkpoint inhibitor therapy, even after accounting for potential publication bias.




Figure 5 | (A) Funnel plot progression free survival: Assessing the publication bias, the hazard ratio was plotted on the X-axis and the standard error corresponding to the logarithm of hazard ratio on the Y-axis. (B) Funnel plot overall survival: Assessing the publication bias, the hazard ratio was plotted on the X-axis and the standard error corresponding to the logarithm of hazard ratio on the Y-axis.







4 Discussion

In our systematic review, we included 17 studies from which we were able to extract data for a meta-analysis. We included data from patients with melanoma (29–31, 34, 36, 37, 41–43, 45), NSCLC (33, 38, 39) prostate cancer (40, 44) and urothelial carcinoma (32). One study pooled data from solid tumors encompassing patients with 11 tumor entities (35).

Our findings indicate that MDSCs can predict both survival and response to ICIs, according to our endpoints of OS and PFS. Particularly, M-MDSCs are shown to be both a predictive and a prognostic marker. Analysis of the sub-cell populations revealed that M-MDSCs are significantly inversely correlated with OS and PFS. Although PMN-MDSCs did not reach statistical significance in our analysis, a trend was observed for both OS and PFS, suggesting the entire MDSC population as significant.

This meta-analysis aligns with previous meta-analyses that investigated MDSCs as predictive and prognostic markers in patients predominantly undergoing chemotherapy (9, 46).

The study of Koh et al. highlighted that M-MDSCs have even better predictive power of response and survival in NSCLC patients than PD-L1 expression on tumor cells (39), suggesting that MDSCs could enhance the predictive accuracy for OS and response rate across various tumor entities. Thus, the currently established markers such as PDL (in NSCLC) or LDH (in melanoma) could be supported by MDSC to predict a better correlation for OS and response rate in other tumor entities, as it has already been shown that patients (NSCLC) with a low PDL status also benefit from ICI (47).

The significance of our findings is underscored by Krebs et al. (34), who identified a subgroup of clinical non-responders to ICI, with an immune profile akin to responders, thus exhibiting prolonged OS. Similarly, Tomela et al. (29), found an inverse correlation between PMN-MDSC levels and PFS in the responder group.

Further research with a standardized gating strategy is crucial for establishing validated cut-off limits for MDSCs, thus facilitating their application in clinical practice as a dynamic prognostic marker. This could help identify patients who might benefit from ICI therapy or those at high risk of non-response, potentially making MDSCs a therapeutic target. The feasibility of this approach has been demonstrated by Tobin et al. (48). and the consideration of a cut-off value defined by healthy subjects as practiced by Kitano et al. (45) is also suggested.

Our analysis encountered significant heterogeneity, particularly notable within the PMN-MDSC subgroup. This variability arose partly from the diverse methods used across studies to define cut-off values, typically applying these thresholds as percentages of living peripheral blood mononuclear cells (PBMCs). Such methodological disparities were a key factor contributing to the observed heterogeneity.

Moreover, the landscape of immunotherapy, particularly with the introduction of ipilimumab in 2011, has undergone significant evolution. This breakthrough marked the beginning of an era characterized by the development and approval of various immune checkpoint inhibitors (ICIs), each with distinct indications. The evolving use of ICIs, including their combination therapies and earlier application in treatment protocols, has led to diverse study designs and populations. These changes reflect the dynamic nature of cancer treatment protocols and have inevitably influenced the heterogeneity observed in our meta-analysis.

This heterogeneity underscores the complexity of drawing generalized conclusions from the available data and highlights the need for standardized approaches in future research. This heterogeneity was addressed using a random effects model, as noted in the protocol, aiming to minimize its impact.

Lower MDSC correlated with a better prognosis, but it has not yet been possible to find a uniform cut-off value to use and implement the cell population as a clinically marker.

Subgroup analyses revealed significant effects for PFS and OS for both M-MDSC and PMN-MDSC populations when studies utilized consistent methods for determining cutoffs, with low heterogeneity. Notably, heterogeneity was attributed not only to tumor entities but also to inherent characteristics within each entity, though limited to NSCLC and melanoma due to the number of studies. Variations in the methodologies used to categorize PMN-MDSC, particularly in terms of gating strategies and the markers employed, have contributed to the observed heterogeneity in our analysis. An illustrative example is the approach taken by Passaro et al. (38), which stood out by utilizing absolute cell counts instead of percentage values for defining PMN-MDSC levels. This deviation underscores the broader issue of inconsistency in measurement techniques across studies, which adds to the challenge of synthesizing data and drawing uniform conclusions.

Despite the significant heterogeneity introduced by such methodological differences, our rigorous assessment process confirmed that the study by Passaro et al. satisfied all predefined inclusion criteria. Therefore, in adherence to our commitment to a comprehensive and inclusive review, we retained the study by Passaro et al. within our meta-analysis. This decision reflects our endeavor to capture a wide spectrum of data and insights, even when faced with high heterogeneity, to ensure the robustness and breadth of our analysis.

In recent years, there has been a growing consensus regarding the identification of similar subpopulations of MDSCs using specific markers (10). This emerging agreement highlights the need for standardized markers to distinguish MDSC subpopulations clearly, especially to avoid confusion with neutrophils. A uniform marker, such as Lox-1, could serve this purpose effectively by providing a clear distinction. Additionally, the adoption of a myeloid score, which incorporates multiple validated markers as proposed by Huber et al., could offer a more nuanced understanding of MDSCs’ role within the immune system (49). Furthermore, considering the complex interplay within the immune system, an alternative approach involves using an index that not only assesses the immunosuppressive impact of myeloid cells but also includes cytotoxic cells. This comprehensive index, as utilized by Araujo et al. (35), offers a more holistic view of the immune landscape. Such an index has the potential not only to enhance our understanding of the immune system’s dynamics but also to serve as a valuable prognostic tool throughout the course of a disease. This multi-faceted approach acknowledges the intricate nature of immune responses and the importance of a comprehensive evaluation for both research and clinical applications (35). Here, the PMN-MDSC group is not significant, so they are not as immunosuppressive as initially expected and possibly the M-MDSC population takes on this characteristic. The two subgroups of MDSCs differ not only in terms of their phenotype, but also in terms of their mechanism of action: while PMN-MDSC are mainly antigen-specific, M-MDSC can be both antigen-specific and antigen-nonspecific (11). These differences may be the reason why PMN-MDSCs did not reach significance in this analysis: some studies have shown a stronger immunosuppressive capacity of M-MDSCs compared to PMN-MDSCs on T cells (16, 50, 51). This could explain the difference in significance in general, as T-cells are the main effectors in ICI. Bronte et al. (46) also note that M-MDSCs have been shown to have a continuous immunosuppressive effect on neoantigen-specific T cells (46, 52). Neoantigen load was negatively correlated with outcome in NSCLC patients (46, 53), suggesting that neoantigen inhibition is more relevant specifically in this tumor subgroup, which can only be addressed by M-MDSCs. This could be the reason for the altered behavior of PMN-MDSCs especially in this patient population. In addition, it should also be noted that the number of studies on PMN-MDSCs in this meta-analysis was relatively small and that the elimination of the study by Passaro et al. (38) as part of a sensitivity analysis increased the prognostic and predictive relevance of PMN-MDSCs.

Studies like Gaißler et al. highlight the prognostic significance of M-MDSC dynamics, showing that patients with initially high MDSC levels but subsequent reductions can achieve similar OS to those with consistently low levels (31). This is corroborated by findings from de Coaña (2017) et al.; after three weeks of therapy patients with lower M-MDSC had a better OS (HR= 2.89 (1.59–6.99) P= 0.002), nevertheless the baseline was not significant (36). The study conducted by Tarhini et al. (54) presents findings that align with a key observation: a significant reduction in the levels of total MDSCs is associated with improved PFS. This indicates that patients who experience a larger decrease in MDSC levels tend to have a longer period without disease progression, underscoring the potential role of MDSCs as dynamic biomarkers for treatment outcomes in cancer therapy.

The limitations of our study include several critical aspects that affect the interpretation and reliability of our results. Firstly, the variability of markers in our meta-analysis posed a significant challenge. Since 2016, there has been a convergence towards the use of standardized markers and gating strategies for MDSCs and their subpopulations, as recommended by Bronte et al. (10). Future research should adhere to these standardized markers to reduce variability. Secondly, our meta-analysis showed a high degree of heterogeneity, possible due to the use of different markers, study designs, and populations. We used a random effects model to address this issue. Furthermore, the assessment of risk of bias added complexity. The observed heterogeneous results necessitated a sensitivity analysis to assess the robustness of our results, particularly with regard to discrepancies in hazard ratio reporting. Seven of the 17 studies did not report hazard ratios with 95% confidence intervals. For one study we were able to obtain this by contacting the author, whereas for the remaining six studies we had to estimate it from Kaplan-Meier curves or other sources. This led to some uncertainty, which we considered in our risk of bias analysis. In addition, our analysis raised concerns about publication bias. Visual inspection of the funnel plot for OS and PFS indicated possible publication bias, which was confirmed by the Egger test. We estimated the impact of unpublished studies using Duval and Tweedie’s trim-and-fill method.

In conclusion, the role of MDSCs, especially M-MDSCs, has been increasingly recognized and validated in the context of cancer immunotherapy. These cells have emerged as significant prognostic markers for predicting the response to immune checkpoint inhibitors. Their utility extends beyond mere prognostication; MDSCs offer a window into identifying patients who may not initially respond to therapy based on their baseline myeloid cell profiles. Such insights are invaluable for tailoring treatment approaches, potentially guiding the escalation of therapy to overcome resistance mechanisms.

Furthermore, MDSCs present a dynamic aspect of the tumor microenvironment that could be monitored over the course of treatment. By observing changes in MDSC levels, clinicians can gain insights into treatment efficacy in real-time, allowing for adjustments to therapy that could enhance outcomes. The potential of MDSCs extends to their viability as therapeutic targets themselves, suggesting that manipulating their levels or function could directly improve the efficacy of ICIs.

Despite the promising horizon that MDSCs represent in the realm of cancer therapy, several challenges remain. A critical barrier to the clinical integration of MDSCs as a biomarker is the lack of standardization in identifying and quantifying these cells. The field would greatly benefit from consensus on the markers used to define MDSC subpopulations and uniform cutoff methods to categorize their levels accurately. Addressing these challenges through future research is essential to harnessing the full potential of MDSCs in improving patient outcomes. By establishing standardized methodologies and integrating MDSC assessments into clinical practice, we can move closer to a future where cancer therapy is more personalized, predictive, and potent.
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Purpose

The aim of this study was to assess the role of sPD-L1 and sPD-1 as potential biomarkers in prostate cancer (PCa). The association of the values of these soluble proteins were correlated to the clinical data: stage of disease, Gleason score, biochemical recurrence etc. For a comprehensive study, the relationship between sPD-L1 and sPD-1 and circulating immune cells was further investigated.





Methods

 A total of 88 patients with pT2 and pT3 PCa diagnosis and 41 heathy men were enrolled. Soluble sPD-L1 and sPD-1 levels were measured in plasma by ELISA method. Immunophenotyping was performed by flow cytometry analysis.





Results

 Our study’s findings demonstrate that PCa patients had higher levels of circulating sPD-L1 and sPD-1 comparing to healthy controls (p < 0.001). We found a statistically significant (p < 0.05) relationship between improved progression free survival and lower initial sPD-L1 values. Furthermore, patients with a lower sPD-1/sPD-L1 ratio were associated with a higher probability of disease progression (p < 0.05). Additionally, a significant (p < 0.05) association was discovered between higher Gleason scores and elevated preoperative sPD-L1 levels and between sPD-1 and advanced stage of disease (p < 0.05). A strong correlation (p < 0.05), between immunosuppressive CD4+CD25+FoxP3+ regulatory T cells and baseline sPD-L1 was observed in patients with unfavorable postoperative course of the disease, supporting the idea that these elements influence each other in cancer progression. In addition to the postoperative drop in circulating PD-L1, the inverse relationship (p < 0.05), between the percentage of M-MDSC and sPD-L1 in patients with BCR suggests that M-MDSC is not a source of sPD-L1 in PCa patients.





Conclusion

 Our findings suggest the potential of sPD-L1 as a promising prognostic marker in prostate cancer.
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1 Introduction

Prostate cancer (PCa) is still the second most prevalent type of cancer among men worldwide (1). Prostate specific antigen (PSA) is a widely used marker of diagnosis and prognosis in PCa, however there is evidence that changes in its levels are not related to survival outcomes (2) and PSA is often used mainly because of the lack of useful predictive markers (3).

Recently, soluble checkpoints PD-L1 and PD-1 (sPD-L1 and sPD-1), whose precursors are membrane bound PD-L1 and PD-1, have been the subject of intense research for their prognostic and predictive value in various cancers (4, 5). The dynamic alterations of membranous PD-L1 in the circulatory system, including sPD-L1 and other forms of PD-L1, are attributed to liquid biopsy technique (6).

Numerous cancer types have been found to have elevated sPD-L1 protein levels (7). A growing body of evidence revealed that patients with solid tumors and higher levels of soluble PD-L1 in their peripheral blood, have a significantly worse outcomes; this suggests that high levels of sPD-L1 could be a biomarker for poor prognosis (8, 9). In the meantime, patients with a variety of malignancies have higher levels of sPD-1 in their blood and pretherapeutic increase is associated to higher risk of cancer developing, the progression of the disease and a worse result, on the other hand, a stable or elevated sPD-1 levels following cancer treatment have been linked to better outcomes (5, 10, 11).

The origin of sPD-L1 remains unknown, as it could potentially originate from different sources, such as tumor cells (12, 13) and surrounding immune cells (7, 14) in particular, myeloid derived suppressive cells (MDSC) may serve as a natural source of sPD-L1 (15). Meanwhile human macrophages have been shown to express sPD-1 (16), other potential source of circulating sPD-1 is natural killer (NK) cells (17).

PCa is generally considered as an immunologically cold tumor with low PD-L1 expression, poor infiltration of immune T cells and with predominant immunosuppressive tumor microenvironment (TME) (18–23). T-regulatory cells (Tregs) and MDSC are prevailing immunosuppressive cells found within the TME (24) as well as in peripheral blood (25) of PCa. Insights into the interaction between cancer and the immune system may provide additional aspects of tumor development.

Despite the success of immunotherapy in other solid tumors, PCa treatment has shown limited response, particularly to single-agent checkpoint inhibition (20, 26). Radical prostatectomy (RP) and radiotherapy are the two most effective treatments for PCa that is primarily localized (27). The potential of sPD-L1 and sPD-1 as biomarkers for predicting treatment efficacy is suggested by changes in their levels following specific treatments, such as surgery, radiotherapy, and immunotherapy (5, 11). Even though PCa does not exhibit prominent PD-L1 expression, some scientific studies declares that sPD-L1, rather than membranous PD-L1, effectively predicts prognosis in other tumors (28).

Considering PCa as an immunologically cold tumor, the role of soluble PD-L1 and PD-1, and especially their association with peripheral blood immune cells, has not yet been thoroughly investigated in PCa tumors. The aim of this study was to evaluate the relationship between soluble PD-L1 and PD-1 molecules in the plasma of prostate cancer patients and their correlation with the clinical course of the disease. Additionally, we aimed to explore the association between soluble PD-L1 and PD-1 receptors and the immune status of patients. By unraveling these connections, our goal is to identify potential biomarkers that can inform the clinical progression of prostate cancer and shed light on the immune responses, paving the way for more targeted and personalized therapeutic interventions.




2 Materials and methods



2.1 Patients and healthy subjects

The study was approved by the Regional Review Board (Vilnius, Lithuania, 158200–17-928–442). All research methods were carried out in accordance with the relevant Lithuanian national guidelines and regulations. Written information about the study was provided to each study participant and written consent was obtained to participate in the study.

The inclusion criteria for patients were as follows (1) pT2 and pT3 PCa diagnosis. Exclusion criteria were as follows (1) history of other malignancies diagnosis or treatment; (2) androgen deprivation therapy (ADT), radiation therapy or chemotherapy prior to surgery and three months after surgery; (3) inflammatory conditions, immunosuppressive interventions, or autoimmune disease presence; (4) perioperative blood transfusions; (5) preoperative or postoperative white blood cell count exceeding 10,000 µL−1 (up to three months post-surgery); (6) abnormal levels of liver enzymes, glomerular filtration rate, C-reactive protein, or bilirubin, as previously described in preceding study involving the same cohort of patients (29).

All patients were followed up through clinic visits for 30 months following radical prostate excision. The starting point for follow-up was postoperative day 1. Endpoint events were as follows (1) biochemical recurrence (BCR); (2) failure of postoperative PSA to decrease to target < 0.2 ng/ml value; (3) the need of additional radiotherapy. Progression free survival (PFS) was defined as all above mentioned events.

Circulating preoperative and postoperative sPD-L1 and sPD-1 levels in PCa patients were compared with clinical-pathological data: Gleason score, biochemical recurrence (BCR), changes of prostate cancer antigen (PSA), need of radiation therapy, prostate cancer stage (pT2 and pT3), and associated to dynamic of alterations of immune cells (CD3+, CD4+, CD8+, CD19+, CD4+CD25+FoxP3+, CD3-CD16+CD56+, MDSC, CD8+CD69+), before surgery and three months following radical prostatectomy (RP). The concentrations of soluble PD-L1 and PD-1, were also compared between healthy individuals and patients with prostate cancer.

The inclusion criteria for healthy controls were as follows: (1) similarity in age to the patient group (range: 47–76 years). Exclusion criteria were as follows (1) history of malignancy diagnosis or treatment; (2) inflammatory conditions, immunosuppressive interventions, or autoimmune disease presence; (3) use of immunosuppressive drugs: prednisolone, cyclosporine, etc.




2.2 Blood sampling

Soluble levels of sPD-L1 and sPD-1 were assessed in the peripheral blood of all participants in this study. The evaluation was carried out for patients at two time points: 0–1 day before surgery and approximately three months (82–107 days) after radical prostatectomy. Healthy subjects underwent a single assessment. Additionally, specific immune cell populations were examined in patients prior to surgery and at the three-month postoperative mark. Blood samples were collected from all participants by venipuncture into BD Vacutainer® tubes containing EDTA anticoagulant (BD Biosciences, San Jose, CA, USA). The tubes were gently shaken prior to the phenotypic staining procedure and subsequent flow cytometry analysis. Plasma for ELISA analysis was acquired through centrifugation, at 2500× g for 10 minutes and samples were stored at − 80°C until analysis of sPD-L1 and sPD-1 was performed. sPD-L1 and sPD-1 evaluation from cases and controls were processed simultaneously.




2.3 Analysis of soluble PD-L1 and PD-1

A commercially available human PD-L1 ELISA kit (Invitrogen, Thermo Fisher Scientific, Bender MedSystems GmbH Campus Vienna Biocenter, Vienna, Austria) was used to measure sPD-L1 protein concentrations in plasma. Similarly, a PD-1 human kit (Invitrogen, Thermo Fisher Scientific, Bender MedSystems GmbH Campus Vienna Biocenter, Vienna, Austria) was used to measure sPD-1 protein levels. The preparation of standards, samples, and all assay steps were conducted in accordance with the manufacturer’s instructions. Each sample was analyzed in duplicate, and the optical density was assessed at 450 nm using a BioTek Elx800 TM plate reader (BIO-Tek Instruments, Inc. PO Box 998, Highland Park Winooski, Vermont, USA).




2.4 Analysis of immune cells

Whole blood samples, were used for flow cytometry analysis and processed in accordance with the manufacturer’s guidelines. 100 μL of blood were added to each of the four flow cytometry tubes per patient and cell staining was conducted using the following antibodies. Tube 1: anti-CD25-PE/anti-CD4-FITC/anti-CD3-APC/anti-FoxP3-BV421™ (BioLegend, San Diego, CA, USA); tube 2: anti-CD8a-FITC/anti-CD69-APC/anti-CD3-BV510™ (BioLegend, San Diego, CA, USA); tube 3: anti-HLA-DR-PE/anti-CD14-FITC/anti-CD11b-BV421™/anti-CD33-APC (BioLegend, San Diego, CA, USA); tube 4: anti-CD56-PE/anti-CD16-APC/anti-CD3-FITC/anti-CD19-BV421™/anti-CD45-PerCP (BioLegend, San Diego, CA, USA). T regulatory cells were defined as CD4+ CD25+ FoxP3+, NK cells as CD3- CD16+ CD56+, and total MDSCs as CD45+ CD3− CD19− CD56− CD16− HLA-DR− CD33+ CD11b+. Cells were incubated with fluorescently labeled antibodies targeting cell surface markers, for 15 minutes in the darkness, to allow antibody binding. Subsequently, red blood cells were lysed for 15 minutes in the darkness using BD FACS Lysing solution (BD Biosciences, San Jose, CA, USA). Cells were washed twice to remove excess antibodies and lysing reagents in BD-Cell-Wash solution (BD Biosciences, San Jose, CA, USA) and then fixed in BD-Cell-Fix solution (BD Biosciences, San Jose, CA, USA). Immune components were analyzed by BD LSR II System flow cytometer (BD Biosciences, San Jose, CA, USA). Subset analysis was performed using BD FACSDivaTM Software (BD Biosciences, San Jose, CA, USA) with acquisition of a total of 20,000 events (29).




2.5 Statistics

The Shapiro-Wilks test was used to assess the normality of the data. Following that, Mann-Whitney U test with two-tailed hypothesis was employed to compare sPD-L1 and sPD-1 levels among patients and control group. Subsequently, Kruskal Wallis test was used to evaluate sPD-L1/sPD-1 levels between different patient’s groups. The relationship between continuous and categorical data variables was examined using a Spearman correlation test. Survival probabilities were estimated using the Kaplan-Meier method, and group comparisons were made using the log-rank test. The Cox proportional hazards model was used to estimate the hazard ratios for progression-free survival associated with sPD-1, sPD-L1, Gleason score, pathological stage, and PSA levels. A univariate Cox regression analysis was conducted, and variables with a p-value of less than 0.1 in the univariate survival analysis were incorporated into the multivariate analysis. The threshold between high and low sPD-L1 and sPD-1 concentrations was determined by logistic regression, followed by calculation of the Youden index to establish the cutoff values. All analyses were carried out in Python version 3.11.4 (Python Software Foundation), with statistical significance set at p <0.05.





3 Results



3.1 Characteristics of PCa population

A total of 88 patients with the pT2 and pT3 PCa diagnosis were included in our analysis. The median age of the patient group was 62.6 years, preoperative PSA levels ranged between 2.15 and 67.7 ng/ml and Gleason score was between 6 and 8 (grade group 1 to 4 respectively, according to ISUP). For 75 patients preoperative and postoperative sPD-L1 and sPD-1 pairs were determined to evaluate the dynamic of changes of soluble checkpoints after surgical treatment. Patient characteristics are summarized in Table 1.


Table 1 | Characteristics of PCa patients.






3.2 Characteristics of control group

Eligible subjects (n = 41) were selected based on PSA level (<3 ng/ml), the subjects were at an average of 64.6 year (median 66), interquartile range (IQR) = 7. The control group was managed, and control samples were collected in collaboration with the biomedical research laboratory Rezus.lt. Characteristics of healthy subjects are summarized in Table 2.


Table 2 | Characteristics of healthy subjects.






3.3 sPD-L1 and sPD-1 in PCa patients and healthy subjects

Plasma sPD-L1 levels were significantly higher comparing to healthy control group (median 0.11 pg/ml) both in preoperative (median 2.51 pg/ml) and postoperative (median 1.94 pg/ml) groups of PCa patients (p < 0.001). sPD-1 concentrations at baseline (median 29.44 pg/ml) and after surgical treatment (median 33.89 pg/ml) were significantly higher comparing to healthy control group (median 17.18) p < (0.001). sPD-L1 exhibits a statistically insignificant postoperative decline, whereas sPD-1 demonstrates a statistically significant postoperative increase (p < 0.05). sPD-L1 and sPD-1 values in the patients and in the controls are shown in Figure 1.




Figure 1 | Comparison of sPD-L1 and sPD-1 levels between prostate cancer patients and healthy subjects. PCa patients demonstrates significantly higher preoperative and postoperative plasma sPD-L1 levels comparing to healthy individuals (p < 0.001). sPD-L1 results in statistically unsignificant postoperative decline. (A) Presurgical and postsurgical plasma sPD-1 levels in PCa patients are significantly higher than in healthy controls (p < 0.001). sPD-1 demonstrates statistically significant postoperative increase (p < 0.05) (B).



The sPD-1/sPD-L1 ratio exhibited statistically significant differences between both preoperative and postoperative patient groups compared to the control group. Postoperatively, we observed a notable rise in the sPD-1/sPD-L1 ratio, increasing from a median of 10.9 to 17.2 (p < 0.05). Remarkably, the control group had the highest median among all three groups at 116.7 (Figure 2).




Figure 2 | Alteration of sPD-/sPD-L1 ratio in PCa. The sPD-1/sPD-L1 ratio demonstrates significant increase after surgery (p < 0.05). Both preoperative and postoperative patient groups differ significantly compared to healthy controls (p < 0.001).






3.4 The association of sPD-L1 and sPD-1 with clinicopathological findings of PCa

Statistically significant association between baseline sPD-L1 and Gleason score was observed. Patients with grade group 3 has a significantly higher levels (median 23.5 pg/ml) of circulating PD-L1 comparing to grade group 1 (median 2.5 pg/ml) and grade group 2 (median 2.2 pg/ml) (p < 0.05), (Figure 3A). The grade group 4 was not analyzed because the number of subjects in that group was too small to obtain a reliable result. A statistically significant (p < 0.05) association between baseline sPD-1 concentration and advanced PCa stage was obtained (Figure 3B).




Figure 3 | The associations of soluble PD-L1 and PD-1 with cancer progression. Variations of sPD-L1 concentration in the peripheral blood of PCa patients differs significantly (p < 0,05) according to Gleason grade groups, grade 3 group shows significant association with highly elevated levels of sPD-L1 (A). Pretreatment sPD-1 levels demonstrate higher values in clinicopathological staging of PCa (p < 0.05) (B).






3.5 Prognostic and predictive value of sPD-L1 and sPD-1 in PCa

For progression free survival analysis, threshold of 7.66 pg/ml (specificity 85%, sensitivity 56%, AUC = 0.73) was established for preoperative plasma concentrations of sPD-L1, using receiver operating characteristic (ROC) curves (Figure 4B). PFS was compared between the low (< 7.66 pg/ml) and high (≥ 7.66 pg/ml) sPD-L1 groups by Kaplan-Meier analysis and log rank tests. Kaplan–Meier analysis revealed that postoperative PFS tended to be shorter in the high sPD-L1 group (n = 21) than in the low sPD-L1 group (n = 64) (p < 0.05) (Figure 4A). The difference in PFS survival between the groups was notable at 2 years post-surgery, with rates of 82% in the < 7.66 pg/mL group and 61% in the ≥ 7.66 pg/ml group. ROC analysis was conducted to assess the efficacy of sPD-1 as a classifier for PFS. However, sPD-1 was determined to be an ineffective classifier for PFS (AUC = 0.47). Subsequently, evaluation of PFS between the low (< 18.22 pg/ml) and high (≥ 18.22 pg/ml) sPD-1 groups was performed using Kaplan-Meier analysis and log-rank tests. Kaplan–Meier analysis showed that the low sPD-1 group (n = 15) as well as high sPD-1 group (n = 66) had no statistical significance for PFS estimation in PCa patients (Data not shown).




Figure 4 | Kaplan-Meier analysis on the progression-free survival of prostate cancer patients, based on sPD-L1 and sPD-1/sPD-L1 ratio. Kaplan-Meier curves illustrates the progression-free survival of PCa patients based on high and low presurgical concentrations of sPD-L1, revealing that low pretreatment sPD-L1 levels are associated with prolonged PFS (p < 0.05) (A). ROC curve for preoperative plasma concentrations of sPD-L1 for PFS prediction in PCa (B). Kaplan-Meier analysis based on sPD-1/sPD-L1 ratio reveals that patients exhibiting a lower sPD-1/sPD-L1 ratio were correlated with an elevated probability of disease progression (p < 0.05) (C). ROC curve of sPD-1/sPD-L1 ratio as classifier PFS in PCa (D).



The potential of prognostic biomarkers for predicting PFS in PCa patients was investigated using Cox proportional hazard analysis. While the high sPD-L1 concentrations group exhibited significance in the univariate analysis, it failed to maintain significance in the multivariate model, suggesting it may not act as an independent predictor. Conversely, sPD-1 concentrations (both continuous and categorized) did not show significant associations with survival outcomes in univariate analysis, suggesting their reliability as predictors of PFS in this context may be limited. The results of the Cox proportional hazard analysis are summarized in Tables 3, 4.


Table 3 | The results of Cox proportional hazard, univariate analysis.




Table 4 | The results of Cox proportional hazard, multivariate analysis.






3.6 The sPD-1/sPD-L1 ratio for PFS prediction

Based on the ROC curve analysis, a preoperative sPD-1/sPD-L1 ratio of 2.3 was identified (specificity 90%, sensitivity 56%, AUC = 0.66) (Figure 4D). Patients with a lower sPD-1/sPD-L1 ratio were associated with a higher probability of disease progression (p < 0.05). One year PFS was 75% in the group with < 2.3 sPD-1/sPD-L1 ratio, contrasting with 84% in the > 2.3 ratio group. Probabilities of PFS differed even more between groups at 2 years after surgery. At 2 years postoperatively, the < 2.3 sPD-1/sPD-L1 ratio group had a 45% probability of PFS, while the > 2.3 ratio group had an 81% probability (Figure 4C). In Cox analysis, categorizing the preoperative sPD-1/sPD-L1 ratio into high and low ratio groups yielded comparable results to single sPD-L1 (Tables 3, 4). However, in univariate analysis, similar to continuous sPD-L1, the continuous sPD-1/sPD-L1 ratio was not found to be significant. Furthermore, the postoperative ratio of sPD-1/sPD-L1 showed no prognostic significance in Cox regression and performed poorly as a classifier for PFS in ROC analysis.




3.7 The changes of sPD-L1 and sPD-1 after radical prostatectomy in PCa

There was no significant difference between preoperative values of sPD-L1 and after radical prostatectomy in the whole patient’s group of PCa (p = 0.12). Scatterplot analysis revealed that the overall mean of sPD-L1 in the patient group decreased after surgery. According to detailed analysis, - individuals whose estimated initial sPD-L1 level was high (> 7.66 pg/ml) showed a statistically significant postoperative decrease (p < 0.001) and whose presurgical sPD-L1 level was low (< 7.66 pg/ml) showed a statistically significant postoperative increase (p < 0.05) (Figure 5A).




Figure 5 | The dynamic of changes of sPD-L1 and sPD-1 after surgical treatment. Radical prostatectomy in individualized scatterplot analysis demonstrated statistically significant decrease (p < 0.001) of high baseline sPD-L1 level (> 7.66 pg/ml), and statistically significant increase (p < 0.05) of low preoperative sPD-L1 levels (< 7,66 pg/ml), whereas the postoperative variation of sPD-L1 in the whole group of patients varied and was insignificant (A). Individualized sPD-1 response to surgical tumor removal showed statistically significant increase (p < 0.05) (B).



Tumor excision resulted in a noticeable sPD-1 increase (p < 0.05). According to scatterplot analysis post-operative concentrations of sPD-1 in PCa patients changed in variable way, however, the overall group mean concentrations after radical tumor removal were increased (Figure 5B).




3.8 The interplay between sPD-L1 and sPD-1 and circulating immune cells in PCa

There was no significant interplay between soluble PD-L1 and PD-1 and immune subsets CD3+, CD4+, CD8+, CD19+, CD3-CD16+CD56+, CD8+CD69+.

A high positive correlation (r = 0.73) (p < 0.05) between immunosuppressive CD4+CD25+FoxP3+ regulatory T cells and presurgical sPD-L1 was established in the patients with occurred BCR (Figure 6A). Among patients who have experienced BCR, was found a strong inverse correlation (r = -0.72) (p < 0.05) between preoperative sPD-L1 and percentage of M-MDSC (Figure 6B). In patients with favorable postoperative course of disease no correlations were found between sPD-L1 and Tregs (r = -0.02) (p = 0.86) and percentage of M-MDSC (r = -0.21) (p < 0.10) (Data not shown).




Figure 6 | The correlation between preoperative circulating immunosuppressive cells and sPD-L1. Preoperative CD4+CD25+FoxP3+ Tregs cells positively correlates with sPD-L1 in patients with occurred BCR, suggesting the contribution for cancer progression (R = 0.73) (p < 0.05) (A). Baseline percentage of M-MDSC cells and sPD-L1 shows significant inverse correlation in the peripheral blood of prostate cancer patients with BCR occurred, indicating that monocytic MDSC are not associated with sPD-L1 production in complicated disease (r = -0.72) (p < 0.05) (B).







4 Discussion



4.1 Soluble PD-L1 and PD-1 in prostate cancer and healthy subjects

In present study, we performed a comprehensive analysis of circulating sPD-L1 and sPD-1 levels in a cohort comprising both PCa patients and healthy individuals. Prior to our investigation, - circulating sPD-L1 and sPD-1 levels have never been studied in PCa of the European male population. Levels of sPD-L1 and sPD-1 and their prognostic value in PCa were analyzed only in two trials – in African and in USA men populations (30, 31). Both studies showed elevated concentrations of these molecules in patients with metastatic castration-resistant prostate cancer (mCRPC) compared to healthy controls. Notably, these studies focused on a more aggressive form of prostate cancer compared to our research. Additionally, ADT was administered during the examination in the African male population and no surgical treatment was utilized in either study. Furthermore, it is recognized that prostate cancer affects African men nearly twice as frequently as European men (30), due to various genetic mutations (32).

Our investigation revealed elevated levels of soluble PD-L1 and PD-1 in the plasma of PCa patients, both before and after surgical treatment, compared to healthy controls (Figures 1A, B). sPD-L1 is found in healthy humans and significantly increases in the blood of aged healthy individuals (33), the 51–70 years old people have the highest level of sPD-L1 (13). Our control group, meticulously selected, based on medical history and drug usage, closely mirrors the study population’s age profile and the peak of sPD-L1 concentration in healthy individuals. This makes it an ideal reference for comparing sPD-L1 levels between PCa patients and healthy men. Elevated concentrations of circulating sPD-L1 were found in many cancers compared to controls, - in two separate studies of gastric cancer (GC) (34, 35) in hepatocellular carcinoma (HCC) (36) lung adenocarcinoma (37) clear cell renal cell carcinoma (ccRCC) (12), in different types of carcinomas (38), ovarian cancer (OC) (39), glioma (40, 41).

sPD-1 levels tend to be higher in various cancers compared to those in healthy subjects as well. Elevated levels were found in different subtypes of lymphoma (42), lung adenocarcinoma (37) and glioma (41).

We observed no significant correlation between PSA levels and sPD-L1 or sPD-1 in our patient’s group. Furthermore, when stratifying patients based on median sPD-L1 and sPD-1 levels or utilizing logistic regression to define sPD-L1 groups, no significant differences in PSA levels were detected. These findings suggest that sPD-1 and sPD-L1 may hold promise as complementary biomarkers for prostate cancer screening, potentially enhancing the accuracy of screening alongside PSA testing.




4.2 The implications of sPD-L1 in prostate cancer

To assess the tumor-dependent relationship of sPD-L1 and sPD-1, we compared the preoperative and postoperative dynamics in prostate cancer patients. Our results showed no statistically significant decrease in sPD-L1 levels following tumor excision across the entire patient’s cohort. Therefore, the individualized response to radical tumor removal demonstrates different directions of sPD-L1 changes in high and low groups of sPD-L1. Remarkably, patients with initially high sPD-L1 levels exhibited a statistically significant decrease postoperatively, whereas those with low preoperative sPD-L1 levels demonstrated a statistically significant postsurgical increase (Figure 5A).

Surgical tumor removal has been associated with decreased levels of sPD-L1 in various cancers. In glioma patients, postoperative sPD-L1 levels were significantly lower than preoperative levels (41). Non-small cell lung cancer (NSCLC) patients undergoing radical surgery exhibited a significant increase in sPD-L1 one month post-surgery, followed by a slight decrease at three months (14), suggesting a poor link to tumor removal. While we lack serial data for postoperative changes in PCa patients, comparing with NSCLC studies, suggests that three months may be sufficient to assess the tumor and sPD-L1 dependence. These findings lead us to hypothesize that elevated baseline sPD-L1 levels may relate to tumor secretion. Additionally, sources other than tumor cells, might contribute to the relatively modest sPD-L1 levels observed in peripheral blood in PCa. Furthermore, Kaplan–Meier analysis based on high and low baseline sPD-L1 levels, showed contrasting predictions for PFS. This supports the notion that sPD-L1 in prostate cancer originates not only from tumor cells but also from other cellular sources (Figure 4A).

Low PD-L1 expression in the TME of prostate cancer can complicate the association with sPD-L1. However, PD-L1 expression by tumor cells in prostate cancer correlates with tumor stage, Gleason score, lymph node or distant metastases, surgical margin positivity and other. PD-L1 positivity rates vary in primary prostate cancers and different metastatic sites within the same patient (43), highlighting high heterogeneity of PCa tumor (44). Despite high membranous PD-L1 expression, some studies found no significant correlation between sPD-L1 and tissue PD-L1 (34).

To the best of our knowledge the values of soluble PD-L1 and PD-1 were not further investigated in association with PFS in PCa. Given the cold immune subtype of prostate tumor, Kaplan Meier analysis in our study revealed shortened PFS correlation with high baseline sPD-L1 values in PCa, as in many other tumors characterized by non-immunologically cold TME such as HCC (45), gastric cancer (46, 47), breast cancer (BC) (48) glioma (41) and several NSCLC studies (14, 49, 50).

The Cox proportional hazard test for PFS, initially identified sPD-L1 as a significant factor in the univariate analysis. However, upon conducting multivariate Cox analysis, sPD-L1 lost its significance. This suggests that sPD-L1 does not contribute additional prognostic value beyond established clinical factors such as Gleason score, PSA level, and disease stage in PCa. These results imply that while sPD-L1 may have shown promise in isolation, it does not offer incremental prognostic insight beyond conventional clinical parameters routinely used in PCa prognosis. The significance found in the univariate Cox model, but not in the multivariate Cox model, may also be attributed to the relatively small sample size of the group with disease progression (n = 23). Baseline sPD-L1 was good marker of tumor recurrence in BC (48) and of PFS in metastatic ccRCC patients, treated with sunitinib (51). A previous mentioned studies on soluble immune checkpoints in African and American populations did not explore their association with PFS.

The correlation between circulating sPD-L1 and overall survival (OS) has been observed across various cancers. Patients with high preoperative serum sPD-L1 levels showed significantly lower OS compared to those with low levels in gastric cancer (34, 46) and metastatic pancreatic cancer (52). Huang’s meta-analysis (53) and another multicancer study by Scirocci (9), both found that elevated sPD-L1 levels were associated with worse survival outcomes. Pretreatment sPD-L1 levels were prognostic indicators for OS in patients with biliary tract cancer undergoing palliative chemotherapy (54). No deaths occurred during the follow-up period in our investigation.

Based on our investigation, disease progression correlates with elevated levels of circulating sPD-L1. Significantly elevated sPD-L1 levels were associated with higher Gleason scores, particularly with 4 + 3. This association was also observed among African men, as reported by Katangole (30), although their study showed a higher percentage (43.86%) of advanced PCa cases with Gleason scores of 8–10, whereas in our study, only one person had a Gleason score of 8. The predominant Gleason scores in our group were 6–7 (Table 1). The correlation between higher grade (group 3) and sPD-L1 suggests that sPD-L1 may contribute to the aggressiveness of the disease in our study’s PCa patients. Consistent with our findings, the association of sPD-L1 with disease advancement parameters has been identified in various other tumors: in aggressive bladder cancer (55), advanced (ccRCC) (12), and gastric cancer (35). Baseline sPD-L1 has proven to be a reliable tumor marker in metastatic breast cancer (48) and has been linked to rapid metastatic progression in metastatic ccRCC (51), as well as to the size of metastases in colorectal cancer (56). Elevated initial sPD-L1 levels have been associated with poorer prognosis in ccRCC (57), soft tissue sarcomas (28), pancreatic adenocarcinoma (58), lung cancer (49, 59), hepatocellular carcinoma (36), and lower-grade glioma (40). Moreover, high pretreatment sPD-L1 levels have been linked to low disease control rates in various advanced solid tumors, including melanoma, NSCLC and other (60). As in our study, higher sPD-L1 score values are linked with increased tumor invasiveness, potentially aiding in the identification of high-risk patients who could benefit from prostate biopsy. This approach could help reduce the number of unnecessary biopsies in PCa.




4.3 The impact of sPD-1 in prostate cancer progression

We observed a significant increase in sPD1 levels following tumor excision. Elevated sPD-1 levels following cancer treatment, including surgery, are believed to be associated with favorable outcomes (5). Postreatment sPD-1 levels varies across different cancers: notably increased post immunotherapy vaccine application in mCRPC cases (31) and after anti-PD-1 antibody therapy in solid tumors (61). However, glioma patients had lower postoperative sPD-1 levels compared to preoperative levels (41). Higher post-ICI monotherapy sPD-1 levels were linked to longer overall survival in NSCLC patients (49) and advanced EGFR-mutated NSCLC patients treated with erlotinib (62). Despite the significant elevation of sPD-1 levels following radical prostatectomy, suggesting potential better outcomes, our investigation found no correlation between prognosis and higher postoperative circulating sPD-1 levels. Hypothetically, the postoperative increase in soluble PD-1 levels could be attributed to various factors and mechanisms. Studies suggest sPD-1’s potential to counteract the immunosuppressive effects of PD-1/PD-L1, restoring T-cell function and enhancing antitumor immunity (11, 63). On the other hand, sPD-L1 has been shown to suppress peripheral T lymphocytes (5, 12). The decrease in sPD-L1 post-surgery aligns with the natural T lymphocyte recovery seen with radical tumor resection (64). Overall, tumor excision removes the immune system’s suppressive burden, potentially leading to immune restoration and an increase in sPD-1 levels.

We discovered a statistically significant association between baseline sPD-1 concentration and advanced cancer stage, suggesting a potential correlation between sPD-1 levels and poorer prognosis in PCa. The higher concentration of sPD-1 in pT3 lesions could be useful for doctors to more accurately determine the stage of the cancer. In metastatic ccRCC higher concentrations of sPD-1 tended to correlate with advanced cancer stage as well (51). For patients with metastatic colorectal cancer (mCRC), soluble PD-1, similar to soluble PD-L1, was linked to clinically worse levels of various peripheral blood parameters and metastatic tumor burden (56) and predicted systemic inflammation in pancreatic cancer (65). Although our data reflects finding between pretreatment sPD-1 levels and tumor progression in other cancers, the precise mechanism of the role of sPD-1 remains unclear. We hypothesize that as cancer progresses, there might be an increase in soluble PD-1 as part of the complex interplay between the tumor and the immune system. The tumor microenvironment can release factors that promote the shedding of PD-1 from cell surfaces, resulting in elevated soluble PD-1 levels, particularly since the exact source of sPD-1 is still unknown. Additionally, tumor-associated inflammation can trigger an immune response, leading to higher soluble PD-1 levels as part of immune regulation. Some studies have confirmed the association of sPD-1 with systemic inflammation in the context of cancer progression (65). Further studies are needed to determine the exact mechanism that underlies the connection between malignancy and sPD-1 (11).

Our findings regarding initial sPD-1 levels and PFS did not show statistical significance and according to results of Cox analysis, sPD-1 may not be a reliable predictor of PFS. Contrary, in other cancer studies it has been demonstrated that untreated cancer patients with elevated sPD-1 will have unfavorable survival outcomes (5, 11). High sPD-1 concentrations predict reduced PFS duration in glioma (41) NSCLC (50) mCRC (56) and pancreatic adenocarcinoma (58). Poor survival in diffuse large B cell lymphoma was indicated by a correlation between high initial sPD-1 levels and the PD1+ T cells infiltrating the tumor (66). In contrast a high level of sPD-1 correlated with prolonged PFS in HCC (45). In metastatic ccRCC patients receiving sunitinib (51) treatment and patients treated with nivolumab and ipilimumab in melanoma, sPD-1 levels were significant predictive markers of PFS (67).




4.4 The sPD-1/sPD-L1 ratio for PCa prognosis prediction

PD-1 and sPD-L1 may exert opposing functions potentially creating either an active (11, 63) or immunosuppressive (5, 12, 38, 68) environment depending on their respective concentrations. In our study, the sPD-1/sPD-L1 ratio was significantly different before surgery and after surgery compared with the control group, which exhibited highest values (Figure 2). We found a statistically significant association between initial sPD-1/sPD-L1 ratio and PFS. Patients exhibiting a lower sPD-1/sPD-L1 ratio were associated with a shorter PFS (p < 0.05). Similar results were observed for patient survival by sPD-1/PD-L1 ratio in melanoma treated with immune checkpoint blockade (69), as well as in the context of low sPD-1 and high sPD-L1 combination for PD-1 antibody monotherapy across various cancers (70). In our study, we observed a significant increase in the sPD-1/sPD-L1 ratio after surgery in the entire prostate cancer (PCa) population. This supports preoperative findings indicating a correlation between a higher baseline sPD-1/sPD-L1 ratio and improved prognosis. The postoperative rise in the sPD-1/sPD-L1 ratio suggests a favorable prognosis, particularly considering the highest ratio observed in healthy subjects. In the melanoma study, patients undergoing immunotherapy exhibited around a 30% decrease in mortality risk at a specific time point among those with elevated ratios of sPD-1/sPD-L1 (69). However, in our study, the sPD-1/sPD-L1 ratio demonstrated significance in Cox univariate analysis for PFS but lost its significance in the multivariate analysis, suggesting that it does not offer additional prognostic value beyond established clinical factors in PCa prognosis. Moreover, while the preoperative ratio could distinguish patients more likely to experience disease progression, we did not observe any discernible pattern in the change (increase or decrease) of the sPD-1/sPD-L1 ratio and prognosis.




4.5 The relationship between sPD-L1 and immunosuppressive cells

There are multiple ways in which cancer cells can suppress the immune system’s ability to fight tumors. These include increasing the levels of immune checkpoint proteins and enhancing the immunosuppressive effects of regulatory T cells and MDSCs infiltrating the TME (71). To analyze how the interactions of sPD-L1 and sPD-1 with circulating immune cells affect tumor progression, we further explored the relationships between sPD-L1, sPD-1, and circulating immune cells in both favorable and unfavorable disease outcomes. Preoperative levels of immunosuppressive cells such as Tregs and MDSC, showed notable correlations with baseline sPD-L1 levels in postoperative BCR patients. Conversely, no correlations were observed between sPD-L1 and immune cell populations in patients with a favorable disease course. No notable correlations were found between sPD-L1 and sPD-1 levels and immune cell populations like CD3+, CD4+, CD8+, and NK cells, which typically exhibits antitumor effects in whole PCa patients population.

Soluble PD-L1 and PD-1 were found to impact clinically worse laboratory parameters in mCRC, as indicated by Dank (56). Additionally, Castello (72) discovered an association between metabolic tumor burden and sPD-L1 levels in NSCLC, while Kruger (65) revealed a link between sPD-L1 and sPD-1 with systemic inflammation in pancreatic cancer. These findings suggest a systemic effect of these soluble molecules on unfavorable prognosis and cancer progression. However, further studies investigating the effects of soluble PD-L1 and PD-1 on disease progression beyond intrinsic clinical findings are still limited.

Based on the possible systemic effect of soluble PD-L1 and PD-1, our analysis revealed a positive correlation between sPD-L1 and immunosuppressive circulating CD4+CD25+FOXP3+ T regulatory cells in PCa patients with an unfavorable course of disease, suggesting potential role of this interaction in disease progression and upregulated immunosuppressive activity. Several cancer studies support PD-L1’s involvement in T regulatory cell proliferation and immunosuppression. PD-L1 regulates induced Treg cells development and functionality (73), later these cells have been shown to be induced and sustained by PD-L1 in glioblastoma (74). Acute myeloid leukemia (AML) expressing PD-L1, may enhances Treg cells expansion, which, in turn, stimulates AML cell growth via production of specific interleukins (75). Additionally, sPD-L1 was found to induce B regulatory cell differentiation and regulate Treg induction through CD19+ B cells (76). Recent data from Liang (38) suggests circulating sPD-L1 beyond the TME promotes cancer growth. Our findings, along with these studies, suggest sPD-L1 enhances the immunosuppressive effects of T regulatory cells, potentially driving the progression of cancer.

MDSCs, known to contribute to sPD-L1 production, in addition to tumor cells (77). However, it remains unclear whether monocytic (M-MDSC) or granulocytic (G-MDSC) subtypes predominantly produce sPD-L1 (60). Studies in tumor-bearing mice have shown higher percentages of PD-L1+ G-MDSCs and M-MDSCs compared to tumor-free mice, with M-MDSCs exhibiting the highest proportion of PD-L1 expression (78). Oh’s study suggests that sPD-L1 originates primarily from G-MDSCs (60). In a mouse colon cancer model, the tumor microenvironment had the highest concentration of PD-L1+ MDSCs compared to peripheral blood and secondary lymphoid organs (78). Conversely, ovarian cancer showed a strong link between PD-L1+ M-MDSCs and sPD-L1 in the bloodstream, suggesting sPD-L1 as a potential marker for monitoring PD-L1+ myeloid cells in untreated OC without invasive procedures (39). Our study found an inverse correlation between baseline sPD-L1 levels and M-MDSC percentage in patients with BCR, suggesting M-MDSCs are not a major source of sPD-L1 in PCa with unfavorable course. Additionally, patients with high baseline sPD-L1 levels were associated with shorter PFS, (including BCR) and showed significant postoperative decreases, indicating a link between high sPD-L1 and tumor. This supports our hypothesis that high sPD-L1 levels may be linked to tumor secretion. We aimed to link the immune cells we studied with sPD-L1, anticipating that they might serve as an additional source of sPD-L1; however, we did not find any such associations.





5 Conclusion

New cancer biomarkers may be provided by the implementation of the easily, into clinical practice, introducible sPD-L1 and sPD-1, as these have demonstrated significance in tumor prognosis and possible systemic effect for cancer proliferation. In our study, sPD-L1 and sPD-1 levels were higher in PCa patients compared to healthy individuals. High initial sPD-L1 concentrations correlated with poorer PFS, as well as a low sPD-1/sPD-L1 ratio and has emerged as a valuable prognostic marker for PCa. Additionally, a strong link between sPD-L1 and CD4+CD25+Foxp3+ regulatory T cells in BCR cases was observed, indicating sPD-L1’s systemic impact on tumor progression. We found an inverse relationship between M-MDSC percentage and sPD-L1 in BCR patients. This, along with high sPD-L1 levels associating with shortened PFS and postoperative decrease, suggests M-MDSC might not be the source of sPD-L1 in PCa patients. Our findings suggest sPD-L1 elevation relates to tumor progression and initial concentration of sPD-L1 is appropriate to predict the course of disease. Although sPD-L1 may be linked with other PCa diagnostic tools utilized in clinical settings, its convenient accessibility facilitates the implementation of more thorough screening protocols. Future directions, - more detailed studies of the interactions of PD-L1 and sPD-1 with immune cells in other tumors and the association of exposure with adverse prognosis in larger cohorts are needed, as well as detailed studies of the associations with other parameters supporting their systemic effect for tumor progression and origin. In conclusion, - the results of this study suggest that pretreatment plasma sPD-L1 concentrations can be used for prognosis prediction and could be helpful in biopsy decisions in prostate cancer.




6 Limitations of the study

There were some limitations in the current study. First, this is a single-center study, with relatively small study cohort. Second, the profile of immune cells has not been studied widely enough.
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Background

The majority of patients with lung cancer exhibit drug resistance after anti-PD-1 immunotherapy, leading to shortened patient survival time. Previous studies have suggested an association between epigenetic abnormalities such as methylation and clinical response to anti-PD-1 immunotherapy, while the role of SUMOylation in resistance to anti-PD-1 antibody immunotherapy is still unclear.





Methods

Here, the mRNA expression of 15 SUMO machinery components in PBMC from lung cancer patients receiving anti-PD-1 immunotherapy were analyzed using real-time PCR. Base on the percentage change in mRNA levels, the relationship between the expression of SUMO machinery components and outcomes of anti-PD-1 immunotherapy, and the influencing factors of SUMOylation were evaluated. PBMC was treated with different concentrations of 2-D08 (a specific inhibitor of SUMOylation) in vitro, and analyzed the activation and the death rates of lymphocyte subsets by flow cytometry analysis.





Results

A predictive method, base on the gene expression of three SUMO machinery components (SUMO1, SUMO3 and UBE2I), were developed to distinguish non-responders to PD-1 inhibitors. Furthermore, the number of lymphocytes in peripheral blood significantly reduced in the dysregulated SUMOylation groups (the percentage change >100 or -50 ~ -100 groups). In vitro studies confirmed that lightly low SUMOylation level improved the activation status of T and NK lymphocytes, but extremely low SUMOylation level lead to the increased death rates of lymphocytes.





Conclusion

Our findings implied that dysregulated gene expression of SUMO machinery components could induce the resistance of anti-PD-1 immunotherapy in lung cancer by upregulating the death of peripheral blood lymphocytes. These data might provide effective circulating biomarkers for predicting the efficacy of anti-PD-1 immunotherapy, and uncovered a novel regulatory mechanism of resistance to anti-PD-1 immunotherapy.
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Introduction

Lung cancer is one of the malignant diseases with high incidence and mortality (1, 2). Since most patients with advanced lung cancer lose the opportunity for surgical resection, they often require anti-tumor immunotherapy, such as anti-programmed cell death-1 (PD-1) immunotherapy (3). However, the majority of patients remained unresponsive or worsening of disease after PD-1 blockade, which is known as the resistance to anti-PD-1 immunotherapy (4). Research indicates that resistance is a common cause of shortened survival and increased mortality in patients with anti-PD-1 immunotherapy (5). Therefore, it is important to comprehend mechanisms of the resistance to anti-PD-1 immunotherapy and identify patients who may potentially benefit from therapeutic schedule.

Numerous studies on anti-PD-1 immunotherapy have shown that epigenetic aberrations may lead to the resistance to PD-1 inhibition, thereby leading to poor prognosis (6, 7). Small ubiquitin-like modification (SUMOylation) is an epigenetic modification gaining most of the research interest recently (8). During SUMOylation, small ubiquitin-like modifiers (SUMO) are covalently attached to target proteins via an enzymatic cascade that requires the sequential action of SUMO activating enzyme, SUMO conjugating enzyme and SUMO ligases (9, 10). Similar to other epigenetic modifications, the covalent conjugation of SUMO to protein substrates is a reversible modification and cleaved by SUMO specific proteases (SENPs), i.e., deSUMOylation (11). Cumulative studies have indicated that SUMOylation regulates a number of biological processes, including carcinogenesis, cell cycle progression, apoptosis and immune responses (12). To date, five categories of SUMO machinery components had been identified, including SUMO isoforms (SUMO1~4), SUMO activating enzyme (SAE1 and UBA2), SUMO conjugating enzyme (Ubc9, encoded by UBE2I), SUMO ligases (PIAS1, etc) and SUMO specific proteases (SENP1, 2, 3, 5, 6, 7) (9, 10). Owing to the critical roles of SUMO machinery components in maintaining the steady-state level between SUMOylated and deSUMOylated in substrate proteins, it is conceivable that altered expression of these components can lead to various diseases, particularly cancer (13). For example, in glioblastoma (GBM), SUMO machinery components are upregulated, such as SUMO activating enzyme (SAE1), SUMO conjugating enzyme (Ubc9) and SUMO specific protease (SENP1), promoting tumor progression (14). Similarly, upregulated SUMO conjugating enzyme (Ubc9) promoted transcription factor Slug SUMOylation play a crucial role in hypoxia-induced lung cancer progression (15). Recently, epigenetic drugs have been shown to reduce the resistance of certain cancer patients to PD-1 inhibitors (16). For example, inhibitors of histone deacetylase or inhibitors of DNA Methyltransferase effectively overcome the resistance to anti-PD-1 immunotherapy in breast cancer and melanoma (17, 18). However, the role of SUMOylation in the resistance to anti-PD-1 immunotherapy is still unclear.

In anti-PD-1 immunotherapy, treatment with the PD-1 blockade interrupted the inhibitory effect mediated by PD-1/PD-L1 axis and restored activity of lymphocytes, which are the main effector cells with an anti-tumor function (19). Recent studies have found that, during anti-PD-1 immunotherapy, only a small fraction of tumor-infiltrating lymphocytes can specifically recognize and attack cancer cells to achieve therapeutic effects (20, 21). When they are exhausted, the continuous recruitment of a large number of peripheral blood lymphocytes into tumors for supplementing tumor infiltrating lymphocytes may be important for subsequent anti-PD-1 treatment responsiveness (22, 23). At present, the number of peripheral blood lymphocytes has been adopted as a clinical prediction tool for the therapeutic efficacy of anti-PD-1 immunotherapy (24, 25). Therefore, analyzing the factors that cause changes in peripheral blood lymphocyte count during anti-PD-1 immunotherapy may help to understand the mechanism of the resistance to anti-PD-1 immunotherapy and improve treatment efficacy.

In this study, we focused attention on the mRNA expression of 15 SUMO machinery components, including four SUMO genes (SUMO1~4), two SUMO activating enzyme genes (SAE1 and UBA2), a SUMO conjugating enzyme gene (UBE2I), two SUMO ligase genes (PIAS1 and PIAS2) and six SUMO specific protease genes (SENP 1,2,3,5,6,7), in peripheral blood mononuclear cells (PBMC). By analyzing these genes of 105 patients with lung cancer during anti-PD-1 immunotherapy, we developed a predictive method, based on the SUMO1, SUMO3 and UBE2I, to distinguish non-responders with a progressive disease. Further analysis showed that dysregulated gene expression of SUMO machinery components was associated with decreased peripheral lymphocyte counts during the resistance process of anti-PD-1 immunotherapy in lung cancer. The in vitro experiments validated that dysregulated SUMOylation were one reason for inducing increased lymphocyte death. Together, these results indicated that dysregulated gene expression of SUMO machinery components may be a potential underlying cause of developing resistance to anti-PD-1 immunotherapy, and effective circulating biomarkers for predicting the efficacy of this treatment.





Materials and methods




Study design

Patients were enrolled from conventional treatments at the First Hospital of Jilin University, Changchun, China, from January 2023 to December 2023. For inclusion criteria: patients were diagnosed with late-stage lung cancer (stage III/IV, including local, regional and distant recurrence). The treatment regimens were determined by clinicians based on the patient’s condition. All enrolled patients received PD-1 mAb intravenously once every 3 weeks until disease progression or unacceptable toxicity. Based on Response Evaluation Criteria in Solid Tumors (RECIST) V.1.1 criteria, these patients were divided into a responder (R) group and a non-responder (NR) group. Responders were defined as a patient who achieved complete response (CR), partial response (PR) or stable disease (SD) after anti-PD-1 immunotherapy for more than 24 weeks. Non-responders were defined as a patient who had progressive disease (PD) after anti-PD-1 immunotherapy for less than 24 weeks. Patients with other malignancies or comorbidities (e.g., heart failure, severe diabetes mellitus) were excluded. The study was approved by the Human Ethics Committee of the First Hospital of Jilin University (23K155-001). All participants had signed informed consent forms before collecting samples.





Real-time PCR

PBMC were isolated from lung cancer patients who received anti-PD-1 immunotherapy for 9 weeks by using Ficoll-Hypaque (Sigma Aldrich, USA) density gradient centrifugation. The 9th week is in line with the recommended time node for the first response assessment of tumor according to the guidelines and consensus (26–28). Total RNA was extracted from PBMC using MolPure Cell RNA Kit (YEASEN Biotech Co., Ltd, China) following the manufacturer’s instructions. cDNA synthesis was carried out by using Hifair III 1st Strand cDNA Synthesis SuperMix for qPCR (YEASEN Biotech Co., Ltd, China). The mRNA expression of 15 SUMO machinery components were analyzed by real-time PCR using the SYBR Green PCR Master Mix (YEASEN Biotech Co., Ltd, China). Considering the comparability of data, we combined the mRNA expression levels of PBMC from 10 untreated patients with lung cancer as the baseline value and defined it as 1. The relative mRNA expression levels of 15 SUMO machinery components in PBMC were calculated using the 2–ΔΔCT method. GAPDH served as an internal control. The sequences of real-time PCR primers were shown as Supplementary Table 1.





Prediction model

We calculated the percentage changes in relative mRNA level of 15 SUMO machinery components in PBMC from 105 lung cancer patients as the following formula: [(express value-baseline value)/baseline value]×100%. The utilization of the percentage change formula for data normalization had been implemented in multiple studies searching for biomarkers of cancer immunotherapy efficacy (29–31). We developed a risk score base on different percentage changes in SUMO machinery components, which could be used to identify the high risk patients for developing NR. The risk score of patient was defined as 2, if the percentage change in mRNA level of SUMO machinery components in PBMC was greater than 100 times or less than -50~-100 times. The risk score of patient was defined as 1, if the percentage change in mRNA level of SUMO machinery components in PBMC was less than 100 times and greater than -50. Receiver operating characteristic (ROC) curves were used to assess diagnostic accuracy of changes in SUMO machinery components in predicting the probability of NR.





PBMC under treatment with the SUMOylation inhibitor

To investigate the effect of SUMOylation inhibition on lymphocytes in peripheral blood, we chose 2-D08 (YEASEN Biotech Co., Ltd, China) to treat PBMC. 2-D08 is a specific inhibitor of SUMOylation that blocks the transfer of SUMO protein from the SUMO-Conjugating Enzyme (Ubc9) thioester conjugate to substrates. In the in vitro culture system, PBMCs isolated from 27 lung cancer patients treated with PD-1 antibody were cultured in RPMI1640 medium containing 10% fetal bovine serum (FBS; Thermo fisher scientific, USA). Along with the concentration of 2-D08 gradually increased, we observed the dose effect of SUMOylation inhibition on lymphocytes. After 24 hours of adding 2-D08, PBMCs were harvested and analyzed by flow cytometry.





Flow cytometry analysis

Samples were tested by 10-colour/three laser flow cytometer (FACSCantoTM, BD Bioscience, USA) and analyzed by BD FACSDiva™ software (BD Bioscience, USA). The following fluorescently-conjugated antibodies were used for cell phenotypic analysis: CD45- PerCP (BD Bioscience, USA; Cat#652803), CD3-FITC (BD Bioscience, USA; Cat#349201), CD4-APC-Cy7 (BD Bioscience, USA; Cat#557871), CD8-PE-Cy7 (BD Bioscience, USA; Cat#557746), CD19-APC (BD Bioscience, USA; Cat#652804), CD56- BV510 (BD Bioscience, USA; Cat#563041), CD69-Alexa Fluor 700 (BD Bioscience, USA; Cat#560739). The death of lymphocytes was measured by staining with Annexin V-PE antibody (BD Bioscience, USA; Cat#559763). All antibodies for flow cytometry in this study were purchased from BD Biosciences. The gating strategy for cell subsets were shown in corresponding figures.





Statistical analysis

Differences among normally distributed variables were analyzed using a Student’s t-test. For variables that were not normally distributed, a Mann-Whitney U test or Kruskal-Wallis ANOVA test was used. Statistical significance was shown as: * P< 0.05, ** P< 0.01. *** P< 0.001. Statistical analyses were performed using Prism 10.0 (GraphPad Prism, RRID: SCR_002798) and SPSS 27.0 statistical software package (SPSS, RRID: SCR_002865).






Results




The relationship between dysregulated gene expression of SUMO machinery components in PBMC and the prevalence rates of NR

To search for potential regulatory points that may influence clinical response to anti-PD-1 immunotherapy, we explored the relative mRNA expression of 15 SUMO machinery components in PBMC from 105 lung cancer patients (53 responders and 52 non-responders) for 9 weeks after anti-PD-1 immunotherapy (Figures 1A–C; Supplementary Figures 1, 2). We found that the average expression levels of each gene in PBMC was not significantly different between R group and NR group. However, compared with the R group, the dots in the scatter plot of gene expression in the NR group appeared to be more scattered. Subsequently, based on analysis of variance, the discretization of relative mRNA expression of 15 SUMO machinery components between the R and NR groups was investigated. As expected, except for SUMO4, SAE1, PIAS1 and SENP5, the discretization of the other 11 genes in the NR group was significantly higher than that in the R group (all p values < 0.05).




Figure 1 |     Dysregulated gene expression of SUMO machinery components in PBMC was associated with the prevalence rates of NR. (A–C) The relative mRNA expression of SUMO1 (A), SUMO3 (B) and UBE2I (C) in PBMC from responders (n=53) and non-responders (n=52). Data were expressed as mean ± 95%CI. (D–F) The percentage change in the relative mRNA expression of three SUMO machinery components (SUMO1, SUMO3 and UBE2I) was associated with the prevalence rates of NR.



In order to accurately evaluate the relationship between the mRNA expression of SUMO machinery components and outcomes of anti-PD-1 immunotherapy, we used the formula [(express value-baseline value)/baseline value] ×100% to calculate the relative percentage change in SUMO machinery component mRNA levels after implementation of anti PD-1 immunotherapy. The baseline value is the average mRNA expression level of corresponding SUMO machinery component in PBMCs of 10 untreated lung cancer patients. By calculating, we obtained the percentage change in relative mRNA levels and used it as an indicator of the severity of SUMOylation dysfunction (32–34). Based on the distribution of percentage change data, we roughly divided it into five groups, which are >100, 50~100, 0~50, 0~-50, -50~-100. Then the prevalence rates of NR based on specific percentage changes in relative mRNA levels were analyzed. The results showed that the prevalence rates of NR had significant differences among diverse percentage change groups of SUMO1 (Figure 1D, p=0.001), SUMO3 (Figure 1E, p=0.003) and UBE2I (Figure 1F, p<0.001). Notably, the prevalence rates of NR significantly increased in the highest percentage change group (>100) and the lowest percentage change group (-50~-100), compared with other three groups. On the contrary, the percentage change of other 12 genes had no significant correlation with the prevalence rates of NR (Supplementary Figures 1, 2). These results indicate that the dysregulation of SUMO1, SUMO3, and UBE2I expression in PBMC was positively correlated with the occurrence of NR and played an important role in the resistance process of anti PD-1 immunotherapy.





The predictive value of the mRNA levels of SUMO1, SUMO3 and UBE2I in PBMC for clinical response to anti-PD-1 immunotherapy

To evaluate the predictive ability of SUMO1, SUMO3 and UBE2I for clinical response to anti-PD-1 therapy, we developed a risk score based on different percentage changes in mRNA level of three genes. The patients were grouped into the high-risk group and scored as 2, if the percentage change in mRNA level of three genes in PBMC was greater than 100 times or less than -50~-100 times. The patient was grouped into the low-risk group and scored as 1, if the percentage change in mRNA level of three genes in PBMC was less than 100 times and greater than -50. ROC curves was used to assess diagnostic accuracy of the percentage change in three genes to predict the probability of NR (Figure 2). SUMO1 predicted the probability of NR with a sensitivity of 75.0% and specificity of 67.9% (cut-off value: 1.5; area under the curve [AUC]: 0.715; 95% confidence interval [CI]: 0.614 to 0.815; P <0.001). The AUC for SUMO3 to predict NR was 0.704 (cut-off value: 1.5; 95% CI: 0.603 to 0.805; P < 0.001), and the sensitivity and specificity were 63.5% and 77.4%, respectively. ROC analysis revealed that UBE2I (cut-off value: 1.5; AUC: 0.733; 95% CI 0.635-0.831; P < 0.001; sensitivity: 69.2%; specificity: 77.4%) had best predictive power for the probability of NR among three genes. Moreover, the analysis of combined three genes (cut-off value, AUC, sensitivity and specificity of 5.5, 0.791, 57.7% and 96.2%, respectively) yielded a higher diagnostic accuracy than that of single gene in NR diagnosis. These results suggested that the percentage change in mRNA level of 3 SUMO machinery components (SUMO1, SUMO3 and UBE2I), either alone or in combination, could to some extent predict clinical response to anti-PD-1 immunotherapy.




Figure 2 | The mRNA levels of three SUMO machinery components predicted clinical response to anti-PD-1 immunotherapy. ROC analysis based on SUMO1 (blue), SUMO3 (green), UBE2I (purple) and combined three genes (red) for the diagnosis of non-responders was shown.







The influencing factors of dysregulated SUMO machinery components in peripheral blood of lung cancer patients

Due to the best predictive ability of UBE2I for NR among SUMO machinery components, we attempted to identify the influencing factors of SUMOylation based on the percentage change in mRNA level of UBE2I. The enrolled 105 patients were divided into five groups for evaluation of sociodemographic, clinical, and peripheral leukocyte characteristics. As shown in Table 1, the results showed that the percentage change in mRNA level of UBE2I was not associated with age, sex, histology, disease stage and treatment. By analyzing peripheral leukocyte characteristics, we found that the number of leukocytes (white blood cells, WBC) (Figure 3A), neutrophils (NEU) (Figure 3B) and monocytes (MON) (Figure 3C) had no significant differences among five groups. However, as shown in Figure 3D, the number of lymphocytes (LYM) were significantly reduced in the highest percentage change group (>100) and the lowest percentage change group (-50~-100). Subsequently, we analyzed the data of lymphocyte subsets from 90 patients who underwent peripheral lymphocyte subset analysis. The results showed that there was no significant differences in the proportion of various lymphocyte subsets among five groups (Figures 3E–H). Furthermore, based on the percentage change in mRNA level of SUMO1 (Supplementary Figure 3) and SUMO3 (Supplementary Figure 4), the characteristics of peripheral leukocytes were similar with UBE2I. Our data indicated that SUMOylation related non-response to anti-PD-1 immunotherapy might be associated with decreased peripheral lymphocyte count.


Table 1 | Baseline characteristics and UBE2I expression.






Figure 3 |     Association between the percentage change in UBE2I mRNA level and different white blood cell populations in peripheral blood of lung cancer patients. (A–D) The absolute counts of white blood cell (WBC), neutrophils (NEU), monocytes (MON) and lymphocytes (LYM) were compared among different groups base on the percentage change of UBE2I. (E–H) The percentages of lymphocyte subsets were compared among different groups base on the percentage change of UBE2I. Student’s paired t-test, * P < 0.05, ** P < 0.01, *** P < 0.001.







The regulatory effect of SUMOylation inhibition on lymphocyte activity and death

To investigate the effect of SUMOylation on lymphocytes in peripheral blood, we treated PBMC of 27 lung cancer patients receiving PD-1 treatment with different concentrations of 2-D08 (a specific inhibitor of SUMOylation) in vitro, and analyzed the activation status (CD69+) and the death rates (Annexin V+) of different lymphocyte subsets by flow cytometry analysis. The gating strategy was presented in Figure 4A. We found that the percentages of CD45+CD3+CD4+CD69+T cells (Figure 4B), CD45+CD3+CD8+CD69+T cells (Figure 4C) and CD45+CD3-CD56+CD69+NK cells (Figure 4D) were significantly up-regulated in a 2-D08 dose-dependent manner, but the gradually increasing concentrations of 2-D08 had no effect on the percentages of CD45+CD3-CD19+CD69+B cells (Figure 4E). Similarly, 2-D08 increased the percentage of CD45+CD3+CD4+Annexin V+T cells (Figure 4B), CD45+CD3+CD8+Annexin V+T cells (Figure 4C), and CD45+CD3-CD19+Annexin V+B cells (Figure 4E) in a dose-dependent manner at concentrations greater than 10μM. However, it was worth noting that 2-D08 reduced the percentage of these cells at 5μM concentrations (Figures 4B, C, E). Besides, CD45+CD3-CD56+NK cells also displayed an increased percentage of Annexin V+ cells at higher concentrations of 2-D08 (≥20μM) (Figure 4D). These results suggested that although inhibition of SUMOylation levels could improve the activation status of T and NK lymphocytes, extreme decline in SUMOylation levels would lead to the increased death rates of lymphocytes.




Figure 4 | The relationship between the SUMOylation inhibition and the phenotype of lymphocyte. (A) Flow-cytometry dot plots showed the strategy for gating peripheral blood lymphocyte cells with CD69+ and Annexin V+ phenotype. (B-E) The expression of CD69 and Annexin V were analyzed on CD45+CD3+CD4+ T cells (B), CD45+CD3+CD8+ T cells (C), CD45+CD3-CD56+ NK cells (D) and CD45+CD3-CD19+ B cells (E). Student’s paired t-test, * P < 0.05, ** P < 0.01, *** P < 0.001.








Discussion

In this study, we found that the dysregulated mRNA expression (extremely high or low level) of three SUMO machinery components (SUMO1, SUMO3 and UBE2I) in PBMC was related to the resistance to anti-PD-1 immunotherapy. The mRNA expression of SUMO genes (either SUMO1 or SUMO3) plus the only SUMO E2 conjugating enzyme gene (UBE2I) was necessary for SUMOylation, and the abnormal change of their expression had a significant impact on SUMOylation level in PBMC (35). Therefore, we speculated that dysregulated SUMOylation (extremely high or low level) in PBMC may promote the occurrence of resistance to anti-PD-1 immunotherapy in lung cancer. It had been shown that up-regulation of certain SUMO machinery components correlated with the resistance in lung cancer (36). For example, UBA2 was highly expressed in lung cancer and it knockdown increased the sensitivity of cancer cell to etoposide and cisplatin (37). SENP1 had been reported to overexpressed in patients with lung cancer, and had a negative correlation with treatment response and could potentially predict chemosensitivity (38, 39). In spite of this, up-regulation of certain SUMO machinery components associated with favorable treatment response in some cases such as UBE2I 10920CG genotype enhances sensitivity to irinotecan chemotherapy in lung cancer through upregulation of SUMO1 in tumor cells (40). These findings suggested that SUMOylation might play a complex and crucial role in the resistance of lung cancer. However, previous researchers mainly focused on the SUMOylation level during the development of resistance in tumor cells, rather than lymphocytes, which is the main effector cell in anti-PD-1 immunotherapy (41, 42). The main subpopulation of PBMC analyzed in this study is lymphocyte (43, 44). It was reported that the homeostasis and function of lymphocytes could be used to predict the response to anti-PD-1 immunotherapy in lung cancer (25). Although the steady-state level of SUMOylation played an essential role in the homeostasis and function of lymphocytes, the relationship between dysregulated SUMOylation in lymphocytes and the resistance to anti-PD-1 immunotherapy in lung cancer was still unclear (45–48).

By analyzing the immunotherapy cohort of lung cancer, we found that dysregulated gene expression of SUMO machinery components were associated with decreased peripheral blood lymphocytes counts. It was reported that the dynamically monitoring with peripheral blood lymphocytes count had great value in assessing treatment efficacy and predicting prognosis of anti-PD-1 immunotherapy (25, 49, 50). Interestingly, some researchers had found that decreased peripheral lymphocyte counts before treatment was not associated with poorer survival in patients, but persistence of decreased peripheral lymphocyte counts after 12 weeks of immunotherapy might be a poor prognostic marker of patient survival (51). However, the reason for a decreased of peripheral blood lymphocytes during therapy is unclear. Our findings evidenced that dysregulated SUMOylation is an inducing factor of decreased peripheral blood lymphocytes during anti-PD-1 immunotherapy. In in vitro experiments, we found that lightly low SUMOylation level (PBMC was treated with less than 5 μM 2-D08) was associated with the decreased death rates of lymphocyte, but extremely low SUMOylation level (PBMC was treated with greater than 10μM 2-D08) was associated with the increased death rates of lymphocyte. The results indicated that the steady-state level of SUMOylation might be promoting effective therapeutic response of anti-PD-1 immunotherapy by maintaining peripheral blood lymphocyte number, but dysregulated SUMOylation might be detrimental to treatment by promoting peripheral blood lymphocyte death. According to the reports, accumulation of SUMOylated STAT5 and SUMOylated Daxx resulted in growth suppression of lymphocyte (52, 53). Furthermore, in a mouse model of pancreatic ductal adenocarcinoma (PDAC), the SUMOylation inhibitor treated mice demonstrated a decrease in absolute numbers of peripheral lymphocytes. Although the SUMOylation inhibitor efficiently limited tumor growth by inhibiting cancer cell cycle progression and activating interferon signaling in lymphocytes, mouse were only well tolerated during short term treatment (54). We speculate that a strong decrease of peripheral blood lymphocyte induced by the SUMOylation inhibitor may be the main reason for the interruption of later experiments. Remarkably, the number of total lymphocyte was significantly reduced in the highest/lowest percentage change group, but there was no significant difference in the proportion of various lymphocyte subsets among five percentage change groups. This seemed to be related to the similar decreased degree of different lymphocyte subsets induced by dysregulated SUMOylation. In in vitro experiments, we found that SUMOylation inhibitors induced death of different lymphocyte subsets in a dose-dependent manner. Similarly, researchers found that both T and B cell development exhibited severe defects in SUMO specific protease 1 gene knockout mice (52). The above evidence suggested that dysregulated SUMOylation might lead to decrease the number of various lymphocyte subsets in a similar degree. This will result in a decrease in the number of total lymphocytes, but the proportions of various lymphocyte subsets remain unchanged.

Base on the mRNA expression of three SUMO machinery components (SUMO1, SUMO3 and UBE2I), we displayed a predictive method to distinguish the resistance to anti-PD-1 immunotherapy. Among these three genes, UBE2I had the best predictive ability (AUC = 0.733) for the resistance to anti-PD-1 immunotherapy. It may be that UBE2I, the only SUMO conjugating enzyme gene found so far, plays a crucial role in the rate of the SUMOylation cycle (55, 56). ROC curve analysis revealed that the combined expression of SUMO1/SUMO3/UBE2I showed moderate prediction performance for therapeutic responses (AUC = 0.791). Recently, many biomarkers, such as single-cell RNA sequencing or non-targeted metabolomics from tumor samples, and immune infiltration in the tumor microenvironment, had been shown to be potentially useful to predict therapeutic response in lung cancer patients treated with anti-PD-1 immunotherapy (57, 58). However, local analysis of tumor tissue might be severely limited by the amount of available samples, especially since tissue would be consumed by routine molecular analyses (59). Our predictive model, either a single gene or a combination of three genes, can serve as an easily accessible circulating biomarker to evaluate anti-PD-1 treatment response, which could help clinicians to intuitively analyze initial treatment expectation.

In conclusion, our research developed a predictive method, based on the gene expression of three SUMO machinery components (SUMO1, SUMO3 and UBE2I), to distinguish the resistance to anti-PD-1 immunotherapy. Furthermore, our findings implied that the decreased peripheral blood lymphocytes induced by dysregulated SUMOylation might be an inducing factor for the resistance to anti-PD-1 immunotherapy in lung cancer. These data might provide effective circulating biomarkers for predicting the efficacy of anti-PD-1 immunotherapy, and uncovered a novel regulatory mechanism of resistance to anti-PD-1 immunotherapy.
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Objective

The aim of this study was to compare hematological parameters pre- and early post-chemotherapy, and evaluate their values for predicting febrile neutropenia (FN).





Methods

Patients diagnosed with malignant solid tumors receiving chemotherapy were included. Blood cell counts peri-chemotherapy and clinical information were retrieved from the hospital information system. We used the least absolute shrinkage and selection operator (LASSO) method for variable selection and fitted selected variables to a logistic model. We assessed the performance of the prediction model by the area under the ROC curve.





Results

The study population consisted of 4,130 patients with common solid tumors receiving a three-week chemotherapy regimen in Sichuan Cancer Hospital from February 2019 to March 2022. In the FN group, change percentage of neutrophil count decreased less (−0.02, CI: −0.88 to 3.48 vs. −0.04, CI: −0.83 to 2.24). Among hematological parameters, lower post-chemotherapy lymphocyte count (OR 0.942, CI: 0.934–0.949), change percentage of platelet (OR 0.965, CI: 0.955–0.975) and higher change percentage of post-chemotherapy neutrophil count (OR 1.015, CI: 1.011–1.018), and pre-chemotherapy NLR (OR 1.002, CI: 1.002–1.002) predicted an increased risk of FN. These factors improved the predicting model based on clinical factors alone. The AUC of the combination model was 0.8275.





Conclusion

Peri-chemotherapy hematological markers improve the prediction of FN.
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1 Introduction

Chemotherapy-induced febrile neutropenia (FN) is one of the most concerning sequelae in patients with cancer undergoing chemotherapy (1). It often leads to serious infections and causes dose reduction and delays that may impair survival outcomes (2). Current guidelines recommend prophylactic granulocyte colony-stimulating factor (G-CSF) based on the estimated FN risk (3). They are mainly based on a chemotherapy regimen, considering specific individual patient characteristics. However, until now, there is no widely accepted mechanism to quantify patient-specific risk.

Several models that focused on certain predictors have been proposed. These factors include tumor type, number of chemotherapy cycles, and chemotherapy regimen (4). Individual patient characteristics, such as age and comorbidities, are also associated with FN risk (5). Lyman’s model is a widely used risk model published in 2011 with an area under the receiver operating characteristics curve (AUC) of 0.81. Its risk factors included patient-specific variables such as age, receipt of prior chemotherapy, cancer type, white blood cell count, and liver and renal function parameters before chemotherapy (6). In a recent external validation study, the Lyman model demonstrated moderate predicting value with an AUC of 0.7475. It also included too many variables, which limits an easy use in clinical practice.

Blood cell counts are essential and economic tests during chemotherapy. They are needed before chemotherapy to determine whether chemotherapy is feasible. Blood cell counts before chemotherapy such as white blood cell count, absolute neutrophil count, and lymphocyte count have been shown of certain value in predicting FN (7, 8). Blood cell counts are also commonly performed within a few days of chemotherapy in clinical practice, while severe neutropenia usually occurs 7 to 10 days after chemotherapy. Except for hematological parameters sampled before chemotherapy, these parameters early after chemotherapy may function better to predict FN risk. Moreover, hematological parameter-derived indexes such as systemic inflammatory index (SII), neutrophil–lymphocyte ratio (NLR), and platelet–lymphocyte ratio (PLR) were related to host immune status. They are widely used in predicting the prognosis of cancer as well as some non-malignant diseases (9–11). However, it has not been fully elucidated whether blood cell counts before and early after chemotherapy and their derived indicators can increase the predictive value in addition to patient-specific variables.

In the current study, we compared pre- and early post-chemotherapy hematological parameters between non-FN and FN groups. We selected key factors for predicting FN from all variables by the least absolute shrinkage and selection operator (LASSO) method. We then establish three models based on hematological or clinical features alone or a combination of both and compare their performances. This study is of the largest data to date to compare pre- and early post-chemotherapy hematological parameters and analyze their predictive value for FN. We aimed to compare hematological parameters pre- and early post-chemotherapy, and evaluate their values for predicting FN.




2 Materials and methods



2.1 Study population

We retrospectively searched the hospital information system (HIS) for chemotherapy data between January 2019 and November 2022 at Sichuan Cancer Hospital. The center is a key center for cancer care in southwest China with 1,500 beds that provides services for over 100,000 patients per year. Inclusion criteria were patients with solid tumors receiving a three-week intravenous chemotherapy regimen, having blood cell counts 1 day before chemotherapy and early after chemotherapy (within 1 to 4 days), and at least three routine blood tests within 3 weeks after chemotherapy. Excluding criteria were incomplete or missing data on the hematological markers or clinical characteristics necessary for analysis. Chemotherapy regimens and dosage were chosen by treating medicines according to guidelines and individual patient conditions. The protocol was approved by the institutional review board and conducted in accordance with the Declaration of Helsinki and adhered to Good Clinical Practice guidelines. The requirement for written informed consent was waived by the institutional review board.




2.2 Study variables and outcome

Patients’ clinical features were automatically extracted using structured query language (SQL) from HIS, including tumor type, stage, age, sex, height, weight, concurrent radiation, prior surgery, comorbidities, cycles, and regimen of chemotherapy. We also searched the blood test database based on the list of patients and matched the treatment delivery date and blood test date. SII, NLR, and PLR were calculated. The changing rate (cr) and changing percentage (cp) were defined as the difference between pre- and post-chemotherapy values divided by the time interval or the pre-chemotherapy value; for example, the changing rate and change percentage of lymphocyte are defined as   and  . FN was defined as current or anticipated absolute neutrophil count less than 500/mm3 with a temperature of ≥101°F (38.3°C) or ≥100.4°F (≥38.0°C) sustained ≥1 h according to the definition of the Infectious Diseases Society of America.




2.3 Features selection and modeling

The data were divided into a training set and a validation set in a 7:3 ratio. Multicategory variables, such as cancer type and chemotherapy regimen, were encoded using one hot encoder. We used the LASSO method to select key factors and fitted them to logistic regression models based on clinical or hematological features, or a combination of both. Performances of the predicting models were evaluated by receiver operating characteristic curve (ROC) on the testing datasets. To help physicians to easily determine the risk of the disease developing after chemotherapy, a nomogram was developed using risk factors selected from the final multivariable regression model.




2.4 Statistics

Comparisons for continuous variables were performed using the Mann–Whitney test, and for categorical variables, the chi‐squared test or Fisher’s exact test was used. The level of significance was set at p < 0.05. All statistical analyses were carried out using the R software version 3.4.3 (https://www.R‐project.org/). For LASSO regression, R package glmnet (version 2.0–16) was used (12).





3 Results



3.1 Patient characteristics

Of the 5,440 patients who met the inclusion criteria, 1,310 were excluded from analysis for the following reasons: insufficient number of blood tests, incomplete information, and not following the 3-week intravenous chemotherapy regimen. The final dataset included 4,130 patients of 6,595 chemotherapy cycles. Among these, FN occurred in 623 (9.45%) of all cycles. The median cycle of chemotherapy was 2 (1–8). The median age was 54.00 (36.00–71.00) years or older. Among these 6,595 chemotherapy cycles, patients in 3,460 cycles (52.46%) were women. Cervical cancer (24.7%) was the most common diagnosis, followed by colorectal cancer (22.1%). The characteristics of the patients prior to each chemotherapy cycle are summarized in Table 1. The patients who had FN were typically women (p < 0.001), lower weight (p < 0.001), with concurrent radiation (p < 0.0010), and receiving specific chemotherapy drug such as docetaxel (p < 0.001).


Table 1 | Patient characteristics.






3.2 Comparison of hematological parameters

Median values for neutrophils, lymphocytes, platelets, hemoglobin, and their change rate and change percentage before and early after chemotherapy are presented in Table 2; Figure 1. SII, NLR, PLR, and their change rate were also calculated. Compared with the non-FN group, the FN group had lower early post-chemotherapy lymphocyte, platelet, and hemoglobin counts (0.46, CI: 0.13–1.58 vs. 0.74, CI: 0.18–1.88, 131.00, CI: 64.00–248.00 vs. 154.00, CI: 78.00–298.00, 112.00, CI: 86.00–137.00 vs. 116.00, CI: 88.00–143.00, respectively), while post-chemotherapy neutrophils were higher (4.48, CI: 1.23–14.89 vs. 4.05, CI: 2.02–13.30, respectively). Lymphocytes (−0.44, CI: −0.79 to 0.25 vs. −0.32, CI: −0.73 to 0.39) and platelets (−0.24, CI: −1.01 to 0.20 vs. −0.18, CI: −0.79 to 0.24) had deeper decreasing amplitude in the FN group; in addition, their decreasing rates were faster (−0.08, CI: −0.28 to 0.04 vs. −0.06, CI: −0.29 to 0.10 and −7.33, CI: −25.65 to 6.64 vs. −0.06, CI:−0.29 to 0.10). The FN group had higher SII, NLR, and PLR before and early after chemotherapy, and the increasing rate of these indicators after chemotherapy was also higher.


Table 2 | Comparison of hematological parameters between non-FN and FN groups.






Figure 1 | Comparison of hematological parameters and their changes between non-FN and FN groups. “0” for the non-FN group and “1” for the FN group. Prefix; cp, change percentage; cr, change rate; post, post-chemotherapy; pre, pre-chemotherapy. HGB, hemoglobulin; L, lymphocyte; N, neutrophil; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; PLT, platelet; SII, systemic immune inflammation index.






3.3 Features selection and modeling

The optimal λ value of 0.0015289 was selected for the LASSO model by using 10-fold cross-validation (Figure 2). Using the LASSO method, 12 variables out of 28 hematological parameters were selected, including prePLT and preN. A total of 25 variables out of 37 clinical factors were selected, including Docetaxel and relative dose intensity (RDI). The selected hematological or clinical indicators are further fitted for a logistic regression model either alone or in combination. The combined model had the best prediction performance with an AUC of 0.8275, compared with 0.7412 and 0.7883, of models based on hematological or clinical parameters alone, respectively (Figure 3). Risk factors included in the combined model were postL; cpN; cpPLT; preNLR; age; sex; cycle of chemotherapy; specific drugs such as paclitaxel, docetaxel, carboplatin, nedaplatin, and etoposide; cancer of esophagus; and RDI. The odds ratios of the combined model are shown in Table 3. Among hematological parameters, lower postL (OR 0.942, CI: 0.934–0.949) and cpPLT (OR 0.965, CI: 0.955–0.975) and higher cpN (OR 1.015, CI: 1.011–1.018) and preNLR (OR 1.002, CI: 1.002–1.002) predicted an increased risk of FN. With a cutoff value of 0.125, the sensitivity and specificity were 0.800 and 0.736, respectively. The precision and accuracy of the model were 0.800 and 0.741, respectively. For the convenience of clinical utility, we constructed a nomogram based on the combination model (Figure 4A). Calibration curve indicated that the nomogram functions well (Figure 4B).




Figure 2 | Feature selection by LASSO. A λ value of 0.0015289 was chosen, corresponding to the dotted line on the left.






Figure 3 | ROC of three models. Purple, the model based on clinical factors alone. Green, the model based on hematological factors alone. Blue, the model based on the combination of both.




Table 3 | OR of risk factor for models based on the combination of clinical and hematological parameters.






Figure 4 | (A) Nomogram for predicting FN. (B) Calibration curve of the nomogram.







4 Discussion

Multiple previous studies have tried to predict FN using demographic, disease, and treatment characteristics. Clinical features such as older age, advanced disease, and early cycles of chemotherapy have all been reported to be associated with increased risk of severe neutropenia. However, it is unclear whether blood cell counts and their derivatives in the pre- and early post-chemotherapy period could further increase the predictive power for FN. In this study, we systematically compared them and found that platelets and lymphocytes decrease more in the FN group, while inflammatory index SII, NLR, and PLR increase more in FN group. Interestingly, a decreasing rate of neutrophil count was higher in the FN group. We then used the LASSO method to select key factors from a series of clinical and hematological factors. We further fitted three regression models based on selected hematological and clinical factors either alone or in combination. Compared with the prediction model based on clinical factors, the model combining clinical factors and hematological indicators has better predictive performance. In order to facilitate clinical application, we finally developed a nomogram for easy clinical utility.

The main tumor types in this study were cervical cancer and colorectal cancer, with breast cancer accounting for a smaller proportion. In previous studies, breast cancer usually occupies a larger proportion. Correspondingly, the proportion of patients receiving radiotherapy and with non-metastatic disease was relatively large in this study. We established a predictive model for FN in this new group for the first time.

In the non-FN and FN groups, as expected, cell counts of neutrophils, lymphocytes, platelets, and hemoglobulin levels decreased after chemotherapy. However, it is worth noting that in the FN group, the neutrophil count decreased less early after chemotherapy instead (−0.02, CI: −0.88 to 3.48 vs. −0.04, CI:−0.83 to 2.24). SII, NLR, and PLR, the indicators reflecting inflammation, all increased after chemotherapy, especially in the FN group. This is similar to the results of Cho et al. In their study, neutrophil counts were 3.329 ± 2.278 and 3.067 ± 1.343 5 days after chemotherapy in the FN and non-FN groups, respectively (p = 0.052), while there was no difference in the number of neutrophils between the two groups before chemotherapy (3.725 ± 1.550 vs. 3.815 ± 1.420, p = 0.383) (13). Therefore, we speculate that the lower decrease in neutrophil count after chemotherapy in the FN group is a manifestation of the potential inflammatory response superimposed on the direct neutrophil killing effect of chemotherapy drugs. Furthermore, elevated inflammatory markers may be caused by tumor necrosis. There may be a correlation between tumor sensitivity to drugs and bone marrow sensitivity to drugs. After the death of neutrophils mobilized into peripheral blood, they are not replenished by bone marrow regeneration (14). Thus, it is unstable and associates with more severe neutropenia.

The LASSO method can select key factors from a large number of variables. In one study, the prediction results of the LASSO model exceeded those of the traditional Lyman model (15). In this study, because there are too many independent variables, it is not suitable to perform logistic regression directly. Therefore, we first use the LASSO method to screen all variables, and then build a logistic regression model. The variables finally included in the model are cpN, cpPLT, preNLR, age, sex, cycle of chemotherapy, paclitaxel, docetaxel, carboplatin, nedaplatin, etoposide, esophagus, and RDI. We found that decreased cell counts of lymphocyte after chemotherapy predicted an increased risk of FN. Our results are consistent with some previous studies. Early lymphocyte count has the value of predicting FN, and the predictive significance on day 5 is greater than that on day 1 (16). The predictive value of PLT was proposed in a small retrospective analysis of patients with prostate cancer and NSCLC (17, 18). Our research further confirmed it with a much larger population. Previous studies also showed that lymphocyte count and immature platelet fraction level could predict recovery in patients who had developed severe neutropenia (19, 20). This indicated that changes in platelets and lymphocytes are more sensitive than changes in neutrophils during FN. Similarly, during the process of neutrophil decline, these two indicators can also help determine its severity. In the Jenkins study, pre-chemotherapy absolute neutrophil count and lymphocyte count predicted the risk of FN (7). However, in our study, when analyzed together with post-chemotherapy indicators and their change, except for pre-chemotherapy NLR, other pre-chemotherapy indicators did not have independent predictive effects.

Several clinical factors have been shown to affect the development of neutropenia in previous studies. Our study also found similar clinical predictors. These factors include age, sex, specific cancer type, and chemotherapy agents. Among various chemotherapy drugs, we found that docetaxel-containing chemotherapy regimens were significantly associated with an increased risk of FN. Previous studies indicate that concurrent radiation and previous surgery are risk factors for FN, while they failed to be of significance in the current model. There may be confouding effect regarding radiation dose, volume, location of target, and time to previous surgery. Thus, these results should be explained carefully and needed further studies.

The advantage of our model is the incorporation of early hematological indicators, which increased the AUC to 0.8275. The AUC value of our model is higher than that from historical data. Previous studies have reported the predictive value of some single hematological indicators, and many of them have a small sample size. Our study was the first comprehensive research on multiple hematological indicators before and after chemotherapy.

This study has certain limitations. First, the inherent susceptibility of patients to FN is related to their genetic profile, which should be included in analysis. Second, this study is a single-center retrospective study and may have bias. In the future, it is necessary to incorporate more predictive factors and to conduct multicenter prospective studies to further optimize the predictive model for FN after chemotherapy.




5 Conclusions

In summary, our research demonstrated that early post-chemotherapy hematological markers can improve the prediction of FN. The combined model can help in the early identification of patients with high FN risk, thereby accordingly adopting preventive measures.
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Extracellular vesicles (EVs) are heterogeneous, phospholipid membrane enclosed particles that are secreted by healthy and cancerous cells. EVs are present in diverse biological fluids and have been associated with the severity of diseases, which indicates their potential as biomarkers for diagnosis, prognosis and as therapeutic targets. This study investigated the phenotypic characteristics of EVs derived from peripheral blood (PB) and bone marrow (BM) in pediatric patients with B-cell acute lymphoblastic leukemia (B-ALL) during different treatment stages. PB and BM plasma were collected from 20 B-ALL patients at three time points during induction therapy, referred to as: diagnosis baseline (D0), day 15 of induction therapy (D15) and the end of the induction therapy (D35). In addition, PB samples were collected from 10 healthy children at a single time point. The EVs were measured using CytoFLEX S flow cytometer. Calibration beads were employed to ensure accurate size analysis. The following, fluorescent-labeled specific cellular markers were used to label the EVs: Annexin V (phosphatidylserine), CD235a (erythrocyte), CD41a (platelet), CD51 (endothelial cell), CD45 (leukocyte), CD66b (neutrophil), CD14 (monocyte), CD3 (T lymphocyte), CD19, CD34 and CD10 (B lymphoblast/leukemic blast). Our results demonstrate that B-ALL patients had a marked production of EV-CD51/61+, EV-CD10+, EV-CD19+ and EV-CD10+CD19+ (double-positive) with a decrease in EV-CD41a+ on D0. However, the kinetics and signature of production during induction therapy revealed a clear decline in EV-CD10+ and EV-CD19+, with an increase of EV-CD41a+ on D35. Furthermore, B-ALL patients showed a complex biological network, exhibiting distinct profiles on D0 and D35. Interestingly, fold change and ROC curve analysis demonstrated that EV-CD10+CD19+ were associated with B-ALL patients, exhibited excellent clinical performance and standing out as a potential diagnostic biomarker. In conclusion, our data indicate that EVs represent a promising field of investigation in B-ALL, offering the possibility of identifying potential biomarkers and therapeutic targets.
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Introduction

B-cell acute lymphoblastic leukemia (B-ALL) is characterized by an abnormal proliferation of B lymphoblasts/leukemic cells in the bone marrow (BM), which are released into the bloodstream and extramedullary tissues, and is the most common childhood cancer in the world (1, 2). The immunological mechanisms involved in triggering or maintaining B-ALL in patients are still being investigated. Similar to other cancers, B-ALL is characterized by a complex interplay between the immune system and leukemic cells throughout progression of the disease (3). In this context, it is important to highlight that the leukemic microenvironment comprises a diverse cellular landscape. This includes leukemic cells, hematopoietic stem cells, immune cells and bone marrow stromal cells. Together, they form a singular network of intrinsic interactions that can be explored by leukemic cells to contribute to the progression of cancer (4–6).

Historically, these interactions have been shown to be modulated by several immunological mediators, including cytokines, chemokines and growth factors (7–9). In a similar way to what occurs in these molecules, recent advances in cancer biology have revealed that heterogeneous cell membrane-derived vesicles, termed extracellular vesicles (EVs), which include exosomes and microvesicles, are released in large quantities by cancer cells, acting as key mediators of cellular communication, through bioactive charges transfer, as proteins, lipids and nucleic acids (10, 11). In addition, some studies have shown that cancer cell-derived EVs are capable of transporting oncogenic factors. These factors can then be transported and internalized by surrounding cells, leading to alterations in the gene expression of recipient cells. This process can significantly impact the progression of the disease (12–14).

Although studies in ALL are scarce compared to solid tumors, EVs have been shown to play an important role in bidirectional communication between leukemic cells and bone marrow stromal cells. Leukemic EVs targeting hematopoietic stem cells and progenitors have been shown to affect the quiescence and maintenance of the hematopoietic compartment (15). On the other hand, EVs derived from endothelial cells and mesenchymal cells sustain the activities and offer a role in protecting leukemic blasts (16, 17). In the context of tumor immunity, it was also demonstrated that EVs derived from leukemic blasts inhibit the biological function of natural killer cells and effector T cells by increasing the expression of Foxp3 and the signaling of regulatory cytokines, including TGF-β and IL-10 (18, 19). Collectively, these features highlight the potential of EVs as promising biomarkers in B-ALL, since EV levels can not only predict therapeutic responses but are also easily detectable in blood via minimally invasive methods (20).

Therefore, the aim of the present investigation was to analyze the immunophenotypic profile of cell-derived EVs in the PB and BM aspirates of newly diagnosed B-ALL patients undergoing remission induction therapy. By investigating these EVs, we hope to provide insight into the use of EVs as potential biomarkers in childhood leukemia.





Materials and methods




Ethics statement

This study was submitted to and approved by the Ethics Committee at Fundação Hospitalar de Hematologia e Hemoterapia do Amazonas (HEMOAM), under protocol registration number #739.563. Prior to the inclusion of all the patients and controls in the study, all the respective parents or legal guardians read and signed the informed assent form. The study was carried out in accordance with the principles of the Helsinki Declaration and Resolution 466/2012 of the Brazilian National Health Council, which relates to research involving human participants.





Patients and control subjects

The study population consisted of 20 patients under the age of 15 who had been recently diagnosed with B-ALL at Fundação HEMOAM, the reference center for diagnosis and treatment of hematological diseases in the state of Amazonas, Brazil. The diagnosis was performed according to the classification criteria and guidelines of the World Health Organization (21). The B-ALL patients were subdivided into two subgroups (B-ALL peripheral blood [PB] and B-ALL bone marrow [BM]), according to the biological material used to measure the EVs. The B-ALL PB group consisted of 10 patients (7 males and 3 females), with a median age of 3 years; IQR = 2-9. The BM group consisted of 10 patients (8 males and 2 females), with a median age of 5 years; IQR = 3-6. Additionally, 10 children without leukemia (5 males and 5 females) with a median age of 9 years, IQR = 6-13, were included as a control group. For this, only PB samples were collected to provide a reference value in the analyses, since BM aspiration is a very invasive procedure. The children recruited in this study had not experienced any infections for at least four weeks prior to the collection of samples and did not present immunological alterations in the leukocyte series. The demographic and clinical data, together with the hematological patterns of the studied population are summarized in Tables 1, 2, respectively.


Table 1 | Demographic and clinical characteristics of the study population.




Table 2 | Hematological characteristics of the study population.







Treatment regimen

All the B-ALL patients underwent remission induction therapy (according to the protocol and guidelines found in the Brazilian Group for Treatment of Childhood Leukemia, version 2009), which is an intensive stage of chemotherapy of fundamental importance for the prognosis of patients, and whose objective is to achieve disease remission, with less than 5% lymphoblasts in five weeks. The treatment regimen includes the drugs prednisone, dexamethasone, vincristine, daunorubicin, L-asparaginase and MADIT (intrathecal methotrexate, cytarabine and dexamethasone) (22).





Biological sample collection

The PB and BM samples of the B-ALL patients were obtained by venipuncture and iliac crest aspiration, respectively, at three consecutive time points, referred to as: D0 (diagnosis baseline), D15 (day 15 of induction therapy) and D35 (end of the induction therapy). In addition, PB samples from controls were obtained (single time point) via venipuncture. After collection, the biological samples were transferred to EDTA vacuum tubes (BD Vacutainer® EDTA K2) and submitted to centrifugation at 600 xg, for 10 minutes at room temperature (RT). Subsequently, the supernatants or platelet-poor plasma were collected and immediately stored at -80°C until processing for EV measurement.





Sample preparation and extracellular vesicle measurement via flow cytometry

Initially, the samples were thawed at 37 °C and then centrifuged at 1,500 xg for 5 minutes to obtain platelet-free plasma. The latter was diluted in a citrate buffer solution containing heparin (1 μg/mL) and centrifuged at 1,500 xg for 90 minutes at RT. The EV-rich sediment was resuspended in commercially available Annexin V buffer (25 mM CaCl2 solution in 140 mM NaCl and 10 mM HEPES, pH 7.4; BD Bioscience, San Diego, CA, USA) to obtain the EV suspension. Aliquots of 100 μL of EV suspension were transferred to a plate containing 2 μL of distinct monoclonal antibodies (mAB) to evaluate the immunophenotypes of the study panel. Of importance, prior to staining, mABs were centrifuged at 1,500 x g for 30 minutes to remove fluorescent particles. The panel was composed of specific markers of B cell lineage and maturation stage, which are used for the diagnosis and monitoring of B-ALL. Markers of cellular populations/elements (erythrocytes, platelets and leukocytes) were also used, which are frequently used as parameters for classifying therapeutic response. Thus, the study panel was composed of CD235a (erythrocyte), CD41a (platelets), CD51 (endothelial cell), CD45 (leukocytes), CD66b (neutrophils), CD14 (monocytes), CD3 (T lymphocytes), CD19 (B lymphocyte/B lymphoblast) and CD34 and CD10 (B lymphoblast/leukemic blast); and 2.5 μL of Annexin V-FITC, which binds to phosphatidylserine residues expressed on the surface of EVs. Internal autofluorescence control was included in each trial run, in which an aliquot of EV suspension was incubated in the absence of mAB and Annexin V-FITC (all purchased from BD Bioscience, San Diego, CA, USA). Additionally, aliquots of mAB and Annexin V-FITC, incubated in the absence of EVs, were also used as internal controls. After incubation for 30 minutes in the dark at RT, 300 μL of Annexin V buffer was added to the wells of each plate and then transferred to FACS tubes. The samples were acquired in a flow cytometer (CytoFLEX S, Beckman Coulter, Brea, CA, USA) with volume control aspirated per minute. The CytoFLEX S has a volumetric sample injection system that allows counting of absolute particles. The sample flow rate was 30 μL/min, and the sample acquisition occurred during 2 minutes per sample. Calibration beads (Megamix-Plus FSC and SSC, Biocytex, Marseille, France) with standard sizes of 100, 160, 200, 240, 300, 500, 900 nm were used to identify different EV size ranges, defined as: small EVs (sEVs): 100-200 nm; medium EVs (mEVs): 201-500 nm; and large EVs (lEVs): 501-900 nm. The steps of the protocol are summarized in Figure 1. Different gating strategies were used to analyze the phenotypic characteristics and size of the EVs, according Megamix beads, as illustrated in Supplementary Figures 1, 2.




Figure 1 | Compendium of study. The study population (A), sampling (B), and methods (C), including the steps of the protocol are summarized in this figure.







Conventional statistical analysis

The comparative analysis between the B-ALL patients and controls was carried out using Student’s t test or the Mann-Whitney test. Comparisons among the timepoints of induction therapy (D0, D15 and D35) and EV size ranges (sEVs, mEVs and lEVs) were performed using one-way ANOVA followed by the Tukey or Friedman tests followed by Dunn’s test; along with the paired t test or Wilcoxon matched-pairs signed-ranks test. In all cases, the Shapiro-Wilk test was used to verify the normality of the data and significance was considered when p was <0.05. The GraphPad Prism software v8.0.2 (San Diego, CA, USA) was used for statistical analysis.





Overall signatures of extracellular vesicles

The signature analysis was carried out according to Kerr et al. (2021) (23), by converting the original results of each variable expressed as a continuous variable in categorical data. For this purpose, the global median values obtained for the whole data universe from all participants (B-ALL patients on different days of induction therapy and the controls) as the cut-off to classify the patients with low (below the cut-off) or high (above the cut-off) production of EVs. The following cut-offs were used: (EV-CD235a+ = 27,917; EV-CD41a+ = 658; EV-CD51/61+ = 4,839; EV-CD45+ = 296; CD66b+ = 797; EV-CD14+ = 200; EV-CD3+ = 445; EV-CD34+ = 299; EV-CD10+ = 3,289; and EV-CD19+ = 7,617) expressed as an absolute number of EVs/mm3 of plasma. The overall signatures were assembled in radar charts using the 50th percentile as a threshold to identify the proportion of subjects with EV populations above the global median cut-off.





Biological networks of extracellular vesicles

Analysis of correlation networks was performed to evaluate the multiple associations among the EV populations in the B-ALL patients and the controls. The association between the EV levels was determined by using the Spearman correlation coefficient in GraphPad Prism, v8.0.2 (GraphPad Software, San Diego, CA, USA), and statistical significance was considered only if p was <0.05. After performing the correlation analysis between EV populations, a database was created using Microsoft Excel® program. Then, the significant correlations were compiled using the open source Cytoscape software, v3.9.1 (National Institute of General Medical Sciences, Bethesda, MD, USA). The biological networks were constructed using circular layouts in which each EV population is represented by a globular node, in which the larger the nodule size, the greater the number of correlations established. The correlation indices (r) were used to categorize the correlation strength as negative (r <0), moderate (0.36≥ r ≤0.68), or strong (r >0.68), which were represented by connecting edges, as proposed by Taylor (1990) (24). Cytoscape software and Microsoft PowerPoint program were used for the graphics.





Fold change and performance analysis of extracellular vesicles

The magnitude of change in the EV levels in the B-ALL patients was calculated as the proportion ratio between the serum levels observed for each B-ALL patient at the diagnosis baseline (D0) divided by the median values reported for the control group. The magnitude of changes in the EV levels in the PB were determined considering decreased (≤ 1x) and increased (≥ 1x) levels in relation to the median values observed in the control group. Bubble charts were generated using Microsoft Excel®. Receiver operating characteristic (ROC) curve analysis (25) was carried out to assess the performance of EVs as biomarkers for B-ALL in the study population. ROC curve data were used to define cut-off points for the EVs evaluated. Performance indices of sensitivity (Se), specificity (Sp) and likelihood ratio (LR) were calculated at a specific cut-off and the area under the curve (AUC) and p-value were considered as indicators of global accuracy. The MedCalc v7.3.0 (Ostend, West Flemish, BE) and GraphPad Prism software v8.0.2 (San Diego, CA, USA) were used for statistical analysis and construction of the ROC curves.






Results




Characterization of the profiles of the extracellular vesicles at diagnosis baseline

The characterization of the EV profile at diagnosis (D0) demonstrated that the B-ALL PB group had a decrease in platelet-derived EVs (EV-CD41a+) and an increase in endothelial cell-derived EVs (EV-CD51/61+) and B lymphoblasts/lymphocytes with CD10 and CD19 phenotype (EV-CD10+ and EV-CD19+) when compared to control group. Additionally, an increase in the levels of EV-CD51/61+ and EV-CD19+ was observed when compared to the B-ALL BM group. Nevertheless, a thorough analysis revealed a trend towards increased levels of leukocyte-derived EVs (EV-CD45+), neutrophils (EV-CD66b+), monocytes (EV-CD14+) and B lymphoblast with the CD34 phenotype (EV-CD34+) in the B-ALL BM group (Figure 2).




Figure 2 | Characterization of the profile of the extracellular vesicles at diagnosis baseline. The EV populations were measured at the time of diagnosis in the B-ALL PB () and B-ALL BM () groups and in the control group (CG) (). The count and immunophenotypic characterization of EVs was performed using flow cytometry, as described in the Materials and Methods section. The results are presented using bar and symbol charts, reported in log10 scale, showing the mean with standard error of the absolute number of EVs/mm3 of plasma. Statistical analyses were performed using Student’s t test or the Mann-Whitney test and significant differences are highlighted by asterisks for p<0.01 (**) or p<0.05 (*).







Kinetics of extracellular vesicles during induction therapy

The analysis of EV kinetics of in PB and BM was performed on the samples from D0, D15 and D35 to assess the EV levels on diagnosis, at the beginning and at the end of induction therapy (Figure 3). The results demonstrated a decrease in EV-CD235a+, EV-CD51/61+, EV-CD45+ and EV-CD66b+ in the PB group on D15. Moreover, there was a noticeable decline in EV-CD10+ and EV-CD19+ on D15 and D35. This trend was similarly observed in the B-ALL BM group, wherein EV-CD10+ decreased at D15 and D35. However, EV-CD19+ exhibited a distinct pattern, decreasing on D15 and increasing on D35. Furthermore, both the B-ALL PB and B-ALL BM groups showed an increase in EV-CD41a+ on D35. In addition, a specific an increase in EV-CD14+ and EV-CD45+ was observed in the B-ALL PB and B-ALL BM groups, respectively.




Figure 3 | Kinetics of extracellular vesicles during induction therapy. The EV populations were measured on D0, D15, and D35 in the B-ALL PB () and B-ALL BM () groups to assess the behavior of these EVs during remission induction therapy. The count and immunophenotypic characterization of the EVs was performed using flow cytometry, as described in the Materials and Methods section. The results are presented using bar and symbol charts, reported in log10 scale, showing the mean with standard error of the absolute number of EVs/mm3 of plasma. Statistical analyses were performed using a paired t test or Wilcoxon matched-pairs signed-rank test for comparisons between D0, D15 and D35 and significant differences are highlighted by asterisks for p<0.01 (**) or p<0.05 (*).







Kinetics of extracellular vesicles according to size range

To better understand the size distribution of the EV populations evaluated, we used calibration beads with specific sizes (100, 160, 200, 240, 300, 500, 900 nm). Based on this calibration, we classified the EVs into three size ranges: small EVs (sEV: 100-200 nm), medium EVs (mEV: 201-500 nm) and large EVs (lEV: 501-900 nm) (Figure 4). On diagnosis baseline and throughout induction therapy (D0, D15 and D35) in the B-ALL PB group, there was a consistent predominance of EV-CD235a+ and EV-CD51/61+ in the sEV and mEV size ranges. In contrast, the EV-CD45+, EV-CD14+, EV-CD34+ populations showed a predominance of lEV during the treatment. The EV-CD41a+ population showed an increase in sEV on D0 compared to control group, followed by an increase in mEV on both D15 and D35, compared to lEV. In addition, EV-CD10+ and EV-CD19+ exhibited a predominance of sEV, followed by mEV on D0 (Figure 4A). In the B-ALL BM group, EV-CD235a+ predominated in both sEV and mEV ranges, while EV-CD14+ and EV-CD34+ exhibited a predominance of lEV. On D0, the EV-CD10+ and CD19+ populations showed an increase in sEV compared to lEV (Figure 4B).




Figure 4 | Kinetics of extracellular vesicles according to size range. The EV populations were analyzed in (A) B-ALL PB () and (B) B-ALL BM () groups according to their size, based on Megamix beads size range, being divided into small EVs = 100-200 nm (sEVs), medium EVs = 201-500 nm (mEVs) and large EVs = 501-900 nm (lEVs), represented by the symbols: “”, “” and “”, respectively. For the control group, sEVs, mEVs, and lEVs were represented by gray background lines: “”, “” and “”, respectively. The count, size and immunophenotypic characterization of the EVs was performed using flow cytometry, as described in the Materials and Methods section. The results are presented using symbol charts, reported in log10 scale, showing the median of the absolute number of EVs/mm3 of plasma. Statistical analyses were performed using a paired t test or Wilcoxon matched-pairs signed-rank test for comparisons between sEVs, mEVs, and lEVs and significant differences are represented by the letters: “a” and “b”, which refer to the comparisons with sEVs and mEVs, respectively.







Signature of extracellular vesicles during induction therapy

To further refine the characterization of the EV profile in the B-ALL patients (Figure 5), we calculated the median for each EV population across all the patients. This median value was then used as a cut-off to categorize patients as low or high producers of specific EVs. Our findings demonstrated that on D0, compared to the control group, the B-ALL PB group displayed a greater production of most EV populations, except for EV-CD41a+ and EV-CD34+. On D15, there was a significant decrease in the production of all EV populations. By D35, only EV-CD3+ was observed and EV-CD14+ remained elevated. In contrast, the B-ALL BM group exhibited a different pattern. On D0, high production was observed for EV-CD235a+, EV-CD66b+, EV-CD10+ and EV-CD19+. By D15, only EV-CD45+ and EV-CD14+ showed an increase. Nonetheless, on D35, there was an increase in the production of most EV populations, except EV-CD3+, EV-CD10+ and EV-CD19+.




Figure 5 | Signature of extracellular vesicles during induction therapy. The overall signature of EV populations in the B-ALL patients was assembled on D0, D15 and D35. Data, originally expressed as absolute number of EVs/mm3 of plasma, were converted into categorical data using the global median values, which were used as a cut-off point to classify the study population as being a low or high producer of the EVs evaluated. The overall signatures were assembled in radar charts using the 50th percentile as the threshold (central circle/gray zone) to identify EV populations with increased levels in a higher proportion of patients. Cellular markers: CD235a (erythrocyte), CD41a (platelet), CD51 (endothelial cell), CD45 (leukocyte), CD66b (neutrophil), CD14 (monocyte), CD3 (T lymphocyte), CD34 and CD10 (B lymphoblast/Leukemic blast) and CD19 (B lymphocyte/B lymphoblast).







Biological network of extracellular vesicles during induction therapy

The construction of integrative biological networks was performed to assess the complex interactions between EV populations during induction therapy (Figure 6). The results demonstrated that the B-ALL PB group exhibited a network with a restricted number of interactions on D0. On D15, a minor decrease in the number of neighborhood connections was observed. Despite this, on D35, there was a substantial increase in the number of interactions between EV populations, resulting in a network with a profile that was more similar to the control group. Similarly, the B-ALL BM group’s network displayed a restricted number of interactions on D0 when compared to the control group. This number increased slightly on D15, followed by a significant increase in interactions between EV populations on D35.




Figure 6 | Biological network of extracellular vesicles during induction therapy. Integrative networks were assembled to identify the complex interactions among EV populations during induction therapy. Colored nodes are used to identify the EVs in the B-ALL PB () and B-ALL BM () groups and in the control group (CG) (), where the larger the node, the greater the number of interactions established. Correlation analysis was employed to construct integrative networks according to significant “r” scores at p<0.05 using the Spearman correlation test. Connecting edges illustrate the positive correlations between pairs of attributes, according to the strength of correlation as described in the Materials and Methods section. Different colored and thickness are used to represent moderate correlations (black fine edges) and strong correlations (dark blue solid edges). Cellular markers: CD235a (erythrocyte), CD41a (platelet), CD51 (endothelial cell), CD45 (leukocyte), CD66b (neutrophil), CD14 (monocyte), CD3 (T lymphocyte), CD34 and CD10 (B lymphoblast/Leukemic blast) and CD19 (B lymphocyte/B lymphoblast).







Fold change and performance of extracellular vesicles CD10+and CD19+ as diagnostic biomarkers of B-ALL

To identify potential diagnostic biomarkers, we performed a translational analysis that focused on EV-CD10+ and EV-CD19+ levels measured in the PB of the B-ALL patients at D0. Our findings revealed significant changes in EV levels in the B-ALL patients when compared to the control group at D0. EV-CD10+ levels showed the most dramatic increase (over 5-fold), followed by EV-CD19+ (over 3.5-fold) and EV-CD51/61 (over 2-fold). In addition, EV-CD41a exhibited a significant decrease (below 1.5-fold) (Figures 7A, B). To assess the diagnostic potential of these EV levels in the B-ALL patients, we performed ROC curve analysis. This analysis calculates the area under the curve (AUC), a measure of overall accuracy, along with sensitivity (Se), specificity (Sp) and likelihood ratio (LR) to evaluate how well an EV level discriminates B-ALL from the control group. Data analysis demonstrated that EV-CD10+ showed high performance (Se = 100.0% and Sp = 70.0%) and good global accuracy (AUC = 0.860 and p = 0.0065) to discriminate the B-ALL PB group from the control group. However, EV-CD19+ levels exhibit a moderate performance (Se=75.0% and Sp=87.5%) and global accuracy (AUC = 0.844 and p = 0.0209) (Figure 7C). Additionally, EV-CD41a and EV-CD51/61 also presented moderate/high performance (Se = 66.7% and Sp = 100.0%/Se = 100.0% and Sp = 75.0%, respectively) and global accuracy (AUC = 0.852 and p = 0.0118/AUC = 0.812 and p = 0.0357, respectively) (Supplementary Figure 3).




Figure 7 | Fold change and performance of the extracellular vesicles CD10+ and CD19+ as diagnostic biomarkers of B-ALL. The fold changes (A) and significance of fold changes (B) were performed in the peripheral blood of the B-ALL patients at the diagnosis baseline as described in the Materials and Methods section. Receiver operating characteristic (ROC) curve analysis was carried out to assess the performance of EV-CD10+ and EV-CD19+ levels as diagnostic biomarkers for B-ALL (C). ROC curves were assembled to define the cut-off points and calculate the following performance indices: sensitivity (Se), specificity (Sp), likelihood ratio (LR), the best cut-off point, as well as the area under the curve (AUC) and p-value as indicators of global accuracy, as described in the Materials and Methods section.







Profile, Kinetic, fold change and performance of extracellular vesicles CD10+CD19+ as diagnostic biomarkers of B-ALL

Aiming of investigating whether CD10+ and CD19+ markers were present simultaneously in EVs, we carried out a strategy to evaluate EV-CD10+CD19+ (double-positive) in our study population. Compilation of data relating to the EVs profile; kinetics during induction therapy; fold change analysis; and performance of EV-CD10+CD19+ as biomarkers, are represented in Figure 8. The results demonstrated that B-ALL patients showed a significant increase in serum levels of EV-CD10+CD19+ compared to GC (Figure 8A). During induction therapy, a decline in D15 was observed in both the B-ALL PB and the B-ALL BM groups (Figure 8B). Regarding the fold change analysis, it was observed that B-ALL PB showed a pronounced increase in EV-CD10+CD10+ levels (more than 5 times) (Figures 8C, D). In parallel, the ROC curve analysis on D0 revealed excellent performance (Se = 100.0% and Sp = 87.5%) and global accuracy (AUC = 0.984 and p = 0.0011) to discriminate the B-ALL PB patients from the CG (Figure 8E).




Figure 8 | Profile, kinetic, fold change and performance of extracellular vesicles CD10+CD19+ as diagnostic biomarkers of B-ALL. The EV-CD10+CD19+ (double-positive) populations were analyzed at the diagnosis baseline (A) and during induction therapy (B) in the B-ALL PB () and B-ALL BM () groups and in the control group (CG) (). The count and immunophenotypic characterization of EV-CD10+CD19+ was performed using flow cytometry. The results are presented using bar and symbol charts, reported in log10 scale, showing the mean with standard error of the absolute number of EVs/mm3 of plasma. Statistical analyses were performed using the Mann-Whitney test or Wilcoxon matched-pairs signed-rank test and significant differences are highlighted by asterisks for p<0.001 (***) or p<0.05 (*). The fold changes (C) and significance of fold changes (D) were performed in the peripheral blood of the B-ALL patients at the diagnosis baseline. Receiver operating characteristic (ROC) curve analysis (E) was carried out to assess the performance of EV-CD10+CD19+ plasma levels as diagnostic biomarkers for B-ALL. ROC curves were assembled to define the cut-off points and calculate the following performance indices: sensitivity (Se), specificity (Sp), likelihood ratio (LR), the best cut-off point, as well as the area under the curve (AUC) and p-value as indicators of global accuracy.








Discussion

Growing evidence shows that the bone marrow (BM) microenvironment plays a crucial role in the survival of leukemic blasts and that communication between these cancer cells and surrounding cells can be mediated by various soluble immune molecules such as cytokines, chemokines and growth factors (5, 8, 9). Much like what occurs in other signaling molecules, recent advances in cancer biology have revealed that EVs are released in large quantities by cancer cells. These EVs act as key mediators in cell communication, carrying bioactive loads capable of reprogramming stromal and immune cells, thereby creating a favorable microenvironment for leukemic survival and progression (11). In this study, we analyzed the profile of leukemic blast-derived EVs (EV-CD34+/CD10+/CD19+) in the peripheral blood (PB) and BM plasma of pediatric patients with B-ALL (B-ALL PB and B-ALL BM, respectively), at diagnosis baseline (D0) and during induction therapy (D15 and D35). Of interest, we also analyzed the levels of erythrocyte-derived EVs (EV-CD235a+), platelets (EV-CD41a+) and endothelial cells (EV-CD51/61+), as well as leukocyte-derived EVs (EV-CD45+), neutrophils (EV-CD66b+), monocytes (EV-CD14+), T lymphocytes (EV-CD3+) and B lymphocytes (EV-CD19+).

EVs contained in blood mainly originate from platelets and erythrocytes and account for about 50% of the total vesicles in healthy subjects (26). In our data, we detected a decrease in EV-CD41a+ levels in the B-ALL PB group compared to the control group (Figure 2), which reflects the intense thrombocytopenia observed in the blood count on D0 (Table 2). However, on D35, there was an increase in EV-CD41a+, indicating recovery of thrombopoiesis with increased platelet production (Figure 3). In the context of solid tumors, platelets are reported to play a role in the mechanisms by which cancer cells can accelerate their growth rate and evade the immune system (27–29). However, studies investigating the role of platelets in hematological malignancies are scarce (30–32). From a therapeutic point of view, it is considered that platelet count can be used as a parameter for prognostic assessment of ALL patients during and after induction therapy (33, 34). These questions highlight the need for in-depth investigations into the interactions of EV-CD41a+ with leukemic blasts, as well as its use as a biomarker related to thrombopoiesis or recovery of normal hematopoiesis.

The fraction of EVs derived from endothelial cells (EV-ECs) is relatively low in physiological conditions but is highly increased in pathologies characterized by endothelial dysfunction, such as thrombotic thrombocytopenic purpura, diabetes or hypertension (35). When the release of EVs derives from activated ECs, their action has been frequently associated with inflammatory processes and procoagulant states (36, 37). Our results identified high levels of EV-CD51/61+ on D0 in the B-ALL PB group when compared to the control group (Figure 2). These findings are important as they indicate greater activation of the endothelium in leukemia, which may be associated with an increased risk of thrombosis. Importantly, venous thromboembolism is described as a serious and relatively common condition in pediatric ALL patients (38, 39), and reported incidences vary from 1.1% to 36.7% (40, 41). Mechanisms underlying the increased risk are not completely understood, but studies have shown that besides treatment components, the malignancy itself can contribute to a prothrombotic state (42, 43). In this scenario, EV-ECs emerge as a potential contributor to these events since they are one of the EV populations with the most pronounced coagulation activity. This is a feature that is due to the high expression of active tissue factor, which is the main initiator of the coagulation cascade reactions (44, 45).

Not less important, pro-angiogenic effects of EV-ECs were also reported and considered to be a potential mechanism that leads to neovascularization (46, 47). One recent study demonstrated that the secretion of EC-derived EVs containing angiopoietin like 2 (ANGPTL2) played important roles in the development of murine B-ALL, sustaining leukemogenic activities of leukemic blasts (16). Collectively, these data indicate that EV-ECs actively participate in inflammation, coagulation and angiogenesis. This functional repertoire introduces the possibility of using EV-ECs as biomarkers and therapeutic targets in cancer; however, the field remains very obscure and requires further investigations, especially in the context of acute leukemias.

Regarding markers associated with leukemic blasts, our B-ALL patients showed an increase in EV-CD10+ and EV-CD19+ (Figure 2). CD19 is a signal amplifying coreceptor expressed throughout B-cell development, though not in the mature plasma cell stage; it is, however, the single best clinical marker for B-cell identity (48). Instead, CD10, also known as common acute lymphoblastic leukemia antigen (CALLA), is a type II cell surface integral membrane protein of the M13 family, which is specifically expressed in the early stages of the lymphoid progenitor, thus aiding in the identification of stages in B lymphocyte development (49). CD10 is widely used to distinguish most cases of ALL from other hematologic malignancies, and is commonly used in diagnosis via flow cytometry and monitoring of hematologic malignancies of B cell origin, in the categorization of the mature and blastic stage, and also for detection of measurable residual disease (50, 51). Originally identified in leukemic blasts, CD10 was later detected in cells from the prostate, kidney, intestine and endometrium (52, 53). The presence of CD10 in other cells suggests a varied role that is not specifically restricted to hematologic malignancies. Biologically, its main function is to metabolize polypeptides through peptide cleavage between hydrophobic residues, leading to the inactivation of a variety of physiologically active neuropeptides (54).

In the context of cancer, CD10 activity and its high expression has been correlated with a poor prognosis and decreased survival in a variety of malignancies, through mechanisms that include therapeutic drug and radiation resistance, increased tumor grade and a more aggressive phenotype (invasion and metastasis) (54–60). In the ontogeny of B lymphocytes, CD10, present in pre-B lymphocytes, is transiently expressed during different stages of maturation and disappears in mature B lymphocytes. In this sense, by evaluating the kinetics during induction therapy, it was possible to observe a clear decline in the EV-CD10+ levels in B-ALL PB and B-ALL BM on D35. In parallel, a decline in EV-CD19+ was observed in B-ALL PB; while, in B-ALL BM, a distinct behavior was observed, with a decrease on D15 followed by an increase on D35 (Figure 3). In a similar way, the EV signature during induction therapy demonstrated that, on D0, a greater proportion of B-ALL patients exhibited high production of EV-CD10+ and EV-CD19+, in contrast to on D35 (Figure 5). Collectively, these findings may be indicative of the elimination or meaningful decrease of leukemic blasts on D35, with subsequent production of mature B lymphocytes and EV-CD19+ (mature B lymphocyte-derived EVs) in the medullary compartment.

The signature analysis also demonstrated important changes in the other EV populations during induction therapy. Where on D0, B-ALL PB presented a higher proportion of high-producers of EVs, followed by a decline on D15 and D35, on the other hand, B-ALL BM presented a lower proportion of high-producers of EVs on D0, followed by an increase on D15 and D35 (Figure 5). Interestingly, the analysis of the integrative network of EVs also exhibited notable changes during treatment, but with a distinct behavior. On D0, B-ALL PB patients exhibited a network of EVs that was characterized by a limited number of interactions. However, on D35, a network more like that of the control group was observed. This network was characterized by an increase of connections among EV populations, with emphasis on EVs derived from leukocytes (CD45+, CD66+, CD14+ and CD3+). In parallel, B-ALL BM presented a profile similar to that of B-ALL PB, but with a greater number of interactions, which can be explained by the greater complexity of the medullary microenvironment (Figure 6). Similar behavior was observed in a previous study, where on D35, the B-ALL patients exhibited a network of cytokines characterized by an increase of multiple connections. This was composed of greater interactions among the mediators of the different response profiles, suggesting the recovery of pro-inflammatory response (61).

The most critical issue to be highlighted and evaluated in our data is whether the EVs originate specifically from leukemic blasts or from another cellular source, albeit on a smaller scale. This is of great importance because, if the former is true, then EV-CD10+ and EV-CD19+ can be qualified as very promising biomarkers of diagnosis and therapeutic response in ALL. Aiming to answer this question, the double-positivity of EVs for the CD10+ and CD19+ markers was evaluated. Incredibly, our results demonstrate that, just like EV-CD10+ and EV-CD19+, the double positive EVs (EV-CD10+CD19+) were elevated in B-ALL PB patients at diagnosis, with a 5-fold magnitude of change in relation to the CG (Figures 8A–D). However, the ROC curve analysis revealed an even better clinical performance (AUC = 0.984) in discriminating B-ALL patients from CG (Figure 8E), compared to isolated EV-CD10+ (AUC = 0.860) and EV-CD19+ (AUC = 0,844) (Figure 7), highlighting the potential of these vesicles as biomarkers.

Although these results appear promising, they still require further investigation. Such investigations involve a richer analysis of the protein cargo of EVs, as well as their impact on the leukemic microenvironment. Although scarce, studies in B-ALL have demonstrated that EVs derived from leukemic blasts are enriched in tetraspanins (CD9, CD61 and CD81), adhesion molecules (CD29 and CD1446), in addition to lineage-specific markers (CD10, CD19 and CD22) (17, 62). Furthermore, proteomic analyze revealed that A Disintegrin and Metalloproteinase 17 (ADAM17) and Autophagy Related Protein 3 (ATG3) molecules were highly expressed in EVs derived from plasma of B-ALL patients, being found enriched in the Notch and autophagy pathways, respectively. In addition, ROC curve analyzes revealed that ADAM17 and ATG3 showed high clinical performance (AUC = 0.989 and AUC = 0.956, respectively), reinforcing that EVs enriched by the proteins may represent valuable biomarkers in B-ALL (63).

Noteworthy, this study has limitations: i) Since it is a segment study, in many cases, the sample volume was insufficient to perform EV assays. This ended up leading to a reduction in the study population, which compromised the analysis of association with the clinical prognosis; ii) Another limitation was the non-application of other methods for evaluation of EVs, as nanoparticle tracking analysis (NTA), and transmission electron microscopy (TEM) or scanning electron Microscopy (SEM), which would provide more accurate data on the size range and diversity of EVs; iii) Finally, given the absence of an ultracentrifuge, the isolation protocol applied was not that recommended by the International Society for Extracellular Vesicles (ISEV) guidelines (64), which could result in a lower yield in the purification of EVs and imply the co-isolation of potential contaminants.

However, it is important to highlight that this is a proof-of-concept study. Additional studies will be carried out to fill the gaps and correct the limitations left by this study. In this sense, from a larger study population, we will seek to carry out a richer characterization, from a phenotypic and protein cargo point of view, aiming to explore the impact of EVs on the clinical prognosis of patients with B-ALL undergoing chemotherapy and remission.





Conclusion

Our data demonstrated that: (i) The B-ALL patients exhibited a decrease in EV-CD41a+ on D0 that is followed by a progressive increase on D15 and D35, indicating recovery of thrombopoiesis; (ii) The B-ALL patients showed a marked production of EV-CD51/61+, indicating greater activation of ECs; (iii) In our cohort, CD10 and CD19 were the most expressed markers in the leukemic blasts; (iv) EV-CD10+ and EV-CD19+ showed predominance in the Megamix beads size range of 100-200 nm, configuring them as “small vesicles”; (v) The B-ALL patients exhibited dynamic EV kinetics and signatures during induction therapy, exhibiting distinct profiles on D0 and D35; (vi) The B-ALL patients showed a marked increase in the number of connections on D35, displaying a biological network that was more similar to that of the control group; (vii) EV-CD10+CD19+ (double-positives) were also increased and exhibited excellent clinical performance and general accuracy for discriminating the B-ALL patients from the CG, and are possibly associated with unfavorable outcomes.

Finally, our data indicate that EVs represent a potential field of investigation in ALL. Future studies should explore the cargos carried by EVs-CD10+CD19+, how it affects the leukemic microenvironment and, ultimately, its potential as a combined diagnostic and prognostic biomarker for B-ALL. If successful, leukemic EVs could become a valuable liquid biopsy tool, allowing the real-time monitoring of malignancy progression.
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Background

Colorectal cancer (CRC) continues to be a major health concern in today’s world. Despite conflictive findings, evidence supports systemic inflammation’s impact on CRC patients’ survival rates. Therefore, this study aims to assess the prognostic role of the innate immune system in patients with CRC.





Method

A total of 449 patients were included, with a 5-year follow-up period, and absolute neutrophil counts and their related ratios were measured.





Results

The non-survival group had increased levels of white blood cells, neutrophils (both p<0.001), and monocytes (p=0.038), compared to the survival group, along with other neutrophil-related ratios. We observed increased mortality risk in patients in the highest tertile of white blood cells [HR=1.85 (1.09-3.13), p<0.05], neutrophils [HR=1.78 (95% CI: 1.07-2.96), p<0.05], and monocytes [HR=2.11 (95% CI: 1.22-3.63)], compared to the lowest tertile, after adjusting for all clinicopathological variables. Random forest analysis identified neutrophils as the most crucial variable in predicting survival rates, having an AUC of 0.712, considering all clinicopathological variables. A positive relationship between neutrophil counts and metastasis was observed when neutrophil counts are considered continuous (β=0.92 (0.41), p<0.05) and tumor size (width) when neutrophils were considered as logistic variable (T1 vs T3) [OR=1.42, (95% CI: 1.05-1.98), p<0.05].





Conclusion

This study offers comprehensive insights into the immune factors that impact the prognosis of CRC, emphasizing the need for personalized prognostic tools.
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Introduction

Colorectal cancer (CRC), accounts for 10% of all cancer diagnoses and is the third most commonly diagnosed, as well as the second leading cause of cancer-related deaths worldwide (1). While enhanced screening has improved survival rates, the five-year survival rate for advanced CRC remains approximately 20%, largely dependent on the tumor stage (2). The health impact of CRC is largely attributed to systemic inflammation, a key factor in its development and progression (3, 4). Inflammatory tumors in CRC are linked to lower survival rates after relapse, highlighting the significance of understanding the role of inflammation role in CRC (5). Recent research has turned to circulating inflammatory markers, particularly neutrophils, as indicators for cancer prognosis and progression (6, 7). Specifically, neutrophils have been strongly associated with various cancer outcomes (8). For instance, a systematic review and meta-analysis encompassing 71 publications and 32,788 patients confirmed that an NLR (neutrophil-to-lymphocyte ratio) was associated with poor patient outcomes, including overall survival (Hazard Ratio (HR) = 1.84, 95% CI: 1.68 – 2.03) and surrogate endpoints, such as disease recurrence and progression-free survival (HR = 1.72, 95% CI: 1.51 – 1.95) (9). Other immune biomarkers, such as interleukin 8 (IL8) and LMR (lymphocyte-to-monocyte ratio) have also been identified as significant prognostic factors (10), suggesting the utility of immune system biomarkers in predicting the prognosis of CRC. Despite these findings, the complete potential of these markers in CRC prognosis is not fully comprehended, and the dual role of neutrophils in CRC complicates their prognostic value (11). Therefore, it is crucial to understand their potential role in predicting CRC survival, to establish preventive and follow-up strategies.

In this study, we hypothesized that inflammatory and immune system biomarkers could be potential indicators for predicting the outcome in CRC patients. This retrospective study aims to examine the relevance of specific routine inflammatory and immune system biomarkers in predicting the survival of patients with CRC and to explore clinicopathological variables that could impact these biomarkers. In addition, our objective was also to develop comprehensive predictive models for overall survival in CRC patients, which could improve patient management and healthcare outcomes by enhancing predictive accuracy.





Materials and methods




Study design and patients included in the study

This study included 623 patients diagnosed with CRC at Virgen de la Victoria University Hospital, Málaga, Spain, between January 1999 to May 2017. Patients included in the study were diagnosed with CRC through colonoscopy and biopsy, with comprehensive medical records and pathological examinations available. Biopsy samples were classified histologically according to the World Health Organization’s criteria (12). After selecting patients diagnosed with CRC, the majority underwent tumor resection surgery. Surgical procedures included hemicolectomy, lower anterior resection, and total meso-colorectal excision, often involving ileostomy. Specifically, among patients with stage I and II cancer, 97.5% underwent tumor resection, with only 2.5% not undergoing surgery. For stage III, 96.0% had their tumors removed, while 4.0% did not. However, patients in stage IV included various procedures such as hemicolectomy, metastasectomy, and sigmoidectomy. All patients selected for inclusion had not received any adjuvant treatment prior to surgery (Figure 1). Post-surgery, patients were monitored for a minimum of five years, with follow-up visits every three months in the first two years and every six months thereafter, including physical exams, biochemical assays, and colonoscopies. The study complied with the Declaration of Helsinki and was approved by the ethics committee (PEIBA: 0582-N-23) of University Hospital “Virgen de la Victoria”, Málaga, Spain, following relevant guidelines and regulations.




Figure 1 | Flow diagram of patient selection for inclusion in our study. A total of 623 participants were initially identified as potential candidates. Exclusions were made for the following reasons: (1) sixteen participants from 1997 to 2011 were excluded due to incomplete histopathologic diagnostic records; (2) fifty patients were excluded due to missing clinicopathological data; (3) eighty-eight rectal cancer patients and (4) twenty-eight colon cancer patients were excluded because they had received neoadjuvant treatment (radiotherapy, chemotherapy, or both) before surgery, or their vital status was unconfirmed. Ultimately, 449 patients were included in the final analysis.







Samples included in the study

The study involved collecting blood samples from all participants. After an overnight fast, venous blood samples were obtained from the median cubital vein. These samples were collected within 24 hours before surgery to ensure they reflected the preoperative immune status of the patients. In some cases, blood samples were taken up to a month before surgery due to medical reasons for delaying the operation. Serum samples were obtained through centrifugation of blood samples at 4,000 r.p.m. for 15 minutes at 4°C.

Serum levels of fasting glucose, total cholesterol, triglycerides, high-density lipoprotein (HDL), and Low-density lipoprotein (LDL) cholesterol (calculated using the Friedewald equation) were assessed with a Dimension Autoanalyzer (Dade Behring Inc., Deerfield, IL, USA). Fasting insulin levels were measured through radioimmunoassay (BioSource International Inc. (Camarillo, CA, USA)), and insulin resistance was calculated using the homeostasis model assessment (HOMA-IR) formula: HOMA-IR = fasting insulin (IU/mL) × fasting glucose (mmol/L)/22.5. Flow cytometry analyzed various blood components including basophils, eosinophils, lymphocytes, monocytes, neutrophils, and platelets, and several ratios (Supplementary Table 1) were computed to evaluate systemic inflammation.





Statistical analysis

This study utilized descriptive statistics to analyze demographic and clinical data, presenting continuous variables with mean and standard deviation (SD), and categorical data as frequencies and percentages. The Mann-Whitney and Chi-squared tests compared categorical data. Survival data were analyzed using Kaplan-Meier curves and Cox regression. Linear and logistic regressions examined the relationship between neutrophil counts and cancer outcomes, calculating odds ratios. To identify the most significant predictors of mortality, a random forest analysis was performed using mean decrease in accuracy (MDA). Finally, the prognostic performance of the model was evaluated by determining the Area Under the Curve (AUC) in the receiver operating characteristic (ROC) analysis. Statistical analyses were conducted using SPSS 26.0 (Chicago, IL, USA) and R v3.5.1(R Foundation for Statistical Computing, Vienna, Austria), with a significance threshold of p<0.05.






Results




Baseline clinicopathological variables of the patients included in the study

The study included 449 patients with CRC (Figure 1). Patients were categorized based on their survival status following a 5-year follow-up period. Among them, 262 patients with CRC were recorded as survivors, while 196 patients did not survive. Table 1 summarizes the characteristics and clinicopathological features of the patients included in the study. We found that the non-survival group was significantly older than the survival group (p<0.001). When comparing tumor stages (TNM classification) between survival and non-survival groups significant differences were observed. A majority of non-survival group patients were in advanced stages of the disease (28.1% in stage III and 46.4% in stage IV). In contrast, only 5% of the survival group patients were in stage IV, with a higher proportion in the earlier stages (I and II) (p<0.001). Moreover, a higher percentage of patients in the non-survival group (34.1%) had high-grade histology compared to the survival group (19.9%) (p=0.005). In addition, metastasis was present in 51.2% of the non-survival group, compared to just 9.46% in the survival group (p<0.001). Disease recurrence also showed a marked disparity, occurring in 30.5% of the non-survival group versus 9.19% of the survival group (p<0.001).


Table 1 | Baseline characteristic of patients with colorectal cancer divided by survival and non-survival patients, including biochemical and clinicopathological variables.







Baseline circulating leukocytes of the patients included in the study

To assess the impact of systemic inflammation on overall survival, we analyzed leukocyte counts and inflammatory variables in our study cohort. We observed that the non-survival group had higher levels of white blood cell (p<0.001), neutrophil (p<0.001), monocyte (p=0.035), and platelet (p=0.003) counts compared to the survival group (Table 2). Additionally, we observed lower levels of circulating albumin in the non-survival group compared to the survival group (p=0.007). Moreover, various ratios derived from circulating immune cells demonstrated higher values in the non-survival group than in the survival group, including NER (p<0.017), NLR (p<0.001), NPR (p=0.039), NWR (p=0.006), PLR (p=0.001), and LMR (p=0.001) (Table 2).


Table 2 | Baseline inflammatory and immune profile of patients with colorectal cancer divided by survival and non-survival patients.







Association between inflammatory variables and the risk of mortality

To evaluate the correlation between inflammatory variables and the risk of mortality, a logistic regression analysis was performed. Patients were stratified into tertiles based on baseline absolute neutrophil counts and other ratios. Tertile 1 (T1) comprised patients with the lowest neutrophil counts, Tertile 2 (T2) included those with intermediate counts, and Tertile 3 (T3) consisted of patients with the highest counts. Following adjustments for BMI, sex, age, chemotherapy, radiotherapy, cancer stage (I+II vs. III+IV), tumor site (colon vs. rectum), and histological grade (low vs. high grade), we observed that patients in T3 of white blood cells [HR=1.85 (1.09-3.13), p<0.05], NPR [HR=2.14 (95% CI: 1.21-3.47), p<0.01], NLR [HR=2.05 (95% CI: 1.21-3.47), p<0.01], neutrophils [HR=1.78 (95% CI: 1.07-2.96), p<0.05], and monocytes [HR=2.11 (95% CI: 1.22-3.63), p<0.01] had an increased risk of mortality when compared to those in T1 (Figure 2A). To determine the significant variables for predicting mortality within our population, we performed a random forest analysis. Monocytes, neutrophils, and white blood cells emerged as the most crucial factors in predicting mortality (Figure 2B).




Figure 2 | The probability of mortality according to absolute neutrophil counts was analyzed using Cox proportional hazards regression. (A) The analysis was performed using Cox regression curves with tertiles of absolute neutrophil counts at baseline, both unadjusted and adjusted for BMI, sex, age, chemo- and radiotherapy, cancer stage (I+II vs III+IV), tumor site (colon vs rectum) + Histological grade (low vs high grade). T1 represents low neutrophil levels, T2 represents intermediate levels, and T3 represents high neutrophil levels. (B) Random forest of all significant variables included in our study to predict mortality. The symbols *, **, and *** indicate statistical significance, where * represents p < 0.05, ** represents p < 0.01, and *** represents p < 0.001.







Immune system variables and overall survival rate

To assess the value of these variables as predictive tools for overall survival in our population, Kaplan-Meier curves derived from Cox regression were generated. We observed that patients within T3 of neutrophils had poorer survival, with a median of 42.5 months, compared to both T2 and T1 (both with p<0.001) (Figure 3A). Additionally, to evaluate the prognostic value of neutrophils, ROC curves were constructed. When analyzing neutrophils alone, the AUC was 0.611. Incorporating clinicopathological variables increased the AUC to 0.702. However, considering all variables together further improved the AUC to 0.712 (Figure 3B). Similar patterns were observed for monocytes and white blood cells. Patients within T3 of monocytes and white blood cells had poorer survival, compared to both T2 and T1 (both with p<0.001) (Supplementary Figures 1A, C). Additionally, to evaluate the prognostic value of monocytes and white blood cells, the AUC was 0.616 and 0.611, respectively. Incorporating clinicopathological variables increased the AUC to 0.714 and 0.710, respectively (Supplementary Figures 1B, D).




Figure 3 | Prognostic Value of Hematological Parameters and Clinical-pathologic Variables in Predicting Mortality in CRC. (A) Cox regression analysis by comparing T1 and T2 vs T3, to predict the risk of mortality using neutrophil-related ratios. (B) Three Receiver Operating Characteristic (ROC) curves with corresponding Areas Under the Curve (AUC).



Finally, we conducted an analysis to identify factors influencing neutrophil counts, utilizing both linear and logistic regressions. After adjusting by age, sex, BMI, familial history of cancer, smoking, alcohol consumption and the presence of type 2 diabetes mellitus, the results showed that there is a positive relationship between neutrophil counts and the occurrence of metastasis when neutrophil counts are considered continuous (β=0.92 (0.41), p<0.05) and tumor size (width) when neutrophils were considered as logistic variable (T1 vs T3) [OR=1.42, (95% CI: 1.05-1.98), p<0.05] (Table 3).


Table 3 | Logistic and linear regression analysis to predict those clinicopathological variables that are associated with neutrophil counts.








Discussion

In this retrospective study, we examined the survival outcomes of patients with CRC over five years. The study focused on assessing inflammatory and immune system biomarkers as prognostic indicators among both survivors and non-survivors. Our findings suggest that several biomarkers associated with neutrophils and their related ratios are effective predictors of overall survival in CRC patients. Particularly, neutrophils and monocytes emerged as the most significant predictors in the random forest model. Utilizing tertiles based on neutrophil counts, we observed that highest tertile of neutrophils at baseline showed notably poorer overall survival rates compared to the middle and the lowest tertiles. This observation yielded an AUC of 0.712, after incorporating all relevant clinicopathological variables, suggesting the potential of neutrophils and other variables as valuable prognostic indicators for predicting overall survival in patients with CRC. This study also highlights the potential role of neutrophils in cancer progression and disease relapse, warranting further research to clarify these observations.

Several biomarkers have been identified as potential indicators for diagnosis, prognosis, and treatment response in CRC (13). Specifically, there is an emerging predictive biomarker for cancer prognosis, which includes immune-related biomarkers for managing patients with CRC (13, 14). Laboratory markers of systemic inflammatory response have been extensively studied as prognostic and predictive tools in CRC (15). Neutrophils and related markers, such as NLR, have been widely proposed as diagnostic and prognostic biomarkers in several studies (16–18), as well as for overall survival in CRC (16, 19, 20). In our study, Cox logistic regression analysis revealed that increased NLR values were associated with poorer survival rates in CRC patients, even after adjusting for all relevant clinicopathological variables. This indicates the potential of NLR as a biomarker in CRC. Furthermore, other immune cell parameters, such as neutrophil and monocyte counts, as well as other ratios, showed reliable predictive utility, suggesting the involvement of the immune system in cancer progression and survival outcomes. However, in our study, a random forest analysis proposed neutrophils and monocytes as the most important predictor of overall survival, which supports previous findings, highlighting a mechanistic role in CRC.

When comparing neutrophil tertiles, the highest tertile displayed lower overall survival rates compared to the middle and lowest tertile, with a median survival of approximately 42.5 months and an AUC of 0.712. Accordingly, Mercier et al., 2018 reported that an increased platelet-neutrophil-to-lymphocyte ratio was linked to poor overall survival, with a median survival of 9.6 months in metastatic CRC patients (8). Yang et al. (2021) also conducted a study indicating that a high NLR correlated with poor progression-free survival, with a median of 6.1 months (21). These findings collectively suggest that neutrophil counts and related ratios serve as reliable predictors for CRC prognosis. Nonetheless, additional studies are necessary to comprehend their mechanistic role in CRC.

Tumor-associated neutrophils showed both pro- and anti-cancer effects, playing a dual role in both direct and indirect manners in the initiation and advancement of tumors (11). Tumors can stimulate increased production of neutrophils in the bone marrow and attract them to the tumor site (22). Once there, neutrophils are often polarized toward phenotypes that promote tumor growth and metastasis (23). Our linear and logistic regression analysis revealed a strong association between neutrophil levels and metastasis and tumor size, which aligns with previous research (24, 25). Studies have consistently highlighted the multifaceted role of neutrophils in various stages of the metastatic process, including creating a premetastatic niche and facilitating tumor cell invasion, migration, intravasation, and extravasation (24). Conversely, some findings emphasize a protective aspect of neutrophils against metastasis by activating and recruiting T cells and other leukocytes to the metastatic site (26).

Our research also emphasizes the importance of monocytes as a key predictor of mortality. In the case of CRC, monocyte counts have been identified as an independent prognostic factor for predicting the outcome. Higher absolute monocyte counts were significantly linked to poorer overall survival and progression-free survival outcomes (27). Furthermore, a meta-analysis revealed that distant metastatic status and increased absolute monocyte count were linked to worse outcomes in CRC patients (28). Cancer significantly impacts immune system functionality, reflected in altered immune cell counts, which serve as potential indicators of patient prognosis. Neutrophils play a key role in recruiting monocytes to the site of the injury. As a result of this process being disrupted, patients with tumors often have higher levels of immature neutrophils and monocytes in the bloodstream. These cells not only multiply in number but also move to the tumor’s environment, worsening local immune suppression (29).

We must acknowledge several limitations of our study. Its retrospective nature and single-center design may limit the generalizability of our findings. Nonetheless, our study offers valuable insights into the role of immune markers in CRC prognosis within a large cohort. Nevertheless, the variability in our results over time may be due to the lack of detailed data on treatment regimens, demographic characteristics, lifestyle factors, disease awareness, and screening practices—all of which are known to significantly influence survival outcomes. Additionally, a significant limitation of our study is the absence of mismatch repair (MMR) status data for a portion of our cohort, as routine testing for MMR was not consistently included in diagnostic protocols until 2014. This missing data may have influenced our ability to fully assess the relationship between MMR status and immune responses. Furthermore, we prioritized overall survival over progression-free survival (PFS) and recurrence data in our analysis due to the inconsistent availability of PFS and recurrence data across the patient cohort. Out of the patients in the study, only 133 (29.0%) were confirmed as positive for recurrence or progression, while 56 patients (12.2%) had negative outcomes, and 269 patients (58.7%) had indeterminate results. As overall survival was the most consistently documented outcome, it was the most suitable measure for our study. We acknowledge the limitation regarding the small number of stage IV patients in our study. This limited sample size does not allow us to perform a robust descriptive analysis of neutrophil counts as predictive values specifically for this subgroup. However, we acknowledge that this focus may limit our ability to thoroughly investigate the relationships between the biomarkers studied and cancer-specific outcomes such as PFS and recurrence. As a result, some nuances in the association between these biomarkers and disease progression may not be fully captured in our analysis. Therefore, we suggest that future studies explore the impact of these variables on CRC survival through prospective, larger, multicentric cohorts, as this will be crucial in validating and expanding upon our findings.





Conclusion

In conclusion, our research suggests that higher neutrophil counts in patients with CRC can serve as potential risk factors for mortality and reliable prognostic indicators over a 5-year follow-up period. Our analysis identified neutrophils as the most significant predictors of overall survival. Additionally, our study brings attention to certain clinicopathological variables, such as metastasis and tumor size that can influence neutrophil counts, implying their role in these processes. These findings provide a foundation for creating personalized and effective prognostic tools in CRC management. Further research has the potential to improve our understanding of the prognostic role of neutrophils in CRC and could offer valuable insights into the mechanistic aspects of the development process of CRC.
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Supplementary Figure 1 | Prognostic Value of Hematological Parameters and Clinicopathological Variables in Predicting Mortality in CRC. Cox regression analysis comparing Tertiles 1 (T1) and 2 (T2) versus Tertile 3 (T3) for (A) monocytes and (C) white blood cells. Receiver Operating Characteristic (ROC) curves demonstrate the predictive performance of (B) monocytes and (D) white blood cells, with corresponding Areas Under the Curve (AUC).
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Studying the tumor microenvironment and surrounding lymph nodes is the main focus of current immunological research on soft tissue sarcomas (STS). However, due to the restricted opportunity to examine tumor samples, alternative approaches are required to evaluate immune responses in non-surgical patients. Therefore, the purpose of this study was to evaluate the peripheral immune profile of STS patients, characterize patients accordingly and explore the impact of peripheral immunotypes on patient survival. Blood samples were collected from 55 STS patients and age-matched healthy donors (HD) controls. Deep immunophenotyping and gene expression analysis of whole blood was analyzed using multiparametric flow cytometry and real-time RT-qPCR, respectively. Using xMAP technology, proteomic analysis was also carried out on plasma samples. Unsupervised clustering analysis was used to classify patients based on their immune profiles to further analyze the impact of peripheral immunotypes on patient survival. Significant differences were found between STS patients and HD controls. It was found a contraction of B cells and CD4 T cells compartment, along with decreased expression levels of ICOSLG and CD40LG; a major contribution of suppressor factors, as increased frequency of M-MDSC and memory Tregs, increased expression levels of ARG1, and increased plasma levels of IL-10, soluble VISTA and soluble TIMD-4; and a compromised cytotoxic potential associated with NK and CD8 T cells, namely decreased frequency of CD56dim NK cells, and decreased levels of PRF1, GZMB, and KLRK1. In addition, the patients were classified into three peripheral immunotype groups: "immune-high," "immune-intermediate," and "immune-low." Furthermore, it was found a correlation between these immunotypes and patient survival. Patients classified as "immune-high" exhibited higher levels of immune-related factors linked to cytotoxic/effector activity and longer survival times, whereas patients classified as "immune-low" displayed higher levels of immune factors associated with immunosuppression and shorter survival times. In conclusion, it can be suggested that STS patients have a compromised systemic immunity, and the correlation between immunotypes and survival emphasizes the importance of studying peripheral blood samples in STS. Assessing the peripheral immune response holds promise as a useful method for monitoring and forecasting outcomes in STS.




Keywords: soft tissue sarcoma, immunophenotyping, gene expression profiling, cytokines, chemokines, growth factors, immune checkpoints




1 Introduction

Soft tissue sarcomas (STS) represent a broad class of rare and highly heterogeneous mesenchymal tumors. The estimated incidence is 1.5–3.0 times per 100,000 individuals annually, and the World Health Organization (WHO) documented over 100 histopathological subtypes in 2020 (1–3). The main concerns in STS, given the 20% 5-year survival rate for advanced cancer, is the rate of recurrence and metastatic disease, which presents a treatment challenge (3–5). Consequently, it is essential to regularly monitor STS patients in order to forecast the course of the disease. To follow up with STS patients, clinical practice currently uses imaging methods and evaluates general cancer biomarkers (6, 7). But since there aren’t any particular biomarkers for STS used in clinical care, there’s an opportunity to look into and find cellular and molecular factors that can be used to aid doctors in clinical management.

Research on immune-related parameters as possible indicators of cancer development has increased dramatically as a result of immunotherapy’s advancements (8–10). This push for improved prognostic, diagnostic, and monitoring approaches in cancer has reignited interest in immunologic markers within STS. Inspired by William B. Coley’s early 20th-century work on immunotherapy in sarcomas (11), there is a growing recognition of the immune system’s critical role in STS. While STS has traditionally been viewed as “cold” tumors with limited immune response (12–14), emerging evidence challenges this perception. Recent studies have highlighted the variability in tumor mutational burden, the presence of an occasionally “hot” tumor microenvironment, and observed responses to immunotherapy, underscoring the complex and nuanced role of immunity in STS (15, 16).

The immune contexture in STS tumors is marked by specific features, including tumor-associated macrophages (TAM), dysfunctional tumor-infiltrating lymphocytes (TIL), reduced CD8 T cell and NK cell activity, increased Treg cells, limited B cell infiltration, and impaired dendritic cell (DC) function (17–20). Moreover, gene expression analysis of tumor samples in STS shown that a 20-gene signature related to cytotoxic immune response further strengthened the prognostic potential of the 67-gene Complexity Index in SARComas (CINSARC) transcriptomic signature, that is a promising predictor of metastatic disease in STS (21–23). Additionally, blood plasma cytokine analysis in STS has shown correlations with clinical parameters (24, 25), suggesting that plasma proteins could be valuable for patient stratification and monitoring. Recent studies also highlight the importance of tumor immunotypes, such as Sarcoma Immune Classes (SIC A-E), in predicting patient outcomes and potential responses to immunotherapy (18, 26, 27). Although understanding the tumor’s local immune status is crucial, challenges related to scheduling and sample availability can limit the effectiveness of monitoring systems that depend on tumor samples. Therefore, it is essential to explore alternative collection methods, such as analyzing peripheral blood samples.

Systemic immunity plays a critical role in cancer control, with changes in peripheral immune compositions both impacting and reflecting tumor responses (28). Alterations in circulating immune cells have been associated with prognosis across various cancer types, indicating their potential as survival markers (29–32). Although research on STS is limited, existing studies have shown that circulating immune cells, immune-related gene expression, and plasma cytokine levels hold promise for patient stratification (8, 23, 24, 33). These insights emphasize the need for comprehensive assessments of both cellular and molecular parameters in peripheral blood, which could help identify distinct immunotypes and provide a more nuanced understanding of a patient’s immune status. Consequently, investigating circulating biomarkers as predictors of disease outcomes in STS represents a valuable and promising area of research.

Hence, this study hypothesizes that peripheral immune profiles can function as biomarkers for distinguishing disease status and monitoring treatment responses in patients with STS. The research aims to evaluate the systemic immune compartment of STS patients, and assess the impact of histological classification, treatment response, and therapy. By analyzing immune cells, immune-related genes (IRG), and immune-related soluble factors (IRSF), the study seeks to identify distinct peripheral immunotypes associated with those variables. Additionally, the study explores the correlation of immunotype classification with survival outcome. It is anticipated that compromised systemic immunity in STS patients will be reflected in distinct immune profiles, which may vary in their impact on survival. The focus on systemic immune-related biomarkers represents a significant shift, introducing non-invasive, real-time monitoring methods that could transform the clinical approach to STS.




2 Materials and methods



2.1 STS patients and healthy donor controls

From November 2018 to February 2023, peripheral blood samples and clinical data were collected at the Tumor Unit of the Locomotor Apparatus, University Clinic of Orthopedics, Orthopedics Oncology Service, Coimbra Hospital and Universitary Centre, which is a European Reference Center for Adult STS Treatment. The inclusion criteria for patients were confirmed STS diagnostic, not including gastrointestinal tumor type (GIST), and age greater than 18 years. Patients with confirmed viral or bacterial infections were excluded from the study. A total of 55 STS patients’ peripheral blood samples and age-matched healthy donors (HD) controls were examined. For research involving human subjects, the World Medical Association’s Helsinki Declaration is adhered to in this work. All participants gave their informed consent after receiving thorough information regarding the goal of the study. The Coimbra Hospital and Universitary Center, Portugal, and the University of Coimbra’s Faculty of Medicine Ethics Committee provided ethical permission for this study, with references CE-018/2021 and CHUC-021-19, respectively. The study’s patient population’s clinical and demographic information was outlined in Table 1 and in more detail in Supplementary File S1.


Table 1 | Demographic and clinical characteristics of STS patients enrolled in the study.



The patient cohort reflects the heterogeneous population encountered in real-world settings for STS. Therefore, patients were categorized by histological types, including leiomyosarcoma (LMS), liposarcoma (LS), undifferentiated sarcoma (US), synovial sarcoma (SS), and a miscellaneous “Other” group for histotypes with three or fewer patients. To analyze treatment impact and patient response, they were further divided into groups: those recommended for primary tumor surgery (DX), those with stable disease (SD), and those with disease progression (PD), with classifications made by the clinical team. Additionally, patients were sorted by their therapy regimen at the time of sample collection, resulting in four distinct groups: those receiving anthracycline-based therapy (ANTHRA), those on trabectedin-based therapy following anthracycline treatment (ANTHRA + TRAB), those on first-line trabectedin treatment (TRAB), and those following various other treatments (“OTHER”). Other factors such as gender, anatomical site, and presence of metastatic disease were also evaluated, but since no significant differences were found, these data are not included here (data not shown).




2.2 Peripheral immunophenotyping

For immunophenotyping, peripheral blood samples collected from 55 STS patients and 45 HD controls were analyzed. First, with the use of the hematological counter DxH500 (Beckman Coulter, Pasadena, CA, USA), the absolute frequency (AF) of total leucocytes (LEU) and the AF and relative frequency (RF) of the major LEU populations, such as lymphocytes (LY), monocytes (MO), and granulocytes (GR), were determined.

Then, peripheral blood samples were stained and prepared for flow cytometry analysis using an 8-color flow cytometer, BD FACSCanto II (BD Biosciences, San Jose, CA, USA), with BD FACSDiva software (BD Biosciences, San Jose, CA, USA). Initially, 100 µL of peripheral blood or up to 1x106 LEU were incubated with fluorochrome-conjugated monoclonal antibodies (mAbs) for 15 minutes in the dark at room temperature. Following staining, red blood cells were lysed using 2 mL of BD Lysing Solution (BD Biosciences, San Jose, CA, USA) for 10 minutes under the same conditions. The samples were then centrifuged at 450 × g for 5 minutes; the supernatant was discarded, and the pellet was resuspended in 2 mL of 1x phosphate buffer saline (PBS) for washing. After a second centrifugation at 450 × g for 5 minutes, the supernatant was discarded, and the cells were resuspended in 1x PBS for acquisition.

The antibody panel employed, as previously described in the literature (34, 35), included 6 different combinations of fluorochrome-conjugated mAbs, enabling the identification of 83 immune cell populations. These included various lymphocyte subpopulations, dendritic cells (DC), and myeloid-derived suppressor cells (MDSC), along with key receptors related to cell maturation, activation, and suppression. The antibodies were titrated to determine the optimal concentration for up to 1x106 LEU in 100 µL, with detailed antibody specifications provided in Supplementary File S2. Data analysis was performed using FlowJo v.10.7 software (BD Biosciences, Ashland, OR, USA), and the gating strategy is outlined in Supplementary File S3.




2.3 Whole blood immune-related gene expression profiling

Approximately 9 mL of whole blood from 55 STS patients and 45 HD controls was drawn into PAXgene Blood RNA Tubes® (PreAnalytiX, Hombrechtikon, Switzerland), which stabilize and preserve RNA. After collection, the tubes were gently inverted to mix with the stabilization reagent and stored at room temperature for at least 2 hours. They were then frozen at -80°C until RNA extraction. RNA extraction was performed using the PAXgene Blood RNA Kit® (PreAnalytiX, Hombrechtikon, Switzerland). The RNA PAXgene tubes were centrifuged at 3 000 × g for 10 minutes to pellet cellular components. The pellet was resuspended in RNase-free water, vortexed, and centrifuged again. The cell lysate was incubated with buffers and proteinase K at 55°C for 10 minutes, then homogenized using the PAXgene Shredder spin column. After adding absolute ethanol, the lysate was transferred to PAXgene RNA spin columns, where RNA was bound, washed, and treated with DNase I to remove DNA. RNA was eluted twice with 40 μL of elution buffer, heat-denatured at 65°C, and stored at -20°C overnight. RNA quality was assessed using a Nanodrop 2000 spectrophotometer (Thermo Fisher Scientific, Waltham, MA, USA), with acceptable ratios of 1.8-2.0 for 260/280 nm and 260/230 nm.

cDNA synthesis was carried out using the iScript™ Reverse Transcription Supermix (BIO-RAD, Hercules, CA, USA). RNA samples (32 μL) were mixed with 8 μL of iScript RT supermix and incubated at 25°C for 5 minutes, 46°C for 20 minutes, and then heated at 95°C for 1 minute to inactivate the reverse transcriptase. The cDNA was stored at -20°C. The concentration and quality of cDNA were also assessed using the Nanodrop 2000 spectrophotometer. For gene expression analysis, real-time RT-qPCR was performed using two 96-well plates to accommodate the 120 samples. The iTaq™ Universal SYBR® Green Supermix (BIO-RAD, Hercules, CA, USA) was used for PCR reactions. Gene-specific primers were obtained from Primer Bank or custom-synthesized and reconstituted. The PCR conditions included an initial denaturation at 95°C for 2 minutes, followed by 50 cycles of denaturation at 95°C for 10 seconds, annealing/extension at 60°C for 30 seconds, and a melt curve analysis from 65 to 97°C.

Calibrated normalized relative quantification (CNRQ) of gene expression was determined using qBase+ v3.2 software (Biogazelle, Gent, Belgium). In total, 99 IRG were measured, and reference genes were selected based on the methodology described by Vandesompele and colleagues (36). The primers used, along with their specifications, were detailed in Supplementary File S4.




2.4 Plasmatic immune-related multiplex analyte profiling

Multiplex analyte profiling (xMAP®) was conducted on plasma samples from 20 STS patients and 20 HD controls. IRSF were analyzed using four pre-configured panels of target analytes, including one panel for general immune monitoring (Human Immune Monitoring 65-plex ProcartaPlex Panel) and three panels dedicated to immune checkpoint molecules (Human Immuno-Oncology Checkpoint 14-Plex ProcartaPlex Panel 1, Panel 2, and the 10-Plex ProcartaPlex Panel 3). The analysis was performed in accordance with the manufacturer’s instructions, and the Luminex xMAP® (100/200™ system) was used to quantify the soluble proteins present in plasma samples. The data obtained from the analysis was processed using the ProcartaPlex™ Analysis App (https://apps.thermofisher.com/apps/procartaplex). Analytes with concentrations below or above the limit of detection were excluded from the analysis, resulting in a total of 81 analytes being included in the final analysis. Details of the target analytes in each immunoassay kit are provided in Supplementary File S5.




2.5 Bioinformatic tools

Principal component analysis (PCA) and unsupervised clustering analysis were conducted using the ClustVis software, accessed online at https://biit.cs.ut.ee/clustvis (37). All analyses, from data normalization to final outcomes, were performed entirely within this online tool. Initially, the data were normalized using the ln (x + 1) transformation to ensure proper distribution. PCA prediction ellipses were applied to differentiate between patient groups annotated for histological classification, treatment/response, and therapy, with unit variance scaling used for rows. Principal components (PC) were calculated using single value decomposition (SVD) with imputation. The prediction ellipses indicate the 0.95 probability range for new observations within the same group. Unsupervised clustering analysis was performed to categorize patients based on selected immune-related factors. For this analysis, rows were centered, and unit variance scaling was applied to ensure consistency in data distribution. Missing values were estimated using imputation methods. The clustering of rows was conducted using Euclidean distance as the metric, paired with Ward linkage to optimize the clustering hierarchy. Similarly, columns were clustered using a correlation distance metric combined with Ward linkage to assess the relationships between the immune factors.

The identified IRG and IRSF in each cluster for rows were further submitted to normal gene set analysis using the online software STRING version 11.5 (https://string-db.org) to construct protein-protein interaction (PPI) networks (38). The PPI network enrichment was measured, and the gene ontology (GO) pathway enrichment analysis was assessed (count in network, strength, and FDR).




2.6 Statistical analysis

For comparison of multiple variables, it was used the GraphPad Prism version 9.0.2 for macOS (GraphPad Software, San Diego, CA, USA). Data normalization was performed with arcsinh transformation for flow cytometry data and log10 transformation for RT-qPCR and xMAP® data. Non-normally distributed variables between two groups (STS patients vs. HD control) were analyzed using multiple Mann-Whitney U tests, with false discovery rate (FDR) control and Bonferroni-Dunn correction applied. For more than two groups (e.g., histological classification, treatment/response, therapy), two-way ANOVA with FDR control followed by Bonferroni’s post-test was employed. Significance levels were set at p < 0.05, q = 0.05, and α = 0.05. Original values for median and inter-quartile range (IQR) were used for graphical and descriptive data.

Spearman’s correlation coefficient, calculated using GraphPad Prism version 9.0.2 for macOS (GraphPad Software, San Diego, CA, USA), was used to assess correlations between immune-related factors (immune cells, IRG, or IRSF), with significance set at p < 0.05.

Time-to-event survival analyses were conducted using IBM SPSS Statistics for Mac OS 26.0 (IBM Corp, Armonk, NY, USA). Cox regression and/or log-rank tests were used to evaluate the impact of studied parameters on patient survival. The variable time was defined as the time after collection (TAC), from the collection date until death or the study’s end. In some cases, time after diagnosis (TAD) was tested. Given the rarity of these tumors, using TAC instead of TAD allowed us to include more patients and gather sufficient data. To address variability in collection dates and potential bias, our analysis systematically integrated collection times into the study design. Patients who died from other causes (4 patients) were excluded. For individual variables, Cox regression analysis with hazard ratios and log-rank tests using dichotomous variables based on median values were performed. For multiple variables, standardization and multicollinearity assessments were conducted, followed by multivariate Cox analysis using Enter or Stepwise Forward Conditional methods. The proportional hazards assumption was checked using interaction terms with the log of time. Kaplan-Meier curves and log-rank tests were used to analyze the impact of peripheral immunotypes on patient survival, with multivariate Cox analysis performed as previously described.





3 Results

In this study an extensive analysis of immune-related factors was conducted in peripheral blood samples from 55 STS patients and age-matched HD controls. Immunophenotyping of peripheral blood was conducted by flow cytometry to assess the frequency of 83 immune cell populations, including major and minor myeloid and lymphoid cell populations, along with receptors involved in maturation, activation, and suppression. Gene expression analysis using real-time RT-qPCR was employed to evaluate the relative quantity of 99 IRG associated with immune response, as suppression, activation, and cytotoxicity. Similarly, 81 IRSF were quantified in plasma samples collected from 20 STS patients and 20 HD controls by xMAP® technology using standard commercial panels.

Moreover, STS patients were studied according to histological classification, treatment/response, and therapy regimen to discuss how these clinical parameters may influence the alterations observed in STS patients comparatively with HD controls. For IRSF, due to the low sample size, statistical analysis according to histological classification and therapy were excluded, and for treatment and response evaluation, only SD and PD patients were included.

Each set of analysis of immune cells, IRG and IRSF, was performed on the same sample collected from each STS patient, allowing the construction of peripheral immune profiles based on the combined data. Afterwards, unsupervised clustering analysis was performed to identify similar immune profiles within patients and classify patients according to their immunotype. The immunotype classification was inspected for its impact on patient survival in order to explore the potential of peripheral blood samples as a tool for STS monitoring.



3.1 Contraction of B cell and CD4 T cell compartments in STS patients

The immunophenotyping was performed on peripheral blood samples collected from STS patients and HD controls. Using the automated hematological counter, the leucocyte absolute frequency and the GR, MO, and LY absolute and relative frequencies were assessed. It was observed a significant decrease in LY absolute and relative frequency (0.9 cells/<L, IQR: 0.6–1.4, N = 49; 16.6% of LEU, IQR: 8.4–27.6, N = 49; respectively) when compared with HD controls (2.1 cells/<L, IQR: 1.7–2.5, N = 45, adjusted p (adj p) < 0.000001; 32.9% of LEU, IQR: 24.5–39.6, N = 45, adj p = 0.000002) (Supplementary Files S6A, B). Alongside, it was observed an increase in the relative frequency of GR in STS patients (74.3% of LEU, IQR: 57.8–82.5, N = 49) compared with HD controls (61.1% of LEU, IQR: 52.9–67.6, N = 45, adj p = 0.011569) (Supplementary file S6B). No significant alterations were observed for both absolute and relative frequencies of MO (Supplementary Files S6A, B). Using flow cytometry, the relative frequency of DC and MDSC was assessed, and the absolute frequency of both was estimated based on the LEU absolute count. Yet no significant alterations were observed (Supplementary Files S6A, B). Similarly, no differences were observed when analyzing the groups of patients according to the clinical parameters (data not shown).

It was also considered the frequency of LY subpopulations. The comparative analysis between STS patients and HD controls revealed that STS patients have significantly lower B cell absolute and relative frequency (0.02 cells/<L, IQR: 0.01–0.11, N = 49; 2.5% of LY, IQR: 0.5–9.8, N = 55; respectively) when compared with HD controls (0.19 cells/<L, IQR: 0.16–0.27, N = 45, adj p < 0.000001; 10.5% of total LY, IQR: 7.8–12.4, N = 45, adj p = 0.002370) (Figures 1A, B). The absolute frequency of T cells (0.69 cells/<L, IQR: 0.39–1.06, N = 49) and NK cells (0.08 cells/<L, IQR: 0.05–0.16, N = 49) was also significantly decreased in STS patients when compared with HD controls (1.38 cells/<L, IQR: 1.13–1.34, N = 45, adj p = 0.000004; 0.26 cells/<L, IQR: 0.16–0.4, N = 45, adj p < 0.000001; respectively), whereas no significant differences were observed for relative frequencies (Supplementary Files S7A, B). No significant differences were observed for the absolute or relative frequency of NKT-like cells (Supplementary Files S7A, B).




Figure 1 | Contraction of B cell and CD4 T cell compartments in STS patients. Multiparametric flow cytometry and real-time RT-qPCR were used to analyze immune cells and IRG in peripheral whole blood samples, and xMAP technology was used to analyze IRSF in plasma samples. (A) Absolute frequency of B cells observed in STS patients and HD controls. (B) Relative frequency of B cells observed in STS patients and HD controls. (C) Relative frequency of B cells according to histological classification, treatment/response, and therapy. (D) Relative quantification of the IRG CD27, ICOSLG, and CD40LG observed in STS patients and HD controls. (E) Relative quantification of the IRSF ICOS-L according to treatment/response. (F) Absolute frequency of CD4 T cells observed in STS patients and HD controls. (G) Relative frequency of CD4 T cells observed in STS patients and HD controls. (H) Relative quantification of the IRG CD28 and IL2RA observed in STS patients and HD controls. (I) Correlation analysis of B cells and CD4 T cells with the IRG CD27, ICOSLG, and CD40LG, and with the IRSF CD40-L. Original values were used for data representation using Tukey method, while transformed values of immune cells (arcsin transformed), IRG (log10 transformed), and IRSF (log10 transformed) were used for statistical analysis. In A, B, D-H, it was conducted multiple Mann-Whitney U tests controlling for FDR, followed by Bonferroni-Dunn method to obtain the adjusted p-values. In C, it was conducted 2-way ANOVA controlling for FDR (q = 0.05), followed by Bonferroni's post-test for multiple comparisons between groups. In I, Spearman's correlation analysis was performed, and the coefficient matrix was plotted, with significant p-values represented. The color scale represents the direction of association, green means positive correlation and red means negative correlation. Statistical significance was set at p < 0.05, q = 0.05 and a = 0.05. Legend: HD, healthy donors; STS, soft tissue sarcoma; LMS, leiomyosarcoma; LS, liposarcoma; US, undifferentiated sarcoma; SS, synovial sarcoma; DX, patients indicated for surgery; SD, stable disease; PD, progression disease; TRAB, trabectedin-base chemotherapy; ANTHRA, anthracycline-based therapy; ANTHRA + TRAB, trabectedin-based therapy after anthracycline-based therapy; AF, absolute frequency; RF, relative frequency; IRG, immune-related genes; IRSF, immune-related soluble factors; CNRQ, calibrated normalized relative quantity; FDR, false discovery rate; Adj p, adjusted p-value.



Considering the clinical parameters, significant differences were observed in the relative frequency of B cells. According to histological classification, LS patients exhibited a significantly higher frequency of B cells (8.5% of LY, IQR: 2.5–20.1, N = 9) when compared with LMS (2.1% of LY, IQR: 0.8–7.8, N = 18, adj p = 0.0351) and SS patients (0.7% of LY, IQR: 0.2–3.4, N = 8, adj p = 0.0011) (Figure 1C). Regarding treatment and response, a significant lower relative frequency of B cells was observed in SD (1.1% of LY, IQR: 0.4–5.1, N = 26, adj p < 0.0001) and PD (2.3% of LY, IQR: 1.1–10.9, N = 21, adj p = 0.0035) patients compared with DX patients (13.5% of LY, IQR: 10.3–18.4, N = 8) (Figure 1C). Lastly, when analyzing the therapy regimen, it was observed that there were significantly lower levels of B cells in ANTHRA patients (0.14% of LY, IQR: 0.09–0.74, N = 9) than in the TRAB (6.1% of LY, IQR: 2.6–12.1, N = 8, adj p = 0.0004) or OTHER (6.7% of LY, IQR: 0.5–12.3, N = 11, adj p = 0.0007) group of patients (Figure 1C).

In whole blood gene expression analysis, lower expression levels of CD27, CD40LG, and ICOSLG (0.586 CNRQ, IQR: 0.208–1.843, N = 55; 0.600 CNRQ, IQR: 0.364–1.651, N = 55; 0.400 CNRQ, IQR: 0.209–2.952, N = 49; respectively) were observed in STS patients comparatively with HD controls (3.059 CNRQ, IQR: 1.497–4.649, N = 45, adj p < 0.000001; 1.899 CNRQ, IQR: 1.018–2.608, N = 45, adj p = 0.004186; 3.060 CNRQ, IQR: 1.776–4.430, N = 45, adj p = 0.00001; respectively) (Figure 1D). Considering the clinical parameters evaluated, no significant differences were observed (data not shown), yet PD patients exhibit a tendency for a decrease in the plasma levels of ICOS-L (561.9 pg/mL, IQR: 258.6–808.8, N = 20) compared with SD patients (1470.3 pg/mL, IQR: 1211.6–1813.1, N = 6, FDR = 0.008359; adj p = 0.000103) (Figure 1E).

Moreover, besides no alterations in the relative frequency of T cells (Supplementary File S7B), it was observed a significant reduction in the absolute and relative frequency of CD4 T cells (0.32 cells/<L, IQR: 0.17–0.57, N = 49; 46.3% of T cells, IQR: 36.2–60.6, N = 55; respectively) in STS patients comparatively with HD controls (0.9 cells/<L, IQR: 0.68–1.03, N = 45, adj p < 0.000001; 59.8% of T cells, IQR: 55.3–67.8, N = 45, p = 0.000963; respectively) (Figures 1F, G; Supplementary File S8). The gene expression analysis revealed decreased expression levels of CD28 and IL2RA in STS patients (0.770 CNRQ, IQR: 0.331–2.681, N = 55; 0.583 CNRQ, IQR: 0.277–1.709, N = 54) comparatively with HD controls (3.059 CNRQ, IQR: 1.497–4.639, N = 45, adj p = 0.000116; 2.429, IQR: 1.638–3.510, N = 45, adj p = 0.000011; respectively) (Figure 1H).

Furthermore, the correlation analysis of B cells and CD4 T cells with the IRG CD27, CD40LG, and ICOSLG in STS patients showed a significant positive correlation between the relative frequency of B cells and the gene expression levels of the IRG CD27 (Spearman r = 0.277, p = 0.0406), ICOSLG (Spearman r = 0.541, p < 0.0001), and CD40LG (Spearman r = 0.296, p = 0.0282), and the plasma levels of CD40-L (Spearman r = 0.586, p = 0.0066). Similarly, the relative frequency of CD4 T cells was found to be positively correlated with the gene expression levels of ICOSLG (Spearman r = 0.352, p = 0.0132) and CD40LG (Spearman r = 0.342, p = 0.0105), with statistical value (Figure 1I).




3.2 The major impact of immunosuppression (MDSC and Treg) in STS patients

In this cohort of STS patients, a significant expansion of circulating monocytic-MDSC (M-MDSC) was observed (79.7% of MDSC, IQR: 58.5–88.6, N = 54) when compared with the HD controls (54.3% of MDSC, IQR: 35.1–72.3, N = 35, adj p = 0.00652) (Figure 2A). The gene expression levels of the IRG ARG1 were also found to be significantly increased in STS patients’ peripheral whole blood (1.419, IQR: 0.420–4.124, N = 55), compared with HD controls (0.335 CNRQ, IQR: 0.256–0.658, N = 43, adj p = 007121) (Figure 2B). Moreover, the relative frequency of circulating M-MDSC and the gene expression levels of ARG1 were to be found positively correlated in STS patients, with a statistical value (Spearman r = 0.2985, p = 0.0283) (Figure 2C). Using xMAP technology, the quantification of soluble VISTA in plasma samples was found to be superior in STS patients (47.6 pg/mL, IQR: 26.3–65.5, N = 20) than in HD controls (12.5 pg/mL, IQR: 8.6–15.2, N = 19, adj p = 0.001216) (Figure 2D).




Figure 2 | Major impact of immunosuppression (MDSC and Treg) in STS patients. Multiparametric flow cytometry and real-time RT-qPCR were used to analyze immune cells and IRG in peripheral whole blood samples, and xMAP technology was used to analyze IRSF in plasma samples. (A) Relative frequency of M-MDSC cells observed in STS patients and HD controls. (B) Relative quantification of the IRG ARG1 observed in STS patients and HD controls. (C) Correlation analysis of M-MDSC with the IRG ARG1. (D) Relative quantification of the IRSF TIMD-4 observed in STS patients and HD controls. (E) Relative frequency of Treg cells observed in STS patients and HD controls. (F) Relative quantification of the IRSF IL-10 observed in STS patients and HD controls. (G) Relative quantification of the IRG TIMD-4 observed in STS patients and HD controls. Original values were used for data representation using Tukey method, while transformed values of immune cells (arcsin transformed), IRG (log10 transformed), and IRSF (log10 transformed) were used for statistical analysis. In (A, B, D-G), it was conducted multiple Mann-Whitney U tests controlling for FDR, followed by Bonferroni-Dunn method to obtain the adjusted p-values. In (C), Spearman’s correlation analysis was performed. Statistical significance was set at p < 0.05, q = 0.05 and α = 0.05. HD, healthy donors; STS, soft tissue sarcoma; MDSC, myeloid-derived suppressor cells; M-MDSC, monocytic-MDSC; Treg, regulatory T cells; IRG, immune-related genes; IRSF, immune-related soluble factors; CNRQ, calibrated normalized relative quantity; FDR, false discovery rate; Adj p, adjusted p-value.



The maturation state of CD4 T cells was evaluated, and it was observed that there was a decreased relative frequency of naïve CD4 T cells (9.4% of CD4 T cells, IQR: 5.2–21.8, N = 55) in STS patients than in HD controls (34.3% of CD4 T cells, IQR: 17.1–43, N = 45, adj p < 0.000001) (Supplementary File S9A). The relative frequency of Th1, Th2, Th17, and Treg cells was also evaluated. Significantly lower frequencies of Th2 cells (42.2% of CD4 T cells, IQR: 25.9–52.6, N = 55) and increased frequencies of Th17 cells (13.2% of CD4 T cells, IQR: 10.1–19, N = 55) were observed in STS patients when compared with HD controls (53.1% of CD4 T cells, IQR: 46.4–63.6, N = 45, adj p = 001292; 7.2% of CD4 T cells; IQR: 6.1–11.6, N = 45, adj p = 000194; respectively), while no differences were observed for Th1 nor Treg cells (Supplementary File S9B). On the other hand, the frequency of memory Treg cells was found increased in the peripheral blood of STS patients (89.7% of Treg cells, IQR: 85.3–92.8, N = 53) compared with HD controls (75.3% of Treg cells, IQR: 69.5–83.7, N = 75.3, adj p < 0.000001) (Figure 2E). The analysis of plasma samples also revealed a higher significant quantification of IL-10 in STS patients (1.8 pg/mL, IQR: 1.8–12.7, N = 19) than in HD controls (1.8 pg/mL, IQR: 1.8–1.9, N = 19, adj p = 0.013511) (Figure 2F). Moreover, the analysis of the IRSF revealed increased levels of TIMD-4 in plasma samples from STS patients (635.9 pg/mL, IQR: 411.1–1603.8, N = 20) compared with HD controls (261.5 pg/mL, IQR: 150.5–418.9, N = 19, adj p = 0.008118) (Figure 2G).




3.3 Compromised cytotoxic potential associated with CD56dim NK cells and CD8 T cells in STS patients

The analysis of the peripheral blood and plasma samples showed a significant increase in the relative frequency of CD8 T cells (45.7% of T cells, IQR: 32.4–57.1, N = 55) in STS patients when compared with HD controls (32.9% of T cells, IQR: 26–37.8, N = 45, adj p = 0.001186) (Figure 3A), while no differences were observed for absolute frequency (Supplementary File S8A). Similarly, no alterations were observed for CD8 T cell subpopulations according to maturation states (Supplementary File S9C). Moreover, the relative frequency of CD56dim NK cells was found to be significantly lower in STS patients (88.5% of NK cells, IQR: 77.7–94.3, N = 55) than in HD controls (97% of NK cells, IQR: 95.6–98.4, N = 45, adj p < 0.000001) (Figure 3B). The analysis according to treatment/response revealed significant increased levels of CD56bright NK cells in PD patients (13.7% of NK cells, IQR: 9.1–29.2, N = 21) in comparison with DX patients (4.4% of NK cells, IQR: 2.6–10.2, N = 8, p = 0.0078) (Figure 3C). Gene expression analysis of whole blood samples showed that STS patients had significantly decreased levels of the IRG PRF1 (0.484, IQR: 0.185–2.049, N = 55), GZMB (0.515 CNRQ, IQR: 0.351–1.457, N = 55), and KLRK1 (0.545 CNRQ, IQR: 0.318–2.047, N = 55) comparatively to HD controls (2.365 CNRQ, IQR: 1.675–3.772, N = 45, adj p = 0.000188; 1.705, IQR: 1.312–2.453, N = 45, adj p = 0.000525; 2.098 CNRQ, IQR: 1.580–3.354, N = 45, adj p = 0.000965; respectively) (Figure 3D). It was also shown that ANTHRA patients exhibited lower levels of PRF1 (0.168 CNRQ, IQR: 0.111–0.306, N = 9), which were significantly decreased comparatively with TRAB patients (2.060 CNRQ, IQR: 1.560–3.500, N = 8, adj p = 0.0181) (Figure 3E). Additionally, through the correlation analysis of CD8 T cells and CD56dim NK cells with the gene expression levels of PRF1, GZMB, and KLRK1 in STS patients, it was observed a significant positive correlation of CD56dim NK cells with PRF1 (Spearman r = 0.273, p = 0.0435) and EMRA CD8 T cells with PRF1 (Spearman r = 0.312, p = 0.0203), GZMB (Spearman r = 0.266, p = 0.0496), and KLRD1 (Spearman r = 0.336, p = 0.0122) (Figure 3F). Contrarily, the plasma level of Arginase in STS patients (699.6 pg/mL, IQR: 91.5–3417, N = 20) was found to be negatively correlated, with statistical value, with PRF1 (Spearman r = -0.597, p = 0.0055), GZMB (Spearman r = -0.708, p = 0.0005), and KLRK1 (Spearman r = -0.487, p = 0.0293) (Figure 3F).




Figure 3 | Compromised cytotoxic potential associated with CD56dim NK cells and CD8 T cells in STS patients. Multiparametric flow cytometry and real-time RT-qPCR were used to analyze immune cells and IRG in peripheral whole blood samples. (A) Relative frequency of CD8 T cells observed in STS patients and HD controls. (B) Relative frequency of CD56dim NK cells observed in STS patients and HD controls. (C) Relative frequency of CD56dim NK cells according to treatment/response. (D) Relative quantification of the IRG PRF1, GZMB, and KLRK1 observed in STS patients and HD controls. (E) Relative quantification of the IRG PRF1 according to therapy. (F) Correlation analysis of CD56dim NK cells, EMRA CD8 T cells, and the IRSF arginase with the IRG PRF1, GZMB, and KLRK1. Original values were used for data representation using Tukey method, while transformed values of immune cells (arcsin transformed) and IRG (log10 transformed) were used for statistical analysis. In (A, B, D) it was conducted multiple Mann-Whitney U tests controlling for FDR, followed by Bonferroni-Dunn method to obtain the adjusted p-values. In (C, E), it was conducted 2-way ANOVA controlling for FDR (q = 0.05), followed by Bonferroni’s post-test for multiple comparisons between groups. In F, Spearman’s correlation analysis was performed, and the coefficient matrix was plotted, with significant p-values represented. The color scale represents the direction of association, green means positive correlation and red means negative correlation. Statistical significance was set at p < 0.05, q = 0.05 and α = 0.05. HD, healthy donors; STS, soft tissue sarcoma; DX, patients indicated for surgery; SD, stable disease; PD, progression disease; TRAB, trabectedin-base chemotherapy; ANTHRA, anthracycline-based therapy; ANTHRA + TRAB, trabectedin-based therapy after anthracycline-based therapy; IRG, immune-related genes; CNRQ, calibrated normalized relative quantity; FDR, false discovery rate; Adj p, adjusted p-value.






3.4 Immunotype classification and impact on patient survival

Furthermore, it was aimed at integrating the data obtained from flow cytometry, real-time RT-qPCR, and xMAP analysis to construct peripheral immune profiles and explore their value for monitoring STS patients. To achieve that, and considering the large number of variables, immune cells, IRG, and IRSF, first it was investigated the potential impact of each variable on patient survival, defined as time-to-death event counting from the time of the sample collection to the event of death or the end of the study (May 2023), denominated as time after collection (TAC). Through Cox regression and log-rank tests with an appreciation of KM curves, it was identified immune-related factors significantly correlated with patient survival. The calculated hazard ratio associated with the Cox regression analysis indicated the level of risk or protection associated with each variable. Detailed statistics are depicted in Figure 4. Within the immune cell populations analyzed, increased levels of GR (AF), polymorphonuclear-MDSC (PMN-MDSC), Th2, and naïve CD8 T cells were indicated as risk factors, whereas increased levels of MO, DC, LY, T cells, EM CD4 T, and Th1 cells were indicated as protection factors (Figure 4). Among IRG, heightened levels of ARG1 were linked to increased risk, while increased levels of GZMB, CD69, CD3D, NCR2, KLRD1, CCL2, CCL4, CD96, TIGIT, and CD40LG were associated with protection (Figure 4). In the analysis of IRSF, factors such as IL-2, IL-5, IL-10, IL-17A, IFN-γ, MMP1, bNGF, TLSP, VISTA, TIMD-4, PVR, and CTLA-4 were indicated as risk factors, while an increased level of soluble ICOS-L was associated with protection in STS patients (Figure 4).




Figure 4 | Immune-related factors individually associated with patient survival. Multiparametric flow cytometry and real-time RT-qPCR were used to analyze immune cells and IRG in peripheral whole blood samples, and xMAP technology was used to analyze IRSF in plasma samples. Univariate Cox analysis, log-rank test, and graphical representation of the survival-associated hazard ratio. Red and green dots represent factors associated with risk and protection, respectively. Statistical significance was set at p < 0.05. GR, granulocytes; AF, absolute frequency; RF, frequency; MO, monocytes; DC, dendritic cells; MDSC, myeloid-derived suppressor cells; PMN-MDSC, polymorphonuclear-MDSC; LY, lymphocytes; DN, double negative; EM, effector memory; Th, T helper.; IRG, immune-related genes; IRSF, immune-related soluble factors.



It was also performed a multivariable Cox proportional hazards regression analysis to assess the impact of immune-related variables on patient survival, adjusting for commonly known prognostic factors such as tumor site (extremity, trunk non-RPS, RPS, gynecologic, head & neck), tumor grade (low grade, high grade, metastatic primary, metastatic recurrent), age at diagnosis, and age at collection time. Due to high multicollinearity and the sample size relative to the number of variables, a Stepwise Method with Forward selection (Likelihood Ratio) was employed. Data was standardized, and the proportional hazards assumption was checked using interaction terms with the log of time. The results indicated that gene expression of CD40LG (p = 0.001), and the combination of CD40LG and the relative frequency of PMN-MDSC (p = 0.022), are significant predictors of patient survival (Supplementary File S10). The proportional hazards assumption was validated for both CD40LG and PMN-MDSC predictors (p > 0.05).

Next, a database containing individual parameters associated with either risk or protection (comprising 35 immune-related variables) for each of the 55 STS patients included in the study was constructed and then uploaded into the ClustVis web platform (http://biit.cs.ut.ee/clustvis/) for data visualization. The data was processed using PCA prediction ellipses and heatmaps (37). For data normalization and to reduce skewness, the original values were transformed (ln (x + 1)), and row centering and unit variance scaling were applied to enhance comparability across different immune-related factors. Additionally, imputation methods were employed to handle missing values, ensuring accurate estimations. Unit variance scaling was applied to rows and SVD with imputation was used to calculate PC.

First, histological classification, treatment/response, and therapy were considered for creating PCA prediction ellipses (Figure 5A). The degree of a similarity or dissimilarity between the groups might be deduced by looking at the placement and overlap of the ellipses. The X and Y axes are represented by PC1 and PC2, which explain 26.3% and 10.7% of the total variation, respectively. The overlap observed in the prediction ellipses indicated an independence of peripheral immunotypes from histological classification, treatment/response, and therapy. Following this, unsupervised clustering analysis was conducted, resulting in the generation of a heatmap featuring 55 columns (representing patients) and 35 rows (representing immune factors) (Figure 5B, left). The clustering of columns (patients) utilized the correlation distance metric and Ward linkage, while the clustering of rows (immune-related factors) employed Euclidean distance and Ward linkage. The analysis revealed three major patient clusters, denoted as P1, P2, and P3, which comprised 17/55, 14/55, and 24/55 of the patients, respectively. Moreover, two clusters were identified for the rows, representing the immune-related factors: an upper cluster (C1) containing 17/35 factors and a lower cluster (C2) containing 18/35 factors.




Figure 5 | Immunotype classification and impact on patient survival. Multiparametric flow cytometry and real-time RT-qPCR were used to analyze immune cells and IRG in peripheral whole blood samples, and xMAP technology was used to analyze IRSF in plasma samples. (A) PCA according to histological classification, treatment/response, and therapy. Unit variance scaling was applied to rows and SVD with imputation was used to calculate principal components. Prediction ellipses are such that with a 0.95 probability, a new observation from the same group will fall inside the ellipse. (B) Unsupervised clustering analysis of the selected immune cells, IRG and IRSF, and PPI network of IRG and IRSF identified in both C1 and C2 clusters. Heatmap to visualize clustering of multivariate data for 55 STS patients. ClustVis was accessed online (https://biit.cs.ut.ee/clustvis) and patients were plotted by columns while the selected parameters were plotted by rows. Three clusters of patients (P1, P2 and P3) and two clusters of immune-related factors (C1 and C2) were identified. PPI and cluster analysis of the immune-related factors present in each cluster of the heatmap constructed for the 55 STS patients, using the online software STRING (version 11.5). C1 cluster, 13 nodes and 45 edges. The PPI network enrichment was found to be statistically significant (p < 1.0e-16). C2 cluster, 12 nodes and 45 edges. The PPI network enrichment was found to be statistically significant (p < 1.0e-16). (C) Spearman’s correlation analysis of immune cells clustered in C1 and C2 with IRG and IRSF. The coefficient matrix was plotted with the p-values represented. The color scale represents the direction of association, green means positive correlation and red means negative correlation. (D) Survival analysis based on peripheral immunotypes. Kaplan-Meier curves generated from a cohort of 55 STS patients, categorized into P1 (“immune high”), P2 (“immune intermediate”), and P3 (“immune low”) immunotypes. Censored events were identified as a cross in the respective curves. The number of patients at risk are represented in the table below the graph. Statistical significance was set at p < 0.05. PCA, principal component analysis; PC, principal component; IRG, immune-related genes; IRSF, immune-related soluble factors; LMS, leiomyosarcoma; LS, liposarcoma; US, Undifferentiated sarcoma; SS, synovial sarcoma. ANTHRA, Anthracycline-based chemotherapy; TRAB, trabectedin-based therapy; Naïve, patients indicated for surgery; PPI, protein-protein interaction; IRG, immune-related genes.; IRSF, immune-related soluble factors; UC, upper cluster; LC, lower cluster; GO, gene ontology; FDR, false discovery rate; TAC, time after collection.



Then, the immune-related variables that distinguish between patient groups were examined. In C1, the immune populations GR (#), PMN-MDSC (%), Naïve CD8 T cells (%), and Th2 cells (%) were clustered together with the IRG ARG1, and the IRSF sVISTA, sCTLA-4, IL-5, bNFG, sIL10, sTLSP, L-2, IL-17A, IFN-g, sMMP-1, sPVR, and sTIMD-4. In C2, the immune populations MO%, DC%, LY%, T cells %, EM CD4 T cells%, and Th1 cells% were clustered together with the IRG CD3D, CCL4, GZMB, CD96, NCR2, TIGIT, CD40LG, KLRC2, CD69, and CCL2, and the IRSF sICOS-L. Using STRING version 11.5 (https://string-db.org), a bioinformatic analysis compared the set of genes and proteins within each C1 and C2 cluster with the whole proteome to identify associated biological pathways (38). For each cluster, a table with factor names and normalized means against the HD controls was uploaded, and a PPI network analysis was constructed (Figure 5B, right). The PPI network enrichment value was < 1x10-16 for both sets of genes (C1 and C2). A functional enrichment analysis of the GO pathway was performed for each gene or protein set, and the top five significant pathways with higher strength were considered. For C1, the top five GO biological processes identified were: positive regulation of plasma cell differentiation, positive regulation of interleukin-23 production, positive regulation of MHC class II biosynthetic process, negative regulation of interleukin-17 production, and positive regulation of regulatory T cell differentiation (Figure 5B, right, top). For C2, the top five GO biological processes identified were: regulation of NK cell chemotaxis, eosinophil chemotaxis, positive regulation of endothelial cell apoptotic process, negative regulation of NK cell-mediated immunity, and stimulatory C-type lectin receptor signaling pathway (Figure 5B, right, bottom).

Moreover, individual correlations between each immune cell population and IRG and IRSF were investigated. A multivariate analysis was conducted, and a Spearman correlation matrix was plotted, depicting the degree of association between factors (Spearman’s R for each pair) (Figure 5C). The colored scale in the matrix indicates the correlation direction, with green representing a positive correlation and red representing a negative correlation. Wells with values in the matrix represent significant p-values. Immune cells individually associated with risk (GR (#), PMN-MDSC (%), naïve CD8 T cells (%), Th2 (%)) exhibited a similar correlation pattern with IRG and IRSF. Conversely, immune cell populations associated with protection (MO%, DC%, LY%, T cells %, EM CD4 T cells, and Th1 cells%) demonstrated a similar pattern within each other, opposite to that observed for risk-associated populations.

Considering GO functional analysis, Spearman correlation analysis, and immunobiology knowledge, it was determined that the C1 cluster was enriched in inflammatory/immunosuppressive factors, while the C2 cluster was enriched in effector/cytotoxic factors. Therefore, the peripheral immune profiles P1, P2, and P3 were categorized as “immune high,” “immune intermediate,” and “immune low,” respectively. P1 patients displayed reduced levels of C1 factors along with elevated levels of C2 factors, contrary to the observation for P3 patients. P2 patients exhibited intermediate expression levels of C1 and C2 factors, reflecting an intermediate profile.

The implication of peripheral immunotypes on patient clinical outcomes was then investigated. Similar to the survival analysis performed for individual factors, the TAC was set from the time of blood collection until death event occurrence or the end of the study. The resulting KM curves are shown in Figure 5D. The P1 “immune high,” P2 “immune intermediate,” and P3 “immune low” patients exhibited an estimated TAC of 41 months (N = 13), 20 months (N = 14), and 19 months (N = 24), respectively. The survival rate at 12 months for C1 “immune high” was 100%, whereas for C2 “immune intermediate” it was 70%, and for C1 “immune low” it was about 60%. The log-rank test was employed, and significant differences were observed for the survival curves of C1 “immune high” and C3 “immune low” patients (p-value = 0.018). The survival analysis of immunotypes using TAD was assessed, but no significant values were found (Supplementary File S11).

In line with the survival analysis of individual variables, the significance of peripheral immunotypes was assessed using a multivariate Cox regression model adjusted for tumor site, tumor grade, age at diagnosis, and age at collection time. The overall model, which incorporated all variables, significantly predicted patient survival when employing both the Enter (p = 0.003) and forward Stepwise (p = 0.023) methods (Figure 6A). Using the Enter method, the variable immunotypes (p = 0.016) retained its significance. Additionally, age at diagnosis (p = 0.005) and age at collection (p = 0.004) were also found to be significant (Figure 6B). Conversely, using the Stepwise method, the variable immunotypes was the only factor that remained significant (p = 0.029) (Figure 6B). The proportional hazards assumption was validated for immunotypes (p > 0.05).




Figure 6 | Multivariate Cox analysis of immunotypes adjusting for common prognostic factors. Multiparametric flow cytometry and real-time RT-qPCR were used to analyze immune cells and IRG in peripheral whole blood samples, and xMAP technology was used to analyze IRSF in plasma samples. Enter and stepwise method with forward selection (likelihood ratio) for immunotypes adjusting for tumor site (extremity, trunk non-RPS, RPS, gynecologic, head & neck), tumor grade (low grade (non-metastatic primary); high grade (non-metastatic primary recurrent; metastatic primary; metastatic recurrent), age at diagnosis, and age at collection time. (A) Overall model including all the variables. Enter and forward Stepwise Conditional (LR) method. (B) Variables in the equation for the Enter and forward Stepwise Conditional (LR) method, and univariate Cox analysis. Statistical significance was set at p < 0.05.







4 Discussion

The current monitoring methods for patients with STS lack effectiveness, prompting the need for alternative approaches. While previous studies have linked patient survival to the immune environment within tumor sites, our comprehension of the overall systemic immune status of STS patients remains incomplete. Utilizing peripheral blood collection as a minimally invasive means, this study aimed to assess the immune status of STS patients, providing advantages over traditional tumor sampling methods. The study aimed to evaluate immune cells, IRG, and IRSF, identify peripheral immune profiles, and investigate their association with patient survival. Consequently, the findings suggested impaired systemic immunity in STS patients, with the analysis of peripheral immunotypes indicating an impact on patient survival.



4.1 Contraction of B cell and CD4 T cell compartments in STS patients

Analysis of major leukocyte populations revealed significant lymphopenia accompanied by an expansion of GR, predominantly neutrophils (NEU). These observations align with findings from previous studies in STS and cancer in general (24, 30, 39–41). For example, systemic inflammation indices like the neutrophil-to-lymphocyte ratio (NLR) have been proposed as prognostic factors in STS and cancer overall (42–46). A high NLR, indicative of NEU expansion and LY reduction, is commonly associated with a poorer prognosis. The decrease in LY counts may be attributed to various factors, including the tumor’s peripheral effects (47–49) and chemotherapy-induced decline (50), which is noteworthy considering that most patients in our study were undergoing chemotherapy.

Besides the studies highlighting the significance of major leukocyte populations, there exists a gap in research investigating in-depth analyses of immune cell populations, IRG, or IRSF in the peripheral blood of STS patients. Therefore, our study uncovered compelling findings. The decrease in B cells and CD4 T cells, consistent with the observations by Kim et al. (51), along with the reduced gene expression levels of ICOSLG and CD40LG, which are positively associated with both B cells and CD4 T cells, suggests impaired activation of these cell types. B cells have been implicated in the context of STS within the tumor site, where higher infiltration and the presence of B cell-rich tertiary lymphoid structures (TLS) correlate with improved clinical outcomes (17, 18, 52). The peripheral reduction of B cells may hinder their migration to the tumor site, potentially weakening immune responses in the tumor microenvironment (TME). Decreased circulating levels of CD4 T cells have also been documented in other solid tumors (53, 54), suggesting a potential decrease in CD4 T cell infiltration, particularly Th1 cells crucial for effective immune responses. It’s worth noting that reduced levels in both populations may be associated with chemotherapy (50). However, only B cells exhibited a significant reduction compared to patients not undergoing chemotherapy (DX patients), indicating that the decrease in CD4 T cells is not solely attributable to chemotherapy. Moreover, analysis based on chemotherapy regimens revealed that ANTHRA patients exhibited the lowest frequency of B cells, consistent with a study in breast cancer demonstrating the impact of anthracyclines on the B cell compartment (55). Interestingly, TRAB patients exhibited significantly higher levels of B cells, suggesting a potential advantage of trabectedin over anthracyclines.

In addition to the decrease in B cells and CD4 T cells, the gene expression levels of ICOSLG and CD40LG were also found to be reduced in these patients. Both ICOS/ICOS-L and CD40/CD40LG play critical roles in the communication between B cells and CD4 T cells, among other immune functions (56, 57). Furthermore, the downregulation of these pathways has been implicated in cancer (58, 59). For instance, in LS, there’s evidence of a correlation between ICOS expression in tumors and improved clinical outcomes (60), which aligns with the tendency for decreased plasma levels of ICOS-L observed in our study’s PD patients. Additionally, LS patients exhibited increased frequencies of B cells. Furthermore, other immune-related genes like CD27, associated with switch memory B cells, and CD28 and IL2RA, linked to T cells, were also found to be decreased in the peripheral blood of these patients. Therefore, beyond the decrease in frequencies, the observed reduction in B cells, CD4 T cells, and the mentioned IRG suggests impaired activation of circulating B and CD4 T cells in STS patients, potentially leading to diminished migration of effector cells to the TME.




4.2 The major impact of immunosuppression (MDSC and Treg) in STS patients

Furthermore, an increase in suppressor populations, notably M-MDSC and memory Treg cells, was observed, along with elevated gene expression levels of the IRG ARG1 and increased plasma levels of VISTA, TIMD-4, and IL-10. In studies involving sarcoma patients, elevated levels of M-MDSC have been linked to reduced treatment efficacy, tumor growth, and a poorer prognosis (51, 61). Additionally, increased gene expression levels of ARG1 were found to be positively correlated with the heightened frequency of M-MDSC in this study. M-MDSC are known to be robust producers of arginase-1, which can inhibit NK and T cell cytotoxicity by depleting arginine from the microenvironment (62–65). Moreover, in STS, both ARG1 and ARG2 gene expression have been identified in tumor samples, suggesting an immunosuppressive TME that may impede an effective immune response (66). Hence, beyond the TME, it can be hypothesized that the expansion of M-MDSC leads to the release of arginase-1 into the peripheral microenvironment, inhibiting the cytotoxic function of T and NK cells and thereby contributing to impaired systemic immunity.

Moreover, an increase in plasma levels of the immune checkpoint VISTA was observed. This molecule has been proposed as a significant factor for immunotherapy in STS, as its expression on tumor samples has been associated with tumor grade, tumor-infiltrating lymphocyte numbers, and PD-1 expression (67). Particularly in SS, the expression of VISTA by macrophages has been shown to inhibit the infiltration of T cells in ex vivo experiments (68). Additionally, VISTA may influence the differentiation of MDSC (69, 70). Therefore, considering the expansion of M-MDSC, increased levels of VISTA may potentially promote the differentiation and expansion of circulating M-MDSC.

Furthermore, an increase in memory Treg cells and IL-10 plasma levels was observed. In STS and other solid tumors, the presence of Treg cells in tumor samples has been associated with worse outcomes (19, 71), suggesting a similar scenario in the periphery. Hence, the increased levels of memory Tregs, besides the reduced levels of CD4 T cells, may contribute to an immunosuppressive microenvironment. Studies have reported that M-MDSC may promote the expansion of Treg cells via the release of IL-10 into the environment (72–74), aligning with the observations for M-MDSC, memory Treg cells, and IL-10 in this study. Increased plasma levels of IL-10 have been documented in pediatric STS patients and are associated with advanced disease, poor response to chemotherapy, and unfavorable outcomes (75). IL-10 has been correlated with increased suppression of T cells in cancer patients and associated with worse survival (76, 77). Additionally, increased plasma levels of TIMD-4 were also observed in this study. TIMD-4, or TIM-4, is another immune checkpoint molecule involved in T cell regulation. In cancer, its expression in tumor samples has been correlated with worse patient outcomes due to decreased effector function of tumor-infiltrating CD8 T cells (78, 79). Although studies evaluating this molecule in STS are rare, a case report of LS showed expression of TIM-3 or TIM-4 in tumor samples, indicating a direct involvement in cancer progression (80). Considering the findings for M-MDSC, ARG1, soluble VISTA, Treg cells, IL-10, and soluble TIMD-4, it can be suggested that immunosuppression at the periphery has a significant impact, sustaining impaired systemic immunity, which may limit the anti-tumoral immune response at the tumor site.




4.3 Compromised cytotoxic potential associated with CD56dim NK cells and CD8 T cells in STS patients

Furthermore, a decrease in CD56dim NK cells and a reduction in the gene expression levels of cytotoxic-related factors PRF1, GZMB, and KLRK1 were observed. NK cells are professional killer cells crucial for tumor cell clearance, with their infiltration within tumors typically associated with better prognoses (81). NK cells can be categorized into two major subpopulations: CD56bright NK cells, which are adept at secreting cytokines and chemokines, and CD56dim NK cells, which exhibit greater cytotoxic activity (82). Therefore, the decreased frequency of CD56dim NK cells may imply a diminished cytotoxic potential of circulating NK cells in STS patients. The observation of increased levels of CD56bright NK cells and decreased levels of CD56dim NK cells in PD patients further supports this assumption. Similarly, CD8 T cells are known for their cytotoxic activity. In this study, an expansion of circulating CD8 T cells was observed, suggesting an increased presence of these cells in the periphery. However, there was no observed increase in the effector CD8 T cell subpopulations EM and EMRA, indicating that despite the expansion of total CD8 T cells, there isn’t a proportional increase in the cells with the capacity to clear tumor cells. Additionally, a decrease in the gene expression levels of important cytotoxic factors such as PRF1, GZMB, and KLRK1 was noted. PRF1 was found to be positively correlated with CD56dim NK cells, while PRF1, GZMB, and KLRK1 were significantly correlated with EMRA CD8 T cells. PRF1 and GZMB encode pore-forming and cytotoxic granules, respectively, involved in the cytotoxic process of NK and T cells against tumor cells (83–86). Therefore, the decreased gene expression of both may indicate an ineffective cytotoxic capacity of circulating NK and T cells. Moreover, significantly higher levels of PRF1 were observed in TRAB patients compared to ANTHRA patients. Trabectedin has demonstrated immunomodulatory effects by inhibiting tumor-associated macrophages and inducing NK-mediated cytotoxicity in cancer, as multiple myeloma (87–89). This suggests that trabectedin may enhance NK and T cell function by mitigating the effects of the TME on the systemic immune response. This could also contribute to some of the advantages of trabectedin over anthracyclines in STS treatment.

Indeed, a previous study demonstrated that peripheral NK cells from STS patients are dysfunctional, as they are unable to lyse tumor cells in vitro (90). Lower frequencies of circulating CD8 T cells producing PRF1 were observed in gastric cancer compared to healthy individuals (91). Additionally, lower gene expression levels of KLRK1, which encodes the activatory receptor NKG2D expressed by both NK and T cells, were noted. This aligns with previous reports showing decreased expression of NKG2D by circulating NK cells and the association of NKG2D+ CD8 T cells with improved disease-free survival in STS patients (90). Moreover, in vitro studies have shown that NKG2D mediates NK cell cytotoxic activity against sarcoma cells (92). Interestingly, a negative correlation was observed between the gene expression levels of PRF1, GZMB, and KLRK1 and the plasma levels of arginase-1. Considering the role of arginase-1, possibly released by M-MDSC, in inhibiting the cytotoxic capacity of NK and T cells (3, 62–65), this finding further supports the proposed immunosuppressed systemic immunity sustained by the expansion of M-MDSC. This expansion leads to the inhibition of NK and T cell cytotoxicity via the release of arginase-1 and the depletion of arginine from the circulation. Taken together, these findings suggest a decreased cytotoxic capacity of NK and T cells in the peripheral blood of STS patients, likely influenced by pro-tumoral mediators in circulation.




4.4 Immunotype classification and impact on patient survival

Next, it was employed unsupervised clustering analysis using immune cells, IRG and IRSF, and three distinct peripheral immune profiles (P1, P2, and P3), based on immune-related factors (C1 and C2), were identified in this cohort of STS patients. The contribution of each immune-related factor delineate the differences in the immune profiles among patients, and the investigation into the factors comprising each cluster (C1 and C2) unveiled unique associations. Cluster C1 showed associations of GR, PMN-MDSC, Th2 cells, and naïve CD8 T cells, with IRG such as ARG1, and IRSF like soluble IL-10, VISTA, and TIMD-4, alongside other immune checkpoint molecules and inflammatory mediators. GO pathway analysis suggested a potential association with immune suppression, particularly with Treg cells. In contrast, cluster C2 displayed associations between MO, DC, LY, T cells, EM CD4 T cells, and Th1 cells with IRG like GZMB and CD40LG, as well as the soluble factor ICOS-L, among others, correlated with cytotoxicity. GO pathway enrichment indicated a correlation with cytotoxicity, particularly associated with NK cells. These findings highlight distinct immune profiles in STS patients, providing insights into potential mechanisms underlying immune responses and suggesting avenues for patient classification and immune monitoring.

Although circulating Treg cells did not show a correlation with patient survival in this study, the observed expansion of memory Tregs may be associated with these findings, contributing to heightened immunosuppression of systemic immunity in STS, aligning with studies in STS showing that Treg cell infiltration in tumors reflects an increased risk of local recurrence (19). Additionally, the correlation patterns between GR and IRSF underscore the importance of GR in sustaining an inflammatory microenvironment in STS, aligning with findings from other studies in the field (43, 44, 93). On the other hand, both NK cells and CD8 T cells are renowned for their potent anti-tumor activity and have been extensively investigated for their ability to eliminate tumor cells (94, 95). In the context of STS, the presence of infiltrating NK cells and CD8 T cells has been linked to increased survival (96, 97). While the involvement of the ICOS-L pathway in T cells has been previously explored, it is crucial to highlight the protective nature of Th1 cells and DC, both of which exhibit a significant positive correlation with ICOS-L in this study. This correlation suggests that, despite limited studies in the context of STS, the heightened activation of Th1 cells by DC through the ICOS-L pathway might also play a crucial role in disease management and control.

Therefore, based on the immune factors in clusters C1 and C2, patients were categorized into “immune high,” “immune intermediate,” and “immune low” immunotypes. “Immune high” patients (P1) showed elevated cytotoxic-associated factors and lower inflammatory or immunosuppression-related factors, while “immune low” patients (P3) exhibited the opposite pattern. P2 patients fell into the “immune intermediate” category. Analysis of survival rates revealed that “immune high” patients had a significantly better survival outcome compared to “immune low” patients, with a 12-month survival rate of 100% versus 60%, respectively. “Immune intermediate” patients showed survival rates in-between the other two groups. This highlights the potential of peripheral immunotypes as biomarkers for predicting outcomes in STS.

Patients classified as “immune high” exhibited elevated levels of effector memory (EM) CD4 T cells, along with increased expression of CD40LG and ICOS-L. These markers suggest that B cells and CD4 T cells in these patients maintain robust functionality, which is crucial for effective immune responses. Additionally, these patients showed heightened levels of cytotoxic activity markers like GZMB, indicating a more vigorous and effective immune attack against tumor cells. In contrast, patients categorized as “immune low” displayed higher levels of suppressive factors commonly associated with Treg cells and MDSCs, such as the IRG ARG1 and plasma cytokine IL-10. The presence of these suppressive factors implies a compromised immune response, likely due to immune suppression mechanisms that inhibit effective anti-tumor activity. These observations highlight the critical role of immune mechanisms in influencing patient survival, with “immune high” subtypes benefiting from a more active and functional immune system, whereas “immune low” subtypes face challenges from immune suppression.

Recent years have seen a growing interest in incorporating diverse immune-related parameters to explore their predictive value in cancer survival and therapy response (98). In sarcoma patients, tumoral immunotypes have been proposed to optimize therapeutic strategies (27). For instance, in US, unsupervised clustering analysis of tumor samples identified three distinct immunological clusters also labeled as “immune high,” “immune intermediate,” and “immune low” (99). These clusters showed significant associations with overall survival in primary tumors. Moreover, comprehensive immune profiling has revealed LMS with an active and “hot” TME, highlighting the importance of immune competence for an effective anti-tumoral response (100). Beyond the analysis of tumor samples, peripheral immune profiles have also shown correlations with patient survival in various cancers (101–103), and in STS, gene expression profiles from TCGA databases have identified immune signatures linked to clinical outcomes (104). Additionally, in patients with US, an “immune-high” profile has been linked to a favorable response to ICI therapy (105).

The multivariate analysis identified CD40LG gene expression and PMN-MDSC frequency as significant predictors of patient survival. Although the overall model incorporating all variables did not significantly predict patient survival, the identification of these specific markers (CD40LG and PMN-MDSC) underscores their potential clinical relevance. Moreover, when discussing the advantages of utilizing peripheral phenotypes over individual-related parameters, it is important to emphasize the robustness of immunotypes in multivariate analyses. In this study, immunotypes retained their significance even after adjusting for common clinical and personal characteristics, demonstrating their ability to capture relevant information that might be overlooked when only individual variables are considered. Specifically, when using Cox regression models to evaluate individual immune cells, IRG, and IRSF, peripheral immunotypes provide a distinct advantage. They integrate a broader spectrum of immune-related data, thereby offering a more comprehensive and stable measure of immune status compared to isolated individual parameters.

Thus, the incorporation of immune profiles into prognostic models may improve patient outcomes, treatment regimens, and risk stratification. Immune profiling is pivotal for identifying patients with heightened immune cytotoxicity who may benefit from immunotherapeutic interventions to boost anti-tumor immune responses. Conversely, those with low immune activity and higher immunosuppression may need strategies to overcome immune evasion and restore function, enabling more precise patient management and tailored therapies based on their immunotype. While histological classification might have a reduced impact on observed patient immunotypes, recent studies underscore significant immune-related differences among STS histotypes (105–109), potentially correlating with varying sensitivity to immune responses and tumor aggressiveness. For instance, investigations into ICI therapy in STS patients reveal promising treatment responses in specific histotypes such as US and LMS. The independence of immunotypes from histological classification presents a significant advantage for monitoring STS patients, allowing for patient-specific categorization within the disease’s inherent heterogeneity. Yet, specific alterations in immune parameters were observed, suggesting that monitoring these changes could also complement histotype classification. Moreover, the prevalence of the “immune low” immunotype is higher in PD patients, aligning with lower survival rates. Despite the suggested impact of trabectedin in promoting improved systemic immunity, no discernible effect was noted for immunotype classification. This is crucial for therapeutic interventions, where shifts in immune-related factors might correlate directly with treatment responses.

In conclusion, this study revealed contraction and impairment of circulating B and CD4 T cells, expansion of suppressor cells such as M-MDSC and Treg, and increased levels of immune-related factors associated with inhibition, including ARG1, soluble VISTA, soluble TIMD-4, and IL-10. Moreover, compromised cytotoxic function was observed due to reductions in cytotoxic factors like PRF1 and GZMB, along with cytotoxic NK cells and activatory receptors such as KLRK1 (NKG2D), indicating compromised systemic immunity in STS patients. Unsupervised clustering analysis identified three distinct immunotypes, each characterized by varying levels of immunosuppression or activation and cytotoxicity-related factors. Patients (P1) with lower levels of immunosuppressor factors (C1) and higher levels of factors related to the activation and cytotoxicity of NK and T cells (C2) exhibited superior survival rates compared to patients (P3) with the opposite pattern. These findings suggest impaired immunity in STS patients with impact on patient survival, highlighting the potential of monitoring STS patients using peripheral blood samples to evaluate the immune status of a patient as an alternative to tumor sample evaluation. Additionally, classifying STS patients into more homogeneous groups may streamline clinical management.

This study provides valuable insights into the peripheral immune landscape in STS patients, but several limitations must be acknowledged. The small sample size limits the statistical power and the ability to accurately evaluate clinical parameters, emphasizing the need for larger cohorts. Additionally, the variability in diagnostic timing and non-standardized sample collection times introduce heterogeneity, making it challenging to isolate newly diagnosed patients and impacting the consistency of the data. The cross-sectional design further restricts the study by not capturing immune dynamics over time, which is crucial for understanding disease progression and treatment response. Without external validation of the immunotypes identified, the generalizability of these findings remains uncertain, suggesting a need for future studies to validate these results in larger, diverse cohorts.

Building on the current findings, future research should focus on longitudinal studies to monitor changes in the immune landscape over time and under different treatment regimens. This approach will provide deeper insights into the prognostic and predictive significance of immune profiling in STS. Additionally, there is a need for interventions aimed at modulating peripheral immune responses, which could potentially improve clinical outcomes. Future trials should aim to standardize and validate immunotype classification, ultimately integrating these insights into clinical practice to enhance the management of STS patients.
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N, Number of patients; CR, Complete response; CRS, Cytokine release syndrome; ICANS, Immune effector cell-associated neurotoxicity syndrome; ALL, B-cell acute lymphoblastic leukemia;
NHL, Non-Hodgkin lymphoma; CLL, B-cell chronic lymphocytic leukemia; MM, Multiple myeloma; MCL, Mantle cell lymphoma.
*Grade 2-4. NA, Not analysed.
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“p-Values were estimated by Fisher’s exact test and Mann-Whitney U test for categorical
variables and continuous variables, respectively.
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Total lymphocytes (before) 543 127 - 23.25 0.023 3.74 0.74 - 18.84 0.110
Total lymphocytes (after) 054 023 -1.29 0.165
Total T lymphocytes (before) 5.04 0.68 - 37.27 0.113
Total T lymphocytes (after) 0.57 027 -1.24 0.157
Total B lymphocytes (before) 291 109 -7.73 0.033 121 0.40 - 3.64 0.737
Total B lymphocytes (after) 1.51 0.60 - 3.78 0.381
NK cells (before) Inf 0 - Inf 0.998
NK cells (after) 8.71 1.18 - 64.28 0.034 10.3 113 - 93.54 0.038
NKT cells (before) 1.49 0.68 - 3.28 0.322

‘ NKT cells (after) 0.44 0.20 - 0.96 0.04 0.45 0.18 - 1.13 0.088
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95% CI p-value 95% ClI p-value
Total lymphocytes (before) 1.29 0.66 - 2.51 0.462
Total lymphocytes (after) 0.57 030 - 1.09 0.089
Total T lymphocytes (before) 1.07 0.48 - 2.38 0.87
Total T lymphocytes (after) 0.58 033 - 1.02 0.057
Total B lymphocytes (before) 1.09 0.61 - 1.94 0.768
Total B lymphocytes (after) 0.99 0.54 - 1.81 0.981
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Total CR/PR SD/PD

Characteristic (n (n (n
=79) = 39) = 40)
Age
< 59 years 38 (48%) 20 18
0.655
> 59 years 41 (52%) 19 22
Gender
Female 9 (11%) 4 5
1.000
Male 70 (89%) 35 35
Smoking status
History of smoking 52 (66%) 26 26
1.000
No history of smoking | 27 (34%) 13 14
Histopathological features
Non-squamous 32 (41%) 15 17
0.820
Squamous
cell carcinoma 47 (59%) 24 23
Disease stage
Stage I1I 48 (61%) 25 23
0.647
Stage IV 31 (39%) 14 17
PD-1 inhibitors
Camrelizumab 66 (83%) 32 34
Tislelizumab 11 (14%) 6 5 0.876
Pembrolizumab 2 (3%) 1 1
Comorbidity
Hypertension 12 (15%) 7 5
Diabetes mellitus 10 (13%) 4 6 0.688
Viral hepatitis B 5 (6%) 3 2

p-values were estimated by Fisher’s exact test.
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Age (years)

Male
Female
Smoking history
Yes
No
Histological type
AD
Nelo®
Others
Clinical stage
I
il
it}
v
Gene mutation
Yes
No
Unknown
K167 (%)
2 < KI67 < 30
30 < KI67 < 80
80 < KI67 < 90
Unknown
Treatment
First-line
Multiline
Chemotherapy

Combination

Case

39 (48.1%)

42 (51.9%)

56 (69.1%)

25 (30.9%)

48 (59.3%)

33 (40.7%)

48 (59.3%)
27 (33.3%)

6 (7.4%)

5 (6.2%)
9 (11.1%)
20 (24.7%)

47 (58.0%)

42 (51.9%)
12 (14.8%)

27 (33.3%)

24 (29.6%)
39 (48.1%)
15 (18.5%)

3(3.7%)

45 (55.6%)
36 (44.4%)
47 (58.0%)

34 (42.0%)

30 (37.0%)

31 (38.3%)

41 (50.6%)

0 (24.7%)

33 (40.7%)

28 (34.6%)

36 (44.4%)
20 (24.7%)

5(6.2%)

5 (6.2%)
7 (8.6%)
16 (19.8%)

33 (40.7%)

33 (40.7%)
10 (12.3%)

18 (22.2%)

21 (25.9%)
25 (30.9%)
12 (14.8%)

3 (3.7%)

38 (46.9%)
23 (284%)
36 (44.4%)

25 (30.9%)

sponse

Non-response

9 (11.1%)

11 (13.6%)

5 (18.5%)

5(6.2%)

15 (18.5%)

5 (6.2%)

12 (14.8%)
7 (8.6%)

1(1.2%)

0 (0%)
2 (2.5%)
4 (4.9%)

14 (17.3%)

9 (11.1%)
2 (2.5%)

9 (11.1%)

3 (3.7%)
14 (17.3%)
3 (3.7%)

0 (0%)

7(8.6%)
13(16.0%)
11(13.6%)

9(11.1%)

x2

0.105

0.428

2.726

0.199

2.008

1.74

4.925

4.545

0.1

P value

0.745

0.513

0.099

0.565

0.419

0.155

0.033

0.752

AD, adenocarcinoma; SQCC, squamous cell carcinoma. The numbers and percentages of each characteristic in the response and non-response groups were shown. Differences in each
characteristic between the two groups were analyzed using the Chi-square Test, and P < 005 was considered statistically different.
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Subgroups No. No. HR o} Heterogeneity = Meta-regression

of studies = of patients (95%Cl) 12(%) Ph P
Total 6 1,598 Fixed 1.75(1.52-2.01) <0.001 0 0.479
Country 0.305
Turkey 1 80 - 2.02(1.24-3.30) 0.005 - -
China 5 1,518 Fixed 1.72(1.49-1.99) <0.001 34 0.387
Sample size 0.649
<200 2 274 Fixed 1.81(1.38-2.38) <0.001 0 0.602
2200 4 1,324 Fixed 1.72(1.47-2.03) <0.001 27.5 0.247
Treatment 0.827
Surgery 1 351 - 2.11(1.20-3.71) 0.009 - -
TACE 1 194 - 1.73(1.25-2.39) 0.001 - -
Sorafenib or 2 432 Fixed 1.91(1.47-2.47) <0.001 0 0.783
Sorafenib/ICIs
LT 1 | 218 i 2.26(1.49-3.43) <0.001 - -
RFA 1 : 403 - 1.47(1.17-1.85) 0.001 - -
Study center ‘ 0528
Single center 5 1,404 Fixed 1.75(1.50-2.04) <0.001 111 0.343
Multicenter 1 i 194 - 1.73(1.25-2.39) 0.001 - l -
Cut-off value 0.283
<Ll 2 545 Fixed 1.82(1.37-2.41) <0.001 0 0.545
=11 4 1,053 Fixed 1.73(1.47-2.02) <0.001 258 0.257
Cut-off selection ' 0.714
ROC curve 2 1,195 Fixed 1.93(1.62-2.29) <0.001 0 J 0.883
X-tile 1 403 = 147(1.17-1.85) | 0.001 = -
Survival analysis 0.927
Univariate 4 1,029 Fixed 1.67(1.43-1.94) <0.001 0 0.522
Multivariate 2 569 Fixed 2.20(1.58-3.09) <0.001 0 0.851

SIRL, systemic inflammation response index; OS, overall survival; HCC, hepatocellular carcinoma; TACE, transcatheter arterial chemoembolization; RFA, radiofrequency ablation; LT, liver
transplantation; ICls, immune checkpoint inhibitors; ROC, receiver operating characteristic.
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Subgroups No. No. HR (95%Cl) p Heterogeneity =Meta-regression

of studies = of patients 1%(%) Ph p
Total 8 2,008 Random 1.66(1.34-2.05) <0.001 78.8 <0.001
Sample size 0795
<200 4 665 Fixed 1.31(1.16-1.47) <0.001 0 0.760
>200 4 1,343 Random 1.94(1.36-2.76) <0.001 85.5 <0.001
Treatment I 1 I 0.891
Surgery 3 693 Fixed 1.55(1.35-1.79) <0.001 0 0.810
TACE 2 342 Fixed 1.29(1.14-1.47) <0.001 0 0.433
Sorafenib or 1 352 - 1.51(1.11-2.05) 0.008 - -
Sorafenib/ICIs
LT 1 218 - 1.73(1.24-2.43) 0.001 s =
RFA 1 403 - 3.63(2.58-5.10) <0.001 - -
Study center 0.460
Single center 7 1,814 i Random 1.69(1.33-2.16) <0.001 81.8 1 <0.001
Multicenter 1 194 | - 1.45(1.07-1.97) 0.018 - =
Cut-off value 0.615
<Ll 4 665 Fixed 1.31(1.16-1.47) <0.001 0 ‘ 0.760
211 4 1,343 Random 1.94(1.36-2.76) <0.001 85.5 <0.001
Cut-oft selection 0.339
ROC curve 7 1,605 Fixed 1.43(1.31-1.56) <0.001 12 0.415
X-tile 1 403 = 3.63(2.58-5.10) <0.001 = =
Survival analysis 0.706
Univariate 3 949 Random 1.98(1.13-3.49) 0.017 89.5 <0.001
Multivariate 5 1,059 Fixed 1.42(1.29-1.56) <0.001 325 0.205

SIRI, systemic inflammation response index; PES, progression-free survival; HCC, hepatocellular carcinoma; TACE, transcatheter arterial chemoembolization; RFA, radiofrequency ablation; LT,
liver transplantation; ICIs, immune checkpoint inhibitors; ROC, receiver operating characteristic.
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Variables No. No. OR (95%Cl) p Heterogeneity

of studies of patients 12(%) Ph
Gender (male 4 1,111 Fixed 1.10(0.88-1.51) 0.559 315 0.223
vs female)
Child-Pugh class 4 L111 Random 1.46(0.52-4.11) 0.476 589 0.063
(B-Cvs A)
Tumor number 4 L1111 Fixed 1.42(1.09-1.85) 0.009 0 0.399
(multiple

vs solitary)

Maximum tumor 4 1111 Random 3.06(1.76-5.30) <0.001 74.8 0.008
diameter (>5 cm

vs <5 cm)

AFP (ng/ml) 4 1111 Fixed 1.02(0.80-1.30) 0.880 49.4 0.115

(2400 vs <400)

HBV (+) (yes 3 759 Fixed 1.12(0.78-1.61) 0.550 0 0.869
Vs no)

SIRI, systemic inflammation response index; HCC, hepatocellular carcinoma; AP, alpha-fetoprotein; HBV, hepatitis B virus.
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Asymptotic 95% Confidence

Variable Asymptotic significance Cut-off Value
Lower Bound Upper Bound
Lymphocyte 0.789 0.001 0612 0.966 0.93
T cell 0811 <0.001 0.644 0.977 0.86
CD4* T cell 0.831 <0.001 0.677 0.985 0.92
Chemotherapy
CD8" T cell 0.783 0.002 0.602 0964 0.855
|
B cell 0.857 < 0.001 0714 1.001 0.825
NK cell 0.657 0.109 0465 0.848
Lymphocyte 0.818 0.001 0631 1.004 0.99
T cell 0.822 < 0.001 0.644 1.000 0.895
CD4" T cell 0.811 0.001 0.620 1.002 0.8
Combination
CD8" T cell 0.831 <0.001 0677 0985 0955
B cell 0.856 < 0.001 0725 0.986 0.93
NK cell 0.631 0.238 0413 0.849

‘The predictive ability of each lymphocyte subset for efficacy was analyzed using ROC curves and asymptotic significance at P < 0.05 was considered statistically significant.
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Objective response rate Disease control rate

CCR SMI SMI
Sensitivity, % 68.4 67.7 80.6 57.8 69.4 77.8
Specificity, % 60.0 55.0 50.0 95.0 89.5 52,6
Accuracy, % 63.1 59.3 60.4 65.0 73.6 725
Positive predictive value, % 50.0 438 45.5 98.0 96.2 86.2
Negative predictive value, % 76.5 76.7 83.3 352 43.6 385

CCR, creatinine-to-cystatin C ratio; SMI, skeletal muscle index; SATI, subcutaneous adipose tissue index.
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Variables Objective response rate

95%Cl

Disease control rate

95%Cl

No. of previous therapies

21/0 - 0.015 0.001 to 0.190 0.001
Ascites
Present/absent - 0.023 0.002 to 0.299 0.004
CCR
<7148/>71.48 0423 0.169 to 1.059 0.066 0.026 0.002 to 0.335 0.005
[ SATI
<22.90/>22.90 0270 0.090 to 0.814 0.020 0.149 0.021 to 1.051 0.056
SMI
<30.77/>30.77 - 0356 0.045 to 2.824 0328
CT-determined sarcopenia
Yes/no - 0.535 0.029 to 9.954 0.675

Bold values indicate statistical significance at the p < 0.05 level.

CCR, creatinine-to-cystatin C ratio; SATL, subcutaneous adipose tissue index; SMI, skeletal muscle index.
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Objective response rate Disease control rate

Variables
OR 95%Cl 95%Cl
Age 1.014 0.978 to 1.052 0454 1.018 0976 to 1.062 0.408
Sex
Male/female 0.970 0322 to 2.919 0956 2.182 0661 to 7.205 0.201
ECOG PS
22/0-1 0471 0.121 to 1.833 0278 0.486 0.133 to 1.778 0276

No. of previous therapies

21/0 0.552 0.182 to 1.677 0.294 0.122 0.040 to 0.372 <0.001

No. of metastatic organs

22/1 1179 0.525 to 2.643 0.690 0.607 0220 to 1.676 0.336
Ascites
Present/absent 0.463 0.205 to 1.048 0.065 0.135 0.037 to 0.497 0.003

PD-L1 status

Positive/negative 1.435 0.528 to 3.901 0.479 L1115 0.290 to 4.293 0.874

Differentiation grade

Low/other 0.400 0.144 to 1.109 0.078 1.094 0.315 to 3.799 0.888
CCR

<7148/>71.48 0.347 0.151 to 0.798 0.013 0.077 0.017 to 0.354 0.001
Sl

<596.08/>596.08 0.821 0.368 to 1.829 0.629 1.692 0.627 to 4.568 0.299
SATI

<£22.90/>22.90 0.269 0.091 to 0.798 0.018 0.346 0.123 to 0.977 0.045
VATI

<15.33/>15.33 0.560 0215 to 1.459 0.235 0.371 0.132 to 1.042 0.060
SMI

<30.77/>30.77 0.952 0.378 to 2.401 0918 0.261 0.091 to 0.746 0.012

CT-determined sarcopenia

Yes/no 0.639 0.244 to 1.672 0.362 0.118 0.015 to 0.941 0.044

Bold values indicate statistical significance at the p < 0.05 level.
ECOG PS, Eastern Cooperative Oncology Group performance status; PD-L1, programmed cell death-ligand 1; CCR, creatinine-to-cystatin C ratio; SII, systemic immune-inflammation index;
SATI, subcutaneous adipose tissue index; VATI, visceral adipose tissue index; SMI, skeletal muscle index.
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Variables No. of

patients (n=113)

Age, median (IQR), years 63.0 (57.0-69.0)

Sex, n (%)

Male 96 (85.0)

Female 17 (15.0)
BMI, n (%)

<185 18 (15.9)

18.5-23.9 65 (57.5)

>23.9 | 30 (26.5)

ECOG PS, n (%)

0 22 (19.5)

1 77 (68.1)
5% 14 (12.4)

No. of previous therapies, n (%)

0 94 (83.2)
1 14 (12.4)
2 or more 5(4.4)

No. of metastatic organs, n (%)

1 52 (46.0)

2 52 (46.0)
3 or more 9 (8.0)

Ascites, n (%)

Present 61 (54.0)

Absent 52 (46.0)

PD-L1 status, n (%)

Positive 38 (33.6)

Negative 33 (29.2)
Unknown 42 (37.2)

Differentiation grade, n (%)

Low 47 (41.6)
Other 25 (22.1)
Unknown 41 (36.3)

Treatments, n (%)

Anti-PD-1+ Chemotherapy 89 (78.8)
Anti-PD-1+ Targeted therapy 15 (13.3)
Anti-PD-1+ Chemotherapy+ 9 (8.0)
Targeted therapy
CCR, median (IQR) v 71.48 (62.80-80.38)
SII, median (IQR) 596.08 (373.41-1073.32)

Body composition parameters, median (IQR)

SATI 31.44 (17.59-42.28)
VATI 2437 (11.95-35.08)
SMI 34.45 (27.30-40.34)

BMI, body mass index; ECOG PS, Eastern Cooperative Oncology Group performance status;
PD-L1, programmed cell death-ligand 1; PD-1, programmed cell death 1; CCR, creatinine-to-
cystatin C ratio; SII, systemic immune-inflammation index; SATI, subcutaneous adipose
tissue index; VATI, visceral adipose tissue index; SMI, skeletal muscle index.
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Univariable Multivariable

Variables
95%Cl 95%Cl
Age 0.988 0.961 to 1.016 0.412
Sex
Male/female 0.806 0.392 to 1.658 0.559
ECOG PS
>2/0-1 3.361 1771 to 6.380 <0.001 2.365 1.089 to 5.138 0.030

No. of previous therapies

21/0 2.849 1.555 to 5.218 0.001 4.513 2.073 to 9.826 <0.001

No. of metastatic organs

22/1 1.233 0.706 to 2.155 0461
Ascites
Present/absent 1.826 1.027 to 3.244 0.040 1.699 0.894 to 3.230 0.106

PD-L1 status
Positive/negative 0.999 0.475 to 2.103 0.998

Differentiation grade

Low/other 1.008 0.489 to 2.080 0.982
CCR

<7148/>71.48 2.058 1.166 to 3.632 0.013 2.395 1.234 to 4.648 0.010
Sli

<596.08/>596.08 0.668 0.382 to 1.167 0.156
SATI

<22.90/>22.90 1.882 1.034 to 3.423 7 0.038 2.188 7 1.050 to 4.560 0.037
VATI

<15.33/>15.33 2.085 1.145 to 3.795 0.016 1.145 0.533 to 2.457 0.729
SMI

<30.77/>30.77 1.610 0.882 to 2.940 0.121

CT-determined sarcopenia

Yes/no 2617 1.105 to 6.197 0.029 1.070 0.388 to 2.946 0.896

Bold values indicate statistical significance at the p < 0.05 level.
ECOG PS, Eastern Cooperative Oncology Group performance status; PD-L1, programmed death-ligand; CCR, creatinine-to-cystatin C ratio; SII, systemic immune-inflammation index; SATI,
subcutaneous adipose tissue index; VATI, visceral adipose tissue index; SMI, skeletal muscle index.
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Model 1 Model 2 Model 3
sPD-L1 pg/mL (continuous) sPD-L1 (categorical) sPD-1/sPD-L1 ratio (categorical)

Variable

Hazard Ratio (95% CI) P-value Hazard Ratio (95% CI) P-value Hazard Ratio (95% Cl) P-value

Gleason Grade Group

Grade Group 1 Ref. Ref. Ref.

Grade Group 2 15.6 (0.9-266) 0.06 15.9 (0.9-273) 0.06 73.3 (0.5-9800) 0.08

Grade Group 3 713 (3.7-1376) 0.005 56.9 (3.2-1018) 0.006 131.75 (1-16790) 0.049
PSA, ng/mL 1.05 (1.004-1.11) 0.03 1.06 (1.05-1.11) 0.03 1.09 (1.0-1.19) 0.053
pT stage 7 7

pT2 Ref. Ref. Ref.

pT3 5.7 (19-17.4) 0.002 5.3 (1.7-16.7) 0.004 5.7 (19-17.8) 0.002
sPD-LI, pg/mL 1.0 (0.96-1.02) 0.5 - - -
sPD-L1

<7.66 pg/mL - Ref. -

>7.66 pg/mL - 0.96 (0.3-3.2) 095 -

sPD-1/sPD-L1 ratio
<23 - - Ref

>2.3 - - 0.51 (0.11-2.3) 0.39
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Progression-free survival

Hazard Ratio (95% Cl) P-value

Gleason Grade Group

Grade Group 1 Ref.

Grade Group 2 6.95 (0.9-53) 0.061
Grade Group 3 31.43 (3.9-252) 0.001
PSA, ng/mL | 1.04 (1.01-1.07) 0.005
pT stage

pT2 Ref.

pT3 112 (4.4-28.5) p<0.001
sPD-1

<18.22 pg/ml Ref.

>18.22 pg/mL 1.23 (0.4-4.3) 0.74
sPD-L1

<7.66 pg/mL Ref.

>7.66 pg/mL 2.5 (1.02-6.3) 0.045
sPD-1, pg/mL 1.001 (0.98-1.03) 0.93
sPD-L1, pg/mL 1.015 (1-1.03) 0.08
sPD-1/sPD-L1 ratio

<23 ‘ Ref

>23 025 (0.09-0.72) 0.01
sPD-1/sPD-L1, ratio » 1.0 (0.98-1.01) 0.58
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Control Characteristics

No of individuals (%) 41 (100%)

Age (years)

<61 9 (22%)
61-65 11 (26.8%)
>65 21 (51.2%)

PSA (ng/mL) 1.19 (0 - 2.96)
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Patient Characteristics

No of patients (%) 88 (100%)

Age (years)

<61 32 (36.4%)
61-65 V 26 (29.5%)
>65 30 (34.1%)
Preoperative PSA (ng/mL) 8.97 (2.15 - 67.7)
pT stage
pT2 k 64 (72.2%)
pT3 24 (27.3%)

Gleason Grade

Grade 1 [3 + 3] 24 (27.3%)
Grade 2 3 + 4] 53 (60.2%)
Grade 3 [4 + 3] 10 (11.4%)
Grade 4 [4 + 4] 1(1.1%)

Lymph node involvement 5 (5.7%)
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Random/ PFS: Os:

\[e} Fixed pooled HR pooled HR

Patients Model [95%Cl] [95%Cl]
Melanoma 10 720 Fixed 166 [1.18, 2.33] 24% 0.003 | Random 2.03 [1.46, 2.83 51%  <0.001
NSCLC 3 207 Random 1.68 [0.90, 3.13] 84% 0.10 = Random 1.85 [0.88, 3.90 82% 0.11
Cancer
stage IV 8 515  Fixed 2.66 [1.84, 3.86] 0% <0001 Random 2.01 [1.39, 2.92] 56%  <0.001
PD-1/PDL-1 8 428 Random 1.75 [1.15, 2.67) 77% 0.009 Random 2.04 [1.20, 3.48] 84% 0.009
CTLA-4 5 359 N/A N/A N/A | Random 2.09 (134, 3.27] 58% 0.001
Study
population
>median
(n=45) 9 797  Random 1.48 [0.95, 2.30 79% 009 | Random 2.08 [1.28, 3.39) 88% 0.003
Study
population
<Median
(n=44) 8 283 Fixed 2.56 [1.80, 3.65, 0% <0001 Random 2.14 [1.38, 3.32] 53% | <0.001
Cutoff
method:
Median 9 446 Fixed 2.04 [1.60, 2.60) 5% <0001 | Fixed 2.60 [1.96, 3.46] 0% | <0.001
Cutoff 1.79 [1.13, 2.85 86% 0.01
method:
other « 8 589  Random 1.44 [0.56, 3.71 92% 045 | Random
Western
countries 16 903  Random 1.83 [1.21,2.77) 78% 0.004 | Random 2.08 [1.45, 2.99) 83%  <0.001

Overall survival (OS); progression free survival (PES); Hazard ratio (HR); 95% Confidence interval (95% CI); [lower limit of 95% CI, upper limit of 95% Cl];sincluding Data distribution, Log-
Rank statistic, Cox regression; not applicable (N/A).
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Cancer
Country type

Gaifler
2023 (31 Germany Melanoma
Tomela,
2023 (29%  Poland Melanoma
Petrova,
2023 (30); | Germany Melanoma
Girardi, Urothelian
2022 (325 USA carcinoma
Bronte,
202233 | Iy NSCLC
Araujo, Solid
2021 (35 Denmark tumor
Krebs,
2021 (34 Germany Melanoma
de Coata,
2020 (37);  Sweden Melanoma
Koh,
2020 (39 Korea NSCLC
Passaro
etal, 2020
38y Ialy NSCLC
Karzai, Prostate
2018 (10), | USA Cancer
de Coana,
2017 (36 Sweden Melanoma
Sade-
Feldman,
2016 (42); | Israel Melanoma
Weber,
2016 (41 USA Melanoma
Martens,  Europe
2016 (43 (multicentral) | Melanoma
Santegoets, Prostate
2014 (44);  Netherlands  Cancer
Kitano,
2014 (15; | USA Melanoma
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IV
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Immunotherapeutic
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(1=PD-1, 2=CTLA4,
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(1)Pembrolizumab,
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United states of America (USA); non-small cell lung cancer (NSCLC); GVAX vaccine; myeloid-derived suppressor cells (MDSC); monocytic MDSC (M-MDSC); polymorphonuclear (PMN-MDSC); Peripheral blood mononuclear cells (PBMC); Programmed Cell Death
Protein 1 (PD-1), Programmed cell death ligand-1 (PD-L1), cytotoxic T-lymphocyte-associated Protein 4 (CTLA-4), not reported (NR).
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Hazard Ratio Hazard Ratio

Study or Subgroup  log[Hazard Ratio] SE_Weight IV, Random, 95% Cl Year IV, Random, 95% CI
2.1.1 PMN-MDSC high vs low

de Coafia 2017 0.5539 0.4029 53% 1.74[0.79,3.83] 2017

Koh 09778 0.4101 5.2% 2.66[1.19,5.94] 2020

de Coafia 2020 -0.5548 05132  4.5% 0.57[0.21,1.57] 2020

Passaro -0.0973 0.0383 7.3% 0.91 [0.84,0.98] 2020

Krebs 0.2151 0.5647 4.1% 1.24[0.41,3.75] 2021

Girardi 0.7885 0456 4.9% 2.20[0.90,5.38] 2022

Petrova 1.6417 08166 2.8%  5.16[1.04,25.59] 2023

Subtotal (95% Cl) 34.0% 1.47[0.90, 2.42]

Heterogeneity: Tau®= 0.25; Chi*= 18.49, df= 6 (P = 0.005), = 68%
Test for overall effect: Z=1.54 (P=0.12)

2.1.2 M-MDSC high vs low

Kitano 1.0488 0.3537 5.6% 2.86[1.43,5.71] 2014
Santegoets 1.4493 05788 4.1%  4.26[1.37,13.25] 2014
Weber 1.0332 03035 6.0% 2.81[1.55,5.09] 2016
Martens 09163 0.2355 6.4% 2.50[1.58,3.97] 2016
de Coafia 2017 -0.4005 0.3932 53% 0.67[0.31,1.45] 2017
Koh 0.8961 04275 51% 2.45(1.06,5.66] 2020
de Coafia 2020 1.5306 05285 4.4%  4.62[1.64,13.02] 2020
Araujo 1.0225 04562 4.9% 2.78[1.14,6.80] 2021
Girardi 1.0986 0.4467 4.9% 3.00(1.25,7.20] 2022
Bronte 09858 0.4848 4.7% 2.68 [1.04,6.93] 2022
Petrova 1.1233 076 3.1%  3.07[0.69,13.64] 2023
GaiBler 0.7352 03388 57% 2.09 [1.07, 4.05] 2023
Subtotal (95% Cl) 60.1% 2.45[1.89, 3.18]

Heterogeneity: Tau®= 0.05; Chi*=14.26, df=11 (P = 0.22), F= 23%
Test for overall effect: Z= 6.79 (P < 0.00001)

2.1.3 Total MDSC high vs low

Sade-Feldmann 09632 0.3234 58% 2.62[1.39,4.94] 2016
Subtotal (95% Cl) 5.8% 2.62[1.39,4.94]

Heterogeneity: Not applicable
Test for overall effect: Z= 2.98 (P = 0.003)

Total (95% ClI) 100.0% 2.13[1.51,2.99]

Heterogeneity: Tau®= 0.42; Chi*= 107.35, df= 19 (P < 0.00001); F=82% 'U—[*]—z [i';
Test for overall effect: Z= 4.32 (P < 0.0001) ’ -
Test for subaroup differences: Chif=3.46 df=2P=018) F=421%

A
1 10 50
Favours [high] Favours [low]
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Hazarda Ratio

Hazard Ratio
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Univariable Multivariable

Variables
95%Cl 95%Cl
Age 0.985 0.961 to 1.009 0217
Sex
Male/female 0.704 0.380 to 1.304 0.264
ECOG PS
22/0-1 3.282 1.724 to 6.248 <0.001 3.231 1.512 to 6.905 0.002

No. of previous therapies

21/0 1.942 1.046 to 3.607 0.036 3.008 1.417 to 6.387 0.004

No. of metastatic organs

22/1 0.865 0512 to 1.464 0.589
Ascites
Present/absent 1911 1.142 to 3.198 0.014 1.533 0.836 to 2.809 0.167

PD-L1 status
Positive/negative 0.679 0.334 to 1.378 0284

Differentiation grade

Low/other 1.560 0.756 to 3.219 0229
CCR

<71.48/>71.48 2375 1.363 to 4.136 0.002 2528 1.317 to 4.854 0.005
Sli

<596.08/>596.08 0.666 0.397 to 1.118 0.124
SATI

<22.90/>22.90 2.765 1.537 to 4.976 0.001 2.818 1.381 to 5.752 0.004
VATI

<15.33/>15.33 2.041 1.178 to 3.536 0.011 1177 0.596 to 2.322 0.639
SMI

<30.77/>30.77 1.825 1.055 to 3.157 0.031 1.395 0.657 to 1.964 0.387

CT-determined sarcopenia

Yes/no 2.158 1.107 to 4.206 0.024 0.915 0.382 to 2.192 0.843

Bold values indicate statistical significance at the p < 0.05 level.
ECOG PS, Eastern Cooperative Oncology Group performance status; PD-L1, programmed death-ligand 1; CCR, creatinine-to-cystatin C ratio; SII, systemic immune-inflammation index; SATI,
subcutaneous adipose tissue index; VATI, visceral adipose tissue index; SMI, skeletal muscle index.
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Characteristics (median, range or  Total sample = 32

n, %)
Age, years 58.5 (32, 85)
Females 15 (46.9)
Caucasian race 32 (100)

Type of thyroid carcinoma

Papillary

Classic 11 (34.4)
Oncocytic variant 1(3.1)

Follicular variant 2(6.2)

Follicular 3(9.4)

Hurthle cell 3(9.4)

Poorly differentiated 5 (15.6)
Anaplastic 7 (21.9)

Autoimmune thyroid disease

Hashimoto’s (positive TPOAb or chronic 4 (12.5)
lymphocytic thyroiditis on pathology)
Graves’ (positive TRAb) 2(6.2)

AJCC TNM stage*

1 6 (18.7)
2 1(3.1)

3 6 (18.7)
4a 6 (18.7)
4b 3(9.4)

4c 10 (31.2)
T category*

Tla 1(3.1)

T1b 5(15.6)
T2 3(9.4)

T3 13 (40.6)
T4a 4 (12.5)
T4b 6 (18.7)
N category

NoO 3(9.4)

Nla 6 (18.7)
Nib 23 (71.9)
M status

MO 19 (59.4)
M1 14 (40.6)

ATA initial risk stratification

Low 4 (12.5)
Intermediate 10 (31.2)
High 18 (56.3)
Radioactive iodine therapy 17 (53.1)*
Tyrosine kinase inhibitor therapy 6 (18.7) (n=4 also

received RAI)

Duration from thyroidectomy to last follow-up 57.7 (2, 491.8)
or death (months)

Disease status during follow-up

Distant spread 21 (65.6)
Loco-regional stable 4 (12.5)
No evidence of disease 7 (21.9)
Mortality 6(18.7)°
Median overall survival (months) 2419

“n=8 ATA intermediate-risk and n=9 high-risk; n=11 M0 and n=6 M1; “all had distant spread
and were ATA high-risk, n=4 of which also had M1 at surgery, all were AJCC TNM stage 4.
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0.941, CI: 0.934-0.949

p-value

0.0000

1.015, CI: 1.012-1.018

0.0000

cpPLT
preNLR
Age
Cycle of CH
Paclitaxel

Carboplatin

0.965, CI: 0.955-0.975
1.002, CI: 1.002-1.002
1.001, CI: 1.001-1.002
0.995, CI: 0.993-0.996
1.054, CI: 1.042-1.065

0.969, CI: 0.953-0.984

0.0006

0.0000

0.0002

0.0020

0.0000

0.0454

Docetaxel
Nedaplatin
Etoposide
Esophagus
Sex

RDI

CI, confidence interval.

1.230, CI: 1.214-1.246

0.950, CI: 0.933-0.968

1.081, CI: 1.056-1.107

1.038, CI: 1.023-1.052

0.968, CI: 0.96-0.977

1.124, CIL: 1.089-1.16

0.0000

0.0052

0.0008

0.0085

0.0003

0.0002
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Variable
cpHGB
cpL
cpN
cpNLR
cpPLR
cpPLT
cpSIT
crHGB
el
N
crNLR
crPIR
crPLT
crSIT
postHGB
postL
postN
postNLR
postPLR
postPLT
postSIT
preHGB
preL
preN
preNLR
prePLR
prePLT

preSIT

Cp, change percentage; Cr, change rate; L, lymphocyte; N, neutrophil; PLT, platelet; HGB, hemoglobin; SII, systemic immune inflammatory index; NLR, neutrophil-lymphocyte ratio; PLR,

Noi

N

-0.03, CL: 0.16 to 0.11
-0.32, CI: =0.73 to 0.39
-0.04, CI: -0.83 to 2.24
0.36, CI: =0.74 to 5.60
0.26, CI: -0.41 to 2.28
—0.18, CL: =0.79 to 0.24
0.14, CI: =077 to 4.88
-0.86, CI: =5.40 to 2.75
-0.06, CI: =0.29 to 0.10
—0.03, CL: =3.17 to 2.23
0.25, CI: -3.87 to 6.02
8.47, CI: -25.11 to 120.10
—6.00, CI: =26.33 to 10.81
16.15, CI: =669.94 to 1,062.95
116.00, CI: 88.00 to 143.00
0.74, CI: 0.18 to 1.88
4.05, CI: 2.02 to 13.30
5.88, CL: 1.69 to 34.92
211.60, CI: 73.08 to 921.57
154.00, CI: 78.00 to 298.00
926.92, CI: 221.34 to 6,083.53
120.00, CI: 92.00 to 148.00
1.13, CL: 0.34 to 2.23
4.39, CI: 2.06 to 17.67
4.08, CI: 1.30 to 29.64
166.19, CI: 67.17 to 555.00
179.00, CI: 92.00 to 347.00

783.18, CI: 204.36 to 5,165.35

platelet-lymphocyte ratio; -, dimensionless.

FN
-0.05, CI: -0.19 to 0.10
-0.44, CI: =0.79 to 0.25
-0.02, CI: -0.88 to 3.48
0.74, CI: -0.79 to 8.60
0.43, CI: -0.41 to 2.69
—0.24, CI: -1.01 to 0.20
0.32, CI: -0.85 to 6.63
-1.20, CI: -5.97 to 2.43
-0.08, CI: =0.28 to 0.04
~0.02, CI: -3.88 to 2.82
0.57, CI: =5.52 to 11.76
15.76, CI: =27.90 to 149.16
~7.33, CI: =25.65 to 6.64
42.17, CI: =823.06 to 1,528.80
112.00, CI: 86.00 to 137.00
0.46, CI: 0.13 to 1.58
4.48, CI: 1.23 to 14.89
9.96, CI: 1.86 to 52.48
272.00, CI: 85.08 to 1,041.25
131.00, CI: 64.00 to 248.00
1,235.56, CI: 211.06 to 7,687.20
118.00, CI: 92.10 to 142.90
0.93, CI: 0.29 to 2.08
4.40, CI: 2.00 to 20.44
5.03, CI: 1.42 to 38.72
179.61, CI: 68.06 to 582.63
166.00, CI: 85.00 to 294.00

860.85, CI: 211.48 to 5,837.99

Unit

g/Lrd
10°/1*d

10°/L*d

10°/14d
10°/11d
g/l
10°/L

10°/L

10°/L

10°/L
g/L

10°/L

10°/L

10°/L

10°/L

p-value
0.0001
0.0000
03737
0.0000
0.0000
0.0000
0.0005
0.0002
0.0001
0.2462
0.0000
0.0000
0.0003
0.0001
0.0000
0.0000
0.0018
0.0000
0.0000
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0.0001
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03489
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Variable Category Non-FN FN All p-value
Age = 54.00, C1:36.00-71.00 55.00, CI:39.00-71.00 54.00, CI:36.00-71.00 00316
BMI - 22.31, CI:17.90-28.08 22.03, CI:17.89-27.36 22.31, CI:17.90-28.04 0.0054
BSA - 1.59, CL:1.37-1.85 1.55, CL:1.34-1.78 1.58, CL:1.37-1.85 0.0000

Cycle of CH - 2.00, C1:1.00-8.00 2.00, CL:1.00-6.00 2.00, CL:1.00-8.00 0.0000

Height - 160.00, CI:150.00-173.00 | 158.00, CL:149.70-170.00 | 160.00, CI:150.00-173.00 0.0000
Weight = 58.00, CI:45.00-75.00 56.00, CI:43.00-70.00 58.00, CI:45.00-75.00 0.0000
Cancer type Breast 78(1.31%) 25(4.01%) 103(1.56%) 0.0000
Cervix 1409(23.59%) 222(35.63%) 1631(24.73%)
Colorectum 1296(21.70%) 22(3.53%) 1318(19.98%)
Endometrium 182(3.05%) 38(6.10%) 220(3.34%)
Esophagus 525(8.79%) 92(14.77%) 617(9.36%)
Head and Neck 384(6.43%) 45(7.22%) 429(6.50%)
Liver 280(4.69%) 5(0.80%) 285(4.32%)
Lung 792(13.26%) 67(10.75%) 859(13.03%)
NPC 613(10.26%) 70(11.24%) 683(10.36%)
Ovum 243(4.07%) 27(4.33%) 270(4.09%)
Stomach 170(2.85%) 10(1.61%) 180(2.73%)
Diabetes No 5773(96.67%) 610(97.91%) 6383(96.79%) 00794
Yes 199(3.33%) 13(2.09%) 212(3.21%)
Hypertension No 5620(94.11%) 596(95.67%) 6216(94.25%) 0.1059
Yes 352(5.89%) 27(4.33%) 379(5.75%)
Metastasis No 5511(92.28%) 578(92.78%) 6089(92.33%) 0.0001
Yes 461(7.72%) 45(7.22%) 506(7.67%)
Radiation No 3855(64.55%) 349(56.02%) 4204(63.75%) 0.0000
Yes 2117(35.45%) 274(43.98%) 2391(36.25%)
Sex Female 3056(51.17%) 404(64.85%) 3460(52.46%) 0.0000
Male 2916(48.83%) 219(35.15%) 3135(47.54%)
Prior surgery No 3908(65.44%) 442(70.95%) 4350(65.96%) 0.0073
Yes 2064(34.56%) 181(29.05%) 2245(34.04%)
Regime Carboplatin 1180(11.36%) 165(14.60%) 1345(11.67%) 0.0000
Cisplatin 2014(19.38%) 242(21.42%) 2256(19.58%)
Docetaxel 684(6.58%) 251(22.21%) 935(8.12%)
Etoposide 176(1.69%) 19(1.68%) 195(1.69%)
Fluorouracil 1495(14.39%) 39(3.45%) 1534(13.31%)
Tfosfamide 21(0.20%) 2(0.18%) 23(0.20%)
Irinotecan 348(3.35%) 15(1.33%) 363(3.15%)
Lobaplatin 281(2.70%) 45(3.98%) 326(2.83%)
Nedaplatin 521(5.01%) 68(6.02%) 589(5.11%)
Oxaliplatin 1350(12.99%) 28(2.48%) 1378(11.96%)
Paclitaxel 2062(19.84%) 248(21.95%) 2310(20.05%)
Pemetrexed 259(2.49%) 8(0.71%) 267(2.32%)
RDI - 0.914(CI:0.6397-1.046) 0.948(CI:0.569-1.051) 0.9185(CIL:6265-1.0471) 0.0035

BMI, body mass index; BSA, body surface area; CH, chemotherapy; CI, confidence interval; NPC, nasopharyngeal carcinoma; RDI, relative drug intensity; -, not applicable.
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Characteristic

95% Cl 95% ClI
Age
270 years (vs. <70) 1.04 0.74-1.45 0.84 0.96 0.64-1.44 0.85
Sex
Female (vs. male) 0.93 0.63-1.36 0.70 0.63 0.38-1.03 0.06

Cancer type (vs. others)

Head and neck cancer 0.94 0.65-1.38 0.76 1.05 0.68-1.62 0.83
Urothelial cancer 1.02 0.69-1.50 0.93 1.93 1.25-2.98 <0.01
Renal cell cancer 0.6 0.39-0.91 0.01 0.27 0.14-0.50 <0.01
Gastric cancer 37 223-6.12 <0.01 3.01 1.76-5.15 <0.01
Esophageal cancer 147 0.77-2.81 023 095 0.39-2.35 0.92
Malignant pleural mesothelioma 1.68 0.74-3.84 021 113 0.36-3.58 0.83
MSI-high solid tumors 0.4 0.13-1.27 0.12 0.21 0.03-1.51 0.09

ECOG performance status
22 (vs. 0 or 1) 132 0.83-2.11 0.23 233 1.39-3.90 <0.01

No. of previous regimens
>2 (vs. 0 or 1) 122 0.86-1.74 026 099 0.65-1.52 0.97

Neutrophil/lymphocyte ratio
25 (vs. <5) 145 1.09-1.93 0.03 1.88 1.40-2.52 <0.01

Soluble markers
SPD-1'""/sPD-L1"*" (vs. others) 179 1.13-2.83 0.01 1.70 0.99-2.91 0.05

HR, hazard ratio; Cl, confidence intervals MSI, microsatellite instability; sPD-1, soluble programmed cell death~1; sPD-LL, soluble programmed cell death-ligand 1.
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Characteristic

95% ClI 95% CI
Sex
107

Female (vs. male) 0.64-1.80 0.79
Cancer type (vs. others)

Urothelial cancer 137 0.80-2.35 0.25

RenalA cell cancer 067 0.44-1.03 007 0.28 0.14-0.57 <0.01

Gastric cancer 363 2.14-6.16 <001 3.06 1.65-5.66 <0.01

MSI-high solid tumors ) T h 023 0.03-1.71 0.15
ECOG performance status

22 (vs. 0 or 1) 217 1.22-3.86 <0.01
Neutrophil/lymphocyte ratio

25 (vs. <5) 1.59 1.20-2.10 <0.01 193 1.42-2.62 <0.01
Soluble markers

SPD-1""/sPD-L1"€" (vs. others) 1.62 1.03-2.58 004 1.86 1.06-3.26 0.03

HR, hazard ratio; CI, confidence interval; MSI, microsatellite instability; sPD-1, soluble programmed cell death-1; sPD-L1, soluble programmed cell death-ligand 1.
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No.

Characteristic

of patients
[Median age (range), years 70 (27-89)]
Sex
Male 123 71.9
Female 48 28.1
Cancer type
Head ar4xd neck cancer 50 292
Urothelial cancer
42 24.6
Renal cell cancer
Gastric cancer 3 216
20 11.7
Esophageal cancer 10 pie
Malignant pleural 6 35
mesothelioma 6 35
MSI-high solid tumors® )
Histological subtype
Squamous cell carcinoma 54 316
Urothelial carcinoma 42 24.6
Clear cell carcinoma 37 21.6
Adenocarcinoma 26 15.2
Epithelioid mesothelioma 3 1.8
Sarcomatoid mesothelioma 3 1.8
Adenoid cystic carcinoma 1 0.6
Neuroendocrine carcinoma 1 0.6
Salivary duct carcinoma 1 0.6
Not otherwise specified 3 1.8
ECOG performance status
0 46 26.9
I 100 58.5
2 17 9.9
3 7 4.1
4 1 0.6
Number of prior systemic
theoraples 2 13
1 112 65.5
> 57 33.3
ICI regimen
Nivolumab 121 70.8
Pembrolizumab 50 29.2

MS]I, microsatellite instability; ICI, immune checkpoint inhibitor.
“MSI-high solid tumors included colorectal cancer (n = 4), cancer of unknown primary (n =
1), and bile duct cancer (n = 1).
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D-1 D-L1

Characteristic Median [IQR]
Median [IQR], pg/ml pg/ml

Age (years)

270 185 [142-276 260 [230-318.
0.01 .02
<70 148 [93-228] < 234 [184-298 00
Sex
Female 166 [119-264 078 235 [190-279. 002

Male 169 [112-257 ) 258 [218-319

ECOG performance
status

203 [148-284 0.11 302 [261-369
22 0.02
163 [111-246 241 [204-300
Oorl
No. of previous regimens
22 188 [136-320, 256 [220-329.
Oorl 164 [109-235. 007 247 [204-302. 033

sPD-1, soluble programmed cell death-1; sSPD-L1, soluble programmed cell death-ligand 1; IQR, interquartile range.
The p values were determined with the Wilcoxon ranked sum test.
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The percentage change of UBE2/

Patient
characteristics 50~100 0~ 50 0~ -50
n=8 n=24 n=23
Age, years 0.102
Median 60.19 66.25 62.92 62.61 64.52
Range 51~77 48~72 44~79 50~80 43~83
Sex, No. (%) 0.552
Male 23 (85.19) 6 (75.00) 17 (70.83) 15 (65.22) 18 (78.26)
Female 4 (14.81) 2 (25.00) 7(29.17) 8 (34.78) 5(21.74)
Histology, No. (%) 0.776
Adenocarcinoma 8(29.63) 3 (37.50) 10 (41.67) 11 (47.82) 10 (43.48)
Squamous cell carcinoma 13 (48.16) 3 (37.50) 11 (45.83) 6 (26.09) 10 (43.48)
Small cell carcinoma 6 (22.21) 2 (25.00) ‘ 3 (12.50) ' 6 (26.09) 3 (13.04)
Disease stage, No. (%) 0.784
c-stage IIT 11 (40.74) 2 (25.00) ‘l 7(29.17) 10 (43.48) 8 (34.78) ‘
|
c-stage IV 16 (59.26) 6 (75.00) 17 (70.83) 13 (56.52) 15 (65.22)
Treatment, No. (%) ‘ 0.346
Anti-PD-1 9(33.33) 1 (12.50) 7(29.17) 3 (13.04) 8(34.78)
Chemotherapy+ anti-PD-1 18 (66.67) 7 (87.50) 17 (70.83) 20 (86.96) 15 (65.22)
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Patients identified through the starting
of the study
N=623

Patients excluded based
on exclusion criteria (1)
N=16
After selection
N=607

Patients excluded based
on exclusion criteria (2)
N=50

After selection

N=557

Patients with rectal cancer Patients with colon cancer

N=137 N=428

Patients excluded based Patients excluded based

on exclusion criteria (3) on exclusion criteria (4)
N=88 N=28

Patients included in the study

N=449
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B-ALL PB B-ALL BM

Characteristics (n = 10) (n = 10)

Total leukocytes (x10*/uL), median (IQR) (6,7;%;‘,)178) @5 :3'_1325,195) @, 85665,»7:65, 425) 0.0014"
Lymphoblasts ABS %], median (IQR) - (7;359 ;622;3]) (;;:::6[?2;2"3)) 0.0048"
Neutrophils (x10°/uL), median (IQR) (2.339.-23.55) (O_:;'ﬁ%) (0_201'?364) <0.0001"
Lymphocytes (x10*/uL), median (IQR) (2_;)'_1;_73) (2_2:‘12_29) (3.1?}:51) 0.7031
Monocytes (x10*/uL), median (IQR) (0209'?354) (0.0%_1;.21) (0.0%};27> 0.0005*
Hemoglobin (g/dL), median (IQR) (XZ,133-A;13.7) (3.78:;7) (4.;118,1) 0.0010*
Platelets (x10*/uL), median (IQR) (302534) (28?11101) (245-389) <0.0001"

CG, control group; BM, bone marrow; PB, peripheral blood; IQR, interquartile range. Reference values: Leukocytes: 5.2 - 12.4 x10*/uL; Neutrophils: 19 - 8 x10*/uL; Lymphocytes: 0.9 - 5.2 x10%/
WL; Monocytes: 0.16 - 1 x10*/uL; Hemoglobin: 12 - 18 g/dL; Platelets: 130 - 140 x10*/uL. Significant differences of p<0.05 are represented in bold with the following superscript letters: “a” and “b”,
which refer to comparisons of the B-ALL PB group with the CG and B-ALL BM group, respectively.
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B-ALL B-ALL

Ndrisbles PB (n=10) BM (n=10)
Age, median (IQR) 9 (6-13) 3(2-9) 5(3-6)
Sex, Male/Female 5M/5F 7M/3F 8M/2F

Age group, n (%)

1to <5 1 (10%) 7 (70%) 4 (40%)
5to <10 4 (40%) 1 (10%) 5 (50%)
10 to <15 5 (50%) 2 (20%) 1 (10%)

Immunophenotyping

Common B-ALL (CD10") - 10 (100%) 10 (100%)

CNS infiltration

Absent = 10 (100%) 10 (100%)

Present - 0 (0%) 0 (0%)
Cytogenetics

Good prognosis - 10 (100%) V 10 (100%)
Poor prognosis - 0 (0%) 0 (0%)

Risk stratification at DO

Low Risk - 7 (24%) 6 (27%)
High Risk = 3 (24%) 4 (55%)

Risk re-stratification at D15

True low risk - 0 (0%) 1 (10%)
Low intermediate risk - 6 (60%) 5 (50%)
High risk rapid responder - 3 (30%) 4 (40%)
High risk slow responder - | 1 (10%) 0 (0%)
MRD at D15

Negative - 1 (10%) 1 (10%)
Positive - 9 (90%) 9 (90%)

Myelogram at D35 [n (%)]

M1 - 100 (100%) 100 (100%)
M2 = 0 (0%) 0 (0%)
M3 - 0 (0%) 0 (0%)

CG, control group; B-ALL, B-cell acute lymphoblastic leukemia; PB, peripheral blood; BM,
bone marrow; IQR, interquartile range; CNS, central nervous system; MRD, measurable
residual disease; DO, diagnosis baseline; D15, day 15 of induction therapy; D35, end of the
induction therapy; M1, <5% lymphoblasts; M2, 5-25% lymphoblasts; M3, >25% lymphoblasts.
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PD-1
inhibitor treatment

p
(\[e} Yes

Age <56 42 34 0.143
256 54 27

Sex Man 87 59 0.145
‘Woman 9 I 2

Current tumor response * PR 27 [ 30 0.93
SD+PD 27 31

Child-Pugh class ‘ A . 65 38 0.646
B 25 20
C » 6 » 3

BCLC stage ‘ A 22 I 5 0.01
B 27 12
C 47 44

Tumor boundary Clear 50 31 0.877
Obscure 46 7 30

Tumor number 1 19 6 0.003
2-3 41 15
>4 36 40

Tumor size (cm) 1-5 41 26 0.795
5-10 29 21
=10 26 14

Vascular invasion No 56 I 29 0.186
Yes 40 32

Extrahepatic metastasis No 72 35 0.021
Yes 24 26

“One hundred and fifteen patients who had previously received treatment had evaluable
tumor responses at enrollment.
PR, partial response; SD, stable disease; PD, progressive discase.
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Univariate survival analysis Multifactor survival analysis

All patients

HR (95% CI) p HR (95% CI) p
CD3+ T cells (/uL) <533 21 1
>533 88 0.31 (0.176-0.545) <0.001
CD4+ T cells (/uL) <268 ' 17 1 ' 1
>268 92 0.214 (0.118-0.388) <0.001 0.357 (0.190-0.672) 0.001
CD8+ T cells (/uL) [ <219 30 1 1 i
>219 79 0.390 (0.232-0.655) <0.001
CD8+/CD4+ ratio <0.63 58 1
>0.63 51 1.178 (0.713-1.947) 0.522
NK cells (%) [ <17 56 1
>17 49 0.511 (0.299-0.872) 0.014
NK cells (/uL) <167 49 1 1
>167 56 0.303 (0.176-0.520) <0.001 0.374 (0.209-0.670) 0.001
CD8+CD28+ T cells (%) <64 48 1 1
>64 62 0.587 (0.356-0.967) 0.036 0.579 (0.345-0.971) 0.038
CD8+CD28- T cells (%) [ <9 59 1
>9 51 1.130 (0.686-1.863) 0.631
CD8+CD38+ T cells (%) <59 54 1
>59 56 1.507 (0.906-2.504) 0.114
CD4+PD-1+ T cells (%) <7 41 1
>7 34 1.511 (0.835-2.733) 0.172
CD8+PD-1+ T cells (%) <6 38 1
>6 37 0.922 (0.510-1.667) 0.788
CD8+PD-1+/CD4+PD-1+ ratio <055 13 1
>0.55 62 0.560 (0.276-1.135) 0.107
1L-6 (pg/mL) <25 91 1
>25 19 2.351 (1.324-4.173) 0.004
IFN-y (pg/mL) <0 61 1
>2 49 0.915 (0.554-1.512) 0.728

After ROC analysis, patients were divided into high and low groups based on the Youden index or median of lymphocyte subsets and cytokines (Supplementary Table 3). PD-L+ T cells were only
analyzed in patients who had not undergone PD-1 inhibitor treatment.





OPS/images/fimmu.2024.1325330/fimmu-15-1325330-g002.jpg
CD4+PD-1+ T cells (%)

(9]

CD8+PD-1+ T cells (%)

NO Yes
PD-1 inhibitor therapy

3%k %k %k
1
501 .
15 [ ]
15
10
5

No Yes
PD-1 inhibitor therapy

@

CD4+PD-1+ T cells (%)

=]

CD8+PD-1+ T cells (%)

0.00

PD-1 inhibitor treatment course

17.00 "
1951 .
1.95

0.00

PD-1 inhibitor treatment course





OPS/images/fimmu.2024.1325330/fimmu-15-1325330-g003.jpg
<

ns

ns

(%) slI®2 1 +1-ad+8dd

(%) SslI92 1 +1-ad+¥ad

0.00

o
<
=)





OPS/images/fimmu.2024.1325330/fimmu-15-1325330-g004.jpg
IL-6 levels

CD8+CD38+ T-cell levels
CD8+PD1+/CD4+PD1+ levels
CD8+CD28+ T-cell levels
CD8+ T-cell levels

CD4+ T-cell levels

CD3+ T-cell levels
CD8+/CD4+ levels

NK cell percentage levels
NK cell count levels
CD8+CD28- T-cell levels
CD4+PD-1+ T-cell levels
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IFN-y levels

In patients treated with PD-1 inhibitors
Univariate binary logistic regression

IL-6 levels
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Among all 154 patients
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Among all 154 patients
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157 patients with liver cancer were prospectively enrolled
42 patients with newly | | 115 patients had received TACE At enrollment, 57 patients were evaluated as
diagnosed liver cancer +/- TKI +/- ICI treatment PR, 10 patients as SD, and 48 patients as PD
n=42 n=61
96 patients never received 61 patients had received At enrollment, 30 patients were evaluated as
PD-1 inhibitor treatment PD-1 inhibitors PR, 4 patients as SD, and 27 patients as PD
154 patients with evaluable tumor response 3 months after One advanced stage patient gave up treatment.
Two patients died of liver failure and stroke
enrollment (91 responders and 63 non-responders ) respectively after the initial TACE treatment
154 patients with evaluable | | 110 patients with evaluable 43 pavients Wi were avaluated asiFD af
foll PES at the last foll enrollment were lost to follow-up within 3
OS at the last fo ow-up a € last T1ollow-up months or had no available imaging data
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Profile, kinetic, fold change and performance indices of EV-CD10*CD19* at diagnosis baseline

(A) Profile of EV-CD10*CD19* at diagnosis (B) Kinetic of EV-CD10*CD19* during induction therapy

— Absolute counts (EVs/mm3) —9
— Absolute counts (EVs/mm3) —p
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Fold change and performance indices of EV-CD10*and EV-CD19* at diagnosis baseline

(A) Fold changes in EV levels (B) Significance of fold changes
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Country ~ Sample Gender  Age Treatment Study Cut- ROC Survival  Survival Follow-

size (M/F) (yean) center off methods  outcomes  analysis up
Median selecti- (month)
(range) on Median
(range)
XuL 2017  China 351 Retrospective ~ 2006-2013  300/51 539 Surgery AB | Single 105 ROC NR os Multivariate | 1-100 | 8
center curve
Cinkir, | 2020  Twurkey = 80 Retrospective  2011-2018 6713 | 69 Sorafenib | A-B | Single 22 ROC Youden os Univariate | 7.8 7
H.Y. (29-83) center curve index a2z
387)
Wang | 2021 | China 194 Retrospective | 2014-2019 17420 | 565 TACE AB | Multicenter | 0.8 ROC NR 05, PFS Univariate | 180 9
T.C. curve
WuY. | 2021 China 161 Retrospective  2011-2018 141120 | 562 Surgery AB  Single 103 ROC Youden PES Multivariate | 1-120 | 8
center curve index
ZouY. | 2021 China 370 Retrospective ~ 2013-2019 32545 | 542 Surgery AB | Single 117 ROC NR PES Multivariate | 1-96 8
center curve
Xin,Y. | 2022 China 403 Retrospective ~ 2012-2017 328175 58 RFA AB | Single 136 Xetile | NR 08, PES Univariate | 445 8
(30-80) center (126-
95.0)
Zhao, 2022 China 352 Retrospective ~ 2013-2020  290/62 58 Sorafenib/ | A-C | Single 164 ROC NR 08, PES Univariate | 1100 | 7
M. (26:86)  ICIs center curve
Cui,S. | 2023  China 218 Retrospective  2010-2020 19721 | 539 i AC Single 125 ROC NR 08, PES Multivariate 394 8
center curve
Mao,S. | 2023 China 148 Retrospective  2016-2020 12523 | 586 TACE AB | single 104 ROC NR PES Multivariate | 13(1-36) | 7
center curve
Wenpei, | 2023 | China 162 Retrospective | 2013-2016 | 12537 | <60y.  Surgery AB Single 0785 ROC Youden PES Multivariate | 1-24 8
G 107 center curve index
>60
y:55

M, male; F, female; TACE, transcatheter arterial chemoembolization; RFA, radiofrequency ablation; LT, liver transplantation; ICIs, immune checkpoint inhibitors; ROC, receiver operating characteristic; OS, overall survival; PES, progression- free survival; NOS, Newcastle-
Ottawa Scale.
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Study %

ID HR (95% ClI) Weight

Xu, L. (2017) —T—+——— 211 (1.20, 3.71) 6.08

Cinkir, H. Y. (2020) v 2.02(1.24,3.31) 8.00

Wang, T. C. (2021) — 1.73(1.25,2.39) 18.21
Xin, Y. (2022) —— 1.47 (1.17,1.85) 36.36
Zhao, M. (2022) — 1.86 (1.37,2.53) 20.35

Cui, S. (2023) - 2.26 (1.53,3.54) 11.00

Overall (I-squared = 0.0%, p = 0.479) <> 1.75(1.52,2.01)  100.00

.27 1 3.71
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Study %
ID HR (95% ClI) Weight

Wang, T. C. (2021) 1.45(1.06,1.97) 13.26

Wu, Y. (2021) 1.32 (0.77,2.25) 8.48

Zou, Y. (2021) 156 (1.35,1.82) 16.73

Xin, Y. (2022) ——— 3.63(2.58,5.10) 1245

Zhao, M. (2022) 1.51 (1.11,2.05) 13.31

¥
1
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_-.-—r—
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I
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Cui, S. (2023) 1.73(1.24,2.43) 12.54

Mao, S. (2023) —— 1.26 (1.10, 1.45) 16.96

<>

Wenpei, G. (2023) 1.69 (0.85,3.37) 6.27

Overall (I-squared = 78.8%, p = 0.000) 1.66 (1.34,2.05) 100.00

NOTE: Weights are from random effects analysis

196 1 5.1
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Study % Study %

D OR (95% Cl)  Weight D OR (95% Cl) ~ Weight

Wang, T. C. (2021) T 2.57 (0.98, 6.76)7.26 Wang, T. C. (2021)

0.64(0.28, 1.47)34.03
Xin, Y. (2022) —— 0.81 (0.49, 1.35)15.52 Xin, Y. (2022) 7,_— 1.19(0.20, 7.19)18.81
Zhao, M. (2022) — 1.17 (0.65, 2.1109.11 Zhao, M. (2022) %; 6.51 (151, 28.183.27
Wenpei, G. (2023) — 1.12 (0.53, 2.35)18.11 Wenpei, G. (2023) ——-— 1.28(0.31, 5.30)23.89
Overall (I-squared = 31.5%, p = 0.223) 1.10 (0.80, 1.51)100.00 Overall (I-squared = 58.9%, p = o.os:»(‘j> 1.46 (052, 4.11)100.00

NOTE: Weights are from random effects analysis

148 1 676 0355 1 282

C D
Study % Study %
D OR(95% CI)  Weight D OR(95% Cl)  Weight

Wang, T. C. (2021) B R 117 (0.65, 211)22.22 Wang, T. C. (2021) -———— 523(276,991)23.23
Xin, Y. (2022) —-—— 1.70 (1.14, 254)30.48 Xin, Y. (2022) —— 1.60 (1.06, 2.40)28.51
Zhao, M. (2022) 7* 1.49 (0.89, 249)26.42 Zhao, M. (2022) * 359 (2.10, 6.16)25.57
Wenpei, G. (20237———5— 0.78 (0.32, 1.90)11.88 Wenpei, G. (2023) —-— 332(1.71,6.45)22.69
Overall (I-squared = 0.0%, p = 0.399) <> 1.42 (1.09, 1.85)100.00 Overall (I-squared = 74.8%, p = 0.008) <> 3.06(1.76, 5.30)100.00

NOTE: Weights are from random effects analysis

32 1 313 101 1 9.91
E F
Study % Study %
) OR (95% Cl) Weight D OR (95% Cl)  Weight

Wang, T.C.(2021) &————1F

0.65(0.36,1.17) 21.56 '

Wang, T. C. (2021) — 1.18 (0.60, 2.35R7.62
Xin, Y. (2022) 0.88(059,1.31)  40.57 i

Xin, Y. (2022) R e 1.17 (0.70, 1.9451.06
Zhao, M. (2022) 152(0.98,236) 25.12 i

Wenpei, G. (2023) + 0.91(0.40, 2.10R1.32
Wenpei, G. (2023) 109(0.55,213) 1274 i

102(080,130) 10000 Overall (i-squared = 0.0%,p = 08697<:> 112 (0.78, 1.61)100.00

Overall (I-squared =49.4%, p =0.115) <
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Univariate survival analysis Multifactor survival analysis

All patients

HR (95% CI) p HR (95% ClI) p
CD3+ T cells (/uL) <533 38 1
>533 114 0.421 (0.261-0.680) <0.001
CD4+ T cells (/uL) <268 31 1 1
>268 121 0.361 (0.220-0.591) <0.001 0.433 (0.198-0.948) 0.036
CD8+ T cells (/uL) <219 51 1 1
>219 101 0.453 (0.285-0.718) 0.001 0.504 (0.312-0.814) 0.005
CD8+/CD4+ ratio <0.63 76 1
>0.63 77 1.631 (1.024-2.596) 0.039
NK cells (%) <17 76 1
I >17 70 0.776 (0.483-1.247) 0.295
NK cells (/uL) <167 73 1 ‘ 1
>167 73 0.489 (0.301-0.796) 0.004 0.569 (0.345-0.939) 0.027
CD8+CD28+ T cells (%) <64 79 1 ‘ 1
>64 74 0.366 (0.223-0.600) <0.001 0.403 (0.241-0.675) 0.001
CD8+CD28- T cells (%) <9 75 1
>9 78 1.661 (1.041-2.651) 0.033
CD8+CD38+ T cells (%) <59 63 1
>59 920 1.782 (1.080-2.938) 0.024
CD4+PD-1+ T cells (%) <7 47 1
>7 46 1.783 (0.933-3.408) 0.08
CD8+PD-1+ T cells (%) <6 46 1
>6 47 0.884 (0.471-1.657) 07
CD8+PD-1+/CD4+PD-1+ ratio <0.55 22 1
>0.55 71 0.376 (0.197-0.719) 0.003
1L-6 (pg/mL) 7 <25 121 1 1
>25 31 2.600 (1.592-4.245) <0.001 2.036 (1.208-3.432) 0.008
IFN-y (pg/mL) <2 84 1
>2 68 1.017 (0.641-1.615) 0.942

After ROC analysis, patients were divided into high and low groups based on the Youden index or median of lymphocyte subsets and cytokines (Supplementary Table 3). PD-1+ T cells were only
analyzed in patients who had not undergone PD-1 inhibitor treatment.
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CD8+CD28+ T cell (%) NK cell (cells/uL) CD8+CD38+ T cell (%)

low high P low high low high p

Age <56 33 43 0.079 41 32 0.163 26 50 0.126
256 46 34 34 42 37 43

Sex Man 76 69 0.108 68 71 ' 0.198 61 84 0.12
‘Woman 3 8 7 3 2 9

Current tumor response PR 25 32 0.061 28 26 0.636 27 30 0.054
SD+PD 35 22 31 24 17 40

Child-Pugh class A 45 58 0.036 40 58 0.005 48 55 0.083
B 27 17 30 13 12 32
[} ' 7 2 5 3 ' 3 6

BCLC stage A 8 [ 19 0.013 I 9 18 0.056 21 6 <0.001
B 17 22 17 21 18 21
C 54 36 49 35 24 66

Tumor boundary Clear 34 46 0.037 31 46 0.011 38 42 0.063
Obscure 45 31 44 28 25 51

Tumor number 1 7 18 0.006 10 15 . 0.316 19 6 <0.001
2-3 25 31 25 28 23 33
24 47 28 40 31 21 54

Tumor size (cm) 1-5 29 37 0.046 26 38 0.079 38 28 0.001
5-10 23 27 25 22 14 36
210 27 13 24 14 11 29

Vascular invasion No 34 50 0.006 35 48 0.025 45 39 <0.001
Yes 45 27 40 26 18 54

Extrahepatic metastasis No 48 59 0.033 46 56 0.06 54 53 <0.001
Yes 31 18 29 18 9 40

“Patients who had previously received treatment had evaluable tumor responses at enrollment.
PR, partial response; SD, stable disease; PD, progressive disease.
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Characteristics Overall Training cohort Internal validation External validation

(n=1170) (n=545) cohort
(n=233)

Age (y)
<50 621(53.1) 301 (55.2) 127 (54.5) 193 (49.2)
=50 549(46.9) 244 (44.8) 106 (45.5) 199 (50.8)
Menopause
Yes 368(31.5) 218 (40.0) 93 (39.9) 57 (14.5)
No 802(68.5) 327 (60.0) 140 (60.1) 335 (85.5)
Chemotherapy courses
3 34(2.9) 18 (3.3) 4(1.7) 12 (3.1)
4 786(67.2) 486 (89.2) 207 (88.8) 93 (23.7)
5-8 350(29.2) 41 (7.5) 22 (9.4) 287 (73.2)

Histological type

Ductal 1126(96.2) 523 (96.0) 225 (96.6) 378 (96.4)
Lobular 16(1.4) 7(1.3) 3(13) 6(1.5)
Others 28(2.4) 15 (2.8) 5(21) 8(2.0)
Tumor size

T1 130(11.1) 52 (9.5) 30 (12.9) 48 (12.2)
T2 833(71.2) 381 (69.9) 156 (67.0) 296 (75.5)
T3 207(17.7) 112 (20.6) 47 (20.2) 48 (12.2)

Clinical nodal status
Negative 370(31.6) 211 (38.7) 107 (45.9) 52(13.3)
Positive 800(68.4) 334 (61.3) 126 (54.1) 340 (86.7)

Histological grade

1 71(6.1) 36 (6.6) 13 (5.6) 22 (5.6)

1T 886(75.7) 407 (74.7) 167 (71.7) 312 (79.6)
it 213(18.2) 102 (18.7) 53 (22.7) 58 (14.8)
ER

Negative 422(36.1) 198 (36.3) 92 (39.5) 132 (33.7)
Positive 748(63.9) 347 (63.7) 141 (60.5) 260 (66.3)
PR

Negative 600(51.3) 275 (50.5) 122 (52.4) 203 (51.8)
Positive 570(48.7) 270 (49.5) 111 (47.6) 189 (48.2)
HER? status

Negative 800(68.4) 323 (59.3) 130 (55.8) 347 (88.5)
Positive 370(31.6) 222 (40.7) 103 (44.2) 45 (11.5)
Ki67 expression (%)

<14 325(27.8) 171 (314) 70 (30.0) 84 (21.4)
>14 845(72.2) 374 (68.6) 163 (70.0) 308 (78.6)
Molecular subtypes

Luminal 573(49.0) 240 (44.0) 91 (39.1) 242 (61.7)
Luminal/HER2 197(16.8) 118 (21.7) 56 (24.0) 23 (5.9)

HER2 173(14.8) 104 (19.1) 47 (20.2) 22 (5.6)

TNBC 227(19.4) 83 (15.2) 39 (16.7) 105 (26.8)
ALB

<40 393(33.6) 222 (40.7) 87 (37.3) 84 (78.6)
240 777(66.4) 323 (59.3) 146 (62.7) 308 (21.4)
Lymphocyte count

<800 67(5.7) 34 (6.2) 15 (6.4) 18 (4.6)

>800 1103(94.3) 511(93.8) 218 (93.6) 374 (95.4)
PNI

<53 825(70.5) 413 (75.8) 176 (75.5) 236 (60.2)
>53 345(29.5) 132 (24.2) 57 (24.5) 156 (39.8)
Response evaluation

pCR 186(15.9) 70 (12.8) 32 (13.7) 84 (21.4)
Non-pCR 984(84.1) 475 (87.2) 201 (86.3) 308 (78.6)

ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth factor 2; ALB, albumin; PN, prognostic nutritional index; pCR, pathologic complete response.





OPS/images/fimmu.2023.1335546/table2.jpg
Characteristics PNI<53 PNI>53 p-value

(N=413) (N=132)

Age (y) 0.533
<50 225 (54.5) 76 (57.6)

=50 188 (45.5) 56 (42.4)

Menopause 0.967
Yes 165 (40.0) 53 (40.2)

No 248 (60.0) 79 (59.8)

Chemotherapy cycles 0.120
3 15 (3.6) 3(23)

4 362 (87.7) 124 (93.9)

5-8 36 (8.7) 5(3.8)

Histological type 0478
Ductal 397 (96.1) 126 (95.5)

Lobular 4 (1.0) 3(23)

Others 12 (29) 3(23)

Tumor size 0593
T1 39 (9.4) 13 (9.8)

T2 285 (69.0) 96 (72.7)

T3 89 (21.5) 23 (17.4)

Clinical nodal status 0.105
Negative 152 (36.8) 59 (44.7)

Positive 261 (63.2) 73 (55.3)

Histological Grade 0.958
1 28 (6.8) 8(6.1)

11 308 (74.6) 99 (75.0)

I 77 (18.6) 25 (18.9)

ER 0.842
Negative 151 (36.6) 47 (35.6)

Positive 262 (63.4) 85 (64.4)

PR 0.497
Negative 205 (49.6) 70 (53.0)

Positive 208 (50.4) 62 (47.0)

HER2 status 0.802
Negative 246 (59.6) 77 (58.3)

Positive 167 (40.4) 55 (41.7)

Ki67 expression (%) 0.928
<14 130 (31.5) 41 (31.1)

=14 283 (68.5) 91 (68.9)

Molecular subtypes 0.630
Luminal 186 (45.0) 54 (40.9)

Luminal/HER2 86 (20.8) 32(24.2)

HER2 81 (19.6) 23 (17.4)

TNBC 60 (14.5) 23 (17.4)

Response evaluation 0.007
pCR 44 (10.7) 26 (19.7)

Non-pCR 369 (89.3) 106 (80.3)

ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth factor 2;
PNI, prognostic nutritional index; pCR, pathologic complete response.
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Characteristic, unit

Samples

N (%) or mean (SD)

55 (100%)

Age, years

54+ 15

Sex (% of females)

29 (52.7%)

Disease status

Non-metastatic

20 (36.4%)

Primary 16 (29.1%)
Recurrence 4 (7.3%)
Metastatic 35 (63.6%)
Primary 25 (45.1%)
Recurrence 10 (18.2%)

Primary anatomical localization

Extremity 22 (40.0%)
Upper limb 20 (36.4%)
Lower limb 2 (6.4%)

Trunk (not retroperitoneal)

16 (29.1%)

Thorax 5(9.1%)
Pelvis 4(7.3%)
Trunk, unspecified 3 (5.5%)
Heart 1(1.8%)
Liver 1(1.8%)
Jejunum 1(1.8%)
Adrenal gland 1(1.8%)
Retroperitoneal 7 (12.7%)
Gynecological region 9 (16.4%)
Uterus 8 (14.5%)
Spermatic cord 1 (1.8%)
Head and neck 1 (1.8%)

Lineage of cell differentiation

Leiomyosarcoma 18 (32.7%)
Liposarcoma 9 (16.4%)
Undifferentiated sarcoma 9 (16.4%)
Synovial sarcoma 8 (14.5%)
Other 11 (20%)
e ot e 2 (a58)
Haemangiosarcoma 2 (3.6%)
Clear cell sarcoma 2 (3.6%)
Alveolar soft part sarcoma 1 (1.8%)
Lineage of cell differentiation
Rhabdomyosarcoma 1(1.8%)
Embryonal sarcoma 1(1.8%)
Endometrial stromal sarcoma 1(1.8%)
Treatment and response
Surgery (diagnostic/recurrence) 8 (14.5%)

Stable disease (chemotherapy)

26 (47.3%)

Progression disease (chemotherapy)

21 (38.2%)

Therapy

Anthracycline-based therapy

Anthracycline-based

9 (16.4%)

therapy followed by 19 (34.5%)

trabectedin-based therapy

Trabectedin-based therapy 8 (14.5%)

Other 11 (20%)

Not applicable 8 (14.5%)
Survival

Alive with disease

Dead of disease

31 (56.4%)

20 (36.4%)

Dead of other causes

4 (7.3%)

Time after collection (TAC
estimated, months)

15 + 12 months

Time after diagnosis (TAD
estimated, months)

42 + 34 months
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Multivariate Cox Analysis — Omnibus Tests of Model Coefficients

Enter Method Forward Stepwise Conditional (LR) Method
Overall (score) Overall (score)

Chi-square df Sig. Chi-square df Sig.

17.873 5 0.003 5.192 1 0.023

Multivariate Cox Analysis — Variables in the equation
Forward Stepwise Conditional (LR)

Enter Method Univariate Cox Analysis
Method
B Sig. | Exp(B) 95.0% CI B Sig. | Exp(B) 95.0% CI Sig. Exp(B) 95.0% CI
Variables in the Equation Lower | Upper Lower | Upper Lower | Upper
Age at Diagnostic 0.264 0.005 | 1.302 1.084 1.565 0716 | 0.995 0.967 1.023
Age at Collection 0282 | 0004 | 0754 0624 | 0912 0468 | 0.989 0.961 1.019
Tumor site 0372 | 0076 | 0.689 0457 1.040 0916 | 0978 0.653 1.467
Tumor Grade 1471 0.054 4.355 0.975 19.449 0.042 4.550 1.054 19.641

Immunotypes 0.813 0.016 2.256 1.165 4.368 0.715 | 0.029 2.044 1.075 3.885 0.021 2127 1.123 4.026
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Age, years, mean (SD) 45.82 (25.16)

Sex
Male 6 315
Female 13 68.5

Type of cancer

Head and neck (oropharynx) 6 31.5
Anal 6 315
Cervical 7 37
Histology
7 Squamous cell carcinoma 17 89.5
Adenocarcinoma 2 10.5
Node status
Positive 12 63
Negative 7 37
Stage *
1 3 16
I 8 42
I 7 37
v 1 5
Response
Responders 11 58

Non-responders
- PR/PD after CRT 4 21
- Early PD (<1 year) 4 21

“Stage by AJCC TNM 8™ Edition for head and neck and anal carcinoma and FIGO 20
Edition for cervical cancer.
CR, complete response; PD, progressive disease; PR, partial response.
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Neutrophils Neutrophils

Variables Variables (continuous) (T1 vs T3)
B (SD) OR (95% Cl)
T .
umor site Unadjusted 0.39 (0.45) 128 (0.58 - 2.88)
(colon vs rectum)
Adjusted 0.40 (0.60) 1.89 (0.06 - 22.11)
Tumor stage .
djusted 0.53 (0.3 1.18 (0.69 - 2.01
(I+T1 vs TII4IV) Unadpste (0:20) L )
Adjusted 0.59 (0.41) 1.39 (0.89 - 2.84)
Tumiarigine, Wittt | o envesped 027 (011 | 144 (L18 - 1L.83)*
(cm)
Adjusted 0.13 (0.14) 1.42 (1.05 - 1.98)*
T ize, 1
umor $ize: 8¢ | Unadjusted 0.33 (0.13)* 151 (118 - 2.02)**
(cm)
Adjusted 0.11 (0.17) 1.33 (0.99 - 1.88)
Metastasis
Unadjusted 1.19 (0.32)*** 1.92 (1.12 - 3.31)*
(No vs Yes) nacuste ©32) ( )
Adjusted 0.92 (0.41)* 1.97 (0.96 - 4.08)
hemoth
Cheniotheragy Unadjusted 0.45 (0.27) 099 (0.63 - 1.58)
(No vs Yes)
Adjusted 0.74 (0.37) 1.13 (0.57 - 2.25)
Radiotherapy s
djusted 0. 0.58 1.3 .53 - 3.41
N 75°Yes) Unadjuste 59 (0.58) 3 (0.53 - 3.41)
Adjusted 0.43 (0.74) 0.78 (0.21 - 2.69)
Chemotherapy +
Radiotherapy Unadjusted 0.53 (0.26)* 1.04 (0.66 - 1.64)
(No vs Yes)
Adjusted 0.72 (0.37) 1.10 (0.56 - 2.19)
Histology grade
(Low vs Unadjusted -0.21 (0.36) 1.01 (0.55 - 1.83)
high grade)
Adjusted ~0.41 (0.44) 0.78 (0.36 - 1.66)
R«
ccurrence Unadjusted 2021 (0.36) 0.63 (026 - 1.47)
(Yes vs no)
Adjusted -0.39 (0.44) 055 (0.14 - 1.76)

Linear regression analysis using neutrophil counts as continuous variable and by comparing
the highest vs the lowest tertiles of neutrophils as categoric variables. Adjusted model was
adjusted for age, gender, BMI, familial history, smoking history, alcohol consumption and the
presence of type 2 diabetes mellitus. Asterisk indicates significant difference between groups
(***p<0.001, *p<0.01, *p<0.05).
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Survival Non-survival

Variables
N=252 N=193

White blood cells, 10°/pL 7.29 (2.44) 8.69 (3.59) <0.001*
Neutrophils, 10°/pL . 4.85 (2.17) 6.13 (3.38) <0.001%%*
Monocytes, 10*/uL 0.55 (0.50) 0.63 (0.32) 0.038*
Lymphocytes, 10>/uL 1.68 (0.54) 1.64 (0.63) 0.502
Platelets, 10%/uL 282 (108) 314 (118) 0.003**
NER, 324 (21.7) 38.8 (28.7) 0.011*
NLR, 322 (2.02) 448 (3.69) <0.001%*
NMR, 10.7 (9.88) 10.5 (5.18) 0.726
NPR, 0.02 (0.01) 0.02 (0.01) 0.021*
NWR, 0.65 (0.09) 0.68 (0.11) 0.004** |
NBR, 99.9 (67.0) 134 (156) 0.006™*
PLR, 184 (92.0) 221 (123) <0.001*
LMR, 3.89 (3.23) 3.11 (1.79) 0.001**
hsCRP, mg/dL 53.9 (68.1) 73.1 (91.0) 0.213
Albumin, mg/dL 3.43 (0.56) 3.12 (0.56) 0.007**

Data are represented as mean (SD) or n (%). Groups were divided according to survival
outcomes after 5-years of follow-up. Asterisk indicates significant difference between groups
according to the Mann Whitney test and Chi squared test was used for variables expressed as
percentage (***p<0.001, **p<0.01, *p<0.05). hsCRP, High-sensitive C reactive protein; NBR,
Neutrophil-to-basophil Ratio; NER, Neutrophil-to-eosinophil Ratio; NERR, Neutrophil-to-
erythrocyte Ratio; NHR, Neutrophil-to-HDL Ratio; NMR, Neutrophil-to-monocyte ratio;
NLR, Neutrophil-to-lymphocyte ratio; NPR, Neutrophil-to- platelet ratio; LDL, light
density lipoprotein.
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_ Non-
Survival survival

Variables p value

N=262 N=196

Age, years 67.1 (11.9) 71.8 (11.4) <0.001***
Sex, (Males vs Females): | 0.098
Males, (5111.35%) %) 123 (62.8%)
Females, (4515.155%) 73 (37.2%)
Weight, kg 73.9 (12.9) | 72.2 (14.5) 0.256
Body-mass index, kg/m? 27.6 (4.39) J 27.5 (6.47) | 0.855
Fasting glucose plasma, mg/dL 110 (38.5) 119 (58.8) 0.055
HbAlc, % 15.7 (27.9) | 6.61 (1.45) 0.356
Total cholesterol, mg/dL 178 (45.9) 169 (47.9) 0.309
Triglycerides, mg/dL 133 (76.1) | 134 (58.7) 0.955
HDL cholesterol, mg/dL 46.4 (12.9) 41.1 (16.0) 0.304
LDL cholesterol, mg/dL 107 (45.8) 105 (45.7) 0.867
Type 2 Diabetes Mellitus, %: 1.000
No (7;.897%) 144 (73.5%)
Yes 66 (26.1%) | 52 (26.5%)
Alcohol consumption, %: 0.300
No 142 114 (74.5%)
(68.9%)
Yes 64 (31.1%) 39 (25.5%)
Smoking, %: 0.499
No (8;.90%%)) 136 (81.9%)
Yes 35 (15.0%) 30 (18.1%)
Familial history of
colorectal cancer it
No (4;286%) 114 (58.2%)
Yes e 82 (41.8%)
(50.2%)
Tumor site: 0.235
Rectum 32 17 (8.67%)
(12.6%)
Colon (8;241%) 179 (91.3%)
Tumor grade histology: 0.060
Gl 93 (42.5%) 44 (30.8%)
G2 (4:)11%) 71 (49.7%)
G3 21 (9.59%) 23 (16.1%)
Tumor stage, TNM <0.001***
I 8 (4.42%) 4 (2.61%) 7
I | 83 (45.9%) 35 (22.9%)
111 | 81 (44.8%) | 43 (28.1%)
v 9 (4.97%) | 71 (46.4%)
Histology grade 0.005**
Low grade (S(I)i)ib) 89 (65.9%)
High grade 41 (20.0%) 46 (34.1%)
Tumor size width, cm | 4.54 (1.78) | 4.47 (2.01) 0.807
Tumor size large, cm 3.53 (1.66) 3.30 (1.66) 0.387
Metastasis: " <0.001***
No (9321%) 81 (48.8%)
Yes | 21 (9.46%) 85 (51.2%)
Chemotherapy: 0.698
No (5;.329%) 102 (52.8%)
Yes (4411.183:%) 91 (47.2%)
Radiotherapy: | | 0.277
No e 140 (90.9%)
(94.3%)
Yes 13 (5.65%) 14 (9.09%)
Disease recurrence: <0.001***
No (9(1).675:%)) 73 (69.5%)
Yes | 17 (9.34%) 32 (30.5%)
KRAS mutation: 0.062
No 22 (64.7%) 32 (43.2%)
Yes 12 (35.3%) 42 (56.8%)

Data are represented as mean (SD) or n (%). Groups were divided according to survival outcomes
after 5-years of follow-up. Asterisk indicates significant difference between groups according to
the Mann Whitney test and Chi squared test was used for variables expressed as percentage
(***p<0.001, **p<0.01). Histologic Type groups: Gl.-Polypoid, pedunculated, Exophytic,
Ulcerated or Ulcerated-central, Coliform and Vegetative, G2.-Necrotic, Ulcerated, and
Ulcerated-necrotic, G3.-Mucinous, and G4.-Stenotic and Stenotic-ulcerated. Histologic Type
Groups and TNM stage categories were based on the protocol for examination of resection
specimens from patients with primary Carcinoma of the colon and rectum by the College of
American Pathologists version 4.2.0.0, 2021. Tumor site includes colon: right-sided and left-sided
colon, as well as transversal colon. HbAlc, Hemoglobin glycosylated; HDL, high density
lipoprotein; KRAS, Kirsten Rat Sarcoma Viral Oncogene Homolog; LDL, low density lipoprotein.
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OPS/images/fimmu.2023.1335546/table4.jpg
Characteristics Crude OR Adjusted OR

(95%Cl) (95%Cl)
Histological type
Ductal Reference Reference
Lobular 1.195(0.142-10.090) 0.870 0.545 (0.052-5.686) 0.612
Others 3.586(1.188-10.826) 0.023 0.312(0.061-1.607) 0.164
Tumor size
Tl Reference Reference
T2 0.286(0.147-0.559) <0.001 0.167(0.076-0.370) <0.001
T3 0.245(0.104-0.577) 0.001 0.165(0.063-0.438) <0.001
Clinical nodal status
Negative Reference Reference
Positive 0.258(0.151-0.440) <0.001 0.326(0.179-0.591) <0.001
Histological grade
1 Reference Reference
1T 0.225(0.107-0.475) <0.001 0.094(0.031-0.290) <0.001
juts 0.214(0.085-0.539) 0.001 0.072(0.020-0.261) <0.001
ER
Negative Reference Reference
Positive 0.400(0.240-0.665) <0.001 0.480(0.080-2.876) 0.421
PR
Negative Reference Reference
Positive 0.389(0.226-0.669) 0.001 0.579(0.244-1.374) 0.215

Ki67 expression (%)

<14 Reference Reference

214 3.076(1.534-6.170) 0.002 3.124(1.415-6.898) 0.005
Molecular subtypes

Luminal Reference Reference

Luminal/HER2 1.362(0.652- 2.843) 0411 1.096 (0.474- 2.531) 0.830
HER2 2.302(1.162- 4.562) 0.017 0.799 (0.103- 6.171) 0.829
TNBC 3266 (1.643- 6.490) 0.001 0.740 (0.095- 5.765) 0.773
PNI

<53 Reference Reference

>53 2.057(1.210- 3.497) 0.008 2.217(1.215-4.043) 0.009

ER, estrogen receptor; PR, progesterone receptor; PNI, prognostic nutritional index; pCR, pathologic complete response.
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OPS/images/fimmu.2023.1335546/table3.jpg
Characteristics Non-pCR pCR p-value

(n=475) [GEFAV)]
Age (y) 0.346
<50 266 (56.0) 35 (50.0)
=50 209 (44.0) 35 (50.0)
Menopause 0.296
Yes 186 (39.2) 32 (45.7)
No 289 (60.8) 38 (54.3)
Chemotherapy cycles 0.801
3 16 (3.4) 2(29)
4 422 (88.8) 64 (91.4)
58 37 (7.8) 4(5.7)
Histological type 0.055
Ductal 459 (96.6) 64 (91.4)
Lobular 6(1.3) 1(14)
Others 10 (2.1) 5(7.1)
Tumor size <0.001
T1 36 (7.6) 16 (22.9)
T2 338 (71.2) 43 (61.4)
T3 101 (21.3) 11 (15.7)
Clinical nodal status <0.001
Negative 164 (34.5) 47 (67.1)
Positive 311 (65.5) 23 (329)
Histological Grade <0.001
1 23 (4.8) 13 (18.6)
I 361 (76.0) 46 (65.7)
itk 91 (19.2) 11 (15.7)
ER <0.001
Negative 159 (33.5) 39 (55.7)
Positive 316 (66.5) 31 (44.3)
PR <0.001
Negative 226 (47.6) 49 (70.0)
Positive 249 (52.4) 21 (30.0)
HER?2 status 0.517
Negative 284 (59.8) 39 (55.7)
Positive 191 (40.2) 31 (44.3)
Ki67 expression (%) 0.001
<14 161 (33.9) 10 (14.3)
214 314 (66.1) 60 (85.7)
Molecular subtypes 0.003
Luminal 220 (46.3) 20 (28.6)
Luminal/HER2 105 (22.1) 13 (18.6)
HER2 86 (18.1) 18 (25.7)
TNBC 64 (13.5) 19 (27.1)
ALB 0.894
<40 194 (40.8) 28 (40.0)
240 281 (59.2) 42 (60.0)
lymphocyte count 0.021
<800 34(72) 0(0)
2800 441 (92.8) 70 (100)
PNI 0.007
<53 369 (77.7) 44 (62.9)
>53 106 (22.3) 26 (37.1)

ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth factor 2;
ALB, albumin; PNI, prognostic nutritional index; pCR, pathologic complete response.





