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Tumor-specific T cells (TSTs) are essential components for the success of personalized tumor-infiltrating lymphocyte (TIL)-based adoptive cellular therapy (ACT). Therefore, the selection of a common biomarker for screening TSTs in different tumor types, followed by ex vivo expansion to clinical number levels can generate the greatest therapeutic effect. However, studies on shared biomarkers for TSTs have not been realized yet. The present review summarizes the similarities and differences of a number of biomarkers for TSTs in several tumor types studied in the last 5 years, and the advantages of combining biomarkers. In addition, the review discusses the possible shortcomings of current biomarkers and highlights strategies to identify TSTs accurately using intercellular interactions. Finally, the development of TSTs in personalized TIL-based ACT for broader clinical applications is explored.
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Introduction

The abundance of antitumor immune cells in tumor-infiltrating lymphocytes (TILs) is positively associated with good prognosis in most tumor types and serves an important role in tumor control (1–4). Analyses of the components of TILs have revealed that the T cells were in different developmental states in the tumor, such as effector T cells, memory T cells, incompetent T cells and exhausted T cells, while only T cells in an activated state were capable of producing actual antitumor effects (5). In fact, activated T cells were classified as tumor-specific T cells [TSTs; recognizing tumor-specific antigens (TSAs), such as cancer/testis antigen 1B and melan-A (MART-1)] and bystander T cells (only recognizing cancer-independent antigens, such as Epstein-Barr virus, human cytomegalovirus or influenza virus antigens) (6, 7). Successful antitumor immune responses after immune checkpoint blockade therapy were considered to require reactivation and clonal expansion of TSTs (8–10). Therefore, efforts have been made to isolate a TST population from TILs for use in adoptive cellular therapy (ACT), although isolating and expanding enough TSTs is another major challenge.

In recent years, the detection and sorting of TSTs using different bioinformatics techniques has stimulated great interest among researchers in identifying biomarkers, and the identification of biomarkers was of great significance in enriching the tumor-specific TIL population, studying endogenous antitumor immune mechanisms, and identifying antigen-specific T-cell receptors (TCRs) or new mutant antigens (11–14). In addition, the observation that lack of clear tumor-specific antigens was associated with the deficiency of TST responses in some tumor types, such as ovarian cancer (15), further emphasizes the necessity of biomarker testing of T cells.

Among the biomarkers of TSTs initially identified in different tumor types, the immunomodulatory suppressor receptor programmed cell death receptor 1(PDCD1), the chronic antigen activation marker CD39 (ENPD1), the tissue-resident marker CD103 (ITGAE) and the costimulatory receptor CD137 (4-1BB, TNFRSF9) were mainly targeted as objects of interest (16–19). CD8+ T cells are recognized as a population with antitumor effects, while CD4+ T cells have the advantage of enhancing the recruitment and effector functions of tumor-specific CD8+ T cells and activating natural killer cells in tumors, which has prompted investigators to screen for TSTs based on both subpopulations combined and individually (Figure 1). At present, there is no clear shared biomarker for TSTs in different tumor types. The present review summarizes several of the most popular biomarkers being studied and assays with potential for clinical biomarker detection in the last 5 years, which is important for the development and clinical application of personalized TIL-based ACT by identifying the common characteristics of different biomarkers to determine the most specific T cell population in different tumor types.




Figure 1 | Schematic diagram of personalized enrichment process for TIL therapy. After resect tumor from the patient, the tumor is digested into small fragments or single cell suspensions. Then, sorted out tumor-specific T cells from TIL based on known biomarkers accurately and expanded them in culture with IL-2 rapidly. Finally, TST cultures are expanded to clinically relevant levels and reinfused back into the patient. FACS, fluorescence-activated cell sorting; MACS, magnetic bead-activated cell sorting; Tcf1, T cell factor 1.





Individual molecular markers


PD-1+CD8+ T cells

Programmed cell death receptor 1 (PD-1) is an important immunosuppressive molecule originally found to be expressed on the surface of T cells, which is highly expressed on all activated T cells. PD-1 induces programmed T-cell death by binding to programmed cell death ligand 1/2 (PD-L1/2) and transducing T-cell failure signals. Therefore, PD-1 has been identified as a molecule that negatively regulates the antitumor immune response of T cells (20). Furthermore, the higher the proportion of PD-1 expression on T cells was, the more terminally exhausted T cells tended to be, and the weaker their proliferative capacity and ability to produce cytotoxic cytokines were, resulting in their impaired or inhibited function in controlling tumor growth (21). High PD-1 expression on the surface of activated T cells in TILs is exploited as a biomarker for the identification of TSTs. Early studies revealed that there was a markedly higher proportion of PD-1+CD8+ T cells than PD-1−CD8+ T cells in melanoma-infiltrating lymphocytes. After sorting and expansion in vitro, the former contained a higher proportion of MART-1-specific T cells, although this cluster was accompanied by impaired effector function, which tentatively demonstrated that tumor-specific CD8+ T cells were predominantly PD-1+ T cells (21, 22). Gros (16) et al. reported that the PD-1+CD8+ TIL population recognized and killed autologous tumor cells compared with their negative controls in six tissues from patients with metastatic melanoma (MM), and the PD-1+CD8+ TIL population with specific TCRβ clonotypes contained clonotypes targeting mutant antigens and reserved the ability to recognize autologous tumor cells, showed highly monoclonal expansion. These findings demonstrated that PD-1 expression on CD8+ TILs also accurately identified a clonally expanded TST repertoire. Further analysis of the TCR-β profiles of both PD-1+ and PD-1− populations in CD8+ T cells revealed that there was hardly any overlap in the TCR profiles of PD-1+ and PD-1−CD8+ T cell subpopulations in at least two human tumor tissues, colorectal cancer (CRC) and breast cancer, thus, it can be concluded that the intrinsic properties of the PD-1+ population determine its ability to recognize tumor antigens specifically (23). A comparison of PD-1+CD8+ TIL and PD-1−CD8+ TIL expansion products in mouse solid tumor models (melanoma and colon cancer) and multiple myeloma models revealed that TSTs existed exclusively in PD-1+CD8+ TIL progeny and inhibited tumor progression. Furthermore, combination with anti-PD-L1 treatment further enhanced the efficacy of TIL therapy, which provided the basis for preclinical experiments on PD-1+CD8+ TIL expansion in ACT (24). High PD-1 expression by TSTs in the peripheral lymphoid organ, the spleen, has also recently been revealed, and peripheral PD-1+CD8+ TSTs were reported to be positively associated with the secretion of IFN-γ in lymphoid tissue after vaccination (25). Likewise, the similarity in tumor antigen specificity and TCR repertoire of PD-1+CD8+ T cells in both circulating peripheral blood and TILs implies that circulating PD-1+CD8+ T lymphocytes could be a window to provide access to TSTs, and thus, PD-1 expression identified diverse patient-specific antitumor T cell responses in the peripheral blood, providing a novel non-invasive strategy for developing personalized therapies for cancer using neoantigen-reactive lymphocytes or TCR-T cells (26–28). In addition to demonstrating the specificity of PD-1+CD8+ TSTs sorted in freshly extracted TILs, a study analyzed the dynamic changes of tumor-specific CD8+ T cells in patients who received CD8+ TIL-transfer therapy and were observed for up to 1 year, and the investigators found that the persisting T cell subpopulations after tumor-specific CD8+ TIL treatment were mostly multifunctional, with a stable partially differentiated phenotype and high expression levels of PD-1 (29). The conclusion suggested that PD-1 can be a stable biomarker for TSTs. Therefore, the aforementioned extensive studies demonstrate the superiority of PD-1 as an individual marker in identifying CD8+ TSTs.



CD39+ T cells

CD39 is an extracellular enzyme encoded by the ectonucleoside triphosphate di phosphohydrolase 1 gene, and early studies found that CD39 participated in a cascade reaction with CD73 for the conversion of ATP to ADP and cAMP, ultimately leading to the production of adenosine, a molecule that produces extracellular immunosuppressive effects (30–32). CD39 expression in T cells has been described as a marker of exhaustion. Early studies of CD39+CD8+ T cells investigated the comparison with their counterpart, CD39−CD8+ T cells, in TILs or metastatic lymph nodes from 33 untreated patients with breast cancer and 4 patients with melanoma, as well as in mouse tumor models (breast cancer and melanoma), the former expressed relatively low levels of TNF-α, IFN-γ and IL-2, and were negatively associated with the secretion of granzyme B and perforin. Additionally, CD39 expression was accompanied by the expression of co-inhibitory receptors (i.e., lymphocyte activating 3, T cell immunoreceptor with Ig and ITIM domains, PD-1, T-cell immunoglobulin mucin family member 3, and 2B4) on T cells and was associated with tumor growth (33, 34). However, in 2018, a study published in Nature reported that the direct distinction between TSTs and bystander T cells within TILs was CD39 expression, which demonstrated that CD39+CD8+ TILs were a population that could recognize tumor neoantigens specifically (7). Based on the publication of the novel insight, a study using whole-exome sequencing algorithms to analyze high-affinity neoantigens (HANs) in tumor tissues from 56 patients with hepatocellular carcinoma revealed that HANs were associated with improved overall survival and the frequency of CD39+CD8+ TILs in patients with hepatocellular carcinoma, and identified HANs− specific CD8+ T cells in CD39+CD8+ TILs, which suggested that HANs triggered antitumor activity by activating tumor-specific CD39+CD8+ T cells, and CD39 could serve as a reliable marker for identifying TSTs (35). During the same year, this team demonstrated that CD39+HBVs− CAR T cells and CD39+ autologous tumor-specific CD8+ T cells induced more apoptosis of tumor cells in the hepatocellular carcinoid organ using CD39 as a marker, which was concluded based on comparisons with the CD39−CD8+ T cell subpopulation (36). In addition, a study of clinical staging of patients with bladder cancer (n=46) revealed that CD39 expression in CD4+/CD8+ T cells was markedly associated with tumor pathological T stage and tumor histology, and CD39+CD8+ T cells presented more potent tumor killing effects by producing higher levels of IFN-γ than other T cell populations (37).

Most recently, Liu et al. (38) revealed that tumor-specific CD4+ T cells differentiated into T helper 1 cells and CD4- T cells, in which CD4- T cells are critical for controlling established tumor metastasis and tumor specific-CD4+ T cells have a synergistic therapeutic effect with PD-L1 blockade. CD39 could alternatively be applied as a marker to identify a population of CD4+ TSTs in three human tissue squamous carcinomas (cervix, vulva and oropharynx). Single-cell RNA sequencing of the CD39+CD4+ conventional T cell cluster revealed the features associated with a functional antitumor response, intra-tumor cell retention (ITGAE, integrin subunit α1, etc.) and tumor residency [arachidonate 5-lipoxygenase, C-X-C motif chemokine ligand 13 (CXCL13), etc.]. CD39+CD4+ TSTs expressed a highly exhausted phenotype but simultaneously expressed a large number of activation/co-stimulation genes that resisted exhaustion to expand in vitro in response to autologous tumor antigens (39). As supported in another high-dimensional profiling study of CD4+ TILs in human cancer tissues, CD39 expression could be used to distinguish tumor-specific CD4+ T cells from diverse CD4+ TILs (e.g., regulatory T cells and bystander CD4+ T cells) (40).

At present, studies have validated the specific antitumor function of CD39+CD8+ T cells in non-small cell lung cancer (NSCLC) tumor tissues, which confirmed that CD39+CD8+ T cells could be the predictor of prognosis in patients with NSCLC after anti-PD-1/PD-L1 therapy (41) and defined the protective prognostic role of CD39high tissue memory CD8+ T cells in luminal-like breast cancer (42). Beyond this, in the latest study on better biomarkers of tumor-specific CD8+ T cells in the peripheral blood circulation, it was determined that three candidate biomarkers, including CD39, might compensate for the low sensitivity of PD-1 that served as a previous marker by single-cell RNA and TCR sequencing, at least in the blood of MC38 tumor-bearing mice and patients with melanoma (43). Therefore, as a chronic local antigen activation marker, the efficacy of CD39 to identify tumor-specific effector T cells deserves in-depth investigation.



CD103+CD8+ T cells

CD103 is an integrin molecule, which is expressed mainly on intraepithelial T cells and TILs, and is involved in the migration and residency of T cells in tissues. The latest newly defined tissue-resident memory T cells (TRMs), whose main surface markers are CD103, CD69 and CD49a, are classified as a cluster of memory T cells different from central memory T cells and effector memory T cells, and this population persists in tumor tissues and no longer participates in T cell recirculation (44–47). Intratumor CD8+ TRMs are a subpopulation with identified antitumor functions, in which CD103 is predominantly expressed on the surface, and intra-tumor CD103+ TILs might serve as a prognostic marker for patients with urothelial cell carcinoma of the bladder (48). Therefore, studies on the role of CD103 are mainly based on the CD8+ TRM population. In earlier research, investigators revealed that CD103+CD8+ TRMs expressed high levels of granzyme A, granzyme B, perforin, IFN-γ and TNF-α, as well as the degranulation marker CD107a and the proliferation marker Ki-67 according to the analysis of cytotoxic function-related effector cytokines in ex vivo experiments, suggesting that CD103 was associated with cytotoxic activity in CD8+ T cells (49–52). Since then, several studies have reported that CD103+CD8+ TRMs isolated from TILs of various tumor types were a good prognostic marker for patient survival. Indeed, in immunohistochemistry cohort studies of patients with breast cancer (n=424) and endometrial adenocarcinoma (n=305), the high levels of CD103+ TIL infiltration predicted a good prognosis and prolonged survival (53, 54). In a single-cell analysis of breast cancer-infiltrating T cells, CD8+ TRMs also showed an association with a favorable prognosis in early-stage triple-negative breast cancer (55). In bladder uroepithelial carcinoma, CD103+ TILs have been identified as a predictive marker for overall survival and good prognosis for recurrence-free survival, and the study showed that tumor volume was negatively associated with CD103+ TIL infiltration density (48). A positive association between TRM and good prognosis of hepatocellular carcinoma was also confirmed in a multidimensional analysis of hepatitis B virus-associated hepatocellular carcinoma (56). Analysis of CD103+CD8+ TRMs in a study of NSCLC revealed that their components contained TSTs that recognized TSAs, a subpopulation associated with improved survival and increased intraepithelial lymphocyte infiltration in patients with early-stage NSCLC (57). The higher density of intra-tumoral and stromal CD103+CD8+ TIL cells in oral cancer also predicted an improved prognostic performance, and CD103+CD8+ TILs had the same phenotype as TRMs (58). At present, studies on CD103 as a marker to identify tumor reactive T cells in TILs are getting more and more advanced. On the one hand, given that multiple suppressive immune checkpoint molecules [e.g., PD-1, cytotoxic T-lymphocyte associated protein 4 (CTLA-4) and TIM-3] are highly expressed on the surface of CD103+CD8+ TRMs (59, 60), several studies have identified CD103+CD8+ TRMs as the population serving major antitumor efficacy in patients with different tumor types treated with anti-PD-1/PD-L1 immune checkpoint therapy. It has been demonstrated that a low proportion of CD103+CD8+ TRMs was strongly associated with immunotherapy failure in patients with different tumor types, such as esophageal squamous cell carcinoma, lung cancer and melanoma (18, 61–63), which showed indirectly that the role of CD103+CD8+ TRM subsets in immune checkpoint therapy cannot be ignored. On the other hand, the density of CD103+CD8+ TRMs increased during anti-PD-1 treatment of responsive patients with lung cancer, with the bursting proliferative activity and cytotoxicity (e.g., granzyme B), oligoclonal expansion of the TCR-β profile clonotype and upregulated expression of Aiolos, phosphorylated STAT-3 and IL-17, which were key regulators of T helper 17 cell differentiation (61). Recently, direct evidence was obtained in the transcriptomic analysis of mutation-associated neoantigens (MANA) in lung cancer treated with anti-PD-1 therapy; ~90% of MANA-specific CD8+ T cells had the same signature transcriptional program as TRMs, which indicated the presence of TSTs in the TRM population, and CD103, the marker defining TRMs, might also act as a marker for identifying TSTs (64). In addition to the CD103+CD8+ TRM population, Abd Hamid (65) et al. found that cytotoxic CD8+ T cells (CTLs) maintained CD103 expression by self-secreting TGFβ1 in an activated form, which improved cellular TCR sensitivity as well as cell migration, contributing to the rapid recognition of autologous tumor cell surface antigens and toxic efficacy of CD103+ tumor-specific CTLs in killing tumor cells; however, this population was more susceptible to apoptosis during prolonged exposure to the cancer microenvironment (i.e., the proportion of CD103+ tumor-specific CTLs decreased as the tumor grew). Meanwhile, CD103+ tumor-specific CTLs were found to have a markedly higher basal glycolytic rate and elevated maximal glycolytic capacity in terms of cellular energy metabolism, which also contributed to the induction of more effective and faster antitumor efficacy. Therefore, TSTs, which are a subpopulation of CD103+CD8+ TILs, are essential in the antitumor immune response and favorable prognosis.



CD137+CD8+ T cells

CD137 is a member of the tumor necrosis factor receptor family(TNFR) (66) and is expressed on the surface of activated T cells. Binding of CD137 on T cells with its ligand CD137L that expressed on dendritic cells (DCs), activated B cells and macrophages leads to markedly increased T cell proliferation, differentiation and production of effector cytokines. Therefore, CD137 has been described as a surface marker for the identification of activated T cells (67–69). It has been suggested that anti-CD137 treatment could also, promote T cell proliferation independently of CD28 (a costimulatory signaling for T cell activation) and their IL-2 production had similar extent of activation to that shown by the treatment with a combination of anti-CD3 and anti-CD28. However, CD137 could replace the effect of CD28 signaling on T cell activation in certain degree only in the presence of consistent antigenic stimulation (70, 71). Furthermore, it has been demonstrated that CD137L could stimulate human CD28− T cells, leading to the differentiation and proliferation of their cell subpopulation, with subsequent increased expression of cellular inflammatory cytokines IFN-γ, granzyme A and perforin, which ultimately enhanced their cytotoxic effector functions and the expression of the anti-apoptotic protein Bcl-X (72). In vitro enrichment of antigen-specific T cells by three different methods (CD137, CD107a and tetramers) using HLA-A24-restricted CMV pp65 and EBV BRLF1 epitopes as model antigens revealed that CD137-based isolation of antigen-stimulated CD8+ T cells was equivalent to tetramer-based sorting in terms of purity, and superior to the other two methods in terms of subsequent cell expansion (73). As such, tumor-specific effector T cells were successfully isolated from peripheral blood based on the early expression of CD137 on most activated antigen-specific CD8+ T cells without prior knowledge of the specific immunogenic epitopes or HLA-restricted elements identified (74). Similarly, TSTs were present in the population of CD8+ T cells sorted on the basis of CD137 in fresh ovarian cancer tissues, and CD137+CD8+ T cells have been demonstrated to possess specific cell killing ability against autologous tumor cells in vitro and to inhibit the progression of tumors in both melanoma and ovarian cancer NSG mouse models compared with PD-1+ or PD-1−CD137−CD8+ T cells (75). By enriching TILs based on CD137 upregulation of TSTs after in vitro stimulation, 27 tumor-specific TCRs were successfully isolated from 6 patients in a clinical study that identified 14 neoantigens expressed by autologous tumor cells, suggesting that the potential of peripheral blood lymphocytes to become true TSTs by introducing recognized TCRs might be realized in the future (17). After expansion of CD137+ TILs isolated using the magnetic bead sorting technique in vitro, it was found that the expanded cell population showed markedly increased antitumor reactivity and was enriched with T cells that recognized neoantigens as well as shared tumor antigens (76). Interestingly, the expanded products of CD137+ T cells in vitro secreted multiple cellular cytokines, including IFN-γ, TNF-α and IL-2, after co-culture with a mixture of preferentially expressed antigen in melanoma-derived peptides, a specific tumor antigen upregulated in melanoma obtained from the peripheral blood of healthy donors (77). Recently, a systematic analysis of four biomarkers, PD-1, CD39, CD103 and CD137, in ovarian cancer TILs found that PD-1+, CD39+ and CD103+ TILs all contained a subpopulation of CD137+ T cells and CD137+ TILs highly co-expressed the three previous markers, with the highest expression of major histocompatibility complex (MHC)-dependent IFN-γ and other cellular effector cytokines (78). In addition, this subpopulation also uniquely co-expressed the costimulatory molecule CD28, suggesting that CD137+ TILs can recover stronger antitumor potential through combined immune checkpoint blockade (79). Thus, we tentatively hypothesized that CD137 had superior properties as a natural biomarker for identifying tumor-specific effector T cells. In three types of human cancer samples (23 MM, 1 ovarian cancer and 1 sarcoma sample), researchers have recently proposed that application of the combination assays of total intracellular CD137 expression, tumor reactive cytokines (IFN-γ and TNF-α) and scRNA analysis data could obtain the rapid and accurate in vitro identification of a larger proportion of TSTs, such a cell population not only had the specificity to recognize tumor neoantigens but also had immediate tumor responsiveness. Furthermore, in situ detection of the corresponding genes, TNFRSF9, IFNG and TNF, may also be considered as a strategy to rapidly and efficiently identify the functional characteristics of most tumor-specific TILs based on scRNA sequencing data (80). However, TIL expansion in vitro from 16 cases of renal cell carcinoma revealed that, although TILs cultured with autologous tumor single cell suspensions could express a high percentage of CD137, only a small percentage of these cells expressed IFN-γ, TNFα and IL-2 detected by flow cytometry, suggesting that the tumor-specific CD137+ T cell subpopulation might lack tumor responsiveness to some extent (81). In summary, CD137 has the potential to be a natural biomarker for sorting a subset of tumor-specific reactive T cells in vitro, but one also needs to pay attention to possible mechanisms of secretion of dysfunctional cellular effector cytokines by TSTs in different tumor types (Table 1).


Table 1 | Individual molecular markers.






Combined molecular markers

To improve tumor reactivity of sorted TIL products in various solid tumors, several researchers have proposed the combination of identified markers to determine tumor-specific effector T cells rather than single molecules to obtain a subpopulation of TILs that recognize tumor antigens more accurately, promoting the widespread clinical application of personalized TIL-based ACT. Therefore, it is meaningful to summarize representative research findings constantly (Table 2).


Table 2 | Combined molecular markers.




CD39+PD-1+ T cells

A study of pulmonary metastatic dormancy in patients with breast cancer revealed that adoptive transferred monoclonal CD39+PD-1+CD8+ T cells prevented distant metastases successively, although the cancer cells were not cleared completely. Notably, CD39+PD-1+CD8+ T cells from the primary tumor and metastatic sites rather than overall CD8+ T cells mediated pulmonary metastatic dormancy, raising the possibility that this cell subpopulation might have better tumor specificity and was positively associated with increased disease-free survival in patients undergoing breast cancer resection (82). A Korean research team reported that CD39+PD-1highCD8+ T cells were highly expressed in epithelial ovarian cancer primary tissues and metastatic sites (n=65). Not only was high PD-1 expression associated with a highly exhausted phenotype, but it was also associated with high activation of this subpopulation and tumor specificity (83). Based on evidence from a publicly available database of melanoma tumor antigen-specific TCR sequences, a previous study determined TCR clonotype clusters and found a marked enrichment of convergent TCR clusters in the CD39+PD-1+ subpopulation of CD4+ and CD8+ TILs (84). In addition to defining TSTs using CD39+PD-1+ in human cancer tissues, researchers also focused on circulating CD39+PD-1+CD4+ T cells in patients with human papillomavirus (HPV)-induced tumors, a cell subpopulation enriched with activated HLA-DR+ and inducible T cell costimulator (ICOS)+ and proliferating KI67+ cells in the peripheral circulation, as well as a high proportion of HPV-specific T cells. Overall, the proportion of circulating CD39+PD-1+CD4+ T cells in patients with HPV-induced tumors treated by immune checkpoint blockade may serve as a predictor of clinical response (85).



CD39+CD103+CD8+ T cells

In 2018, Duhen (19) et al. reported that CD39+CD103+CD8+ TILs in the primary and metastatic sites of six malignant solid tumors had a unique TCR profile and killed autologous tumor cells effectively in an MHC-I-dependent manner in vitro, which demonstrated that this subpopulation was enriched in tumor-specific effector T cells. Furthermore, the number of infiltrating CD39+CD103+CD8+ T cells in human head and neck squamous cell carcinoma (HNSCC) was positively associated with a good survival prognosis. In addition, auto-neoantigen-specific T cells could be detected in the CD39+CD103+CD8+ TILs in 3 of 7 patients with low mutation burden CRC through whole-exome and transcriptome sequencing of inferred neo-antigenic epitopes from tumor and normal tissues (86). Transcriptional activity and transcript stability of CD39+CD103+CD8+ TRMs in situ in human high-grade endometrial cancer indicated that this cell subpopulation had favorable transcriptional activity and expressed tissue-resident transcriptional profiles in the resting state, and the expression levels of markers of T cell activation were upregulated, and cytolytic activity and cytokine production were increased in the activated state. These results revealed that CD39+CD103+CD8+ TRMs in high-grade endometrial cancer were a multifunctional T cell population with a reactive response pool that included a high degree of tumor responsiveness. Furthermore, highly stable PMA-reactive immune and mitochondrial genes suggested such differential regulation enhanced the rapid responses of this subpopulation upon reactivation (87). Since then, the combination of double positive (referred to as DP here; CD39+CD103+) has been well accepted by more researchers. For example, analysis of the aggregation of TSTs in metastatic lesions of patients with CRC after chemotherapy was performed based on the DP CD8+ T cell subpopulation, and this reaffirmed that DP CD8+ T cells were a cell subpopulation capable of reacting to mutant antigens in primary and metastatic tumors (88). In a phase Ib clinical trial (NCT02274155), researchers applied an anti-OX40 (a costimulatory molecule) agonist antibody (MEDI6469) as an adjuvant therapy prior to surgical resection in 16 patients with HNSCC and evaluated the phenotype of patients’ peripheral blood lymphocytes 2 weeks after administration. The results revealed increased activation (ICOS and CD38) and proliferative capacity (Ki67) in the CD4+ and CD8+ T cells. Tumor biopsies pre- and post-treatment showed increased frequency of activated conventional CD4+ TILs in the majority of patients, which was accompanied by higher oligoclonality in TCRβ sequencing. CD8+ TIL analysis revealed elevated proliferative capacity, and activation as well as the maintenance of the ability to identify tumor antigens specifically of tumor-specific DP T cells in patients (N=4/16) with evaluable tumor tissues, and all patients stayed disease-free (89).



CD39+CD103+PD-1+CD8+ T cells

The results of a study evaluating single cell characteristics of TILs in human high-grade plasmacytoid ovarian cancer revealed that triple-positive (CD39+CD103+PD-1+) CD8+ TILs exhibited a highly activating/exhausted phenotype and reduced TCR diversity, and genes involved in lysis cytotoxicity and humoral immunity by comparing the cellular phenotype, clonality and prognostic significance of various combinations of three markers (CD39, CD103 and PD-1). Triple-positive CD8+ TILs could upregulate the expression of the cytokine CXCL13 to generate a tumor microenvironment adapted to coordinate antitumor B-cell responses. Compared with CD39+CD103+ TILs, PD-1 in triple-positive CD8+ TILs was associated with a higher tumor responsiveness and had the most positive impact on good patient prognosis (90). Therefore, it is necessary to define TILs with high tumor responsiveness by combining the three markers to obtain better prognostic significance.



PD-1+CD137+CD8+ T cells

Recent in vitro tumor specificity analysis of PD-1highCD8+ T cells in ovarian cancer tissues revealed a higher frequency of CD137+ T cells in the cell population, despite the low quantity of this subpopulation (91). CD137, a costimulatory molecule in CD8+ TILs in hepatocellular carcinoma tissues, exhibited exclusive expression in highly exhausted PD-1highCD8+ T cells. CD137+PD-1highCD8+ T cells exhibited higher levels of tumor reactivity and T cell activation markers, and were markedly enriched in T cell inflammatory genetic features, including active IFN-γ responses, cytotoxic effector functions and activated cytokines associated with anti-PD-1 treatment responses (92). Ye (75) et al. showed directly that ovarian cancer TSTs existed exclusively in the PD-1+CD137+CD8+ T cell subpopulation rather than the PD-1+CD8+ T cells or PD-1−CD137+CD8+ T cell subpopulation. However, this result is inconsistent with a study of melanoma TILs, which concluded that TSTs existed in both cell populations (16). Therefore, the use of PD-1 as a single marker to screen for TSTs may be controversial and it is not possible to identify universally applicable markers due to differences in tumor types, whereas PD-1+CD137+CD8+ T cells are supposed to be a highly tumor-specific responsive T cell population.



PD-1+ICOS+CD4+ T cells

Alspach (93) et al. demonstrated that CD4+ Th cells positive for PD-1 and ICOS were neoantigen-specific in a murine sarcoma tumor model. Recently, when analyzing the expression patterns of PD-1 and ICOS on CD4+ Th TILs in HNSCC and CRC tissues, researchers found that PD-1+ICOS+CD4+ Th TILs exhibited a tissue-resident memory phenotype with an oligoclonal expansion of their TCR repertoire, which occurred in tumors but was present at a low frequency in the periphery. Finally, PD-1+ICOS+CD4+ Th TILs were demonstrated to recognize both tumor-associated antigens and tumor-specific neoantigens (94).




Other potential markers


T cell factor 1 +PD-1+CD8+ T cells

Tcf1 is an intranuclear transcription factor expressed in stem-like CD8+ T cells. Tcf1+CD8+ T cells show a highly proliferative and differentiation potential and are recognized as the most self-renewing population in TILs until now. PD-1 has been identified as a specific molecule that is upregulated on the surface of tumor reactive T cells. The results of a melanoma study identified Tcf1+PD-1+CD8+ T cells as a cluster of tumor reactive TILs with an exhausted phenotype and central memory characteristics by combining the aforementioned two molecules(Tcf1 and PD-1), suggesting that immune checkpoint blockade therapy results not in the functional recovery of highly exhausted cells but in promoting the strong proliferation of Tcf1+PD-1+CD8+ T cells to produce antitumor effects (95). Therefore, future efforts should be devoted to improving the approach to expand this subpopulation during ex vivo rapid expansion to enhance the potential of personalized TIL-based ACT. To further isolate and expand this subset of specific T cells with durable differentiation in vitro, researchers have focused on screening for cell surface markers co-expressed with Tcf1 transcription factors in different tumor types for further exploration. Previous studies have identified surface markers such as C-X-C motif chemokine receptor 5, CD28, Slamf6 (Ly108) and C-C motif chemokine receptor 4 co-expressed with Tcf1 in TILs of gastric, lung, kidney, colorectal, liver and ovarian cancer to screen for stem-like exhausted (Tcf1+PD-1+) CD8+ T cells to some extent. A positive association between this cell cluster and the persistent and durable effectiveness of ACT in patients has also been demonstrated (96–101). In 2020, an article published in Science reported that complete and durable control of MM requires infusion of tumor-specific CD8+T cells with stem cell-like profiles, which were mainly CD39−CD69−CD8+ T cells that co-expressed Tcf1 (102). Therefore, the innovative finding may contribute to the long-term effectiveness of personalized TIL-based ACT in oncology patients.



PD-1+Bio+CD8+ T cells

Liu (103) et al. recently developed the first inter-cellular interaction glycosyltransferase-mediated labeling approach (referred to here as the FucoID strategy), where glycosyltransferase-induced transfer of a fucosylatedbiotin (Fuc-Bio)-based tag to the surface of T cells interacting with DCs accurately identified a TSA-reactive cell population in TILs in mouse tumor models, and this cell population (i.e., PD-1+Bio+CD8+ T cells) with a dysfunctional phenotype (almost all expressing PD-1) also showed marked proliferative and tumor-killing capacity, while a subset of PD-1+Bio+CD8+ T cells (4-18%) had a stem cell-like exhausted phenotype (Tcf1+TIM-3−). In addition, they identified a novel population of bystander T cells (PD-1+Bio− T cells) with completely different transcriptional characteristics compared with the previously defined bystander T cells (PD-1−CD8+T cells), which demonstrated that not all PD-1+ TILs are TSA-responsive T cells. The PD-1+Bio+CD8+ T cells can be directly enriched for expansion and the corresponding TCRs can be isolated to construct TCR-engineered T cells for functional assays. Thus, the FucoID strategy represents genetically manipulation-free protocols and rapid turnaround cycles compared with techniques that depend on bioinformatics-assisted TSA identification.




Conclusions and prospects

TSTs have been demonstrated to inhibit tumor progression effectively in several clinical applications. To better sort out the cluster of T cells, researchers profit from the following observations. Firstly, some phenotypes are activated and expressed by T cells undergoing tumor antigen recognition, such as PD-1, CD39, CD103 and CD137, which have been demonstrated to be markers associated with TSTs; secondly, considering tumor reactivity and tumor responsiveness (secretion of antitumor cytokines, release of cytotoxic granules and upregulation of activation markers), some reports suggested that the combination of intracellular CD137-specific activation marker and cytokines, including IFN-γ and TNF-α, could identify tumor-specific responsive T cells more accurately (80). However, the application of TSTs defined by the aforementioned markers has exposed numerous drawbacks: The cells are mostly in a state of high exhausted and impaired effector function, the population still includes some bystander T cells and misses a low proportion of the TSA-specific effector T cell population. Extensive papers have identified a cluster of stem-cell like exhausted T cells in TILs, the main marker of which is the transcription factor Tcf1, with the combination of tumor responsive surface molecule PD-1 can recognize a population of TILs with sustained proliferative and differentiation potential. The high proliferative activity, high differentiation potential and dysfunctional T cells can produce durable tumor suppressive ability after in vivo transfusion. Furthermore, de Vries (104) et al. revealed immune characteristics of local tumor tissues and the systemic environment in patients with CRC by high-dimensional analysis and identified a population of innate lymphocytes (ILCs) with the exclusion of CD4+/CD8+ T cells. ILCs were defined as Lineage(Lin)−CD7+CD127−CD56+CD45RO+, a population that was enriched in CRC tissues and exhibited marked antitumor activity with a tumor-resident profile (CD103+CD69+). The results also indicated the diversity of tumor-specific cell populations, which should be enriched and sorted out as much as possible to achieve optimal therapeutic effects.

As all aforementioned potential biomarkers, a single marker may not meet the need for accurate sorting of specific TILs. Therefore, combined markers may be more valuable for application. However, different tumor types have different TIL components, and the tumor immune microenvironment may be the crucial factor affecting the ratio of TSTs to bystander T cells in TILs. It increases challenges to sort out the most specific tumor reactive T cells in different tumor types accurately. In the present review, it is necessary to summarize the biomarkers of TILs from different tumor types (Table 3). Furthermore, moving beyond these empirical cell phenotypes, the FucoID strategies that employ biochemical labeling and capture tumor antigen-specific T cells hold more promise for clinical applications. In addition, the straightforward approach to estimate TIL enrichment with tumor responsive clones based on the TCR repertoire, at the R&D phase, could greatly facilitate the selection of optimal TIL subsets and the optimization of TIL culture conditions and downstream enrichment procedures, and in clinical applications, it should be possible to estimate tumor-specific TIL abundance at the level of independent tumor samples, before and after culture and/or enrichment (84, 105, 106). In the future, the precise isolation of TSTs from different tumor microenvironments remains a major challenge to be overcome. The combination of other therapeutic approaches to further enhance the antitumor capacity of sorted TSTs, such as adding specific agonist antibodies (4-1BB, OX40, etc.), immune checkpoint inhibitors (PD-1, CTLA-4, etc.) and related cytokines (IL-2, IL-15, etc.), provides advantages for clinical application. In conclusion, TSTs remain the most active antitumor cell component in the clinical application of personalized TIL-based ACT and there is a great necessity for them to receive close attention.


Table 3 | Potential biomarkers for the identification of tumor specific T cell in human cancers.
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Novel immunotherapies continue to be developed and tested for application against a plethora of diseases. The clinical translation of immunotherapies requires an understanding of their mechanisms. The contributions of antibodies in driving long-term responses following immunotherapies continue to be revealed given their diverse effector functions. Developing an in-depth understanding of the role of antibodies in treatment efficacy is required to optimize immunotherapies and improve the chance of successfully translating them into the clinic. However, analyses of antibody responses can be challenging in the context of antigen-agnostic immunotherapies, particularly in the context of cancers that lack pre-defined target antigens. As such, robust methods are needed to evaluate the capacity of a given immunotherapy to induce beneficial antibody responses, and to identify any therapy-limiting antibodies. We previously developed a comprehensive method for detecting antibody responses induced by antigen-agnostic immunotherapies for application in pre-clinical models of vaccinology and cancer therapy. Here, we extend this method to a high-throughput, flow cytometry-based assay able to identify and quantify isotype-specific virus- and tumor-associated antibody responses induced by immunotherapies using small sample volumes with rapid speed and high sensitivity. This method provides a valuable and flexible protocol for investigating antibody responses induced by immunotherapies, which researchers can use to expand their analyses and optimize their own treatment regimens.
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Introduction

Knowledge of the immune system’s intrinsic ability to recognize and destroy infectious pathogens and malignant cells has paved the way for attempts to control numerous diseases by immunological means, thereby advancing the field of immunotherapy to what it is today. Many immunotherapies are predicated on exploiting the specificity and selectivity of host immune responses to fight disease, and function by improving the quality and/or quantity of immunological effector mechanisms against a desired target to reduce the severity of clinical disease. The armamentarium that broadly fulfills the definition of immunotherapeutic agents is extensive, including but not limited to, cancer vaccines, virus-vectored vaccines, oncolytic viruses (OVs), monoclonal antibodies, immune checkpoint inhibitors and more, with each uniquely positioned to enhance the built-in protective mechanism of host immune responses against several public health concerns (1–8).

The means by which the immune system identifies and eliminates pathogens or neoplastic cells are complex, and include the involvement of cellular and humoral effectors to drive protective responses (9–11). Historically, many immunotherapies, particularly against cancers, have focused on eliciting and evaluating cytotoxic T cell responses (12–14). Many studies however, particularly in the field of infectious diseases, continue to reveal how important the contributions of other immunological effector molecules are in driving therapeutically beneficial responses. Among the various molecules involved in mediating long-term protection to disease are antibodies, which possess broad effector functions. Target cell death can be induced through the direct binding of antibodies to surface-expressed antigens, which can result in obstruction of crucial downstream signaling cascades (15), or neutralization of infectivity in the case of viral infections (16, 17). Antibodies can also mediate target cell death indirectly through Fc receptor-mediated phagocytosis, antibody-dependent cellular cytotoxicity, or complement-mediated lysis (18–20). Subclasses of immunoglobulin isotypes possess distinct immunological functions, and exhibit discrete clinical effects following immunotherapy, particularly in the context of cancers (21–23). For example, IgG4 antibodies have been found to impair IgG1-mediated antitumor immunity, promote T-helper cell-2-biased inflammation, and shorten survival times for patients with melanomas, breast, pancreatic, or gastric cancers (24–26).

Given the potential involvement of antibody responses in mediating disease outcomes, it is important to identify therapy-induced subclasses of immunoglobulins (Igs) that contribute towards a tailored and maximally protective effect following immunotherapy. As such, methods that measure antibody responses to various classes of immunotherapies may prove key to improving efficacy. We previously developed a flexible methodology for detecting antibody responses generated by antigen-agnostic immunotherapies (27). Here, we expand this method to a high-throughput, multiplex, flow cytometry assay positioned to resolve current challenges in antibody detection, such as high selectivity and sensitivity, low operation cost, limited sample requirement and simple and rapid detection procedures. Our protocol makes use of antigen-expressing target cells as reservoirs to bind multiple isotypes of sample-derived antibodies associated with a given immunotherapeutic platform. These antibodies are subsequently detected and quantified using fluorochrome-conjugated detection antibodies and standardized beads.

The protocol herein provides an advantageous method for assessing broad endogenous antibody responses against multiple antigenic targets following immunotherapy. By facilitating detection of a variety of isotypes of therapy-induced antibodies, the presented methodology can be used to dissect primary antibody responses, which are often of low magnitude to tolerized tumor antigens following many cancer immunotherapies, and subsequent secondary antibody responses in patients that may have pre-existing antibodies at the time of initial treatment or that receive multiple rounds of treatment. Additionally, this protocol can be extended to analyze immunoglobulin class switching and type 1 versus type 2 immune response biases elicited by a given immunotherapy platform throughout the course of the antibody response. In turn, this can improve the current understanding of both the quantitative and qualitative nature of immunotherapy-induced antibody responses.



Materials and methods


Reagents list


Retro-orbital blood draw:

	o Heparinized microhematocrit capillary tubes to collect plasma (Fisher Scientific, MA, USA, catalog number [Cat#] 22-362-566). Alternatively, serum from clotted blood can be used, but this would restrict analyses to serum-derived factors only. Use of unclotted blood facilitates simultaneous cellular analyses.

	o 1.5 mL microfuge tubes

	o Gauze pads

	o Eye Lubricant

	o Container filled with ice pellets





Peritoneal lavage:

	o Gauze pads

	o 3 mL syringes

	o BD PrecisionGlide™ Single-use Needles (Fisher Scientific, Cat#14-821-13G)

	o 1.5 mL microfuge tubes

	o Phosphate-buffered saline (PBS; Fisher Scientific, Cat#SH30256.01)

	o Container filled with ice pellets





Cell culture:

	o DF-1 (immortalized chicken embryonic fibroblasts; American Type Culture Collection [ATCC] CRL-12203), Vero (African green monkey kidney; ATCC CCL-81) and ID8 (murine ovarian carcinoma; generously donated by Drs. K. Roby and P. Terranova, Kansas State University, Manhattan, KS) cells

	o Complete Dulbecco’s modified eagle’s medium (DMEM) (Fisher Scientific, Cat#SH30022.01) or media specific to target cell line of interest	o 10% fetal bovine serum (VWR, PA, USA, Cat#97068-085)

	o Penicillin/Streptomycin cocktail (Fisher Scientific, Cat#SV30010)

	o 1x non-essential amino acids (Fisher Scientific, Cat#11140050)




	o 0.25% Ethylene-diamine-tetra-acetic acid (EDTA; Corning, NY, USA, Cat#25-052-CI)

	o PBS

	o Gibco™ Trypan Blue Solution, 0.4% (Fisher Scientific, Cat#15250061)

	o MycoAlert PLUS Mycoplasma Detection Kit (Lonza, Basel Switzerland, Cat# LT07-703)

	o Cell culture-treated flasks and 96-well U-bottom plates (Fisher Scientific, Cat# 12-565-65). 1x105 target cells per well of a 96-well U bottom plate is optimal for antibody analysis. The total number of cells required will depend on the chosen sample dilution series and the total number of samples. Total target cell numbers needed should be determined ahead of time to prepare the appropriate number of T75cm2 flasks to facilitate target cell growth.

	o 50 mL conical tubes (Fisher Scientific, Cat# 14-432-22)

	o Multi-channel and standard 10-50 µL and 30-300 µL pipettes





Flow cytometry:

	o Fluorescence-activated cell sorting (FACS) tubes (Falcon round- bottom polystyrene tubes, Corning, Cat# 14-959-5)

	o Bovine serum albumin (BSA; Fisher Scientific, Cat#BP1600100)

	o FACS buffer (PBS + 0.5% BSA)

	o Hank’s Balanced Salt Solution (HBSS; Fisher Scientific, Cat#SH3003103)

	o Fixation buffer (BioLegend, CA, USA, Cat#420801)

	o Intracellular staining permeabilization wash buffer (BioLegend, Cat#421002)

	o Quantum Molecule of Equivalent Soluble Fluorophore (MESF) Bead Kit (Bang Laboratories, Cat#488). The choice of kit will vary depending on the fluorochromes of the secondary antibody conjugates being utilized. Manufacturer recommendations should be followed to set up for analysis.

	o Murine Antibodies	IgG1 - Alexa Fluor 488 (BioLegend, Cat#406625)

	IgG1 - Allophycocyanin (APC) (BioLegend, Cat#406610)

	IgG2a/c - Alexa Fluor 488 (BioLegend, Cat#407122)

	IgG2b - Phycoerythrin cyanine 7 (PE-Cy7) (BioLegend, Cat#406713)

	IgM - Peridinin chlorophyll protein complex (PerCP-Cy5.5) (BioLegend, Cat#406511)

	IgA – Brilliant violet (BV) 421 (BD Biosciences, Cat#743293)









Equipment list

	o Biological safety cabinet – for all steps which involve sterile cell culture and sample processing

	o Humidified incubator (5% CO2 and 37.0°C)

	o Standard centrifuges

	o Anesthetic machine

	o Microscope capable of brightfield and fluorescence

	o A hemocytometer counting chamber device

	o A flow cytometer capable of detecting up to eight colors is optimal. A three-laser, eight-color FACS Canto II with FACSDiva software (BD Biosciences, Ontario, Canada) was used to generate the data shown here. Manufacturer recommendations should be followed to set up the flow cytometer for multi-color analysis.

	o FlowJo (BD BioSciences, Ontario, Canada) and GraphPad Prism (GraphPad Software

	San Diego, California) software was used to analyze and graph, respectively, the flow cytometry data presented here.





Stepwise procedure

o For an experimental workflow, refer to Figure 1.




Figure 1 | Workflow of the experimental procedure for preparing target cells, collecting samples to be tested and detecting immunotherapy-induced antibodies. EDTA-PBS, ethylenediaminetetra-acetic acid-phosphate-buffered saline; BSA-PBS, bovine serum albumin-phosphate buffered saline; FACS, fluorescence-activated cell scanning; IC, intracellular.




Preparation of target cells

	Culture target cells in flasks or plates to 80%-90% confluency	o Tissue-culture treated flasks and plates were used for adherent cell lines.

	o Cell lines for this research were either gifted or obtained directly from ATCC. To assure reproducibility, cell lines were expanded in isolation from other cell lines immediately upon arrival, and many aliquots were frozen to create a low-passage lab stock from which project-specific stocks were made. All cell lines were confirmed to be mycoplasma-free using a MycoAlert PLUS Mycoplasma Detection Kit.

	o When using this assay to assess tumor-associated antibody responses, using autologous tumor cells as the target cell type allows for every relevant tumor antigen not generated de novo to be represented. This facilitates detection of the full breadth of the antibody response induced by the immunotherapy.

	o For determining non-tumor antigen-specific therapy-induced antibodies, non-tumor permissive cells expressing the relevant target antigen(s) were obtained by infection with an antigen-expressing viral platform distinct from the viral-vectored vaccine platform used for treatment. Where applicable, a standard immunofluorescence assay (IFA) can be performed to determine if there is a sufficient concentration of the target antigen expressed on cells.




	Remove culture medium and wash cells in a large volume of PBS (e.g., 10 mL per T75cm2 flask)

	If adherent, detach cells using 10 mM EDTA-PBS, and incubate for 10 minutes at 37°C	o EDTA-PBS is used in replacement of trypsin to dislodge adherent cells while preserving the expression of trypsin-sensitive antigens on the cell surface.




	Resuspend cells in culture medium and enumerate using a counting chamber.

	Centrifuge cells at 500xg for five minutes and discard supernatant.

	Resuspend cells in 50 μL of fixation buffer per 1x105 cells and incubate for 15 minutes at room temperature.	o Target cell recovery was observed to be optimal when cells were fixed in a tube prior to plating (Figure 2A). Rock the tube gently on a shaker during the fixation step to prevent cells from fixing to the sides of the tube.




	Add 150 μL of permeabilization buffer per 1x105 cells. Resuspend cells by pipetting well.

	Centrifuge at 500xg for five minutes, discard supernatant and resuspend cells in a volume of permeabilization buffer that will allow 1x105 cells to be plated in 100 μL per well.

	Seed 1x105 target cells per well in a 96-well U-bottom tissue culture plate

	Pause Point: Because the cells have been fixed, plates may be stored at 4°C while preparing sample dilutions	o We have stored plates for up to 24 hours without impacting the results.









Figure 2 | Overview of flow cytometry optimization, gating strategy, and data analysis. (A) Target cell recovery following fixation of cells in fluorescence-activated cell sorting (FACS) tubes versus 96-well U-bottom plates. The number of cells recovered, and the proportion of cells remaining following processing, at the time of target-directed antibody detection are shown. Statistical analysis was conducted using a two-tailed Student’s t-test. Statistical significance was defined as P-values less than or equal to 0.05. (B) Targeted ID8 tumor cells were gated based on forward scatter area (FSC-A) versus side scatter area (SSC-A) characteristics (left panel). Doublets were then removed after gating FSC-A versus forward scatter width (FSC-W) (middle panel). Histograms were generated by plotting the cell count on the y-axis versus anti-mouse IgG1-Alexa Fluor 488 secondary antibody-mediated fluorescence on the x-axis (right panel). (C) Generated histograms representative of tumor-associated antibodies binding to target ID8 murine ovarian carcinoma cells in either plasma (top panels) or cell-free ascites fluid (bottom panels) samples diluted 1/100. These samples were collected from ID8 tumor-bearing mice 21 days after treatment with either phosphate-buffered saline (PBS) or an oncolytic virus (OV). Histograms generated from intra-assay target cell and secondary antibody only controls identified background fluorescence. Tumor-associated antibody binding was represented as a function of positive anti-mouse IgG1 Alexa Fluor 488 conjugated secondary antibody signals from target ID8 tumor cells incubated with plasma from either PBS or OV-treated ID8 tumor-bearing mice. (D) Representative histogram overlay comparing an anti-mouse IgG1 Alexa Fluor 488 signal from targeted ID8 tumor cells treated with 1% BSA alone (pink), anti-mouse IgG Alexa Fluor 488 alone (blue), or cell-free ascites fluid diluted 1/100 from PBS-treated (green) or OV-treated (red) ID8 tumor-bearing mice and then stained with anti-mouse IgG1 Alexa Fluor 488. (E) Data analysis workflow summary, from data export to graphical representation. MFI, mean fluorescence intensity.





Sample collection and processing

	o Therapy- or tumor-directed antibody responses in these studies were quantified from blood or peritoneal lavages from tumor-free untreated or vaccinated mice, and PBS- or OV-treated ID8 tumor-bearing mice



	Collect blood (100–200 μL is recommended if utilizing mice) and/or peritoneal lavage fluid in 1.5 mL microfuge tubes containing 5 μL of heparin (3 μg/mL diluted in HBSS) to prevent clotting and put on ice	o It is recommended that the volume of sample harvested be enough to allow for preparation of all sample dilutions required, based on the maximum volume of sample allowed by the institutional animal care committee guidelines.

	o The work presented here was approved by the University of Guelph Animal Care Committee (Animal Utilization Protocol #4662) and adhered to the policies published by the Canadian Council on Animal Care.




	Transfer blood or peritoneal lavage fluid to FACS tubes and record the volume for each sample to facilitate normalizing data across samples on a per μL or per mL basis.

	Centrifuge at 500xg for 10 min at 4°C	o Centrifugation of samples will separate plasma, or cell-free ascites fluid to the top layer. Collect clarified top layer without disturbing the cell pellet and aliquot into new 1.5 mL tubes.




	Heat-inactivate samples at 56°C for 30 min and then store on ice if continuing to step 3 or store the samples in an ultra-low temperature freezer, if using the pause point.	o This step enhances the sensitivity of antibody detection by eliminating complement proteins that could interfere with target antigens.




	Pause point: Samples can be stored long-term at -80°C for future detection of antibody responses utilizing this procedure. Samples should be thawed on ice or at 4°C overnight prior to preparing sample dilutions.	o If analyzing antibody responses directly following sample collection and heat-inactivation, samples should be kept on ice before and during preparation of sample dilutions.








Incubating target cells and antibody-containing samples

	Centrifuge plates containing fixed and permeabilized antigen-expressing target cells at 500xg for five minutes and discard supernatant by rapid inversion of the plate followed by blotting on absorbent paper, and then re-suspend the cells by gently tapping the side of the upright plate.

	Wash cells in 50 μL of PBS per well, repeat centrifugation and discard supernatant

	Block cells in 100 μL of 1% BSA-PBS per well and incubate for 20 min at 4°C

	Pause point: blocking can be done overnight at 4°Co

	Prepare dilutions of samples in 1% BSA-PBS in a 96-well plate for easy transfer	o A range of dilutions should be tested for each experiment to identify one that is optimal (the range will vary depending on the concentration of antibodies induced by a given therapy, with therapies capable of inducing more potent humoral responses requiring a greater dilution range). A six-dilution series was chosen in the experiments herein to generate accurate mean areas under the curve.




	Remove the blocking solution by centrifuging plates containing target cells at 500xg for five minutes and discard supernatant

	Add diluted samples in 100 μL to target cell wells and incubate for one hour at 4°C	o Pause point: Antibody-containing samples can be incubated with target cells overnight at 4°C




	Dilute wells with 100 μL of 1% BSA-PBS

	Centrifuge at 500xg for five minutes and discard supernatant

	Wash with 200 μL of 1% BSA-PBS

	Repeat the centrifugation and wash step

	Add all secondary detection antibodies at the recommended manufacturer or optimized dilutions in 1% BSA-PBS for a total of 100 μL per well.	o Antibodies should be titrated and tested at a range of dilutions to identify one that is optimal for positive signal detection.




	Incubate for one hour at 4°C in the dark

	Dilute with 100 μL of 1% BSA-PBS

	Centrifuge at 500xg for five minutes and discard supernatant

	Wash with 200 μL of 1% BSA-PBS and repeat centrifugation and discard of supernatant

	Resuspend in 200 μL of FACS buffer for analysis on a flow cytometer





Quantum bead preparation

	The procedure for preparing quantum beads was provided by Bang Laboratories, for use with the Quantum MESF Bead Kit (Cat#488). We advise optimizing the use of the desired microsphere standards in any application based on the manufacturer’s recommended conditions and protocols.





Flow cytometry gating and data analysis

	Refer to Figure 2

	Data were analyzed using FlowJo software, but equivalent programs could be used. Target cells were gated based on forward scatter-area and side scatter-area characteristics. Doublets were then excluded by plotting forward scatter-area versus forward scatter-width. The presence of sample-derived antibodies bound to target cells were determined based on fluorescence emitted by secondary detection antibodies (Figure 2B). Histograms to assess the presence of immunotherapy-induced antibodies binding to target cells were generated by plotting the number of cells on the y-axis versus secondary detection antibody-mediated fluorescence on the x-axis (Figure 2C). Differences in fluorescence intensity between samples derived from control mice versus those that received an immunotherapy could be visualized by using the histogram overlay feature in the FlowJo software, as depicted in Figure 2D.

	Data were plotted on an x-y graph as mean fluorescence intensity (MFI) derived from a secondary detection antibody versus the number of target cells. This was done for all six dilutions of the tested sample. These data could then be plotted and used to calculate the area under the curve. The fold-change in area under the curve of treated samples compared to untreated samples could then be determined, following subtraction of the area under the curve for samples used to assess background fluorescence. A data analysis summary from data export to graphical representation of the results is provided in Figure 2E.






Timing

To maximize the sensitivity of this assay, samples of interest should be collected at the peak of the antibody response. Kinetics of peak antibody responses can be determined using this method by sampling on multiple days post-treatment. Following a kinetic analysis of the immune response, we chose day 21 post-treatment to quantify antibodies induced by our particular immunotherapy.

Approximate time based on an experiment with 20 mice:

	Transduction/Plating of target cells: 24 hours

	Cell fixation and permeabilization: 30 minutes

	Blood or lavage fluid sampling: one hour

	Preparing sample dilutions: one hour

	Blocking and binding of antibody-containing samples: two hours (or overnight)

	Detection with secondary antibody: one-and-a-half hours

	Running samples on a flow cytometer: two hours



Total time from sample collection to data analysis: ~32 hours.



Troubleshooting


Preparation of target cells

The outcome of this assay depends on the use of sufficient numbers of cells with preserved surface antigens that serve as reservoirs of the desired target antigens and can be detected on the flow cytometer. It is important to evaluate each target cell line for the optimal initial seeding density, growth kinetics and antigen expression (where applicable) to achieve adequate conditions at the time of the assay. The use of EDTA-PBS instead of trypsin-EDTA to detach adherent cells from plates allows for the preservation of trypsin-sensitive antigens on the surface of target cells. Together, these measures ensure a consistent number of available antigenic targets for all samples and minimizes background fluorescence otherwise caused by non-specific binding of secondary antibodies to the plate.

Incomplete monolayers or loss of cells during the experimental procedure can result in variability and artificially low on-target signals due to a reduction in the quantity of target antigens. To maximize adhesion and recovery of target cells to ensure high quality signals, cells were fixed in non-polymer-coated FACS tubes prior to plating to prevent fixing of cells to the sides of polymer-coated 96-well U-bottom plates (Figure 2A). Wells can be visualized by brightfield microscopy prior to flow cytometry to confirm adequate cell density, and any that do not meet quality control criteria should be excluded.



Preparation of internal experimental controls


Blank and ‘secondary antibody only’ background controls

Controls must be included in each experiment to support interpretation of results. It is relevant to include ‘target cell only’ controls, which do not include a sample or secondary antibodies, to facilitate appropriate gating during analysis of flow cytometry data, and to remove any background auto-fluorescence that may occur from the chosen cell line. Additionally, when quantifying immunotherapy-induced antibodies, target cells with only secondary antibodies are required to remove any non-antigen-specific background binding from all experimental data (Figures 2C–E)



Off-target cell controls

To identify potential antibody responses against antigens that are not target-specific, off-target controls that do not express the target antigen(s) can be utilized. These controls are important to include in each experiment to prove that antibody responses are truly therapy-induced and/or antigen or tumor-specific. For example, in the case of utilizing this assay to detect virus-associated antibodies following treatment with a virus-vectored vaccine platform, each experimental sample should be incubated with both virus-infected and uninfected cell controls. In the case of utilizing this assay to detect tumor-associated antibody responses, tumor cells that are different from those used for tumor implantation could be used to identify responses to antigens shared between cancer cells. Normal cell controls can also be used to detect antibodies that exist against non-cancer-specific antigens that may cross-react with target tumor cells. Therefore, it is important to include a sham-treated control group in each experiment to prove that the detected antibody responses are truly therapy-induced. During data analysis, positive secondary signals from the off-target cell controls would be categorized as ‘off-target background’ and should be subtracted from fluorescence values acquired from test wells.



Dilution of samples and secondary detection antibodies

The desired sample under investigation acts as the potential source of antigen-specific antibodies which bind to antigens in or on permeabilized target cells. Antibodies bound to antigens that are retained after washing are detected by isotype-specific secondary antibodies conjugated to fluorochromes. Induction of relatively low concentrations of antigen-specific antibodies is expected from many immunotherapies, particularly cancer-targeting platforms as they attempt to reactivate the immune system against self-derived, weakly immunogenic cancer antigens. This can be particularly problematic in scenarios where oncolytic viruses are the chosen therapeutic modality, given that more robust neutralizing antibody responses are frequently seen against the virus backbone-derived antigens. Thus, acquiring maximal volumes of blood from experimental animals will maximize the chance of detecting tumor-directed antibodies while facilitating splitting of samples for simultaneous assessment of antibodies induced against the viral vector.

The sensitivity of this assay relies on optimization of the dilution of the samples and secondary detection antibodies. At extremely high sample concentrations, there is an increased risk of non-specific binding of antibodies within samples to target cells, creating a threshold in terms of how much fluorescence can be detected. To resolve this, it is recommended that a range of sample dilutions are included for each sample in each experiment, especially if relatively high-magnitude antibody responses are expected. Figure 3 shows results using an ideal range for plasma and cell-free ascites fluid samples from PBS- and OV-treated tumor-bearing mice that facilitated relative quantification of antibodies by calculating areas under the curves, which is used to compare peaks in fluorescence outputs that correlate with antibodies in samples. To confirm the selection of sufficient dilutions, samples can be visualized by making use of the overlay feature in the FlowJo software, as depicted in Figures 3A–D. Ideally, non-targeted cells, target cells only, and target cells incubated with secondary detection antibodies should be distinguished by a relatively low fluorescence intensity, while positive test samples would have a relatively high fluorescence intensity.




Figure 3 | Optimization of the sample dilution scheme used to evaluate tumor-associated antibody responses following oncolytic virotherapy. Histogram overlays demonstrating the six-series dilution scheme of positive secondary antibody (anti-mouse IgG1 Alexa Fluor 488) signals from targeted ID8 cancer cells treated with serial dilutions of plasma from phosphate-buffered saline (PBS)-treated (A) or oncolytic virus (OV)-treated (B), or serial dilutions of cell-free ascites fluid from PBS-treated (C) or OV-treated (D) ID8 tumor-bearing mice. Curves were generated from the mean fluorescence intensities (MFIs) of the Alexa Fluor 488 signals from targeted ID8 cells treated with serial dilutions of plasma (E) or cell-free ascites fluid (F) collected 21 days following treatment of ID8 tumor-bearing mice with PBS or OV. Each data symbol represents a diluted sample from a unique biological replicate (n=6 mice per group). Curves generated from the MFI for each biological replicate were used to calculate the area under the curve for comparison of tumor-associated antibodies from PBS-treated and OV-treated mice in the plasma (G) and cell-free ascites fluid (H). Statistical analysis was conducted using a two-tailed Student’s t-test. Statistical significance was defined as P-values less than or equal to 0.05.



Non-specific binding of secondary antibodies can also occur, especially when they are used at high concentrations. Each fluorochrome-conjugated secondary antibody of interest should be tested at a range of dilutions with target cells only to determine a dilution that fails to yield a significant fluorescent signal on the flow cytometer. This ensures optimal detection of antigen-specific antibodies in experimental samples that have bound to target cells.



Standardizing fluorescent output and quantification

To provide a more accurate depiction of the antibody response to an immunotherapy by utilizing this protocol, it is recommended that positive secondary antibody signals be quantified based on MFI. This is because MFI values indicate the density of fluorochrome-conjugated secondary antibodies bound to target molecules on a per cell basis (28, 29). Attempted quantification based on the percentage of positively stained cells would not be accurate.

In this study we used autologous tumor cells as natural sources of undefined tumor-associated antigens or permissive non-tumor cells infected with an antigen-expressing viral vector to induce expression of a pre-specified target antigen. To ensure accurate comparisons of antibody concentrations between different samples, it is important that the target cells in each well express similar quantities of antigens. As such, using a single batch of cells within a given assay is important. Whenever possible it is recommended that a large batch of target cells be stored frozen as single-use aliquots that get thawed, passaged once and then used as is or then infected with an antigen-expressing virus and then used. This will maximize the consistency of results between different experiments. When the antigenic target is known, it is recommended to confirm uniform expression of reasonable concentrations of the antigen in or on cells prior to using this assay in a project. This can be accomplished by western blotting and use of an immunofluorescence assay.






Results


Detecting tumor-associated antibody responses in tumor-bearing mice treated with an OV

To test this protocol for detecting tumor-associated antibodies, a C57BL/6 murine model of orthotopic, syngeneic ID8 epithelial ovarian carcinoma was used as previously described (30, 31). Sixty days following the implantation of ID8 tumor cells under the ovarian bursa, mice were injected intraperitoneally with an OV known as Orf virus (OrfV) (32). Twenty-one days following treatment, blood and ascites were sampled, and plasma and cell-free ascites fluid were harvested for attempted detection of antibodies. Autologous ID8 cells were used as targets for potential binding of tumor-associated antibodies, and samples were diluted following the dilution series shown in Figures 3A–D. Samples were run through this protocol, including the intra-assay controls that were previously described. Both plasma (Figures 3E, G) and cell-free ascites fluid (Figures 3F, H) samples collected from tumor-bearing control mice that were treated with PBS yielded lower detection-antibody-mediated fluorescent signals following removal of background fluorescence. This is indicative of low-magnitude, tumor-induced IgG1 antibody responses. In contrast, mice treated with the OV had evidence of higher magnitude tumor-associated IgG1 antibody responses, as evidenced through greater MFI signals and area under the curve values (Figures 3E–H). These results demonstrate the efficiency of this assay in detecting treatment-induced changes in the antibody repertoire following administration of an immunotherapy expected to induce a robust antibody response. It is important to note that these antibody responses were ‘therapy-induced’ or ‘tumor-associated’ and not necessarily tumor-specific, as some target antigens could potentially be shared with off-target normal cells expressing the same antigen(s).



Differentiating OV-induced tumor-associated antibody responses by isotype

To demonstrate the potential of this assay in simultaneously detecting therapy-induced antibody responses of varied isotype in a multiplex assay, C57BL/6 mice bearing orthotopic ID8 ovarian cancers were treated with OrfV 60 days following tumor implantation. Ascites fluid was collected and harvested 21 days following treatment. Autologous ID8 cells were used as the target cells. Following dilution of samples, they were simultaneously analyzed for IgG1 (Figure 4A), IgG2c (Figure 4B), IgG2b (Figure 4C), IgM (Figure 4D), and IgA (Figure 4E) tumor-associated antibody responses by using distinct fluorochrome-conjugated secondary isotype-specific antibodies. While no statistically significant differences were observed for each individual antibody isotype within the peritoneal cavity between PBS- and OV-treated mice, OV-treated mice exhibited higher magnitude IgG1, IgG2c and IgG2b tumor-associated antibody responses (Figures 4A–C). Antibodies can have variable functional capacities, binding avidities and therapeutic effects dependent on the specific isotype, and it is largely speculated that having a broader repertoire of tumor-associated antibody isotypes may contribute to an increased quality in the overall anti-tumor immune response elicited (33, 34). As a result, the capacity of this protocol to detect multiple subclasses of immunoglobulin responses induced by a given immunotherapy platform is highly relevant for application in clinical settings for determining which immunoglobulin subtypes are contributing to therapeutic efficacy.




Figure 4 | Multiplex assessment of tumor-associated antibody isotypes following oncolytic virotherapy. Tumor-associated antibody responses were quantified by flow cytometry on cell-free ascites fluid collected from ID8 tumor-bearing mice 21 days following treatment with phosphate-buffered saline (PBS) or an oncolytic virus (OV) (n=8 mice per group). Tumor-associated antibody binding was represented as a function of positive anti-mouse IgG1-APC, IgG2c-Alexa Fluor 488, IgG2b-PE-Cy7, IgM-PerCP-Cy5.5, or IgA-BV421-conjugated secondary antibody signals from target ID8 cells. Curves generated from the mean fluorescence intensity of each positive secondary antibody signal from targeted ID8 cells treated with four-series dilution scheme of cell-free ascites fluid samples were used to calculate the areas under the curves. The area under the curve was used to assess the tumor-associated antibody response of (A) IgG1, (B) IgG2c, (C) IgG2b, (D) IgM and (E) IgA isotypes within the cell-free ascites fluid of PBS- or OV-treated mice. Statistical analysis was conducted using a two-tailed Student’s t-test. Statistical significance was defined as P-values less than or equal to 0.05.





Detecting virus-associated antibodies

Due to the immunogenic nature of viruses, immunotherapy platforms designed with viral backbones, such as virus-vectored vaccines or OVs, can stimulate undesired virus-associated immune responses that neutralize and/or eliminate the virus, thereby limiting treatment efficacy upon re-administration. This can be a particular problem for OV-based platforms, as these often require multiple administrations to achieve optimal therapeutic effects. To decipher whether the method presented here could be used to discern virus-associated antibody responses, tumor-free C57BL/6 mice and orthotopic ID8 ovarian tumor-bearing mice were treated with PBS or OrfV 60 days following tumor implantation. Plasma was collected 21 days following treatment. Vero cells, which are permissive to OrfV infection, were used as targets, given that they share limited antigens with murine ID8 tumor cells and can readily express OrfV-derived antigens following short infection periods. Vero cells were infected with OrfV at a multiplicity of infection (MOI) of three for 16 hours to ensure that most cells would be exposed to the virus to maximize production of viral proteins but without a substantial amount of virus-induced cell death occurring. The method described in this paper was then conducted, with the inclusion of uninfected Vero cells as the off-target cell control. Plasma samples from tumor-free mice treated with OrfV were included in the assessment to control for the potential binding of tumor-specific antibodies present within samples to Vero antigens that may be shared with ID8 cells. Mice treated with OrfV had potent virus-associated IgG1 responses, as depicted by an overall increase in fluorescent values compared to plasma from untreated tumor-bearing or tumor-free mice (Figure 5). These results showcase the ability of this technique to detect virus-associated antibody responses against the entire repertoire of viral antigens, allowing for the acquisition of a global picture of the potentially limiting vector-specific antibody response. While antibody binding detected by this assay can contribute to clearing viruses in vivo by enhancing phagocytosis, opsonization, antibody-dependent cellular cytotoxicity or complement-mediated cytotoxicity of virus-infected cells, it is not always associated with virus neutralization activity. As such, we recommend combining this protocol with more traditional assays to identify viral neutralization and other functional capacities of antibodies.




Figure 5 | Evaluation of oncolytic virus (OV)-associated antibody responses. (A) Representative histogram overlay of target Vero cells infected for 16 hours with an OV and treated with a 1/100 dilution of plasma collected 21 days post-treatment from tumor-free (red), phosphate-buffered saline (PBS)-treated ID8 tumor-bearing (orange) or OV-treated ID8 tumor-bearing mice (blue) (n=4 mice per group). OV-associated antibody binding was represented as a function of positive anti-mouse IgG1 Alexa Fluor 488 conjugated secondary antibody signals from targeted OV-infected cells. (B) Representative histograms of OV-associated antibodies binding to targeted OV-infected Vero cells. The antibodies were derived from plasma samples diluted 1/100 after collection from tumor-free, PBS-treated ID8 tumor-bearing or OV-treated ID8 tumor-bearing mice 21 days post-treatment. The data shown are representative of positive anti-mouse IgG1 Alexa Fluor 488 conjugated secondary antibody signals from OV-infected target cells. (C) Data derived from the five-series dilution scheme (of which only one dilution was shown in panel B) were used to generate curves for each biological replicate. (D) Areas under the curves from data shown in panel C were calculated and used for comparison of virus-associated antibodies from the plasma of untreated tumor-free, PBS-treated, and OV-treated tumor-bearing mice. Statistical analysis was performed by one-way analysis of variance. Statistical significance was defined as P-values less than or equal to 0.05.





Detecting antigen-specific antibody responses in mice treated with an adenovirus-vectored vaccine against severe acute respiratory syndrome-coronavirus-2

To expand the use of this methodology for evaluating vaccine-induced antibody responses to a pre-defined antigen, female Balb/c and C57BL/6 mice were inoculated either intramuscularly with a recombinant adenovirus expressing the full-length human SARS-CoV-2 spike protein (Ad-FLS), or intranasally with Ad-FLS, or with PBS. To express the known target antigen, in this case the SARS-CoV-2 spike protein, in a cell line that normally lacks expression of the protein, DF-1 cells were infected at an MOI of three with a heterologous recombinant avian orthoavulavirus-1 (AOaV-1) expressing the full length SARS-CoV-2 spike protein [AOaV-1-FLS (35)] for 16 hours. Spike protein expression on target cells was assessed with an immunofluorescence assay as previously described (35), and target cells were discerned as positive for spike antigen expression based on Alexa Fluor 488 signaling (Figure 6A). Plasma was collected 21 days post-vaccination and analyzed utilizing the protocol described here for isotype-specific antibodies directed against the spike protein, with AOaV-1-FLS-infected DF-1 cells as the source of the target antigen. Plasma samples were simultaneously analyzed using uninfected DF-1 cells as a control to account for the potential binding of non-antigen-specific antibodies present within samples to DF-1 antigens. Following sample dilution, samples were analyzed for IgG1, IgG2a/c, IgG2b, IgM, and IgA responses simultaneously by use of distinct fluorochrome-conjugated secondary antibodies to evaluate antigen-specific, vaccine-induced antibodies bound to antigen-expressing target cells. Balb/c mice vaccinated with Ad-FLS had significantly higher concentrations of antigen-specific IgG1, IgG2a and IgG2b antibodies in comparison to unvaccinated mice, but not IgM or IgA (Figure 6B). Ad-FLS-vaccinated C57BL/6 mice displayed significantly greater amounts of antigen-specific IgG2c and IgG2b antibodies in comparison to unvaccinated mice, but not IgG1, IgM or IgA. Interestingly, vaccinated C57BL/6 mice exhibited significantly higher amounts of IgG2 responses compared to vaccinated Balb/c mice, suggestive of a T-helper cell-1-biased immune response in this strain.




Figure 6 | Detection of antibody responses induced by a viral-vectored vaccine platform targeting a pre-defined antigen. (A) DF-1 cells were treated for 16 hours with media only or infected at a multiplicity of infection of three with a recombinant avian orthoavulavirus-1 (AOaV-1) expressing the full-length spike protein (FLS) from severe acute respiratory syndrome-coronavirus-2. Spike protein expression on target cells was assessed using an immunofluorescence assay following incubation of cells with a murine primary AOaV-1 ribonucleoprotein-specific antibody diluted 1/2,000, and a secondary goat-anti-mouse conjugated with Alexa Fluor 488 diluted 1/1,000. Brightfield and fluorescent images were captured with an inverted fluorescent microscope at 20x magnification, with identical exposures for uninfected and infected cells. Target cells were expressing spike protein based on evidence of an Alexa Fluor 488 signal. (B) Disease-free Balb/c and C57BL/6 female mice were inoculated intramuscularly with phosphate-buffered saline (PBS) or a recombinant adenovirus expressing FLS (Ad-FLS). Plasma was collected 21 days post-vaccination and analyzed for isotype-specific antibodies directed against the spike protein using AOaV-1-FLS-infected DF-1 cells as the source of the target antigen. Spike protein-associated antibody binding was represented as a function of positive anti-mouse IgG1-APC, IgG2a/c-Alexa Fluor 488, IgG2b-PE-Cy7, IgM-PerCP-Cy5.5, or IgA-BV421-conjugated secondary antibody signals from target cells. Mean areas under the curves were calculated following determination of mean fluorescence intensities for all plasma dilutions tested. These were plotted and compared to evaluate antigen-specific, therapy-induced antibodies bound to antigen-expressing target cells. Statistical analysis was conducted by two-way analysis of variance. Statistical significance was defined as P-values less than or equal to 0.05. ns = "not significant".



The experiments presented herein demonstrate the utility of this method as a rapid and effective alternative to other techniques for assessing the broad spectrum of antibody responses induced by vaccination to pre-defined antigens on an isotype-specific basis. In doing so, this method can be used to analyze class-switching and type 1 versus type 2 immune response bias induced by an immunotherapy or vaccine. Both these immunological parameters contribute towards dictating therapeutic outcomes.



Standardizing fluorescent output to quantify antibody responses

To enhance the consistency and accuracy of quantification of immunotherapy-induced antibodies using the method described here, commercially available standardized beads were purchased. These beads had a pre-determined fluorescence intensity and were tagged with the same fluorochrome as the secondary detection antibody used to detect therapy-induced antibodies bound to target cells. Specifically, Bang Laboratories Quantum Alexa Fluor 488-conjugated beads were used. These beads included five different microsphere populations that were labeled with distinct concentrations of Alexa Fluor 488-conjugates, the use of which has previously been well characterized (36, 37). In brief, the fluorescence intensity of each bead population in the mix is correlated to the precise surface occupancy of Alexa Fluor 488 on each bead standard, referred to as the MESF value. Beads were prepared according to the manufacturer’s instructions and were run on the same day and at the same flow cytometer photomultiplier tube voltages and compensation settings as the mouse-derived samples being tested. This was to ensure the calibration curve used to extrapolate the number of fluorescent molecules could be used to accurately quantify antibody concentrations in test samples. The FSC-A and SSC-A settings on the flow cytometer were adjusted to clearly visualize the calibration beads. The voltage setting of the relevant photomultiplier tube was adjusted as needed so that fluorescent peaks representative of each microsphere population were clearly discernable (Figure 7A). A calibration curve was then generated using Bang Laboratories’ quantitative analysis software, QuickCal®, whereby the MESF value of each microsphere population was correlated to the MFI value observed. Within the same experiment, plasma collected 21 days following treatment of tumor-free and ID8 ovarian tumor-bearing C57BL/6 mice with PBS or OrfV was analyzed for evidence of OrfV-associated antibodies. Vero cells were infected with OrfV at an MOI of three for 16 hours and were incubated with serial dilutions of plasma samples following the protocol described in this paper. Gating of target cells on the flow cytometer was done based on FSC-A and SSC-A characteristics. Doublets were excluded by plotting FSC-A versus FSC-W. The anti-mouse IgG1 Alexa Fluor 488-derived fluorescent signal and respective MFI value corresponding to virus-associated antibody binding was then determined for target cells treated with each respective sample (Figure 7B). The MFI values from each individual test sample were graphed against the Quantum bead calibration curve, allowing the fluorescence intensity of each sample to be quantified as a distinct MESF value, representative of the number of bound Alexa Fluor 488 fluorescent molecules that would correlate with the number of virus-associated antibodies within each sample. As expected, mice treated with OrfV had the highest number of virus-associated IgG1 antibodies compared to PBS-treated tumor-bearing or tumor-free mice (Figure 7C). These results highlight how this assay can be used to accurately quantify and compare antibody responses across different experiments using standardized microsphere populations. Conceptually, this could be applied to quantifying fluorescent signals across multiple fluorophores, depending on the availability of relevant and distinct fluorochrome-conjugated bead standards. As such, this methodology can be practically applied to determine the absolute number of isotype-specific antibodies directed against any antigen of interest.




Figure 7 | Strategy for standardizing fluorescent output using QuantumTM molecules of equivalent soluble fluorochrome (MESF; Bang Laboratories). (A) QuantumTM Alexa Fluor 488-conjugated beads were isolated based on forward scatter area (FSC-A) versus side scatter area (SSC-A) characteristics, and the mean fluorescence intensity (MFI) of each bead population containing a defined number of molecules of MESF was determined by flow cytometry. (B) In the same experiment, target oncolytic virus (OV)-infected Vero cells were identified by graphing FSC-A versus SSC-A, and doublets were excluded by graphing FSC-A versus forward scatter width (FSC-W). The MFI of the anti-mouse IgG1-Alexa Fluor 488 signal was then determined for target cells treated with a 1/250 dilution of plasma from tumor-free, phosphate-buffered saline (PBS)-treated tumor-bearing or OV-treated tumor-bearing mice. Virus-associated antibody binding was represented as histograms with cell counts on the y-axis and the intensity of the secondary Alexa Fluor 488-conjugated mouse IgG1-specific antibody signal on the x-axis. (C) The MFI of each QuantumTM bead population was plotted against the defined MESF number to generate a standard curve. The MFI of anti-mouse IgG1 Alexa Fluor 488 from targeted OV-infected Vero cells treated with plasma from different treatment groups was plotted against the standard curve to estimate the number of anti-mouse IgG1-Alexa Fluor 488 molecules bound, which was then multiplied by the 1/250 dilution factor to approximate the number of virus-associated antibodies present in the original plasma sample.






Discussion

This protocol builds on our previously established methodology for detecting and quantifying tumor- and virus-associated antibodies following immunotherapy (27). This flow cytometry method can be used as an alternative to other techniques for assessing antibody responses following antigen-agnostic therapies such as OVs, whereby the use of adherent or suspended autologous tumor cells as targets allows for all relevant tumor antigens (excluding those generated de novo) to be represented. The method can also be used following antigen-specific therapies where the pre-defined target antigen is expressed in a cell line that normally lacks expression of the protein. In theory, the procedures provided herein can be used to assess the full breadth of antibody responses elicited by any given immunotherapy. It offers several additional advantages such as rapid high-throughput readout, cost-effectiveness, sensitivity, versatility due to compatibility with several sample sources, isotype-specific Ig detection, and multiplex capabilities. While conventional immunological techniques used to detect antibodies, such as the enzyme-linked immunosorbent assay, can equally be applied for quantification of antibody concentrations, these frequently lack the sensitivity necessary to detect target antigens expressed at low concentrations on cells, to detect antigens that are not pre-defined, or to detect low numbers of cells that express the target antigen. Additionally, these remain time- and sample-consuming, with typically only a single Ig-isotype against one antigenic target able to be measured at a time and at a higher cost. The method described here permits the simultaneous analysis of multiple antibody isotypes against either pre-defined or undefined bulk target antigens from a single, small-volume sample. With as little as 20 µL of input sample, any number of antibody isotypes and subtypes can be tested, depending on how many channels are available on a flow cytometer. In addition to the small volume of samples and reagents required, this assay has a relatively quick staining process and contains fewer overall steps than more traditional techniques. By using automation and a flow cytometer capable of high-throughput data acquisition, the entire repertoire of the antibody response to a given immunotherapy can be rapidly detected from 96 samples in a single experiment, within two hours.

Through the detection of multiple subclasses of Ig responses, this method can also be used to analyze class-switching and immune response biases induced by immunotherapies. Identification of type 1 vs type 2 immune response biases is relevant in the context of cancers, given that pre-malignant and malignant tissues have commonly been associated with suppressed T-helper cell-1 responses and enhanced T-helper cell-2 responses that correlate with tumor progression and subdued anti-tumor responses (38, 39). This bias is also an important consideration in vaccine development against intracellular pathogens such as viruses, given that the most effective responses against intracellular organisms are type 1 in nature (40, 41). As such, vaccines formulated to tilt the balance in favor of type 1 immunity are vital for eliciting more effective and rapid responses upon virus re-infection, particularly in scenarios of incomplete T cell-mediated protection.

The protocol presented here represents a valuable methodology that can be added to the toolbox of researchers to evaluate the role of endogenous antibodies induced by any given immunotherapy. The integration of this assay into routine pre-clinical and clinical assessments can support early detection of malignant cells or viral infections, establishment of prognoses for patients, assessment of treatment efficacy, and help inform the design and optimization of next-generation immunotherapies.
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Background

Whole-cell tumor vaccines tend to suffer from low immunogenicity. Our previous study showed that irradiated lung cancer cell vaccines in mouse models enhance antitumor efficacy by eliciting an intensive T cells response and improving immunogenicity. Based on these findings, we developed an improved whole-cell tumor vaccine, Autologous Tumor Holo antigEn immuNe Activation (ATHENA).



Methods

In this study, we report the successful treatment of a 6-year-old male diagnosed with meningeal rhabdomyosarcoma with pulmonary and liver metastases using ATHENA. After 6 cycles of therapy, PET/CT showed the therapeutic efficacy of ATHENA. We profiled the immune response by single-cell RNA sequencing (scRNA-seq). Flow cytometry analysis was implemented to validate the status transitions of CD8+ T cells.



Results

In CD8+ T cells, the exhausted status was weakened after treatment. The exhausted CD4+ T cells shifted towards the central memory phenotype after the treatment. Breg cells were converted to Plasma or Follicular B cells. Survival analysis for pan-cancer and transcription factor analysis indicated that such T cell and B cell transitions represent the recovery of antitumoral adaptive immune response. We validated that the proportion of CD279+CD8+ T cells were reduced and the expression of CD44 molecule was upregulated by flow cytometry assay.



Conclusion

Such studies not only show that ATHENA therapy may be a promising alternative treatment for tumor patients but provide a novel idea to analyses the mechanisms of rare cases or personalized cancer treatment.






Keywords: single-cell RNA sequencing, autologous tumor vaccines, scSTAR, T cells, B cells, exhausted state, central memory



Introduction

Since the introduction of immune checkpoint blockade and chimeric antigen receptor (CAR)-T cells, cancer immunotherapies have played a vital role in treating cancer (1, 2). Cancer vaccines have been a promising immunotherapeutic approach with preventive and therapeutic potential, aiming to induce tumor regression, eradicate microscopic residual disease, establish a lasting anti-tumor memory and avoid adverse effects (3). There are four categories of tumor vaccines under investigation, including peptide- and protein-based vaccines, cellular vaccines, genetic vaccines and other types of cancer vaccines (4). Autologous whole-cell cancer vaccines are a type of cellular vaccines prepared to utilize the patient’s own tumor cells. Compared to other immunotherapies targeting specific antigens, it has the advantage of carrying relatively intact tumor antigens and this allows the activation of CD4+ T helper and CD8+ cytotoxic lymphocytes simultaneously (5–7). However, vaccines made from inactivated tumor cells are extremely weak in immunogenicity and do not induce sufficient antitumor immune effects (8, 9). Therefore, it is crucial to find novel strategies for enhancing vaccine immunogenicity.

Radiotherapy has been closely related to immunotherapy. In contrast with conventional fractionated radiotherapy, stereotactic body radiotherapy (SBRT) is a high-dose, low-frequency technique that delivers high doses of radiation therapy precisely to small volume targets in a single or small number of treatments (10, 11). Recent studies have shown that SBRT can mediate immunostimulatory effects by upregulating the expression levels of immunogenic cell surface markers and promoting the exposure and release of tumor-associated antigens (TAAs) (12, 13). In previous studies, ionizing radiation (IR) was only used to inactivate tumor cells to prepare vaccines, usually with a lethal radiation dose of 20-200 Gy (14–16). Our previous studies showed that irradiated Lewis lung cancer (LLC) vaccines had a significantly stronger antitumor effect in mice bearing LLC xenografts than LLC vaccines. We observed that a high dose of irradiation not only triggers the release of many TAAs and cytokines but also that their radiated tumor cells show higher antigenicity (11, 17). We named the therapy ATHENA. Here, we report a successful case of a 6-year-old male diagnosed with meningeal rhabdomyosarcoma with pulmonary and liver metastases. ATHENA treatment showed dramatic antitumor effects. According to the results of PET/CT, the liver metastases and the nodal reduction of lung metastases completely disappeared. The patient was evaluated as having a complete response (CR) by RECIST criteria (18).

Herein, we applied scRNA-seq to comprehensively profile the dynamic changes in peripheral immune circulation from patients before and after ATHENA treatment. We discovered that ATHENA might restore the adaptive immune response to produce antitumor effects by reversing the exhausted phenotype toward the effector memory phenotype and stimulating activation of B cells.



Materials and methods


Vaccines preparation

The fresh tumor tissue was obtained after surgical resection from a patient diagnosed with meningeal rhabdomyosarcoma with pulmonary and liver metastases. Then, the tumor tissue was irradiated using a Trilogy linear accelerator (Varian Medical Systems, CA, USA) and cultured in DMEM (Sigma, Louis, Missouri, USA) with 10% FBS (# 35–015-CV) for 24h. For preparation of tumor cell lysates (TCLs), the irradiated tissue was digested in trypsin and suspended in 0.9% saline, subjected to five cycles of freezing, thawing (liquid nitrogen for 5 minutes, 37°C for 5 minutes) and then centrifuged at 1,500 rpm for 10 minutes. Afterwards, the supernatants were collected through a 0.22mum membrane filter and stored at -80°C.



Human Specimen collection and processing

Human peripheral blood was obtained before and after treatment from a patient diagnosed with meningeal rhabdomyosarcoma with pulmonary and liver metastases. The patient was treated with 6 cycles of subcutaneous injections of interleukin-2 (50×104 IU) on the first and second days and 1 mL of irradiated autologous tumor whole-cell component vaccines on the second day. Clinical response was assessed for each target lesion based on RECIST v.1.1 (18). This study was approved by the Ethics Committee of the Jinshan Hospital of Fudan University (Approved ID: JIEC-2019-09). Informed consent was signed by the enrolled patient. Fresh peripheral blood was collected at baseline and 1 week after treatment initiation in EDTA anticoagulant tubes and subsequently layered onto Lymphocyte Separation Medium (LTS1077, TBD). After centrifugation, lymphocyte cells remained at the plasma–Lymphocyte-H interface and were carefully transferred to a new tube and washed twice with 1x phosphate-buffered saline (PBS, Sangon). After the supernatant was removed, the pelleted cells were suspended in red blood cell lysis buffer (LEAGENE) and left to lyse for 5 min at room temperature, followed by further 1x PBS washes. Then, the cells were cryopreserved for subsequent experiments. Before experiments were initiated, cells were thawed and counted. Viable cell yield was determined by Trypan Blue exclusion. After passing the test, library prep was performed using the manufacturer’s instructions (10X Genomics).



scRNA-seq data generation

Beads with unique molecular identifiers (UMIs) and cell barcodes were loaded close to saturation so that each cell was paired with a bead in a gel beads-in-emulsion (GEM). After exposure to cell lysis buffer, polyadenylated RNA molecules hybridized to the beads. Beads were retrieved into a single tube for reverse transcription. On cDNA synthesis, each cDNA molecule was tagged on the 5’ end with UMI and cell label indicating its cell of origin. Briefly, 10X Genomics beads were subjected to second-strand cDNA synthesis, adaptor ligation, and universal amplification. Sequencing libraries were prepared using randomly interrupted whole-transcriptome amplification products to enrich the 3’ end of the transcripts linked with the cell barcode and UMI. All the remaining procedures, including library construction, were performed according to the standard manufacturer’s protocol (CG000206 RevD). Sequencing libraries were quantified using a High Sensitivity DNA Chip (Agilent) on a Bioanalyzer 2100 and the Qubit High Sensitivity DNA Assay (Thermo Fisher Scientific). The libraries were sequenced on a NovaSeq6000 (Illumina) using 2x150 chemistry.



scRNA-seq data processing, quality control and integration

The FASTQ files were generated by using the 10X Genomics Cell Ranger toolkit (v.3.0.1), which extracted barcodes and UMI, filtered and mapped reads to the GRCh38 reference genome, and obtained a matrix containing normalized gene counts versus cells per sample. Then, we further analyzed these outputs using Seurat (v.4.1.2) for quality control and downstream analysis with default parameters, unless otherwise indicated. We removed out low-quality cells according to the following quality control procedures (1): cells with fewer than 200 genes or more than 3000 genes and genes expressed in fewer than 3 cells were removed (2). Over 10% mitochondrial-derived UMI counts were filtered out. After quality control, the datasets were log-normalized. Since two samples from one patient before and after treatment were processed, we need to remove potential batch effects using the Seurat function “FindIntegrationAnchors” for dataset integration. The top 2000 highly variable genes (HVGs) were chosen for CCA, and the first 30 reduced dimensions were adopted for integration anchors. Finally, a total of 7467 single cells were used in downstream analyses.



Dimensionality reduction, clustering, annotation and visualization

Then, the data were scaled using the ScaleData function. Principal component analysis (PCA) was performed, and we selected the top 30 PCs for clustering cells with a resolution parameter of 1. The same PCs were used to generate the uniform manifold approximation and projection (UMAP). Each cluster was annotated based on high expression of known marker genes and visualized by the FeaturePlot function, including CD3E, CD3D (T cells), CD8A, CD8B (CD8+ T cells), CD4, FOXP3 (CD4+ T cells and Treg cells), FCGR3A, NCAM1, CD3E (NK cells and NKT cells), CD19, CD79A, MS4A1 (B cells), CD163, CD68, CD14 (Myeloid cells), TRDC, CD3D (γδT cells), and PPBP (Platelet cells). The FindAllMarkers Function was used to validate the identification of differentially expressed marker genes for each cluster. To further identify immune cell subtypes at a high resolution, CD8+ T and CD4+ T cells were refined and reprojected separately with the same above methods applied to annotate the cell subtype. The two main clusters were subdivided into CD8+ TCM, CD8+ TEX, CD4+ TEM, CD4+ TCM, CD4+ TEX1 and CD4+ TEX2 based on states with clearly distinct differential expression profiles.



scSTAR analysis

First, the normalized data were separated and remerged according to treatment time points. We used the OGFSC package to filter genes on the normalized data. Then, findAnchors and scSTAR functions were performed to obtain new gene expression data. Finally, we utilized the Seurat package (v.4.1.2) for downstream analysis.



Differentially expressed genes and GSEA Pathway analysis

The FindAllMarker function in the Seurat package was used to obtain the differentially expressed genes in clusters using the Wilcoxon rank-sum test. A Bonferroni false discovery rate (FDR) correction less than 0.05 was used as a cutoff for identifying statistically significant DEGs. Then, we used GSEA (19, 20) to perform GO biological process enrichment analysis on the differentially expressed genes in each subset that was associated with before or after treatment. Gene sets with a significance level of FDR of < 0.05 were considered significant.



Flow cytometry analysis

Up to 1x106 dissociated WBCs were resuspended in Zombie Aqua Fixable Viability Kit (423101, Biolegend) (1:200 in PBS), followed by 15 minutes incubation at RT in the dark. Cells were then added to the same volume of FACS, centrifuged, resuspended in PBS and stained at 0.5-1x106 cells/mL concentration with the following antibodies for 15 minutes at RT: Brilliant Violet 605TM anti-human CD3 (317321, Biolegend), Alexa Fluor 700 anti-human CD8 (344723, Biolegend), PE/Cyanine7 anti-human CD279 (PD-1) (621615, Biolegend) and FITC anti-human CD44 (338803, Biolegend). Stained cells were analyzed with flow cytometer (BD Biosciences).



Trajectory analysis

To analyze the trajectory of CD8+ T, CD4+ T, B and Myeloid cells based on scRNA-seq expression data, we utilized Moncle2 (21) to determine the potential lineage differentiation. All functions were performed with default parameters to characterize the data.



Survival analysis

A standard Kaplan-Meier survival analysis (22) for 21 cancer types was used to analyze the association of these clusters processed by scSTAR with overall survival (OS).



SCENIC analysis

SCENIC (23) analysis was developed to assess the regulatory network utilizing the motifs database for RcisTarget and Genie3. The seed was set to 777. The normalized expression data were input into SCENIC (version 1.3.1) to build co-expression modules. Then, a motif dataset (hg38:refseq-r80:500bp_up_and_100bp_down_tss.mc9nr. feather and hg38:refseq-r80:10kb_up_and_down_tss.mc9nr.feather) was used to construct regulons for each TF in SCENIC. Finally, the regulon activity score (RAS) was calculated by the AUCell package.



Statistical analysis

All statistical analyses were performed using R (version 4.1.2). A two-sided Wilcoxon rank-sum test with Bonferroni FDR correction was used for all differential expression analyses between clusters.




Results


Analysis of single immune cell profiling after ATHENA treatment

One patient diagnosed with left frontal rhabdomyosiform with multiple metastases in both lungs and metastases in the S4 segment of the liver received 6 cycles of ATHENA treatment. Blood samples were collected at pre-treatment and post-treatment immediately (Figures 1A, B). We performed droplet-based 5’ scRNA-seq sequencing to profile the PBMC samples. After quality control, we obtained single-cell transcriptome data for 7449 high-quality immune cells. Then, performing unsupervised clustering and uniform manifold approximation and projection (UMAP) plot analyses, we utilized gene expression patterns of canonical markers to classify the 20 clusters into 9 major cell populations that included CD8+ T cells (2281, 30.55%), CD4+ T cells (3271, 43.80%), CD4+ Treg cells (253, 3.39%), NK cells (508, 6.80%), NKT cells (86, 1.15%), γδT cells (286, 3.83%), myeloid cells (374, 5.01%), B cells (390, 5.22%) and platelet cells (18, 0.24%) (Figures 2A–C). Compared with the pre-treatment sample, the post-treatment sample harbored a relatively higher proportion of CD4+ T cells (fold change of 1.04), NK cells (fold change of 1.65), and B cells (fold change of 2.79), while the proportions of CD8+ T cells (fold change of 0.90), CD4+ Treg cells (fold change of 0.95), NKT cells (fold change of 0.83), γδT cells (fold change of 0.73) and myeloid cells (fold change of 0.52) were lower than those in the pre-treatment samples (Figure 2D).




Figure 1 | Study design and examinations of patients in different periods. (A) Schematic of the experimental design and analytical work. (B) PET/CT imaging of liver metastatic lesions (above), lung metastatic lesions (middle) and primary lesion (down) at three timepoints, before treatment, approximately 6 weeks after treatment and approximately 1 year after treatment.






Figure 2 | The immune landscape of PBMCs from patients treated with ATHENA. (A) Uniform manifold approximation and projection (UMAP) of all PBMCs before and after therapy. Cells are colored based on 9 clusters defined by k-means clustering, which include the CD8+ T cell cluster, CD4+ T cell cluster, CD4+ Treg cell cluster, NK cell cluster, NKT cell cluster, γδ T cell cluster, Myeloid cell cluster, B cell cluster and Platelet cell cluster. (B) UMAP of all PBMCs, colored according to ATHENA treatment history. (C) The expression patterns of canonical markers in distinct immune cell clusters. (D) Sankey diagram showing the percentage of cells per sample for clusters before and after treatment.





Identification of T lymphocytes subsets by single-cell RNA-seq

Because whole tumor cells are a good source of TAAs and can induce simultaneous CD8+ cytotoxic T lymphocytes (CTLs) and CD4+ T helper cell activation (7), we further unsupervised clustering CD8+ T cells and defined two sub-clusters: CD8+ TCM, which highly expressed markers of memory-like phenotype (SELL, LEF1, CCR7, IL7R, TCF7, CD44, CXCR4), and CD8+ TEX, which highly expressed the known exhausted markers (TIGIT, PDCD1, CTLA4, LAG3, HAVCR2, BATF) (24) (Figures 3A, B). The association between sub-clusters and pre- or post-treatment samples showed that CD8+ TCM cells were enriched in post-treatment, while CD8+ TEX cells had a strong association with pre-treatment (Figure 3C). Since trajectory analysis (21) did not clearly reflect changes in the two cell populations before and after treatment (Figure S2A), we further re-clustered CD8+ TEX and CD8+ TCM. Three sub-clusters were identified in CD8+ TCM, which named Exhausted-like 1, Exhausted-like 2 and Memory-like cells (Figures 3D, E). Trajectory analysis identified a main trajectory backbone, reflecting a possible state change (Exhausted-like 1 and Exhausted-like 2 to Memory-like cells) (Figure 3F). As we expected, Memory-like cells were enriched in post-treatment, while Exhausted-like 1 and Exhausted-like 2 cells had a strong association with pre-treatment (Figure 3G). Compared with CD8+ TCM, CD8+ TEX was divided into 4 sub-clusters (PEX-like 1, PEX-like 2, TEX-like and Effector-like) and no obvious change in trajectory before and after treatment was observed (Figures S2A–C). Thus, the CD8+ TCM might be affected by ATHENA.




Figure 3 | Detailed characterization of CD8+ T cells and their association with treatment. (A) UMAP of all CD8+ T cells, colored by cell type and sample. (B) Bubble plot of selected CD8+ T cell function-associated genes in each cell cluster. (C) The association between subtypes and treatment in CD8+ T cells. The area of the ties represents the relative enrichment. (D) UMAP of all CD8+ TCM cells, colored by cell type and sample. (E) Bubble plot of selected CD8+ TCM cells function-associated genes in each cell cluster. (F) Pseudotime analysis of CD8+ TCM cells derived from PBMC samples inferred by Monocle2. Each point corresponds to an individual cell colored by cluster (above) or by treatment (down). The density curves represent the distribution of each cluster. (G) The association between subtypes and treatment in CD8+ TCM. The area of the ties represents the relative enrichment.



CD4+ T cells were re-clustered to define five sub-clusters. CD4+ TCM (SELL, CCR7, LEF1, CXCR4) cells were consistent with a memory-like phenotype. CD4+ TCM cells expressed the known effector genes (SELL, CCR7, LEF1, GZMK, CD44). CD4+TPEX cells were enriched for SELL, TCF7, CXCR4, TIGIT, EOMES and STAT1. CD4+ TEX1 and CD4+ TEX2 highly expressed some immune checkpoint genes, such as PDCD1 or HAVCR2 (Figures S3A, B). In CD4+ T cells, we observed a significant association in which CD4+ TCM and CD4+ TCM cells were enriched post-treatment, while CD4+ T EX2 and CD4+ T PEX cells were enriched in pre-treatment (Figure S3C). Based on trajectory analysis, the differentiation stages of CD4+ TCM cells were more diverse (Figures S3D, E). The above results demonstrated that ATHENA might affect the subtype composition of T lymphocytes.



scSTAR revealed the molecular function shift of T lymphocytes

To better understand the effect of ATHENA on the immune system, we utilized a novel algorithm named single-cell states transfer across-sample of RNA-seq data (scSTAR) (25), which analyzes cellular dynamic processes. Clustering analyses were performed on the CD8+ T, and CD4+ T populations. Each scSTAR-processed subset can be used as a cell state during treatment.

To explore the association between these processed clusters and samples, we used enrichment analysis and trajectory analysis. In CD8+ T cells, three subsets were re-clustered after scSTAR processed (Figure 4A). scSTAR-C2 cells were associated with post-treatment and CD8+ TCM, while scSTAR-C1 cells were associated with pre-treatment and CD8+ TEX (Figure 4B). Trajectory analysis reflected that each cluster was at the end of branches, which means a possible transition from scSTAR-C1 to scSTAR-C2 (Figure 4C). We also performed these analyses in CD8+ TEM. scSTAR-C2 cells and scSTAR-C3 cells were associated with post-treatment and Memory-like or Exhausted-like 1 cells, while scSTAR-C1 cells were associated with pre-treatment and Exhausted-like 1 cells or Exhausted-like 2 cells (Figures 4D, E). Trajectory analysis reflected that a possible transition from scSTAR-C1 to scSTAR-C2 and scSTAR-C1 to scSTAR-C2 or scSTAR-C3 (Figure 4F). Combining the above analysis, scSTAR-C1 of CD8+ T cells might differentiate toward scSTAR-C2 of CD8+ T cells and scSTAR-C1 of CD8+ TCM cells might differentiate toward scSTAR-C2 of CD8+ TCM cells or scSTAR-C3 of CD8+ TCM cells during the treatment. Thus, we assumed that scSTAR-C2 of CD8+ T cells, scSTAR-C2 of CD8+ TCM cells and scSTAR-C3 of CD8+ TCM cells might possess the feature of elevated gene dynamics in the post-treatment sample, while scSTAR-C1 of CD8+ T cells and scSTAR-C1 of CD8+ TCM cells might possess the feature of decreased gene dynamics during ATHENA treatment. Such results indicated that ATHENA treatment triggered the decreased expression of exhausted genes (PDCD1, LAG3, BATF, HAVCR2) and elevated expression of memory genes (SELL, LEF1, TCF7, TBX21, CXCR4, FASLG, FOXP1) (Figures 4G, H). Even though no obvious changes in CD8+ TEX cells before and after ATHENA treatment, we tried to explore if scSTAR could reveal the hidden molecular dynamics of CD8+ TEX cells (Figure S2D). Enrichment analysis showed that scSTAR-C1 of CD8+ TEX cells were associated with pre-treatment and PEX-like 1, while scSTAR-C3 of CD8+ TEX cells and scSTAR-C4 of CD8+ TEX cells were associated with post-treatment and PEX-like 1 or PEX-like 2 (Figures S2E, F). Thus, there was little change in cell status. In CD4+ T cells, three subsets were re-clustered after scSTAR processed (Figure S4A). Trajectory analysis revealed that scSTAR-C2 cells were distributed to the post-treatment sample compared to scSTAR-C3 cells (Figure S4B). We discovered that scSTAR-C1 and scSTAR-C3 cells were associated with post-treatment, CD4+ TCM, CD4+ TEM and/or CD4+ TPEX, while scSTAR-C2 cells were associated with pre-treatment, CD4+ TEX1 and/or CD4+ TEX2 (Figure S4C). These findings demonstrated that ATHENA might alleviate the immunosuppression of CD8+ TCM and reverse the exhaustion state of CD4+ T cells to the memory phenotype during treatment.




Figure 4 | Molecular functional dynamics of CD8+ T cells and CD8+ TCM cells. (A) UMAP of CD8+ T cells processed by the scSTAR algorithm, colored by sample and cluster. (B) The association between scSTAR clusters and treatment (above) or CD8+ T cell subclusters (down) in CD8+ T cells. The area of the ties represents the relative enrichment. (C) Trajectory analysis for the three scSTAR clusters of CD8+ T cells. Each point corresponds to an individual cell colored by cluster (above) or by sample (down). The density curves represent the distribution of each cluster. (D) UMAP of CD8+ TCM cells processed by the scSTAR algorithm, colored by sample and cluster. (E) The association between scSTAR-processed clusters and treatment (above) or CD8+ TCM cell subclusters (down) in CD8+ TCM cells. The area of the ties represents the relative enrichment. (F) Trajectory analysis for the four scSTAR clusters of CD8+ TCM cells. Each point corresponds to an individual cell colored by cluster (above) or by sample (down). The density curves represent the distribution of each cluster. (G) Heatmap of scaled normalized expression for scSTAR cell function genes in CD8+ T cells. (H) Heatmap of scaled normalized expression for scSTAR cell function genes in CD8+ TCM cells.





scSTAR analysis revealed that ATHENA activated the anti-tumoral functions of T cells

By comparing the transcriptomic dynamics of each scSTAR-processed cluster in CD8+ T cells, we obtained 87 highly expressed genes in scSTAR-C2 and 100 highly expressed genes in scSTAR-C1 (Supplementary Table 1). This result suggested that the expression of the 87 genes was upregulated, while the expression of the other 100 genes was downregulated after ATHENA treatment. GSEA (19, 20) identified a few GO terms enriched in the above DEGs. The 87 scSTAR-C2 marker genes upregulated after treatment, including TBX21, CD8A, FASLG, KLRC4, SLAMF7, IGKV families and TRBV families, were involved in the adaptive immune response and immune response pathways. In contrast, the 100 scSTAR-C1 marker genes downregulated after treatment, including HAVCR2, LAG3, PRDM1, BATF, PDGFRB and TNFRSF1A, were involved in 10 pathways, such as regulation of response to external stimulus, defense response and cytoskeleton organization (Figure 5A and Supplementary Table 2).




Figure 5 | Molecular characteristics of CD8+ T after treatment is associated with improved overall survival. (A) Pathway enrichment analysis of genes in scSTAR-C1 and scSTAR-C2, respectively. The bar plot showed the top 10 enriched GO pathways. Benjamini-Hochberg (BH) adjusted p value < 0.05. (B) The number of associations between all changed genes, pathways in which scSTAR-C1 or scSTAR -C2 was involved and better or worse overall survival in the 21 tumor types. (C) The percentage of prognosis results predicted by scSTAR-C2 and scSTAR-C3 in 21 cancer types. (D) Flow cytometry analysis of the frequency of CD279+CD8+ T cells (upper) and the quantification of CD44 protein level (below) for 5 paired samples, pre-gated on live/CD3+ T cells and live/CD3+/CD8+ T cells.



The differences between scSTAR-C1 and scSTAR-C2 cells with respect to pathway enrichment prompted us to investigate their role in ATHENA treatment. To address the challenge of not being able to assess the efficacy of ATHENA in most tumors due to the scarcity of cases, we put the genes involved in pathways into Kaplan-Meier for pan-cancer (21 cancer types) (22), which indirectly evaluated the therapeutic ability of ATHENA. In 21 cancer types, 36.51% of cancers had significantly better OS predicted by the 87 scSTAR-C2 marker genes upregulated after ATHENA treatment, while only 18.61% of cancers had significantly better OS predicted by the 100 scSTAR-C1 marker genes downregulated after ATHENA treatment. Additionally, 7.94% of cancers had significantly worse OS predicted by the 87 scSTAR-C2 marker genes upregulated after treatment, while 32.47% of cancers had significantly worse OS predicted by the 100 scSTAR-C1 marker genes downregulated after treatment (Figures 5B, C). The results demonstrated an association between upregulated genes after treatment and the percentage of significantly improved OS in the 21 tumor types. This suggested that ATHENA may activate anti-tumoral immunity by upregulating the genes involved in the adaptive immune response and immune response pathways and downregulating the genes involved in the 10 pathways. Similarly, we obtained the 299 scSTAR-C3 marker genes and the 61 scSTAR-C2 marker genes in CD4+ T cells (Supplementary Table 1). GSEA and survival analysis revealed that the 299 scSTAR-C3 marker genes favored a greater number of better OS and a smaller number of worse OS compared with the 61 scSTAR-C2 marker genes downregulated after treatment (Figures S4A–C and Supplementary Table 3).

To confirm these transcriptional findings at the protein level, we validated the status transitions of CD8+ T cells on paired samples derived from five patients treated with ATHENA by flow cytometry assay using the CD44 and CD279 surface markers. Comparison of matched pre- and post-treatment specimens demonstrated that the proportion of CD279+CD8+ T cells was reduced (paired-Student’s t test p=0.024) and the expression of CD44 molecule was upregulated (paired-Student’s t test p=0.32) after ATHENA treatment (Figure 5D). Although the change of CD44 molecule was no significant, the expression has an upward trend. These results suggested that ATHENA may reverse the exhausted status of CD8+ T cells. Taken together, we assumed that ATHENA might improve the activity of T cells to induce tumor regression by reducing exhausted status.



Fine clustering of B and myeloid cells

Since B and Myeloid cells had a larger change in cell proportions after treatment, we also identified four sub-clusters in B cells and Myeloid cells, respectively. Follicular B 1 (FO B 1) and Follicular B 2 (FO B 2) cells highly expressed CD83, CD69, SELL, and BANK1 (26). Plasma cells were enriched for CD38, SDC1, IGHA1, IGKC and MZB1 (27, 28). Regulatory B cells (Bregs) were enriched for CD27, CD24, CD1D and CR2, which were a new subset of B cells with immunosuppressive functions resembling those of T cells (29) (Figures 6A, B). Compared to pre-treatment, trajectory analysis revealed that the differentiation of Breg cells and Plasma cells toward FO B 1 cells after treatment (Figure 6C). We also observed that Bregs were associated with pre-treatment, but FO B 2 cells were associated with post-treatment (Figure 6D). Myeloid cells were composed of CD14+ Mono cells, CD16+ Mono cells, M1 cells and M1/M2 cells (Figures S5A, B). Trajectory analysis did not show a possible state change between these sub-clusters (Figure S5C). Only CD16+ Mono cells were associated with post-treatment (Figure S5D). We assumed that ATHENA also might affect the subtype composition of B and Myeloid cells.




Figure 6 | Detailed characterization of B cells and their association with treatment. (A) UMAP of B cells, colored by cell type and sample. (B) Bubble plot of selected B cells function-associated genes in each cell cluster. (C) Pseudotime analysis of B cells inferred by Monocle2. Each point corresponds to an individual cell colored by cluster (above) or by treatment (down). The density curves represent the distribution of each cluster. (D) The association between subtypes and treatment in B cells. The area of the ties represents the relative enrichment.





ATHENA also may enhance the anti-tumoral effect of B cells

In B cells, three subsets were re-clustered after scSTAR processed (Figure 7A). scSTAR-C1 and scSTAR-C2 were associated with post-treatment, plasma, FO B 1 and FO B 2, while scSTAR-C3 cells were associated with pre-treatment and Breg (Figure 7B). Trajectory analysis reflected that scSTAR-C2 and scSTAR-C3 were at the end of branches, which means a possible transition from scSTAR-C3 to scSTAR-C2 (Figure 7C). We observed that scSTAR-C2 highly expressed plasma-associated genes (CD38, CXCR4, IGKC and MZB1), while scSTAR-C3 highly expressed Breg-associated genes (CD27, CD24) (Figure 7D). We deduced that scSTAR-C3 might differentiate toward scSTAR-C2 during the treatment. Therefore, we hypothesized that scSTAR-C2 might dynamically possess the feature of elevated plasma-associated genes during treatment, while scSTAR-C3 might dynamically possess the feature of decreased Breg-associated gene. In Myeloid cells, three subsets were re-clustered after scSTAR processed (Figure S6A). scSTAR-C3 was associated with post-treatment and CD16+ Mono, while scSTAR-C2 was associated with pre-treatment, M1/M2 and M2. (Figures S6A, B). Cell states in the trajectory revealed that a possible transition from scSTAR-C2 to scSTAR-C3 (Figure S6C). We also observed that scSTAR-C3 highly expressed CD16+ Mono-associated genes (FCGR3A, CX3CR1), while scSTAR-C2 highly expressed M2-associated genes (CD68, CD163, CLEC7A, CTSD, MP9, TNFSF8) (Figure S6D). Thus, scSTAR-C2 might differentiate toward scSTAR-C3 during the treatment. We hypothesize that scSTAR-C3 may be dynamically characterized by elevated CD16+Mono-associated genes during treatment, while scSTAR-C2 may be dynamically characterized by decreased M2-associated genes.




Figure 7 | The association between molecular functional dynamics of B cells subsets and prognosis. (A) UMAP of B cells processed by the scSTAR algorithm, colored by sample and cluster. (B) The association between scSTAR-processed clusters and treatment (above) or B cell subclusters (down). The area of the ties represents the relative enrichment. (C) Trajectory analysis for the three scSTAR-processed clusters. Each point corresponds to an individual cell colored by cluster (above) or by sample (down). The density curves represent the distribution of each cluster. (D) Heatmap of scaled normalized expression for B cell function genes. (E) Pathway enrichment analysis of genes in scSTAR-C2 and scSTAR-C3, respectively. The bar plot showed the top 10 enriched GO pathways. Benjamini-Hochberg (BH) adjusted p value < 0.05. (F) The number of associations between all changed genes, pathways in which scSTAR-C2 or scSTAR-C3 was involved and better or worse overall survival in the 21 tumor types. (G) The percentage of prognosis results predicted by scSTAR-C2 and scSTAR-C3 in 21 cancer types.



For further understood the efficacy of ATHENA, we obtained 91 scSTAR-C2 marker genes, 70 scSTAR-C3 marker genes in B cells and 475 scSTAR-C3 marker genes, 163 scSTAR-C2 marker genes in Myeloid cells (Supplementary Table 1). As with the above analyses, A few GO terms were enriched in the above marker genes by GSEA analysis. In B cells, the 91 scSTAR-C2 marker genes upregulated after treatment were involved in top-ranked 10 pathways, such as adaptive immune response, B cell mediated immunity and lymphocyte activation (including CD40, IL4R, IGHD, GAPT and HLA families). In contrast, the 70 scSTAR-C3 genes downregulated after treatment were involved in top-ranked 10 pathways, such as apoptotic process and immune system development (including CD24, CD27, FOS and ITGB1) (Figure 7E and Supplementary Table 4). In Myeloid cells, the 475 scSTAR-C3 marker genes upregulated after treatment were involved in top-ranked 10 pathways, such as leukocyte differentiation and cell activation (including IL1B, CD86, BATF3 and LYN). In contrast, the 163 scSTAR-C2 marker genes downregulated after treatment were involved in top-ranked 10 pathways, such as defense response and innate immune response (including JUND, CD68, HIF1A and CD14) (Figure S6D and Supplementary Table 5). Then we put the genes involved in pathways into Kaplan-Meier for pan-cancer (21 cancer types). In B cells, 31.6% of cancers had significantly better OS predicted by the 91 scSTAR-C2 marker genes upregulated after ATHENA treatment, while only 7.79% of cancers had significantly better OS predicted by the 70 scSTAR-C3 marker genes downregulated after ATHENA treatment. 18.18% of cancers had significantly worse OS predicted by the 91 scSTAR-C2 marker genes upregulated after treatment, while 42.42% of cancers had significantly worse OS predicted by the 70 scSTAR-C3 marker genes downregulated after ATHENA treatment (Figures 7F, G). In Myeloid cells, 12.12% of cancers had significantly better OS predicted by the 475 scSTAR-C3 marker genes upregulated after ATHENA treatment, while 21.65% of cancers had significantly better OS predicted by the 163 scSTAR-C2 marker genes downregulated after ATHENA treatment. 27.27% of cancers had significantly worse OS predicted by the 475 scSTAR-C3 marker genes upregulated after treatment, while 24.24% of cancers had significantly worse OS predicted by the 163 scSTAR-C2 marker genes downregulated after ATHENA treatment (Figures S6F, G). There was no obvious change in OS before and after treatment. Thus, ATHENA might transform the status of the Myeloid cells, but did not improve the prognosis of the tumor. Based on the above analyses, B cells had a significant association between upregulated genes after treatment and the percentage of significantly improved OS in the 21 tumor types. This suggested that ATHENA may exert anti-tumor effects by alleviating the immunosuppression of Bregs on T cells and activating the effects of B cells.



Transcription factors were driven by ATHENA in T cells

Given the dramatic transitions of cell subtypes in CD8+ T cells, we hypothesized that some transcription factors (TFs) might serve as master regulators that enhance CD8+ T cell activity. Therefore, CD8+ T cells were applied to SCENIC (23) to reconstruct the gene regulatory network (GRN). The output was an activity score matrix of regulons per cell, which represents the link between transcription factors and their direct target gene.

To better reveal the change in regulon activity before and after treatment, scSTAR was also performed on the regulon matrix. In CD8+ T cells, we obtained three clusters and their differentially activated regulons (DRAs). Enrichment analysis showed that scSTAR-TF-C1 was associated with post-treatment and scSTAR-TF-C2 was associated with pre-treatment. Because scSTAR-TF-C3 had no association with pre- and post-treatment, we inferred that it mixed cells from pre- and post-treatment states and might be in a state of transition (Figures 8A, B). To further assess the role of regulons in prognosis, pan-cancer Kaplan–Meier survival analyses were performed on transcription factor activity. The top-ranked five TFs were selected, including FOXD2, FOXJ1, NR1H2, ZNF121, and HEY2 for scSTAR-TF-C1 and NPDC1, ZNF226, ZNF490, ZNF831, and ZNF354C for scSTAR-TF-C2 (Figure 8C). A total of 47.62% of cancers that highly expressed the top-ranked five TFs of scSTAR-TF-C1 had significantly better OS, while only 28.57% of cancers had significantly better OS predicted by the top-ranked five TFs of scSTAR-TF-C2. Additionally, only 9.52% of cancers that highly expressed the top-ranked five TFs of scSTAR-TF-C1 had significantly worse OS, while 19.05% of cancers had significantly worse OS predicted by the top-ranked five TFs of scSTAR-TF-C2 (Figure 8D). The results demonstrated that high regulon activities of scSTAR-TF-C1 favored a higher percentage of improved prognosis, while high regulon activities of scSTAR-TF-C2 favored a higher percentage of worse prognosis.




Figure 8 | scSTAR analysis of gene regulatory networks in CD8+ T cells. (A) UMAP of CD8+ T cells processed by the scSTAR algorithm and SCENIC, colored by sample and cluster. (B) The association between scSTAR-processed clusters and treatment (left) or CD8+ T cell sub-clusters (right). The area of the ties represents the relative enrichment. (C) Heatmap of scaled normalized regulon activity for CD8+ T cells as determined by two-sided Wilcoxon rank-sum test with Bonferroni FDR correction (q < 0.05). (D) The percentage of results predicted by scSTAR-TF-C1 and scSTAR-TF-C2 in 21 cancer types.



A similar phenomenon was observed in CD4+ T cells. There were five clusters and the DRAs of each cluster (Figure S7A). Among these clusters, scSTAR-TF-C1 and scSTAR-TF-C4 were associated with post-treatment, and scSTAR-TF-C2, scSTAR-TF-C3 and scSTAR-TF-C5 were associated with pre-treatment (Figure S7B). As expected, the DRAs of scSTAR-TF-C1 could predict a higher percentage of better prognosis than the DRAs of scSTAR-TF-C2, scSTAR-TF-C3 and scSTAR-TF-C5 (Figures S7C, D). We also performed the above analyses on B cells. Three clusters and DRAs of each cluster were identified (Figures S8A, B). scSTAR-TF-C2 was associated with pre-treatment and scSTAR-TF-C3 was associated with post-treatment (Figure S8B). In 21 cancer types, we failed to observe a change in OS for these DRA before and after treatment (Figure S8D). Thus, we inferred that these top-ranked five DRAs of CD8+ or CD4+ T cells for each cluster associated with post-treatment might be driven by ATHENA to improve prognosis.




Discussion

Our previous studies showed that irradiated cancer cell vaccines enhance anti-tumor efficacy by stimulating an intensive T-cell response in a mouse model (11, 17). Thus, we developed an improved whole-cell tumor vaccines called ATHENA. In this study, we performed the ATHENA technique on a 6-year-old patient diagnosed with meningeal rhabdomyosarcoma. After treatment, the patient achieved CR due to the regression in most lesions. Here, we leveraged deep scRNA-seq to explore the dynamics of PBMCs before and after treatment. With the scSTAR algorithm, an exciting phenomenon that the exhausted status was shifted towards memory status in T cells and Breg cells were converted to Plasma or Follicular B cells during ATHENA treatment was observed. Survival analysis and transcription factor analysis revealed enhancement of T cell activity and anti-tumor effects. Through this study, we provide a proven approach for exploring the mechanisms of rare cases or personalized cancer treatment and the introduction of ATHENA may be an alternative complement for cancer immunotherapy.

Although there was little change in T cells regarding cell proportions, a variety of cell states were likely to occur. With the scSTAR algorithm, we revealed the molecular dynamics features of CD8+ T and CD4+ T cells during treatment. We discovered that memory-like genes (SELL, LEF1, CCR7, TBX21, CXCR4, FASLG, FOXP1) were upregulated, while exhausted genes (HAVCR2, PDCD1, CTLA4, BATF, LAG3) were downregulated after ATHENA treatment.

Based on the larger change in the proportion of B and Myeloid cells before and after treatment, we also explored the molecular dynamics features of B and Myeloid cells during treatment. The marker genes of Follicular B or Plasma cells were upregulated, while the marker genes of Bregs were downregulated after ATHENA treatment. Therefore, we assumed that ATHENA may not only alleviate the immunosuppression effect of Bregs on T cells and enhance the anti-tumoral activity of Follicular B and Plasma cells, but regain the differentiation and effector potential of T cells by reversing the exhausted phenotype.

Given the scarcity of cases and the difficulty in biopsies, accurate assessment of efficacy poses a challenge to our study. We infer that peripheral circulating immunity reflects to some extent the prognosis of the disease. Putting the 87 scSTAR-C2 marker genes and the 100 scSTAR-C1 marker genes in CD8+ T cells, the 299 scSTAR-C3 marker genes and the 61 scSTAR-C2 marker genes in CD4+ T cells, the 91 scSTAR-C2 marker genes and the 70 scSTAR-C3 marker genes in B cells into Kaplan-Meier survival analysis for pan-cancer revealed that ATHENA not only increased the proportion of superior prognosis but also decreased the proportion of inferior prognosis. We further demonstrate that transcription factors with enhanced activity in T cells after treatment predict a greater proportion of better prognosis as well. Therefore, T cell transitions with enhanced activity trigger systemic peripheral immunity to kill cancer cells.

Current immunotherapies, such as ICB or CAR-T therapy, are approximately 20% effective in the overall population (30). According to the results of survival analysis for 21 cancer types, ATHENA may have unexpectedly high efficiency beyond current immunotherapies. Previous studies reported that PD-1 inhibitors could reverse the exhausted state of terminally exhausted Texp cells during chronic viral infection (20, 31). This result was similar with our results. Therefore, the combination of anti-PD-1 inhibitors and ATHENA may have a synergistic potential to increase the efficiency of immunotherapy. Despite an initial glimpse into the molecular dynamics of PBMCs before and after ATHENA treatment from a single-cell perspective, we still need more cases, samples and experiments to refine our studies. More time is needed for follow-up to understand the clinical efficacy and adverse effects.

Here, our central work introduces the clinical outcome of one case treated with ATHENA and its potential dynamic changes in immune molecules before and after treatment. Based on our study, we also aimed to present a unique approach to analyze the feature of rare cases or the mechanism of personalized treatment. More trials were needed to identify tumors that are sensitive to ATHENA and explore effective prediction biomarkers. In addition, combining ATHENA with nanoparticle systems or ICIs may be a promising method to enhance the efficacy of treatment. Therefore, our current research paves the way for the dissemination of ATHENA technology and unique analytical methods.
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Supplementary Figure 1 | Trajectory analysis of CD8+ T cells. (A) Pseudotime analysis of CD8+ T cells inferred by Monocle2. Each point corresponds to an individual cell colored by cluster The density curves represent the distribution of each cluster. (B) Corresponding to Figure S1A. Each point corresponds to an individual cell colored by cluster The density curves represent the distribution of treatment.

Supplementary Figure 2 | Detailed characterization of CD8+ TEX cells and molecular functional dynamics of CD8+ T cell subsets. (A) UMAP of all CD8+ TEx cells, colored by cell type and sample. (B) Bubble plot of selected CD8+ TEx cell function-associated genes in each cell cluster. (C) Pseudotime analysis of CD8+ TEX cells inferred by Monocle2. Each point corresponds to an individual cell colored by cluster (left) or by treatment (right). The density curves represent the distribution of each cluster. (D) UMAP of CD8+ TEX cells processed by the scSTAR algorithm, colored by sample and cluster. (B) The association between scSTAR-processed clusters and treatment (above) or CD8+ TEX subclusters (down). The area of the ties represents the relative enrichment. (F) Heatmap of scaled normalized expression for scSTAR-cluster function genes.

Supplementary Figure 3 | Detailed characterization of CD4+ T cells and their association with treatment. (A) UMAP of all CD4+ T cells, colored and labeled by cell type. (B) Heatmap of selected CD4+ T cell function-associated genes in each cell cluster. (C) The association between subtypes and treatment. The area of the ties represents the relative enrichment. (D) Pseudotime analysis of CD4+ T cells inferred by Monocle2. Each point corresponds to an individual cell colored by treatment. The density curves represent the distribution of each cluster. (E) Changes in CD4T trajectory before and after treatment. Each point corresponds to an individual cell colored by treatment. The density curves represent the distribution of each cluster.

Supplementary Figure 4 | The association between molecular functional dynamics of CD4+ T cell subsets and prognosis. (A) UMAP of CD4+ T cells processed by the scSTAR algorithm, colored by sample and cluster. (B) Trajectory analysis for the three scSTAR-processed clusters. Each point corresponds to an individual cell colored by cluster (above) or by sample (down). The density curves represent the distribution of each cluster. (C) The association between scSTAR-processed clusters and treatment (above) or CD4+ T cell subclusters (down). The area of the ties represents the relative enrichment. (D) Pathway enrichment analysis of genes in in scSTAR-C2 and scSTAR-C3, respectively. The bar plot showed the top 10 enriched GO pathways. Benjamini-Hochberg (BH) adjusted p value < 0.05. (E) The number of associations between all changed genes, pathways in which scSTAR-C2 or scSTAR-C3 was involved and better or worse overall survival in the 21 tumor types. (F) The percentage of prognosis results predicted by scSTAR-C2 and scSTAR-C3 in 21 cancer types.

Supplementary Figure 5 | Detailed characterization of Myeloid cells and their association with treatment. (A) UMAP of all Myeloid cells, colored by cell type and sample. (B) Bubble plot of selected Myeloid cells function-associated genes in each cell cluster. (C) Pseudotime analysis of Myeloid cells derived from PBMC samples inferred by Monocle2. Each point corresponds to an individual cell colored by cluster (above) or by treatment (down). The density curves represent the distribution of each cluster. (D) The association between subtypes and treatment in Myeloid cells. The area of the ties represents the relative enrichment.

Supplementary Figure 6 | The association between molecular functional dynamics of Myeloid cell subsets and prognosis. (A) UMAP of Myeloid cells processed by the scSTAR algorithm, colored by sample and cluster. (B) The association between scSTAR-processed clusters and treatment. The area of the ties represents the relative enrichment. (C) Trajectory analysis for the three scSTAR-processed clusters. Each point corresponds to an individual cell colored by cluster (above) or by sample (down). The density curves represent the distribution of each cluster. (D) Heatmap of scaled normalized expression for scSTAR cell function genes. (E) Pathways enriched in Myeloid cells in scSTAR-C2 and p Myeloid-C3. The bar plot showed the top 10 enriched GO pathways. Benjamini-Hochberg (BH) adjusted p value < 0.05. (F) The number of associations between all changed genes, pathways in which scSTAR-C2 or scSTAR-C3 was involved and better or worse overall survival in the 21 tumor types. (G) The percentage of prognosis results predicted by scSTAR-C2 and scSTAR-C3 in 21 cancer types.

Supplementary Figure 7 | scSTAR analysis of gene regulatory networks in CD4+ T cells. (A) UMAP of CD4+ T cells processed by the scSTAR algorithm and SCENIC, colored by sample and cluster. (B) The association between scSTAR-processed clusters and treatment. The area of the ties represents the relative enrichment. (C) Heatmap of scaled normalized regulon activity for CD4+ T cells as determined by two-sided Wilcoxon rank-sum test with Bonferroni FDR correction (q < 0.05). (D) The percentage of prognosis results predicted by scSTAR-processed clusters in 21 cancer types.

Supplementary Figure 8 | scSTAR analysis of gene regulatory networks in B cells. (A) UMAP of B cells processed by the scSTAR algorithm and SCENIC, colored by sample and cluster. (B) The association between scSTAR-processed clusters and treatment. The area of the ties represents the relative enrichment. (C) Heatmap of scaled normalized regulon activity for B cells as determined by two-sided Wilcoxon rank-sum test with Bonferroni FDR correction (q < 0.05). (D) The percentage of prognosis results predicted by scSTAR-processed clusters in 21 cancer types.
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Background

Previous studies indicated the evidence that baseline levels of thyroid antibodies, thyroid status, and serum lactate dehydrogenase (LDH) and M stage may influence the prognosis of patients with advanced or metastatic melanoma treated with immune checkpoint inhibitors that targets programmed cell death-1 (PD-1) or programmed death ligand 1, which reported that dramatic improvements in survival rates were observed; however, the presence of controversy has prevented consensus from being reached. Study objectives were to develop a nomogram to identify several prognostic factors in Chinese patients with metastatic melanoma receiving immunotherapy.



Methods

This retrospective study included 231 patients from Sun Yat-sen University Cancer Center, and patients were split into internal cohort (n = 165) and external validation cohort (n = 66). We developed a nomogram for the prediction of response and prognosis on the basis of the levels of serum thyroid peroxidase antibody (A-TPO), free T3 (FT3), and LDH and M stage that were measured at the baseline of anti–PD-1 infusion. In addition, the follow-up lasted at least until 5 years after the treatment or mortality. RECIST v1.1 was used to classify treatment responses.



Results

Chi-square test showed that PD-1 antibody was more effective in patients with melanoma with high level baseline FT4 or earlier M stage. A multivariate Cox analysis showed that baseline FT3 (P = 0.009), baseline A-TPO (P = 0.016), and LDH (P = 0.013) levels and M stage (P < 0.001) independently predicted overall survival (OS) in patients with melanoma. The above factors are integrated, and a prediction model is established, i.e., nomogram. Survival probability area-under-the-curve values of 1, 2, and 3 years in the training, internal validation, and external validation cohorts showed the prognostic accuracy and clinical applicability of nomogram (training: 0.714, 0.757, and 0.764; internal validation: 0.7171963, 0.756549, and 0.7651486; external validation: 0.748, 0.710, and 0.856). In addition, the OS of low-risk (total score ≤ 142.65) versus high-risk (total score > 142.65) patients varied significantly in both training group (P < 0.0001) and external validation cohort (P = 0.0012).



Conclusions

According to this study, baseline biomarkers are associated with response to immunotherapy and prognosis among patients with metastatic melanoma. Treatment regimens can be tailor-made on the basis of these biomarkers.





Keywords: metastatic melanoma, immunotherapy, nomogram, anti-pd-1 treatment, baseline indicators



Introduction

As oncology advances, immunotherapy targeting immune checkpoints are gaining popularity, such as cytotoxic T lymphocyte antigen 4 (CTLA-4) and programmed cell death-1 (PD-1). Because the immune checkpoint inhibitors (ICIs) have emerged, they have rapidly been integrated into many cancer treatment regimens in the past decade. As the leading cause of skin cancer–related mortality, melanoma has the capacity to develop distant metastases (1). Despite the absence of curative options for advanced melanoma, the advent of immunotherapy dramatically improves the prognoses (2). In spite of their impressive effects on malignancies, there were still a majority of patients who were not able to benefit from the anti–PD-1/programmed death ligand 1 (PD-L1) monotherapy, and these treatments also induce a variety of immune-related adverse events (irAEs), some of which can be fatal (3–7). According to randomized clinical trials, the occurrence of endocrine irAEs during anti–PD-1 monotherapy ranged from 3.8% to 20.8%, whereas anti–PD-1 + anti–CTLA-4 combination treatment regimen has been associated with 14.4% to 34% (8). During anti–PD-1 immunotherapy, thyroid toxicity accounts for 5% to 15% of all irAEs (9, 10). Most commonly, symptoms of thyroid toxicity include transient thyrotoxicosis and hypothyroidism, similar to classical thyroiditis, although its precise cause remains unknown (11, 12). Previously, thyroid toxicity during immunotherapy may be linked with improved overall survival (OS); however, with small sample sizes, these studies may be limited, including patients with renal cell carcinoma and non–small cell lung cancer (NSCLC), and progression-free survival (PFS) showed inconsistent effects (13–15). Lactate dehydrogenase (LDH) is a vital physiological enzyme involved in enhanced aerobic glycolysis, catalyzing pyruvate’s reversible transformation to lactate. In addition, lactate accumulation reduced CD8+ T cell and natural killer cell survival and cytolytic capacity, promoting tumor immune escape (16). Numerous studies suggested that patients with cancer with a high level of LDH may lead to poor prognosis in multiple cancer types due to the antagonism of anti–PD-1/PD-L1 antibodies, and LDH blockade improves the effectiveness of anti–PD-1 therapy (17–19). There is an ongoing debate regarding whether LDH can be used to assess the prognosis of patients with melanoma treated with anti–PD-1/PD-L1 antibodies, because some evidence suggest that OS/PFS and pretreatment LDH have no significant correlation (20–22).

Currently, oncologic outcome nomograms can be used to evaluate risk by considering important clinical and pathological factors (23, 24). The creation of predictive nomograms may help both patients and physicians in making better management decisions. In addition to this, several types of cancer have shown that nomograms are more accurate than traditional TNM classifications (25, 26). However, nomograms based on Chinese population cohort to predict prognosis and guide immunotherapy in metastatic melanoma are rare.

Therefore, we hypothesized that the baseline levels of thyroid antibodies, thyroid status, and serum LDH and M stage before immunotherapy might predict treatment outcomes in patients with metastatic melanoma. In present study, on the basis of a large prospective cohort of Chinese patients with metastatic melanoma, we explored the correlation between several baseline factors and prognosis. Furthermore, we constructed a risk score model and developed a nomogram in conjunction with clinical characteristics. Identifying effective biomarkers to predict response and prognosis after immunotherapy may benefit in guiding treatment regimen.



Materials and methods


Patients and samples

Study approval was granted by the Ethics Committee of Sun Yat-sen University Cancer Center. We retrospectively collected 165 patients diagnosed with metastatic melanoma receiving anti–PD-1 treatment between March 2015 and December 2019 at Sun Yat-sen University Cancer Center. The inclusion criteria are as follows: (a) patients diagnosed with advanced melanoma, (b) patients who underwent anti–PD-1 treatment, (c) measurability of tumor lesions/lymph nodes, and (d) availability of clinical data. The exclusion criteria are as follows: (a) preoperative therapy (neoadjuvant radiotherapy or chemotherapy), (b) patients with other types of malignancies, (c) missing essential histopathological results, (d) missing essential imaging data to evaluate response, and (e) incomplete information.

We enrolled another 66 patients with metastatic melanoma who underwent anti–PD-1 antibody treatment between March 2017 and December 2021 as an external validation cohort that is also from the Sun Yat-sen University Cancer Center.

Serum was collected at baseline to determine free T3 (FT3; reference range: 2.80–7.10 pmol/L), free T4 (FT4; reference range: 12.00–22.00 pmol/L), thyroid-stimulating hormone (TSH; reference range: 0.27–4.20 uIU/ml), thyroglobulin (TG; reference range: 3.5–77.00 ng/ml), thyroid peroxidase antibody (A-TPO; reference range: 0–35.00 U/ml), and LDH (reference range: 120.00–250.00 U/L) levels.



Follow-up

After anti–PD-1 treatment, we maintain a regular contact with patients through outpatient reexaminations, telephone calls, and hospital medical records at least until 5 years after the treatment or mortality. Patients with incomplete follow-up were censored. In this study, a follow-up is due by 28 February 2022. On the basis of the standard Response Evaluation Criteria In Solid Tumors (RECIST) version 1.1 (Supplementary Table 1) (27), OS is defined as the period between the start of therapy and death, whereas PFS is calculated until the tumor progresses or death. In melanoma, non-PD, composed of complete response (CR), partial response (PR), and simple disease (SD), which we always equate as “disease control rate”, predicts survival better than response alone.



Statistical analysis

All data analysis was performed using SPSS 25.0 software (IBM, USA), GraphPad Prism 9 (GraphPad Software, Inc., USA), and R software 4.1.0 (https://www.r-project.org/). It is worth noting that we use the median as the cutoff value of thyroid function grouping. Chi-square test was used to analyze the correlation between clinical baseline characteristics and short-term efficacy of the PD-1 antibody. Survival analysis was performed by the Kaplan-Meier (K-M) method and tested by the log rank test. Univariate and multivariate analyses were performed by Cox regression model to evaluate the correlations between prognostic factors and OS, and the hazard ratios (HRs) and corresponding 95% confidence intervals (CIs) were shown. All statistical tests were two-sided, and P < 0.05 was supposed to be statistically significant.



The nomogram establishing

Univariate and multivariate Cox professional hazard models were used to determine the potential important prognostic factors of the entire cohort. Multivariate Cox regression analysis includes variables with P < 0.05 in univariate analysis. If significant effects were observed in Cox model (P < 0.05), then they were determined as prognostic factors independently. Finally, serum A-TPO, FT3, and LDH levels and M stage were confirmed as the independent prognostic factors. In addition, on the basis of Cox professional hazards models, nomogram models were constructed in R using the “rms” package and were shown by the “ggplot2” package. 



Discrimination and calibration of the nomogram

The nomogram was internally and externally validated, and the model discrimination and calibration were evaluated. The discrimination accuracy of the nomogram was estimated using the area under the curve (AUC). The AUC values range from 0.5 to 1. In case the AUC value is equal to 0.5, the nomogram has no ability to discriminate. On the contrary, if the AUC value is 1, then the model’s ability of stratifying patients into different prognosis groups is perfect. The calibration was evaluated through the calibration curve, which is a chart showing the correlation between the prediction probability and the observed result frequency. Standard curves are straight lines with slope 1 that pass through the origin of the coordinate axis. Nomograms are more accurate if the calibration curve is closer to the standard curve.



Stratification of risk groups based on nomograms

On the basis of the nomogram, we calculated each patient’s sum score by the “nomogramFormula” R package. Subsequently, the “surv_cutpoint” function in the “survminer” R package generated the cutoff points for stratifying the risk into low and high, and then, we carried out the survival analysis of the subgroup by the “survival” R package.




Results


Patient characteristics

Baseline characteristics of patients (n = 165) are shown in Table 1. In total, 165 patients with diagnosed melanoma were included in the study. In addition, 80 female patients (48.5%) and 85 male patients (51.5%) were included in the sample. One-hundred eleven of the 165 patients (67.2%) were younger than 60 years, and 54 (32.8%) were older than 60 years. According to the baseline LDH level, patients were stratified into two groups: 103 patients (62.4%) had normal LDH (LDH = 0), and 62 patients (37.6%) had increased LDH (LDH = 1). In addition, there are 42 (25.5%) patients carried a V-raf murine sarcoma viral oncogene homolog B1 (BRAF) mutation, and 123 (74.5%) patients were wild type. In patients with distant metastases (M1A, n = 42; M1B, n = 30; M1C, n = 72; M1D, n = 21), we delineate the M1 stage into two M categories: The first is defined as [M1A + M1B] and the second is defined as [M1C + M1D]. According to the indices of the baseline thyroid functions, each subgroup was divided into the low (below the median value) and high (above or equal to the median value) groups (cutoff values of each subgroup: baseline FT3, 4.54 pmol/L; baseline FT4, 16.18 pmol/L; baseline TSH, 1.66 uIU/ml; baseline A-TPO: 13.09 U/ml; baseline TG, 9.19 ng/ml).


Table 1 | Patient baseline characteristics.





The association of short-term efficacy of PD-1 blockade therapy with several baseline predictor variables in melanoma

According to whether disease had progressed, patients were stratified into two groups: progression (PD) and non-progression (CR + PR + SD) groups. Clear correlation between baseline FT4 (P = 0.001) or M stage (P = 0.015) and short-term tumor response was evident, suggesting that blocking PD-1 with therapeutic antibodies would be useful if patients had a high-level baseline FT4 or earlier M stage. In addition, there was no obvious correlation between a short-term efficacy of PD-1 antibodies and age, sex, LDH levels, BRAF mutation, baseline FT3, baseline TSH, baseline A-TPO, or baseline TG (Table 2).


Table 2 | The association of efficacy of PD-1 blockade therapy with several baseline predictor variables.





Analysis of influencing factors of overall survival of Chinese patients with metastatic melanoma

On the basis of the univariate analysis, baseline FT3 (HR, 0.519; CI, 0.339–0.796; P = 0.002), baseline FT4 (HR, 0.625; CI, 0.410–0.950; P = 0.026), baseline A-TPO (HR, 0.601; CI, 0.394–0.917; P = 0.017), and LDH (HR, 2.220; CI, 1.461–3.374; P = 0.0001) levels and M stage (HR, 2.170; CI, 1.395–3.375; P = 0.0004) were significantly associated with OS (Figure 1, Table 3). In contrast, age, sex, baseline TSH, baseline TG, and BRAF mutation did not influence OS (P > 0.05). A multivariate Cox analysis incorporating meaningful univariate analysis variables showed that baseline FT3 (HR, 0.554; 95% CI, 0.355–0.865; P = 0.009), baseline A-TPO (HR, 0.567; 95% CI, 0.381–0.904; P = 0.016), and LDH (HR, 1.738; 95% CI, 1.121–2.693; P = 0.013) levels and M stage (HR, 2.156; 95% CI, 1.361–3.414; P < 0.001) independently predicted OS in patients with melanoma. In addition, it was confirmed in this analysis that baseline FT4 does not have an independent prognostic value for melanoma. Tables 3, 4 show results for univariate and multivariate Cox regression models.




Figure 1 | Kaplan–Meier estimates of overall survival (OS) of patients with metastatic melanoma in different groups. (A) Baseline FT3:OS curve of patients in the high group (n = 82) versus the low group (n = 83). (B) baseline A-TPO : OS curve of patients in the high group (n = 83) versus the low group (n = 82). (C) LDH level:OS curve of patients in the normal group (n = 103) versus the rise group (n = 62). (D) M stage:OS curve of patients in group 1 (n = 72) versus group 2 (n = 93).




Table 3 | Univariate Cox regression analysis of influencing factors of overall survival (OS).




Table 4 | Multivariate Cox regression analysis of influencing factors of overall survival (OS).





Prognostic nomogram for overall survival of Chinese patients with metastatic melanoma treated with anti–PD-1 antibodies 

The prediction model is presented in the form of nomogram (Figure 2). The variables included in the model were baseline FT3 (1 = low, 2 = high), baseline A-TPO (1 = low, 2 = high), M stage (1 = M1A or M1B, 2 = M1C or M1D), and LDH (normal = 0, elevated = 1) levels. A score is assigned to each independent predictor by writing a line pointing directly to the axis of score. The total score is obtained by adding up the scores of all related factors, and the corresponding predicted survival probability can be obtained by making a vertical line from the total score axis to intersect the survival probability axis of 1, 2, and 3 years. For example, a patient with stage M1C melanoma (100 points) with normal LDH level (0 points), whose baseline FT3 is 2.25 pmol/L (78 points) and baseline A-TPO is 17.24 U/ml (0 points), has a sum score equal to 178, which corresponds to the foreseen survival probability of 1, 2, and 3 years of 69%, 44%, and 33%, respectively (Supplementary Table 2).




Figure 2 | Prognostic Nomograms of 1-, 2-, and 3-year OS for patients with metastatic melanoma. For every patient in the nomogram, four lines are drawn upward to calculate the points received from the four predictors. The sum of the points is located on the “Total Points” axis. In addition, the possibility of 1-, 2-, and 3-year OS is determined by drawing a downward line.





Calibration and verification of nomogram

First, the calibration curve shows that, in the training cohort, the actual observations are in excellent agreement with the prediction results of the nomogram (Figure 3). Second, we carried out internal verification. The internal verification is carried out by randomly segmenting the data set at 7:3 and repeating it 500 times, calculating the AUC value, and counting its mean value, respectively. The 1-year survival probability AUC mean is 0.7171963, the 2-year survival probability mean value is 0.756549, and the 3-year survival probability mean value is 0.7651486 (Figure 4), which showed a good discrimination ability in the training cohort made up of 165 Chinese patients with metastatic melanoma. Last, prognostic accuracy and clinical applicability of nomogram were evaluated using ROC curves and AUC values of 1-, 2-, and 3-year survival probability in the training cohort and the external verification cohort. The AUC values in the ROC curve analysis showed a good accuracy (the AUC values of 1-, 2-, and 3-year survival probability in the training cohort were 0.714, 0.757, and 0.764 and in the external verification cohort were 0.748, 0.710, and 0.856, respectively) (Figure 5).




Figure 3 | Calibration curves predicting the (A) 1-, (B) 2-, and (C) 3-year OS of patients in the training cohort. On the x-axis are the predicted survival probabilities, and on the y-axis are the actual survival probabilities. There is an agreement between the prediction and reality based on the 45° line (gray line).






Figure 4 | Box map: AUC mean value of 1-, 2-, and 3-year survival probability.






Figure 5 | The prognostic accuracy of the nomogram was estimated by using ROC curves and AUCs at 1, 2, and 3 years in the training cohort (A) and the external validation cohort (B).





Risk assessment capabilities of the nomogram

On the basis of the nomogram, 142.65 was the cutoff value for the sum score (Supplementary Figure S1). We divided all patients into two risk groups based on the cutoff value (142.65): high-risk group (>142.65) and low-risk group (≤142.65). There was a remarkable difference in OS between individuals who were at low risk and those who were at high risk (P < 0.0001). When the unchanged cutoff value was applied to the external validation cohort, it was also possible to discriminate between high- and low-risk OS in Kaplan-Meier (K-M) curves. Observations show that the OS of low-risk group is overwhelmingly superior to that of the high-risk group OS (P = 0.0012) (Figure 6).




Figure 6 | The Kaplan–Meier curve shows OS with risk stratification in the training cohort (A) and in the external validation cohort (B).






Discussion

Melanoma is one of the most aggressive forms of skin cancer, accounting for 5% of all cases, but 80% of mortality is related to it (28). Therefore, immunotherapy is administered to patients with metastatic melanoma as an adjuvant treatment (29). Nevertheless, not all patients benefit from immunotherapy, so new methods that predict treatment response are needed. Several studies have shown that thyroid antibodies, thyroid status, serum LDH, and M stage are all predictors of immunotherapy response, but they each have their limitations (15, 30). Thus, further research into the association may be of value in developing a combined biomarker model that can better predict the response in advanced melanoma.

Our study explored the relationship between various baseline clinicopathological factors before treatment and the short-term efficacy of PD-1 antibody. Chi-square test showed that PD-1 antibody was more effective in patients with melanoma with higher level baseline FT4 or earlier M stage. Furthermore, in Table 2, we can see that lower baseline FT3 is associated with a worse efficacy [more patients with progressive disease (PD)], which is consistent with the results of Cox that lower baseline FT3 levels are correlated with worse prognosis (shorter OS in the low-level baseline FT3 group). The reason why the statistical value is meaningless (P > 0.05) should be that the sample size is not big enough.

It has been proven that the comprehensive analysis of baseline clinicopathological factors by nomogram can accurately predict the clinical results of metastatic melanoma checkpoint inhibitor immunotherapy (31). However, it is still an unsolved challenge to use clinical indicators to stratify the prognosis of metastatic melanoma treated with PD-1 antibody and predict its oncological outcome in the Chinese population. The research described here is the first to develop a clinically useful nomogram for accurately predicting the outcomes of checkpoint inhibitor immunotherapy in metastatic melanoma in Chinese patients, based on a comprehensive analysis of a variety of baseline clinicopathological variables. In this study, the patient cohort was originated from the Sun Yat-sen University Cancer Center (Guangzhou, China), one of the largest cancer hospitals in China. It appears that the sample enrolled in this cohort is both generalizable and representative of Chinese patients with melanoma. Our study explored the relationship between the baseline pretreatment clinicopathologic factors and the prognosis of PD-1 antibody therapy. It may assist clinicians to identify patients with poor prognosis in PD-1 antibody therapy, who may be in need of novel clinical trials options at the outset (i.e., first line).

There have been several clinical (e.g., presence/absence of liver and brain metastases) (30, 32) and hematologic factors (e.g., LDH) (33) that have been described to be linked to ICI response or resistance (34). In the majority of the cases, these factors, however, have not been included in multivariable models. In this study, we verified that baseline FT3, baseline A-TPO, LDH, and M stage (presence/absence of liver and brain metastases) were the independent prognostic factors of OS in patients with metastatic melanoma treated with PD-1 antibody, through the univariate and multivariate analyses. LDH, a factor of the melanoma American Joint Committee on Cancer (AJCC) staging, is a prognostic factor for other types of cancer. In addition, LDH has also proved to be a predictive marker, and a higher level of LDH is related with shorter PFS and OS in immunotherapy (35, 36). In addition, studies have shown that baseline FT3 levels are negatively correlated with cancer mortality (37, 38). Patients with baseline A-TPO level above the median had a higher OS (15), and the presence of liver or brain metastases is associated with shorter OS (31). The results of this study support these conclusions.

A nomogram was developed on the basis of the risk score model and clinical features to predict the survival possibility in metastatic melanoma. The nomogram was established according to four independent risk factors, and the patients were divided into high-risk group and low-risk group by the ROC curve analysis. It is encouraging to note that low-risk patients had a significantly better OS than high-risk patients. There is an excellent agreement between the actual observations and the predictions of the nomogram, as shown by the calibration curve. In China, we lack indicators for prognostic assessment and risk subgroup stratification of patients with metastatic melanoma treated with PD-1 antibody. Therefore, the line chart can help Chinese doctors in using this Chinese doctors’ scoring system to predict the individual survival of patients with metastatic melanoma. Aside from that, clinical studies can benefit from the scoring system because the system can provide stratified information for patients to decrease sample selection deviations.

It is important to note, however, that the current study still has some limitations that must be considered. Statistically valid risk score models and nomograms must be validated in larger clinical cohorts to determine the impact of thyroid antibodies, thyroid status, serum LDH, and M stage on response of immunotherapy and prognosis. In addition, it is necessary to validate our nomogram with a different experimental cohort. However, because of the limitation of data acquisition, we cannot do this for the time being. Moreover, more research studies are required to dynamically detect the level of serum thyroid hormone thyroid antibodies and LDH during the process of anti–PD-1 treatment and to verify the relationship between these factors and prognosis. Overt thyroid toxicity during treatment significantly prolonged OS and PFS in patients with metastatic melanoma, NSCLC, and renal cell carcinoma (RCC) receiving anti–PD-1. Previous studies in recent years assumed that these patients with higher levels of autoimmunity may benefit from anti-cancer treatment via autoimmune pathways because they are more susceptible to autoimmunity, which is supported by numerous studies indicating a positive correlation between irAEs and improved response and survival rates in patients treated with anti–PD-1 (39–44). There were, however, a number of limitations to most of these studies, including their retrospective design and/or small sample size; while comparing with published associations with other irAEs, we found that thyroid toxicity had much larger effect sizes on OS in our current retrospective study (39–44). In addition, the number of samples in this study is limited. Hence, to validate the model, additional external cohorts will be required. As a result, risk factors play an essential role in predicting clinical response and prognosis in patients with metastatic melanoma after anti–PD-1 treatment and are in need of further validation and updating in the future.



Conclusions

In conclusion, this study construct a nomogram based on the baseline levels of thyroid antibodies, thyroid status, serum LDH, and M stage before anti–PD-1, showing that the factors are strong predictive markers for response and prognosis to anti–PD-1 treatment in metastatic melanoma. This parameter may serve as a novel effective marker to predict response and prognosis, therefore assisting in treatment regimen selection.
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Background

The incidence of DLBCL in elderly patients has been gradually increased. Considering their comorbidities and performance status, the first-line standard treatment hasn’t been determined for the elderly.



Methods

We performed a systemic review and network meta-analysis to compare the efficacy and safety of all eligible regimens as first line treatment for elderly patients with DLBCL. We searched PubMed, Cochrane Library, and Embase Library proceedings up to March 2022.



Results

Our search yielded thirteen trials including 1839 patients. R2CHOP21 showed the best PFS with a statistical difference and the most favorable OS without a statistical difference. RCOMP showed the most clinical benefits in EFS, CR and OR with no significant difference. The point estimate was in favored improved DFS with RCHOP14 than RCHOP21, although this was not statistically significant. In a subgroup analysis concerning 3-4 grade AEs revealed R-COMP was associated with a decrease in grade III/IV neutropenia and cardiac toxic events; RminiCEOP was associated with the lower rates of 3-4 grade anemia, thrombocytopenia and infection; RCHOP21 had the lowest rate of 3-4 grade AE of neurotoxicity.



Conclusion

The findings of our meta-analysis indicated that R2CHOP21 provided the best disease control in PFS and represented an optimal first-line treatment option in the elderly with DLBCL. Furthermore, RCOMP, RminiCEOP and RCHOP21 exhibited lower rates in different 3-4 grade AEs and might be reasonable treatment options in the elderly with poor general conditions.
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1 Background

Diffuse large B-cell lymphoma (DLBCL) is very common in adult lymphoma, and the incidence has gradually increased in recent years (1). Most DLBCL cases occur in patients aged 60-70 years old at diagnosis, and approximately 40% are over 70 years old (2, 3). The advanced age among DLBCL patients at presentation demands that we place our focus on the management of DLBCL in elderly and very elderly patients (4).

It is well-known that rituximab + CHOP (cyclophosphamide, doxorubicin, vincristine, and prednisolone plus rituximab) is the fundamental and standard regimen for treatment of B-cell lymphoma, especially for DLBCL (5, 6). R-CHOP regimen has also been proven to be a suitable treatment for elderly patients with DLBCL, mainly in patients with low-risk (7). Elderly patients with high-risk cannot tolerate standard doses due to factors such as age, comorbidities, or performance status (8). Different protocol, such as dose-adjusted CHOP chemotherapy with rituximab (DA-POCH-R), was presented as the alternatively recommended treatment (9). Elderly patients can achieve a long-term remission rate of 50-60% after receiving attenuated R-CHOP therapy (10, 11). The trial (NCT01148446) aiming at compared standard R-CHOP with RminiCEOP (epirubicin, cyclophosphamide, vinblastine and prednisone with rituximab), and demonstrated that DLBCL patients with low-risk disease and over 72 years had a better outcome on R-miniCEOP compared to R-CHOP (12). Additionally, several studies analyzed the impact of the dose-dense regimen and treatment cycles. For instance, the trial RICOVER60 found that no significant differences were identified between 6 and 8 cycles of the R-CHOP14 regimen administered in DLBCL patients older than 60 years (13). As for the analysis of the dose-dense regimen, one trial was conducted by the GELA group and limited to elderly population; another trial was run by the British National Investigation (BNLI) among patients of all age (14, 15). The results of these two studies involving more than one thousand participants both failed to identify significant differences of benefits in the arm of dose-dense regimen. In addition to focusing on improving the survival outcomes, the adverse events of the therapies for the elderly are also important measuring factors. Previous studies reported that adverse events, involving cardiac and hematologic toxicity, were common in older patients during the R-CHOP regimen (13, 14). Substituting doxorubicin (gemcitabine or etoposide) with less cardiotoxic anthracyclines (e.g., epirubicin and pegylated doxorubicin) or other molecules might be a safe and effective approach. For DLBCL patients ≥60 years old, R-COMP (with Myocet ® instead of conventional doxorubicin) was similar in efficacy to R-CHOP, but unfortunately no significant reduction in early cardio-toxicity was observed (16). The replacement of etoposide for doxorubicin in standard-dose R-CHOP (named as R-CEOP) was recommended to be used in patients who have a contraindication to anthracyclines; however, it is unclear whether this compromises clinical outcomes (17). These data strongly indicated that the first-line treatment options for the elderly need to be further explored and discussed.

To better define and tailoring the best frontline therapeutic strategies for elderly DLBCL patients among current and past available treatment approaches, we carried out this systematic review and network meta-analysis comprising all available randomized clinical trials to date.



2 Material and methods


2.1 Systematic review of the literature

The search strategy of our work comprised terms defining DLBCL and related disorders, elderly, and a sensitive filter strategy for randomized clinical trials. The search strategy for all the databases used is available in Supplementary Table 1. A bibliographic search of Pubmed, Cochorane and EMBASE databases for all accessible published randomized clinical trials (RCTs) was performed up to 20/3/2022. As for all retrieved RCTs and previous systematic reviews, we also hand-searched their references. Two authors (Linhui Hu and Yangyang Wang) conducted the literature search and study selection independently, with divergence reviewed and solved by consensus.

Inclusion criteria were strictly selected according to PICOS criteria, including population, intervention, comparator, outcome, and study design (18). The studies included in our analysis were randomized clinical head-to-head trials. The population analyzed involved newly diagnosed DLBCL patients who have not received treatment (over 60 years of age). Interventions included all regimens with R-CHOP, CHOP, R-CEOP, R-COMP, and any therapy applied in elderly DLBCL patients. Any comparator was brought in consideration. The primary efficacy outcomes were overall survival (OS), progression-free survival (PFS), event-free survival (EFS), and disease-free survival (DFS). Tumor responses were classified as complete response (CR) and overall response (OR), considering the criteria proposed by the International Workshop (19). Adverse events (AEs) included infection, hematological, cardiovascular, and neurological events. All the studies were published in English.

We excluded articles that only studied subgroups within the selected population (e.g., young patients); did not analyze efficacy outcomes mentioned above; did not present hazard ratio (HR) data; did not provide the data used for calculating the clinical outcome indicators we need, or were published in a language other than English.



2.2 Data extraction and quality assessment

The data extraction on the first author, treatment blinding, publication year, region, sample sizes, general characteristics of the population, therapeutic regimen and clinical outcomes were retrieved and summarized independently by two authors (Linhui Hu and Yangyang Wang) following Cochrane Collaboration guidelines. As for the identical study that published clinical outcomes based on different follow-up times, we extracted the most recent data in our analysis.

The bias risk of all the enrolled RCTs was assessed by two authors (Yangyang Wang and Xiyang Ren) using the Cochrane Risk of Bias Tool, involving seven items: random sequence generation, allocation sequence concealment, blinding of population and personnel, blinding of outcome evaluation, incomplete outcome data, selective outcome reporting, and other sources of bias (20). RCTs can be classified as low, high, or vague risk of bias.



2.3 Network meta-analysis

The hazard ratio (HR) for survival outcomes (OS, PFS, EFS, and DFS), the odds ratio for binary outcomes of treatment responses (CR, OR, and grade 3-4 AEs), and their 95% CIs were employed to measure clinical outcomes and safeties.

First, the network meta-analysis was performed by employing the mtc.model and mtc.run functions of the gemtc R package (21). These functions mentioned above implemented Bayesian methods that combine direct and indirect evidence. Fixed and random-effect models were considered and compared by deviance information criteria (DIC). The model which best adapts to the network (with the lowest score of DIC) was determined, constructing a value of 5 as the minimum relevant difference between the two alternatives (22). Second, a network of binary clinical outcomes including OR, CR, and AEs was established within all the enrolled studies and was used to specify the relationship among odds ratios across studies in order to compare different treatments in elderly DLBCL patients. Moreover, as for each outcome, the probability of every treatment was estimated at each possible rank, and the distribution of each regimen’s probabilities was presented in histograms.




3 Results


3.1 Systematic review and characteristics of all trials

The literature search in our study yielded 914 eligible articles. Thirteen studies fulfilled our inclusion criteria (Supplementary Figure 1) (6, 7, 12, 13, 16, 23–30). It contained 11 studies for OS, 10 studies for PFS, 4 studies for EFS, and 2 studies for DFS (The detailed characteristics of all the included trials are shown in Table 1). As for OR and CR, we analyzed 8 studies, and the details of these included studies were presented in Supplementary Table 2. Besides, 12 studies containing 7 AEs were evaluated in our study (Supplementary Table 3). The trials selected in our study were published between 2006 and 2022, among which 1839 patients were enrolled in the subsequent analyses. The sample sizes of all the involved studies ranged from 90 to 613. The follow-up time ranged from 34.5 to 92 mouths. The median age of the enrolled patients ranged from 65 to 74 years. These patients enrolled in our study received 12 different treatment options: 1) Cyclophosphamide, Doxorubicin, Vincristine, and Prednisone plus Rituximab every 14 days (RCHOP14), 2) Cyclophosphamide, Doxorubicin, Vincristine, and Prednisone plus Rituximab every 21 days (RCHOP21), 3) Cyclophosphamide, Doxorubicin, Vincristine, and Prednisone every 14 days (CHOP14), 4) Cyclophosphamide, Doxorubicin, Vincristine, and Prednisone every 21 days (CHOP21), 5) Cyclophosphamide, Pixantrone, Vincristine, and Prednisone plus Rituximab (RCPOP), 6) Cyclophosphamide, Epirubicin (50mg/m2), Vincristine, and Prednisone plus Rituximab (RminiCEOP) every 21 days, 7) Cyclophosphamide, Doxorubicin, Vincristine, and Prednisone plus Obinutuzumab (G-CHOP), 8) Cyclophosphamide, Epirubicin (70mg/m2), Vincristine, and Prednisone plus Rituximab (RCEOP), 9) Dose-adjusted (DA) Etoposide, Prednisone, Vincristine, Cyclophosphamide, and Doxorubicin plus Rituximab (DAEPOCHR), 10) Cyclophosphamide, Vincristine, Non-pegylated liposomal doxorubicin (Myocet®) and Prednisone plus Rituximab (RCOMP), 11) Cyclophosphamide, Doxorubicin, Vincristine, and Prednisone plus Rituximab every 21 days, additionally received 25 mg of lenalidomide daily days 1-10 of each cycle (R2CHOP21), 12) Cyclophosphamide, Doxorubicin, Vincristine, and Prednisone plus Rituximab every 14 days, additionally received 25 mg of lenalidomide daily days 1-10 of each cycle (RRCHOP14).


Table 1 | Baseline Characteristics of Studies Included in the Network Meta-analysis of Patients With DLBCL.





3.2 Risk of bias in the included studies

Supplementary Table 4 displayed the risk of bias judgments for all the included trials. To sum up, the majority of trials used randomized under-reporting and concealment techniques, and participants and staff were not blinded. These factors impaired the risk assessment.



3.3 Survival analyses

The network was performed to implement numerous drug comparisons when added to traditional therapy or dose-adjustments based on conventional regimens (Figure 1). For nearly two decades, the first-line treatment in patients with DLBCL has been RCHOP21. Based on this factor, we used the classic RCHOP21 regimen as a standard when exploring the best treatment options for elderly DLBCL patients and compared the pros and cons among these regimens.




Figure 1 | Network plot for each of the different outcomes assessed (A) OS, (B) PFS, (C) EFS, (D) DFS, (E) CR, (F) OR.



More than 1000 patients were analyzed for the OS analysis, which included 9 treatment arms (Figure 1A). Notably, R2CHOP21 was superior to RCHOP21 in improving OS, but there existed no significant difference existed between R2CHOP21 and RCHOP21 (HR 0.74 [95%CI, 0.43-1.3], Figure 2A). Similarly, RCOMP and RminiCEOP produced better OS in elderly DLBCL patients, although no statistical difference was determined (RminiCEOP, HR 0.92 [95%CI, 0.59-.1.4]; R-COMP, HR 0.88 [95%CI, 0.39-2.0]; Figure 2A). A subgroup analysis for OS of both RCEOP and RCHOP14 showed similar point estimates compared to RCHOP21 with no difference (Figure 2A). DAEPOCHR, CHOP14, CHOP21 and RCPOP were inferior in OS improvement than RCHOP21, and the statistical difference between the latter three schemes was very obvious (DAEPOCHR, HR 1.2 [95%CI, 0.72-1.9]; CHOP14, HR 1.7 [95%CI, 1.1-2.4]; CHOP21, HR 1.6 [95%CI, 01.3-2]; RCPOP, HR 2.6 [95%CI, 1.1-6.4]; Figure 2A). In a word, R2CHOP21 was recommended as the first choice for improving OS of elderly DLBCL treatment based on Figure 2B.




Figure 2 | (A) Forest plot of overall survival; (B) Rank probability of overall survival; (C) Forest plot of progression-free survival; (D) Rank probability of progression-free survival; (E) Forest plot of event-free survival; (F) Rank probability of event-free survival; (G) Forest plot of disease-free survival; (H) Rank probability of disease-free survival.



In terms of PFS, 9 treatment arms were analyzed, and 1022 patients were involved (Figure 1B). R2CHOP21 showed the best PFS than RCHOP21 with a statistically significant difference (HR 0.73 [95%CI, 0.54-0.99], Figure 2C). We obtained more PFS benefits from RCOMP and RRCHOP14 than from RCHOP21, while there was no statistically significant difference (RCOMP, HR 0.80 [95%CI, 0.41-1.6]; RRCHOP14, HR 0.87 [95%CI, 0.64-1.2]; Figure 2C). GCHOP showed slight advantage in PFS over RCHOP21 with no obviously difference (Figure 2C). No difference was found between RCHOP14 and RCHOP21 in improving the PFS of elderly patients (Figure 2C). Besides, DAEPOCHR and RCEOP were all inferior to RCHOP21, although no difference existed (Figure 2C). No benefits of PFS were identified among CHOP14 and CHOP21 compared with RCHOP21 (CHOP14, HR 2.0 [95%CI, 1.4-2.7]; CHOP21, HR 1.7 [95%CI, 1.3-2.2]; Figure 2C). Eventually, R2CHOP21 was recommended as the first option in all the simulations (Figure 2D).

As for EFS, there were 4 treatment arms, including 613 patients (Figure 1C). Our results suggested that the EFS benefit was more related to RCOMP than RCHOP21, although there was no statistically significance (HR 0.58 [95%CI, 0.31-1.1], Figure 2E). No sign of difference was identified between RCHOP14 and RCHOP21 (Figure 2E). CHOP14 and RminiCEOP were less effective in improving EFS compared with RCHOP21 (CHOP14, HR 2.0 [95%CI, 1.5-2.9]; RminiCEOP, HR 1.1 [95%CI, 0.78-1.6]; Figure 2E). Thus, RCOMP might be a reasonable treatment option based on the clinical benefits of EFS (Figure 2F).

Regarding DFS, the final indication of survival outcomes was assessed among 2 treatment arms involving 1001 patients. An advantage of DFS was determined in RCHOP14 than RCHOP21 without significant difference (HR 0.80 [95%CI, 0.58-1.1], Figure 2G). Adding the rituximab to the CHOP regimen exhibited a significant benefit to DFS than CHOP (HR 2.1 [95%CI, 1.5-2.9], Figure 2G). Therefore, considering the improvement of DFS, RCHOP14 was thought to be an appropriate treatment option (Figure 2H).

The league tables concerning these four mainly clinical outcomes are shown in Figure 3. Estimate values were evaluated by the mean differences with 95% confidence intervals (CIs) in parentheses. R2CHOP21, RCHOP14 and RCHOP21 were found to be superior in improving the OS of DLBCL patients (Figure 3A). Then for PFS, R2CHOP21 were shown to be superior to any other regimen (Figure 3B). It is worth noting that the R2CHOP21 regimen brings out the most optimal results, whether in improving OS or PFS. As for EFS, the mean differences were small or very uncertain. (Figure 3C). As oppose to the previous conclusions, CHOP was superior to either RCHOP14 or RCHOP21 in improving DFS (Figure 3D).




Figure 3 | League table of (A) OS, (B) PFS, (C) EFS and (D) DFS.





3.4 Analyses of complete remission and overall response rate

The network designed for evaluating the CR and OR in simultaneous comparisons of different regimens is presented in Figure 4.




Figure 4 | (A) Forest plot of complete response; (B) Rank probability of complete response; (C) Forest plot of overall response; (D) Rank probability of overall response.



Concerning CR, four treatment arms including 1861 patients were brought in the analysis (Figure 1E). Both RRCHOP14 and RCHOP14 regimens showed similar rates of overall responses compared with RCHOP21 (RRCHOP14, HR 1.0 [95%CI, 0.89-1.1]; RCHOP14, HR 1.0 [95%CI, 0.93-1.1]; Figure 4A). Additionally, we didn’t obtain any sign of OR improvement in RCOMP, RCPOP and RminiCEOP compared to RCHOP21 (RCOMP, HR 0.99 [95%CI, 0.71-1.4]; RCPOP, HR 0.86 [95%CI, 0.61-1.2]; RminiCEOP, HR 0.94 [95%CI, 0.79-1.1]; Figure 4A). Trends on CHOP21 presented exhibited inferior effects on OR over RCHOP21 (CHOP21, HR 0.83 [95%CI, 0.72-0.94], Figure 4A). According to rankogram, RCMOP might be the better choice for CR (Figure 4B).

Regarding OR, there were five treatment arms with 2407 patients (Figure 1F). RCOMP exhibited more clinical benefits in OR than RCHOP21 with no statistically significant difference (RCOMP HR 1.1 [95%CI, 0.95-1.4], Figure 4C). RCHOP14 exhibited similar effects on improving OR in DLBCL patients compared with RCHOP21 (RCHOP14 HR 1.0 [95%CI, 0.97-1.0], Figure 4C). CHOP21, RCPOP, and RminiCEOP were all inferior to RCHOP21 in the improvement of OR (CHOP21 HR 0.92 [95%CI, 0.85-0.99]; RCPOP, HR 0.87 [95%CI, 0.65-1.2]; RminiCEOP, HR 0.97 [95%CI, 0.90-1.0]; Figure 4C). Synthetically, RCOMP was considered as the best choice for OR (Figure 4D).

The league tables concerning these four clinical responses are shown in Figure 5.




Figure 5 | league table of (A) complete response, (B) overall response.





3.5 Safety/toxicity analysis

The risk of 7 different grade 3 to 4 AE groups were evaluated in our study: 3 to 4 grade neutropenia, 3 to 4 grade anemia, 3 to 4 grade thrombocytopenia, 3 to 4 grade infection, 3 to 4 grade cardiac toxic, 3 to 4 grade neurotoxicity, and 3 to 4 grade neuropathy. The network plot for each of the multiple AEs enrolled in our analysis was shown in Figures 6A-G. It is important to note that in AE groups, neutropenia was the most prevalent AE (Supplementary Table 3).




Figure 6 | Network plot of (A) 3 to 4 grade neutropenia, (B) 3 to 4 grade anemia, (C) 3 to 4 grade thrombocytopenia, (D) 3 to 4 grade infection, (E) 3 to 4 grade neurotoxicity, (F) 3 to 4 grade cardiac toxic, (G) 3 to 4 grade neuropathy.



In consideration of 3-4 grade neutropenia, neuropathy and cardiac toxic events, Myocet® was a best substitution of doxorubicin in RCHOP on account of the lowest incidence of the three AEs (Figures 7A, F). Additionally, RminiCEOP was related to the lower rates of anemia and thrombocytopenia AEs (Figures 7B, C), and this regimen was also the first option for DLBCL patients with 3-4 grade infection (Figure 7D). Based on 3 to 4 grade neurotoxicity analysis, RCHOP21 may offer better advantages in preventing the therapy toxicity in elderly patients with DLBCL (Figure 7E).




Figure 7 | Rank probability of (A) 3 to 4 grade neutropenia, (B) 3 to 4 grade anemia, (C) 3 to 4 grade thrombocytopenia, (D) 3 to 4 grade infection, (E) 3 to 4 grade neurotoxicity, (F) 3 to 4 grade cardiac toxic, (G) 3 to 4 grade neuropathy.






4 Discussion

The most prevalent NHL histotype, DLBCL, peaked in incidence in the sixth decade (31). The standard regimen for DLBCL patients is Rituximab-CHOP; however, in elderly patients, there is currently no known standard first-line immuno-chemotherapy regimen. Our study, which is the first to thoroughly analyze the efficacy of various treatment regimens based on their clinical advantages and safety profiles, included 13 head-to-head phase 2 and 3 RCTs with 1839 DLBCL patients. Pairwise comparisons and ranking of various treatment options were evaluated as part of the analysis, which was carried out in a Bayesian hierarchical modeling framework using both direct and indirect evidence. When improved clinical outcomes and fewer toxicities are required, the findings of our network-analysis did in fact offer clinicians crucial guidance in order to choose from the first-line regimens that are already on the market.

Our NMA suggested that the adjustment to front-line R-CHOP21 regimen of DLBCL led to some improvement in clinical outcomes and treatment responses in elderly patients, although we only observed improved disease controls with statistically significance in R2CHOP21 compared to RCHOP21. A previous NMA by Pasvolsky et al. reached a similar conclusion, but their study was restricted to analyzing the response to R-CHOP in combination with another drug (R-CHOP + X) for DLBCL patients of all ages (32). The treatment options included in our study were more diverse compared to the NMA by Pasvolsky et al., and our study highlighted the treatment measurement in elderly patients. Undoubtedly, personalized clinical decision-making is a complex process for any individual patient. Prolonged survival time, increased response rates, reduced side effects, patient comorbidities, and patient preferences should be taken into account. In light of this, the objective of this study was to provide clinicians with evidence of efficacy from large randomized controlled trials rather than a design for identifying a regimen that should be most effective for all elderly patients. Clinicians may be better weigh the balance between potential advantages and risks when selecting the optimal treatment choice for any individual patient with the help of pairwise efficacy comparisons and ranking of the various treatment alternatives in this network meta-analysis.

Undeniably, in the current era of frequent emergence of new drugs, rituximab, as the first tumor-targeted drug and the first monoclonal antibody in history, is of epoch-making significance for the treatment of lymphoma, particularly DLBCL (33). The birth of rituximab has improved the 5-year OS of patients with aggressive B-cell lymphoma represented by DLBCL by at least 15%, and the cure rate has been significantly improved (6). This phenomenon has resulted in a huge improvement in efficacy and survival prognosis for B-cell lymphoma around the world. In view of the greater clinical benefits that rituximab brings to DLBCL patients, many researchers have begun to wonder whether RCHOP can be used in combination with other immuno-therapeutic drugs to further improve the clinical benefits of DLBCL patients. Lenalidomide, a new-generation immuno-modulator, may have potential effects on other mechanisms, such as immunomodulation and enhancement of antibody-dependent cytotoxicity in DLBCL patients (34, 35). Because of its novel activated mechanism, synergy with rituximab or chemotherapy, and moderate toxicity profile, lenalidomide has long been a key candidate for chemo-immunotherapy in the frontline treatment of DLBCL, and it was allowed to be safely combined with R-CHOP. Lugtenburg et al. investigated whether R-CHOP with early rituximab intensification (R2CHOP) could improve the clinical outcomes of patients, but it failed to have any effect on this intensification regimen (24). On the contrary, Nowakowski et al. proved that R2CHOP had an association with an obvious clinical benefit for PFS in most groups in 2021 after the results of the study by Lugtenburg et al. were published (24, 25). Our NMA revealed that R2CHOP21 created improved benefits in OS with no statistical significance compared with RCHOP21, but for PFS, this regimen was superior to RCHOP21 with statistical significance; meanwhile, other regimens did not exhibit any improvement in OS or PFS of elderly DLBCL patients. In terms of AEs assessment, only one study by Nowakowski et al. was included in our analysis; compared with the R-CHOP arm, the most common grade 3/4 adverse reactions of the R2CHOP21 arm were increased hematological AEs while all these toxicities did not bring about an increase in rates of therapy associated deaths or bleeding complications (25). This phenomenon implied that the adverse reactions in the R2-CHOP group were tolerated to some degree. In the future, it is still necessary to explore the mechanism of lenalidomide and the molecular biological characteristics of DLBCL in order to achieve more precise treatment.

Considering the main clinical outcomes, the place of R-CHOP21 in treatment options for total DLBCL patients remains important, while there exist some patients with poor efficacy on this regimen, notably in freshly treated DLBCL patients who are susceptible to refractory or early recurrence and have high-risk or other systemic problems (36). Due to the cardiotoxicity caused by doxorubicin, the implement of RCHOP should be restricted in elderly individuals. The drug’s interaction with the ferricion, which results in the generation of free radicals that contribute to lipid peroxidation and progressive myocyte destruction, causes doxorubicin-induced cardiotoxicity (37). Several schemes have been proposed to reduce cardiotoxicity caused by anthracyclines in elderly DLBCL patients, involving the implementation of slow infusions or decreased doses of doxorubicin, application of cardio-protective agents, substitution by other anti-neoplastic drugs, or selection of other anthracyclines with less cardiotoxic, such as epirubicin, liposomal formulations of doxorubicin, etc (38–40). Myocet ®, a non-polyethylene glycol liposome doxorubicin, has proven that its cardio-toxicity is low and its anti-tumor activity is analogous to that of conventional doxorubicin based on a clinical trial about breast cancer (37). Myocet® is also linked to decreased mucositis and myelosuppression due to its pharmacokinetics and pharmacodynamic properties (41). In our study performed for elderly DLBCL patients, the use of non-pegylated doxorubicin instead of conventional doxorubicin (R-COMP) exhibited the best clinical benefits in EFS, CR, and OR, although no obvious significant difference was determined between RCOMP and RCHOP21. Similar to a previous study, Sancho et al. pointed out that the efficacy of the R-COMP group was analogous to R-CHOP (16). Moreover, our results demonstrated that RCOMP was associated with less 3-4 grade neutropenia, neuropathy, and cardiac toxic events. In a word, R-COMP is a feasible immuno-chemotherapy schedule for elderly DLBCL patients when RCHOP is not suitable for application. Epirubicin, another epi-isomer of doxorubicin with less cardiotoxicity has been a potential candidate for anthracycline dose intensification (38). Based on our analysis, RminiCEOP was related to less anemia and thrombocytopenia, and infection of grade III/IV. RminiCEOP could serve as an alternative therapy for elderly populations with hematological system complications.

In addition, our analysis assessed the possible superiority of the dose-dense regimen (R-CHOP14) compared with the standard regimen (R-CHOP21), but failed to identify a significant benefit for R-CHOP14 in elderly patients with DLBCL. Meanwhile, our results are consistent with previous work by Delarue et al. (27). Other protocols, such as DA-EPOCH-R, GCHOP, RCPOP, and CHOP have failed to demonstrate improved efficacy in elderly DLBCL patients compared to RCHOP21. It was obvious that RCPOP was inferior to RCHOP21 in OS, and either CHOP14 or CHOP21 was significantly less effective than RCHOP21 in almost all evaluations of clinical outcomes.

Nervelessness, the following issues should be considered carefully. Firstly, the patients included in our study have used granulocyte stimulating factor according to their conditions during the treatment process, so the treatment rankogram in analysis of 3 to 4 grade neutropenia in our results should be treated with caution. Secondly, there are some differences in the age of the population, follow-up time, treatment time arrangement, and so on. These differences might lead to some heterogeneity in our results. Thirdly, in our included studies, the Eastern Cooperative Oncology Group (ECOG) scores of patients ranged from 0 to 4, but mainly focus on 0 to 2, so that our conclusions were more suitable for patients with better performance status (ECOG ranged from 0 to 2), and may be usefulness in patients who with a poor performance status (ECOG ranged from 3 to 4). Further studies should be designed to solve this issues.

In general, our meta analysis only provided a reference value. Owing to the lack of direct comparisons of certain regimens or the insufficiencies of number and quality in the original studies, we made some indirect comparisons in this study based on the transitivity assumption. Further refinement of regimen comparisons lacking direct evidence is what we need to focus on.



5 Conclusion

Our network meta-analysis compares the widest range of treatment options to date, including R-CHOP, CHOP, R-COMP, R-CPOP, and so on. In general, our findings indicated that R2CHOP21 exhibited better improvement than RCHOP21 in different clinical outcomes. However, we only observed a statistically significant improvement in PFS; this phenomenon suggested that rituximab-based standard therapy upon CHOP has irreplaceable advantages as first-line therapy. In terms of decreasing toxicities from treatments, RCOMP, RminiCEOP and RCHOP21 exhibited lower toxicity in different AEs. Therefore, these findings could provide valuable recommendations for clinicians in making better decisions from multiple promising treatment options for elderly DLBCL patients by fully considering their clinical benefits and toxicity profiles.
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Tumor immunotherapy, particularly the use of immune checkpoint inhibitors, has yielded impressive clinical benefits. Therefore, it is critical to accurately screen individuals for immunotherapy sensitivity and forecast its efficacy. With the application of artificial intelligence (AI) in the medical field in recent years, an increasing number of studies have indicated that the efficacy of immunotherapy can be better anticipated with the help of AI technology to reach precision medicine. This article focuses on the current prediction models based on information from histopathological slides, imaging-omics, genomics, and proteomics, and reviews their research progress and applications. Furthermore, we also discuss the existing challenges encountered by AI in the field of immunotherapy, as well as the future directions that need to be improved, to provide a point of reference for the early implementation of AI-assisted diagnosis and treatment systems in the future.
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1 Introduction

Tumor immunotherapy is the process of controlling and eliminating tumors by restarting the tumor immune cycle and restoring the body’s natural anti-tumor immune response. Immune checkpoint inhibitors (ICIs), chimeric antigen receptor T-cell therapy, tumor vaccines, and peripatetic immunotherapy are the main immunotherapy modalities currently used (1). These therapies, especially the use of ICIs such as PD-1 and CTLA-4, have achieved success in a major fraction of the patients, greatly enriching the prevailing clinical oncology treatments (2). However, it is still found in the clinic that some of the population is not sensitive to these drugs, and even the treatment outcome is not as good as traditional chemotherapy drugs. Therefore, it is crucial to screen the patients that will benefit from immunotherapy. While several of the current predictors such as PD-L1, tumor mutational burden, microsatellite instability, etc., do not sufficiently address this issue (3, 4).

In recent years, the application of artificial intelligence (AI) in the medical area has expanded significantly (5). Examples include surgical robots, which have proven to offer distinctive advantages. Scholars have made numerous attempts to apply AI to predict the efficacy of immunotherapy, for instance, by establishing immunotherapy prediction scores to predict treatment efficacy and effectively screen patients who can benefit from immunotherapy (6).



2 The overview of artificial intelligence to predict immunotherapy efficacy

The general strategy for using AI to predict the efficacy of immunotherapy (Figure 1) is to set up a training cohort and a validation cohort, take the multi-scale medical data from the training cohort, acquire, filter, segment, extract and select features, hand them over to the AI for learning and modeling, and then utilize the validation cohort to verify the learning results (7, 8). This multiscale medical data may include pathological tissue, CT/MR imaging-omics, genomics, proteomics, and more. The desired learning outcome is for the AI to be able to forecast whether a patient will benefit from immunotherapy or, at the very least, recommend which patients require more evaluation, like WGS. It’s also used to predict which immunotherapy drug will be most effective for the patient.




Figure 1 | The workflow for using AI to predict immunotherapy efficacy. The First step is to collect multiscale medical data which include pathological tissue, CT/MR imaging-omics, genomics, proteomics, and more. The following steps are to gather, filter, segment, extract and select features. Then split these data into a training cohort and a validation cohort. Next, take the data from the training cohort, handing them over to the AI for learning and modeling. And then utilize the validation cohort to verify the learning results. Finally, a clinically applicable model will be developed.





3 The existing approaches to predicting immunotherapy outcomes


3.1 AI predicts immunotherapy efficacy by histopathological features

The gold standard for tumor identification is histopathological tissue sections, which also provide a wealth of information that can be utilized to determine disease progression, select individualized treatment plans, and predict patient survivorship. However, due to the enormous labor required of experts to extract information from complex images, traditional histopathology procedures are unable to satisfy the demands of precision medicine (9). Currently, AI-based digital pathology has been successfully used in tumor diagnosis and treatment. This technology has a wide range of future applications, including improving the accuracy of pathological diagnosis, formulating treatment plans, predicting patient prognosis, and reducing manual workload, and more (10). For instance, AI can segment and identify tumor cells in pathology slides and accurately quantify immunohistochemical staining results (11). Thus, machine learning techniques based on histopathological analysis provide novel strategies to predict response to tumor immunotherapy (12). Among these, immunohistochemical (IHC) analysis, tumor-infiltrating lymphocyte (TIL), tumor-stroma ratio (TSR), and microsatellite instability are extensively researched.

Tumor cells expressing PD-L1 can suppress the immune response by binding to PD-1 on T cells, and ICIs is an anti-tumor strategy to block this interaction. Studies have shown that PD-L1 expression levels correlate with immunotherapy response and clinical results. Previous research has demonstrated that an AI-driven PD-L1 tumor ratio score-based analyzer can identify non-small cell lung cancer (NSCLC) more effectively than a pathologist can when predicting the immunotherapy response, and its results are objective and repeatable without human error (13). In addition, the absence of DNA defective mis-match repair (MMR) mechanism caused by mutations in the MMR gene results in the accumulation of somatic genomic mutations, which are closely associated with the ICB response (14). For MMR-deficient and MMR-proficient colorectal tumors, Le et al. (15) discovered immune-related objective response rates of 40% and 0%, respectively, suggesting that MMR status can be used to predict clinical response in patients treated with immune checkpoint inhibitors. In further, many studies have confirmed that higher levels of T-cell infiltration and T-cell counts are related to improved immune checkpoint blockage (16).

Microsatellite refers to several short, repetitive DNA sequences in the genome. Microsatellite instability is associated with DNA mismatch repair and involved in the development of many malignancies. Tumors with high microsatellite instability were found to respond well to immunotherapy (17). Kather et al. (18) demonstrated that deep learning has the potential to rapidly and accurately screen patients suitable for immunotherapy by precisely identifying the microsatellite stability status of patients with gastrointestinal cancer. Furthermore, AI can recognize lymphocytes, tumor cells, and mesenchymal stroma in the section and use three-dimensional reconstruction to highlight the spatial distribution of different cell types, which is another potential factor to evaluate the efficacy of immunotherapy (19).

TIL is closely associated with immunotherapy, and deep convolutional neural network models can be used to determine its distribution from eosin-hematoxylin (HE) stained images. By assessing the immune cell types in the tumor tissue matrix and classifying patients into types A and B, Zheng et al. (20) constructed a prognostic-relevant immune phenotype classifier. Higher levels of ICB were observed in phenotype A, which indicated a superior immunotherapy effect and prognosis. Additionally, there is an end-to-end strategy to train DL directly on response or outcome data, which used convolutional neural networks (CNNs) or graph neural networks (GNNs) to predict immunotherapy responses. According to these trials, the AUCs for predicting responders in lung cancer and melanoma were 0.778 and 0.69, respectively (21).

Tumor mutational burden (TMB) is defined as the number of non-synonymous single nucleotide variants (NsSNV) on tumor cells that can be transcribed into new antigenic peptides and presented on the cell surface, thereby activating T cells (22). High TMB is shown to be a predictive biomarker for lung cancer (23). Recent research suggests that deep learning systems can be used to predict immune responses. The study used HE-stained images to predict the status of TMB and reached an AUC of 0.78-0.98 in the external validation group, much higher than utilizing clinical data alone (24).

AI has a promising development in predicting tumor immunotherapy response and can examine the state of tumor development through pathological data. Its algorithm and analysis results can be highly standardized and shared, which may assist advance medicine and actualizing precision medicine (Figure 2).




Figure 2 | AI-based evaluation of immunotherapy efficacy by histopathological features. This is an illustration of the use of AI to forecast the effectiveness of immunotherapy. With the help of AI, more specific information can be extracted from clinical pathological tissues, including components of the tumor microenvironment and small molecular components like receptors, ligands, cytokines, nucleic acids, etc. From these elements, AI gathers data related to immunotherapy to forecast the efficacy.





3.2 AI predicts immunotherapy efficacy by imaging-omics features

With the constant advancement of medical imaging equipment and technology, medical images are no longer simply pictures or restricted to the traditional “computer assisted diagnostics (CAD)”, but also contain high-throughput mineable data that are not recognizable to the naked eye (25). Imaging histology refers to AI-based imaging characterization that can provide more detailed information than single graphics can, displaying macroscopic, molecular, and cellular features (26, 27). Additionally, AI-based predictive models can provide reliable non-invasive biomarkers for evaluating immunotherapeutic response. Among various biomarkers, PD-L1 expression has been well validated in immunotherapy, and a combined model based on CT radiomics and clinical features can assess PD-L1 expression levels non-invasively (28). Sun et al. (29) selected 135 patients with tumors at different sites derived from phase I PD-1/PD-L1 monotherapy clinical trials. They established a predictive imaging model based on CT imaging by combining enhanced CT images with RNA-seq genomic data from tumor biopsy tissues. This model can analyze tumor-infiltrating CD8 signals and distinguish between immune-infiltrating and immunodetect types, making it an efficient method for predicting clinical outcomes of patients with advanced solid tumors after immunotherapy. Mu et al. (30) analyzed baseline PET/CT data of 194 patients with stage IIIB-IV NSCLC treated with PD-1/PD-L1 inhibitors, and they developed multiparametric imaging histological signature models which successfully predict whether patients would receive sustained clinical benefit from immunotherapy. However, further research is still required to determine whether models utilizing several data sources can perform better than models that simply use radiomics.

TMB is also well known for being one of the important indicators of ICI efficacy. He et al. (31) used deep learning techniques to analyze CT images from patients with advanced NSCLC and establish TMB radiomic biomarkers, which have high predictive value for ICI treatment response, overall survival (OS), and progression-free survival (PFS). Furthermore, Trebeschi et al. (32) used AI techniques to study the pre-treatment enhanced CT image analysis of patients with progressive malignant melanoma and NSCLC treated with PD-1, and they discovered that lesions with more heterogeneous morphology, which means compact borders and inhomogeneous density, were more likely to respond to immunotherapy. Additionally, there is a substantial association between imaging histological indices and mitosis-related pathways, suggesting that higher proliferative potential may signal better immunotherapy efficacy.

However, despite the fact that hyperprogression—rapid tumor progression following immunotherapy—is associated with a poor prognosis, there are no validated biomarkers to identify patients at risk for it (33, 34). Vaidya et al. (35) retrospectively summarized clinical and imaging data from 109 patients with advanced NSCLC treated with PD-1/PD-L1 immunosuppressant monotherapy, 19 of whom showed hyper progression. And researchers extracted textural features from the patients’ baseline CT images reflecting the texture within and around the target lesion as well as histological features quantifying the degree of peri-lesion vascular tortuosity, which can somewhat predict whether patients will develop hyper progression.

In general, the majority of studies’ Radiomics Quality Scores (RQS) ranged from 11 to 20 out of a possible maximum score of 36 points (36). It indicates that AI-based imaging-omics analysis can delve into the spatiotemporal heterogeneity of tumors and plays an important role in predicting immunotherapy response, biomarker expression, and patient prognosis, particularly in the absence of histopathological specimens. Deeper studies of imaging histology can aid in the diagnosis of immunotherapy-eligible patients, disease risk assessment, and precision medicine.



3.3 AI predicts immunotherapy efficacy by genomics

Thanks to advances in sequencing technology, a large amount of cancer genomic data has now been accumulated, providing more precise recommendations for directing tumor immunotherapy. The development of next-generation sequencing (NGS) technologies has enabled comprehensive genomic and transcriptomic screening. This allows to the generation of datasets for analyzing tumor drivers, as well as sequencing cancer cells, stromal cells, and immune cells within the tumor microenvironment to reveal the characteristics of therapeutic effects (37). The human genome contains more than 3 billion base pairs, making it a vast space of high-dimensional data with very complicated information. Whole genome sequencing (WGS) offers the most comprehensive information about the genome, but sorting out the genes, phenotypes, and their inter-regulatory relationships requires the assistance of AI, particularly deep learning techniques. Xie et al. (38) developed a predictive model that integrated genomic data from multiple perspectives, such as TMB, microsatellite instability, and somatic cell copy number variation in many different tumor types to effectively differentiate between “cold” and “hot” immune patients. The model was further externally validated using data from clinical trials, showing that patients in the hyperimmune group were more responsive to immunotherapy and had a better prognosis. By sequencing WES and RNA sequences from 110 patients with metastatic melanoma, Van Allen et al. (39) found that individual response rates to anti-CTLA4 correlated with TMB and cytolytic markers. It has also been shown that the expression and variant levels of platelet-related genes are closely related to the prognosis and immunotherapy response in patients with triple-negative breast cancer (40). These studies provided a direction to explore the variable response to immune checkpoint inhibitors and the identification of prognostic biomarkers.

Moreover, some factors in the transcriptome are still required to be added to the genomic analysis in order to fully predict immune response and explain drug resistance (41). By combining exome and transcriptome sequencing with mass spectrometry, Yadav et al. (42) discovered immunogenic mutant peptides with MHC specificity that could be useful for individualized vaccine development. Furthermore, Mo et al. (43) developed a high-throughput screening platform using 384-well plates to observe tumor immune interactions by co-culturing peripheral blood mononuclear cells (PBMC) and cancer cells in each well to assess cellular value-added and viability and to detect cell growth phenotypes. They also tested the effects of multiple bioactive compounds and identified three potential antagonists for enhancing immune activity. Some scholars have also proved it by epigenetic profiling that the DNA methylation landscape of patient CART19 cells influences the efficacy of the cellular immunotherapy treatment in patients with B-cell malignancy (44).



3.4 Others

Numerous studies have utilized AI for a variety of tumor immunotherapy applications (Table 1). The current liquid biopsy technology offers a more accessible and flexible approach to tumor diagnosis and treatment, which is represented by the detection of circulating tumor cell DNA. In immunotherapy, liquid genetic biomarkers are increasingly being developed to predict the therapeutic efficacy of ICIs (59), and molecular biological information in liquid specimens can be automatically identified and detected by AI technology (45). Additionally, some biomarkers are used to exclude hyperprogressive or pseudoprogressive disease after immunotherapy, including plasma cytokines interleukins and circulating tumor cell DNA (60).


Table 1 | Various strategies that have been shown to predict immunotherapy outcomes with AI.



In addition to genomics and imaging, proteomics technologies have been extensively explored to identify biomarkers for the effectiveness of tumor immunotherapy (46). An AI-based serum proteomics test model has been developed to predict response to ICIs in patients with metastatic melanoma (48). The application of multi-omics-based AI models to predict tumor immunotherapy responses is also promising. Multi-omics integrates genomics, transcriptomics, epigenomics, proteomics, and radiomics, allowing for a more thoroughly characterization of the disease with data from different sources (49). Based on the multi-omics concept, Yi Yang et al. (50) constructed a deep learning-based 90-day prediction model using age, gender, medical history, baseline data, routine laboratory tests, and follow-up CT scans of NSCLC patients to better distinguish immunotherapy responders from non-responders. Similarly, Arsela Prelaj et al. (61) used machine learning techniques to predict OS and PFS in responders and non-responders in a real-world study. Additionally, Peng Song et al. (51) suggested combining DNA and RNA sequencing, immunohistochemical staining results, demographic baseline data, medical history, and laboratory test results to analyze the information related to efficacy and break the limitation of relying only on PD-1 expression level and TMB level to predict immunotherapy response, and develop a mature model for immunotherapy response prediction for Chinese lung cancer patients. Along with PD-L1 expression, TMB, and TIL, it has been demonstrated that miRNA abnormalities (62), EGFR mutations (54), TP53 mutations (63), ALK rearrangements (55), gut microbiota (56), Fc gamma receptor (FcγR) polymorphisms (57) and serum complement levels (58) all influence immunotherapy response to some extent. It would facilitate the robustness of prediction if this information could be merged with pathological sections and imaging histology to form multi-omics integrated data.

Moreover, tumor-like organs serve as a useful screening model for immunotherapy because they can accurately reproduce the tumor microenvironment while still generating in vitro immune-tumor interactions (47). Incorporating AI into organoids is anticipated to overcome the safety and individualization challenges of conventional prediction by establishing a productive platform for tissue collection, tumor in vitro culture, growth analysis, and medication screening (52). AI could also forecast ICB responses by focusing on antigen presentation pathways (64) and cell necroptosis index (CNI) (53).




4 Future directions

Although the majority of studies have proven that its models have performed as well as or better than doctors, there are only a few successful real-world applications (65). Lack of a uniform database, industry standards, specialized clinical application situations, policy and regulatory assistance, and so on may all contribute to implementation challenges (Figure 3).




Figure 3 | The dilemmas and solutions in predicting immunotherapy efficacy with AI. The left side outline the current difficulties AI encountered, and the right side proposes possible solutions. And only the excellent cooperation of artificial intelligence and human intelligence can achieve the best prediction effect.



Firstly, there are relatively few prospective research and randomized clinical trials pertaining to the use of AI in immunotherapy, and these studies are highly biased. Therefore, we should increase experimental design transparency, strengthen the correlation with clinical reality, and reduce systematic error. Additionally, we must protect patient interests, minimize research waste, consider the cohort’s rationality, and avoid irrationally exaggerating research findings and potential applications.

Second, due to the scarcity of codes and data sources, AI models are challenging to fully replicate. Additionally, it is challenging to evaluate the stability of different models because of various inconsistent preprocessing methods and prediction objectives. Moreover, biomarkers may differ from primary tumor to metastatic tumor (66), making determining the optimal prediction for a certain tumor type much more difficult. Therefore, we should promote code sharing across fields and the development of standardized datasets.

Thirdly, the merging of multi-omics data must be encouraged to create a medical system that is more precise, individualized, and predictable. AI has a unique recognition model that can quickly identify and combine vast amounts of information in a way that humans cannot. An ideal AI-based predictive model for immunotherapy should include all relevant clinical information about the patient (genomics, imaging, proteomics, pathological tissue, demographic information, medical history, etc.). Since concepts like pan-cancer analysis have been reflected in the evaluation of PD-1/PD-L1 efficacy (67), it is important to promote the integrity and objectivity of data collection to facilitate the sharing of large data from multiple centers. This shows great promise for the future of immunotherapy (68).

Fourth, we need to comprehend how patients, medical professionals, and the general public feel about the use of AI in the healthcare system. To encourage the application of AI in practical uses, we should also carefully consider the fee-for-service model and deal with the common interests of patients, health insurance, doctors, and information engineers. Additionally, a strong management and supervision system must be established to reduce actual hazards and guarantee the security of this developing system (69, 70).

Last but not least, a reasonable legal and ethical environment should be established to facilitate the sharing of big data and the multi-regional and multi-centered use of AI systems, ensuring that they are ethical and that the corresponding responsibilities of each sector are clear.

In summary, due to the complexity of immunotherapy prediction, scientific researchers, enterprises, and clinicians must collaborate to build databases and industry standards, remove technical barriers, and support the development of AI-assisted systems that can precisely identify the target population of immunotherapy, accurately predict the efficacy and prognosis, and promote the implementation of AI-assisted treatment while winning the trust of both doctors and patients.



5 Conclusion

With the aid of artificial intelligence, a cutting-edge technology, it is now possible to treat tumor patients on an individual basis by automating the prediction of tumor immunotherapy effects based on constructed models. However, it still faces many challenges and dilemmas. Future AI-assisted systems are anticipated to be better able to model tumor biological behavior and medication treatment response, which would ultimately help the vast majority of tumor patients and enhance medical effectiveness and quality.
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Adoptive cell therapies, like tumor-infiltrating lymphocytes or chimeric antigen receptor T cells, have become an important immunotherapeutic approach against cancer. One of the main struggles of T cell immunotherapies is how to obtain the most effective T cell phenotype, persistence, and differentiation potential to infuse into patients. Adjusting the T cell ex vivo cell culture conditions is a key factor to increase and improve the efficacy of cellular immunotherapies. In this review, we have summarized the ex vivo impact of short chain fatty acids, a group of gut microbiota derived metabolites, on T cell culture and expansion for immunotherapies. There is a complex gut microbiota-immune system interaction that can affect antitumor immunotherapy efficacy. Indeed, gut microbiota derived metabolites can modulate different biological functions in the immune system local and systemically.
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Introduction

According to the World Health Organization, cancer is the second leading cause of death worldwide with almost 10 million deaths in 2020. Cancer immunotherapy has rapidly become one of the cornerstones of cancer therapy along with surgery, radiation therapy and chemotherapy. It works by stimulating the immune system to recognize and kill cancer cells and control tumour growth in a way that prevents damage to the healthy cells. It is agreed that modern cancer immunotherapy began with the publication in 1893 of the first use of Coley’s bacterial toxins to treat tumours (1). Since then, many different types of immunotherapies against cancer have been developed, from stem cell transplants, monoclonal antibodies, and immune checkpoint inhibitors to cellular immunotherapies like cancer vaccines or T-cell transfer therapy. Adoptive cell therapies represent a promising and fast evolving approach for the treatment of cancer and include tumour-infiltrating lymphocytes (TILs) (2) or chimeric antigen receptor (CAR) T cells (3). In the last decade, the CAR T-cell therapy has yielded exceptional efficacy rates for the treatment of several hematologic malignancies (4–8). CAR-T cells are genetically modified T cells that combine, an antigen recognition domain of a specific antibody with an intracellular domain of the CD3-z chain protein into a single chimeric protein region that promotes T-cell cytotoxic activity and proliferation. Hence, CAR-T cells can target the very same antigen expressed in the tumoral cell surface, in a major histocompatibility complex (MHC)-independent manner. There have been ground-breaking responses to treatment but, so far, CAR-T cell therapy is available and effective only for a minority of patients. The main concerns regarding treatment efficacy are CAR-T cell differentiation potential, proliferation, and persistence (9). There are multiple approaches attempting to address these problems from the manipulation of CAR constructs, the selection of T-cell subset populations, pharmacological inhibitors, or the optimization of the CAR T-cell manufacturing process. This last approach will be the focus of this review.

Tuning the ex vivo cell culture conditions is key to determine differentiation status and survival of CAR-T cells. Developing the desired CAR-T profile, undifferentiated, less exhausted, and persistent, is an area of intense research. One of the first options to improve the T-cell fitness is the choice of the T-cell source to manufacture the CAR-T cells. It has been extensively shown that T-cell origin has a critical impact on the CAR-T biological activity and proliferation [reviewed in (10)]. Besides the source of T cells and T-cell subtypes, multiple additional strategies are being tested to tune the ex vivo cell culture conditions; the manufacturing time, the stimulation with cytokines, the T-cell activation, the gene delivery system, and strategies to target or reprogramme the T-cell metabolism.

Currently, protocols to manufacture CAR-T cells are varied and long, taking up to several weeks. In our experience, with a locally developed academic anti-CD19 CAR-T (ARI-0001) for a clinical trial, the expansion takes between 9 and 12 days (11). So far, no standardization has been reached in the field. A key aspect that differs between protocols is the stimulation with cytokines, being the most common and studied interleukin 2 (IL-2), 7 (IL-7), 15 (IL-15) and 21 (IL-21). IL-2 stimulates cell proliferation and maintains viability during the ex vivo expansion (12). However, since stimulation with IL-2 can also induce an exhausted T-cell profile, a well-known alternative is to switch it for IL-7, IL-15, and IL-21, with the aim of promoting naïve and memory cell proliferation and preventing T-cell differentiation (13). Regarding T-cell activation strategies, the most employed are the anti-CD3/anti-CD28 monoclonal antibodies either soluble, bound or in magnetically coated beads, which act as artificial antigen presenting cells. The gene transfer system is another component that can be modified during the CAR-T cell ex vivo manufacturing. Currently, the usual choice is a viral vector because of its high transduction efficacy. The most common system used in the available manufactured CAR-T therapies are the lentivirus, followed by retrovirus. However, viral gene transfer has a major disadvantage. Besides the limitation in gene size (<10 Kb), the insertion of the gene occurs randomly which could potentially lead to oncogenesis through the activation of an oncogene or suppression of a tumor-suppressor gene. To avoid this issue, non-viral systems are being developed such as plasmid-based gene delivery using the transposon/transposase systems (14, 15) or CRISPR/Cas9-based gene editing (16).

Another important area of research is optimizing metabolism at different stages of CAR−T cell production. A low metabolic activity during the manufacturing process correlates with a less differentiated T cell phenotype, longer persistence in vivo and greater antitumoral activity (17). On the other hand, a high metabolic activity has been linked to a more differentiated profile (18). To optimize metabolism, several approaches are being tested during T cell expansion, such as inhibiting glycolysis to limit differentiation and improve T cell function or enhancing mitochondrial metabolism (17, 19–21). Finally, a new area of improvement has been developing for the last 5 years, as few studies are starting to use metabolites of bacterial origin, commonly found in the human body, to modulate T-cell phenotypes ex vivo (Table 1).


Table 1 | ex vivo acetate, propionate, butyrate and pentanoate impact on diverse T cell subsets.



The human body is a complex ecosystem colonized by trillions of bacteria, fungi, yeast, protozoa, and viruses. All these together comprise the commensal microbiota that is developed after birth through vertical transmission and then shaped by environmental factors throughout life. The commensal microbiota and the human host have co-evolved in a mutualistic association, obtaining benefits such as the acquisition of bioactive compounds (32). These metabolites can modulate various biological functions in the immune and nervous systems (33). Beyond the effects on intestinal and local immune physiology, the gut microbiome has systemic effects (34) caused by small molecules such as bacterial-derived metabolites entering the systemic circulation. Several studies have confirmed that gastrointestinal flora impacts the immune system predominantly through bacteria-derived metabolites (35, 36). The gut microbiota has great metabolic capacity, greater than that of the human host. It generates a complex network of metabolic pathways that produce an exceptionally diverse pool of metabolites from modified exogenous dietary components to endogenous compounds generated by the gut microbiota itself (35, 37, 38). For example, in vivo short chain fatty acid (SCFA) can regulate host immunity by facilitating the extrathymic generation of regulatory T (Treg) cells (39), and the function of the colonic Tregs (40); peptidoglycan, an essential molecule of the bacterial wall, can prime the systemic innate immunity by activating neutrophils (41); polysaccharide (PSA) from B. fragilis, a Gram-negative anaerobe, can boost the systemic T helper cell type 1 (Th1) CD4+ T cells (42).

The results from an in vivo study with mice, raised under germ-free conditions, confirmed that the impact of gut microbiota is not restricted to the gastrointestinal tract. It has systemic effects, as these mice had significantly impaired host immune responses to pathogens (43). Moreover, a direct correlation exists between the presence of specific bacteria in the gut microbiota and T-cell development and differentiation (44–47). For instance, colonization of germ-free mice gut with a cocktail of bacteria from Clostridiales clusters IV, XIVa, and XVIII is sufficient to drive Treg differentiation (45). In the cancer context, some specific bacteria have been demonstrated to be involved in the process of initiation and progression of carcinogenesis at epithelial barriers and within sterile tissue (48, 49). In addition, the microbiota has also been implicated in modulating the efficacy and toxicity of cancer therapy, including chemotherapy, radiotherapy, and especially immunotherapy (32, 50–52), including checkpoint blockade approaches targeting the CTLA-4 and PD-1 pathways (53, 54) mainly acting through the local and systemic immune system. There are several studies that support the link between gut microbiota (or bacterial-derived metabolites), Th differentiation and T cells function, and modulation of the antitumor immunity. A high-dietary fiber diet, which is associated with increased gut microbiota diversity and decreased risk of chronic inflammatory diseases, can boost antitumor immunity and increase the infiltration of tumor-killing T cells on melanoma patients (55). In this observational study, fiber-fermenting Ruminococcaceae correlated with the abundance of inducible T cell co-stimulator-expressing TILs on melanoma. In a study investigating four different murine cancer models, inosine, a bacterial purine metabolite produced by Bifidobacterium pseudolongus, promoted Th1 activation and antitumor immunity which improved the antitumor effects (56). In a mouse model of colon carcinoma, a SCFA-rich diet with pectin, a fiber that promotes the growth butyrate-producing bacteria, was associated with increased CD8+ effector T cell function at the tumor site (57). A recent study, showed that the natural polyphenol castalagin improved the intratumoral CD8+/FoxP3+CD4+ ratio in sarcoma tumor-bearing mice, and improved the efficacy of anti-PD-1 immunotherapy through modulation of the gut microbiota, enriching the abundance of Ruminococcaceae and Alistipes bacterial families (58). Another report investigating the immune-checkpoint blockade therapy efficacy, showed that Lactobacillus delbrueckii subsp. bulgaricus produced an extracellular polysaccharide that was able to induce IFN-γ+CCR6+CD8+T cells in Peyer’s patches of tumor-bearing mice, thus enhancing the efficacy of this therapy (59). A study from Wang and colleagues, proved that plasma trimethylamine N-oxide, a microbe-derived metabolite, can activate the endoplasmic stress kinase PERK, boosting the function of IFN-γ+CD8+T cells mediated immunity in triple-negative breast cancer patients (60). Besides gut microbiota, intratumoral bacteria also can have a role in antitumor immunity through T cells. Fusobacterium nucleatum can attenuate T cell-mediated immune responses in rectal and colon cancer cases, as higher amount of F. nucleatum in colorectal carcinoma tissue was associated with lower density of T-cells in tumor tissue (61). All these studies provide strong evidence of a highly dynamic and complex microbiome-immune system interaction that can impact antitumor immunity.


Short Chain Fatty Acids

SCFAs are the main metabolites produced by gut microbiota through bacterial anaerobic fermentation of non-digestible carbohydrates, such as dietary fiber (62). They are fatty acids with fewer than six carbon atoms, the most abundant of which are acetate (two carbons) and propionate (three), which are mainly produced by members of the Bacteroidetes phylum, as well as butyrate (four), predominantly produced by members of the Firmicutes phylum. Acetate derived from colonic bacterial fermentation can flow into the blood compartment and together with endogenous acetate can exert systemic activity upon the immune system. Propionate is a precursor of glucogenesis and has a direct effect on T cell activity locally. Butyrate effects are mainly restricted to the gut, where it is used as energy sourced by the colonocytes and, together with propionate, is processed in the liver (63). The effect of SCFAs on the metabolism of T-cells is yet to be understood but there is abundant data that suggest that SCFAs regulate the adaptive immune system through the modulation of mTOR activity, glucose metabolism, histone acetylation and cytokine gene expression (64). Multiple studies have confirmed that T cells are susceptible to SCFA exposure in vitro, promoting or inhibiting a specific T cell phenotype, and therefore supporting their use in ex vivo T cells expansion.

While research on the effect of microbial metabolites on T cells has primarily been focused on SCFAs, there are also other metabolites that have been investigated. For instance, the inosine, a purine metabolite that can be produced by Bifidobacterium pseudolongum, has been shown to boost the CD4+ Th1 differentiation in the presence of IFN-γ through adenosine A2A receptor (56). Moreover, the bacterial transformation of host bile acids has been demonstrated to directly modulate balance of Th17 and Treg cells (65, 66). Furthermore, tryptophan metabolites are reported to be essential for intestinal immunity and perform their effect on T cells through aryl hydrocarbon receptor signaling (67). Although these bacterial-derived metabolites are promising alternatives to SCFAs, in this manuscript, we will focus on the new and fast developing research field of the T and CAR-T cell ex vivo manufacturing optimization process through the SCFA bacterial derived metabolites. Results summarized in this review, might appear difficult to interpret as the effects of SCFAs are clearly dependent on immunological context and the studies compared often used a wide range of different conditions, from concentrations to exposure time. This is expected, as the field is only just starting to investigate the effect of gut microbial-derived metabolites on immune populations ex vivo. This lack of clarity and consistency reflects the urgent need for more rigorous and systematic protocols to better understand and learn from the microbiome-T cell crosstalk.




The ex vivo effects of SCFAs on T-cells


Naïve CD4+ T cells

The effect of SCFAs in regulating T cell differentiation into effector and IL-10+ regulatory T cells was studied by Park et al. In this study T cells were activated in vitro for 5-6 days in the presence or absence of the SCFAs at different concentrations. The results showed that naïve CD4+ T cells, isolated from murine spleens and lymph nodes (LN), treated with acetate and propionate in vitro, led to differentiation into Th17 cells, which was observed through the increase in IL-17+ and IL-10+ cells as well as the increase in the transcription of the associated genes IL-17A, IL-17F, Rorc, RORα, T-bet, and IFN-g (25) Tables 1, 2.


Table 2 | Summary of methods and results from ex vivo SCFA effects on murine T cell studies.





Polarized CD4+ T cells

Studies over the last 10 years have shown the ability of SCFAs to modulate and alter polarized CD4+ T cells via epigenetic and metabolic processes. Under tolerogenic conditions, naïve CD4+ T cells supplemented with low or physiogical concentrations of SCFAs seem to play a role in facilitating the activity of T regulatory cells, promoting the production of IL-10 and FoxP3+ Treg polarization (22, 39). Furusawa et al. isolated naïve CD4+ T cells from murine spleen and LNs. After three days of expansion cells were differentiated into Tregs in the presence or absence of acetate, propionate or butyrate, for an additional 2 days. Butyrate significantly increased the concentration of Foxp3+ cells; propionate did so moderately, while acetate showed no effect. The butyrate effect was in part mediated by histone H3 acetylation of the Foxp3 locus (22). Another study provided additional evidence indicating an increase of Foxp3+ CD4+ T cells for lower concentrations of propionate but not for higher ones (23). A third independent study, partially confirmed the enhanced Foxp3 expression in purified murine CD4+ T cells using a suboptimal concentrations of TGF-β1 and low concentrations of butyrate. However, the effect was not observed in the absence or under optimal concentrations of TGF-β1. In any case, higher concetrations of Butyrate did not enhance the expression of Foxp3 and instead, induced the expression of T-bet and IFN-γ via histone acetylation (HDAC inhibition), which is associated with an inhibition of Treg differentiation (24).

Luu and colleagues polarized CD4+ T cells towards Th17 for three days. Supplementation with pentanoate, another SCFA with 5 carbons, during the three-day process, impeded the polarization and inhibited the production of IL-17A through HDAC-inhibitory activity. In this case, and contrary to the results for the shorter SCFAs used in the study from Park et al., pentanoate led to a reduction in the transcription of the Th17 associated genes IL-17A, Rorc, Il21, Stat3, and Tgfb3. The treatment did, however, lead to the increase in the expression of IL-10 in Th17 cells. This increase seems to be due to pentanoate acting as a precursor of acetyl-CoA and activating the mTOR pathway, similarly to the mechanism for acetate. Results showed that Th17 cells treated ex vivo with pentanoate increased the extracellular acidification rate and enhanced their glycolytic activity leading to metabolic and epigenetic reprogramming and the loss of the pathogenic phenotype of Th17 cells in autoimmune disease (26).

Finally, under Th1 CD4+ polarizing conditions in the presence of IL-12, acetate and propionate supplementation potentiated the differentiation into Th1 cells, in a concentration dependent manner (25) Table 1.



Activated CD8+ T cells

Activated CD8+ T cells cultivated in vitro using a SCFA-enriched medium have an increased production of IFN-γ and Granzyme B. SCFAs with shorter chain lengths such as acetate (two carbon chain) require greater concentrations for similar effects to ones with longer chain lengths such as pentanoate (five carbon chain) (28–31). For instance, murine CD8+ T cells polarized to CTLs in culture for three days, were supplemented with acetate for an additional three days at a concentration 25 mM. This led to a 125% increase in IFN-γ cells in comparison to untreated cells. Propionate, which contains a three-carbon chain, seems to require a concentration of approximately 5 mM to achieve similar effects (28). To obtain a comparable effect using butyrate, a SCFA with a four-carbon chain, a concentration of only 1 mM was required (29). In line with this hypothesis, murine CD8+ T expansion under CTL-inducing conditions supplemented with low concentration of acetate showed no effect over TNF-α or IFN-γ expression (27). SCFAs of shorter chain lengths are found in the body at greater concentrations (68). This might explain why T cells may could have evolved to become less sensitive to SCFAs of shorter chain lengths through a variety of mechanisms. In the example above, while acetate caused the increase in IFN-γ via the mTOR pathway (rapamycin, an mTOR inhibitor, led to an abrogation of the effect), butyrate caused it via the inhibition of HDAC activity (29). CD8+ T expansion under CTL-inducing conditions and supplemented with pentanoate, butyrate and, to a lesser extent, propionate showed an increase in the frequencies of TNF-α+ IFN-γ+ CD8+ T cells and secretion of TNF-α by CTLs. The effectiveness of butyrate and pentanoate treated T cells was further tested in a B16-OVA melanoma murine model and showed a better melanoma tumor control. Moreover, pentanoate-treated CD8+ T cells, showed an increase in in vivo persistence in a rag1-deficient mouse model, which was associated to an increase in CD25 expression and continuous IL-2 secretion (27). Qiu et al. tested CD8+ T cells under prolonged glucose restriction in vitro and showed that supplementation of acetate increased the expression of IFN-γ, although Granzyme B levels were not altered. These effects were mediated through histone acylation (31).

Differences in SCFAs concentration in medium lead to differences the expression of cytokines, however, the effect on the length of exposure seems to be less clear. While Luu and colleagues exposed murine activated CD8+ T cells to 1 mM Butyrate for three days (29), He and collaborators exposed activated CD8+ T cells to butyrate at the same concentration for just 12 hours, with the inclusion of IL-12 (28). They both obtained similar results for the proportion of IFN-γ cells, indicating a doubling in relation to untreated cells.

There are other factors to consider beyond concentrations or the duration of treatment, like whether the effect is long-lasting and leads to stable phenotypic change or their memory potential. The first one was explored by treating CTLs with butyrate for two days and then allowing the cells to grow without it for an additional three days. An increase in IFN-γ was still observed after treatment withdrawal compared to the control group, in vitro and in vivo, indicating a phenotypic stable change (29). The relationship between SCFA T cell ex vivo treatment and their memory potential were studied with transgenic gBT-I CD8+T cells treated with butyrate for three days after antigen-specific activation. While butyrate treatment reduced proliferation, it also led to greater responsiveness to IL-15 and a higher expression of transcription factor FoxO1 (30). Expression of FoxO1 is involved in the formation of memory T cells (69–71) while IL-15 promotes memory CD8+ T-cell survival and proliferation (72, 73), suggesting that butyrate may lead to a greater memory potential of the activated CD8+ T cells. This was supported by in vivo experiments that showed that butyrate treated gBT-I CD8+ T cells had a greater expansion upon antigen encounter. The suggested mechanism behind butyrate enhancement of the memory potential of CD8+ T cells might be its impact over glycolytic metabolism, uncoupling the TCA cycle from glycolitic input and favouring oxidative phosphorylation (30) Table 1.



TILs and CAR-T cells

All the studies mentioned above prove that SCFAs can modulate T cell polarization and memory formation ex vivo. There are few reports that show better therapy outcomes polarizing CAR-T cells in vitro before infusion. Interestingly, Th17-polarized human mesothelin-CAR T cells exhibited superior immunity against mesothelioma compared to Th1-polarized mesothelin -CAR T cells (74). In the same line of results, Guedan and colleagues showed that mesothelin-specific CAR Th17/Tc17 cells (that maintained Th17 function with a Th1 bias) had long-lived persistence in vivo and eradicated tumors (75). A third report studying the Th17 polarization effects on CAR-T cells, showed that a Th/Tc17 CAR-T targeting the proto-oncogene Neu, exhibited an increase antitumor immunity and improved early tumor control. The combination of the Th/Tc17 Neu-CAR-T and a STING agonist increased the trafficking, persistence, and tumor control in a murine model of breast cancer (76). Supporting the use of Th17 polarizing conditions for CAR-T cells, Fraietta and colleagues showed that CAR-T cells from chronic lymphocytic leukemia complete responders to CD19-CAR T therapy, had an enhanced transcriptomic profile of STAT3/IL-6 signaling, producing a type-17 signature compared with non-responders (77). Finally, a human mesothelin-CAR polarized towards Th9 cells was able to eliminate advanced human ovarian cancer patient-derived xenograft in humanized NSG mice. Regular expanded CAR-T or high doses of Th1+Tc1 polarized CAR-T cells could not achieve the same results (78). The differentiation status of CART cells plays a crucial role for therapeutic success as well. It is now well stablished that a less differentiated profile, like naïve or central memory T cells which have the capacity to persist and proliferate long-term in vivo lead to a better clinical outcome (77, 79). All the studies mentioned above highlight the potential of SCFAs over the process of expanding tumor-specific lymphocytes and CAR-T cell manufacturing for cancer immunotherapies. In this line, two studies recently published have explored the use of SCFAs on TILs and CAR-T cells.

Murine tumor-infiltrating lymphocytes (TILs) obtained from B16 melanoma and treated ex vivo with acetate showed a significant increase in IFN-γ secretion. This indicates that acetate can promote responsiveness in T cells isolated directly from the tumor microenvironment (31). The effect of butyrate and pentanoate supplementation during CAR-T cell ex vivo expansion was investigated under CTL-inducing conditions. Murine and human CD8+ T cells were used to generate a CAR that recognize receptor tyrosine kinase-like orphan receptor 1 (ROR1). Murine CAR-T cells treated with butyrate and pentanoate enhanced expression of CD25, as well as TNF-α and IFN-γ production. Pentanoate treated cells were further tested in a pancreatic tumor model and showed that tumor volume and weight were significantly reduced in comparison to non-treated cells. Later, the authors developed CAR-T cells from healthy human donor CD8+ T cells using a ROR1-specific CAR. After a two-step 17-day stimulation process, CAR-T cells were treated for four days with pentanoate at different concentrations. CAR-T cells pretreated with pentanoate showed upregulation of CD25 expression, IL-2 secretion, and stronger proliferation, as well as greater cytolytic activity when encountering their target antigen ROR1, together with an increase in IFN-γ and TNF-α production (27). Table 1.




Conclusion

During the last decade multiple studies have confirmed the remarkable effect of gut microbiota and its bacterial derived metabolites upon the immune system. Bacterial T cell polarization and function modulation are two of the most studied aspects of the gut microbiota-immune system axis. These are the basis of several strategies to improve efficacy of immunotherapies or to harness its side effects in clinical trials. According to NIH clinicaltrial.gov site there are 50 clinical trials on cancer immunotherapies that include study or intervention regarding gut microbiota. Nevertheless, the clinical implementation has proven to be difficult. Multiple variables are still largely unknown, like the optimal administration route or how to monitor the evolution once its implemented. Moreover, dosing and administration schedule will be key as it is envisioned as a very dynamic therapeutic process. The studies presented in this review show that microbial metabolites can alter T cell differentiation in vitro, potentially leading to a phenotype that can increase persistence, cytotoxic activity and, ultimately, anti-tumor effect, Tables 2, 3. While some results might appear contradictory, expansion and polarization T cell ex vivo protocols used up to now are inconsistent. Multiple factors are not well defined, for instance the cytokines used in the media culture, the SCFAs concentrations or the duration of the treatment to name just a few examples. Dosing SCFAs might be the most crucial variable to account for, as current available data shows pleiotropic effects of SCFAs upon T cells. Learning from microbiome-T cell crosstalk can help us to develop a more efficient cancer immunotherapy. We foresee the ex vivo use of bacterial-derived metabolites as a new method to improve T cell expansion and polarization, directed to cellular immunotherapies with a special interest on TILs and CAR-T cell production.


Table 3 | Summary of methods and results from ex vivo SCFA effects on murine and human T cell studies.
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Advancing novel immunotherapy strategies requires refined tools in preclinical research to thoroughly assess drug targets, biodistribution, safety, and efficacy. Light sheet fluorescence microscopy (LSFM) offers unprecedented fast volumetric ex vivo imaging of large tissue samples in high resolution. Yet, to date laborious and unstandardized tissue processing procedures have limited throughput and broader applications in immunological research. Therefore, we developed a simple and harmonized protocol for processing, clearing and imaging of all mouse organs and even entire mouse bodies. Applying this Rapid Optical Clearing Kit for Enhanced Tissue Scanning (ROCKETS) in combination with LSFM allowed us to comprehensively study the in vivo biodistribution of an antibody targeting Epithelial Cell Adhesion Molecule (EpCAM) in 3D. Quantitative high-resolution scans of whole organs did not only reveal known EpCAM expression patterns but, importantly, uncovered several new EpCAM-binding sites. We identified gustatory papillae of the tongue, choroid plexi in the brain and duodenal papillae as previously unanticipated locations of high EpCAM expression. Subsequently, we confirmed high EpCAM expression also in human tongue and duodenal specimens. Choroid plexi and duodenal papillae may be considered as particularly sensitive sites due to their importance for liquor production or as critical junctions draining bile and digestive pancreatic enzymes into the small bowel, respectively. These newly gained insights appear highly relevant for clinical translation of EpCAM-addressing immunotherapies. Thus, ROCKETS in combination with LSFM may help to set new standards for preclinical evaluation of immunotherapeutic strategies. In conclusion, we propose ROCKETS as an ideal platform for a broader application of LSFM in immunological research optimally suited for quantitative co-localization studies of immunotherapeutic drugs and defined cell populations in the microanatomical context of organs or even whole mice.
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Introduction

Paradigm shifting mechanistic insights, conceptual advances, and compelling clinical outcomes have placed immunotherapy at center stage in the treatment of cancer patients. Direct targeting of cancer cells with therapeutic monoclonal antibodies (1–3), T cell-engaging antibody formats (4), antibody-drug conjugates (5, 6) and radioimmunotherapy (7), genetically modified chimeric antigen receptor (CAR) (8, 9) or T-cell receptor (TCR) T cells (10–12), and vaccination strategies (13–15) build an increasing armamentarium to treat cancer patients. Therapeutic approaches to indirectly boost the body’s natural defense against cancer have successfully improved clinical care by either targeting the cancer cells directly or the tumor microenvironment (3, 16) through blocking immune checkpoints (12, 17, 18) and activating preexisting endogenous immune effector mechanisms (19–21). To date, clinical success has cemented immunotherapy as a powerful pillar of modern cancer therapy. Yet, directing and taming the powers of an effective immune response against cancer cells remains challenging (22–25). Clearly, insights in the spatial organization of cancer, stroma and immune cell topography, distribution and the molecular regulation of potential therapeutic target antigens and the local and systemic regulation of immune effector mechanisms are key aspects determining success or failure of novel therapeutic strategies. Preclinical development requires careful consideration of tumor and tissue antigens as well as complex heterogeneous tumor microenvironments. Identifying promising targets implies to subsequently outweighing therapeutic benefits with potential toxicities, which remains a major challenge during preclinical and clinical development.

EpCAM (CD326) was one of the first human tumor-associated antigens (TAA) discovered with monoclonal antibodies more than forty years ago in patients with colorectal carcinomas (26). Since then it has become clear that many solid cancers of epithelial origin, such as colon, breast, pancreas and prostate carcinomas, aberrantly overexpress EpCAM. EpCAM fulfills many functions in the regulation of cell adhesion, proliferation, migration, stemness, and epithelial-to-mesenchymal transition (EMT) of carcinoma cells (reviewed in (27)). Notably, many healthy epithelial tissues also express EpCAM. However, healthy simple and pseudostratified epithelia in humans express EpCAM in basolateral membranes with the exception of hepatocytes and keratinocytes in contrast to the ubiquitous non-polarized overexpression profile in epithelial cancer cells (28, 29). These differential expression patterns have positioned EpCAM as an interesting antigen for targeted cancer therapy (27, 30) although EpCAM-targeted therapies must be closely assessed for on-target/off-tumor binding potentially resulting in adverse effects.

Therefore, advancing immunotherapies requires to further develop suitable tools and technologies to accelerate robust preclinical evaluation into successful clinical development.

Before entering clinical trials, any drug candidate must undergo extensive preclinical testing with the aim of predicting pharmacological properties and toxicological effects in humans (31). Herein, the ex vivo analysis of tissue specimens is often carried out based on histology. Modern histopathological analyses can rely on robust and highly standardized sample preparation techniques that have evolved over decades. However, it has been demonstrated that thin sections of embedded tissues are not always representative for the entire specimen (32, 33). Furthermore, creating hundreds of physical sections is extremely time consuming, laborious and uses up the specimen for further analysis, especially when rare events need to be detected within large tissue specimens (34–36).

Over the last two decades, light sheet fluorescence microscopy (LSFM) has emerged as a non-destructive technology offering rapid high-resolution imaging by creating optical sections of large intact tissue specimens (37). Consequently, LSFM has been applied across many fields of research (38) like developmental biology (39–43), neurobiology (44–47), cancer research (48–51) and immunology (52–56). High acquisition rates and recent progress towards batch-wise imaging of multiple specimens render LSFM principally suitable for large-scale preclinical studies with dozens or even hundreds of samples. However, as a prerequisite for mesoscopic LSFM imaging, specimens must be rendered optically transparent (clearing) (57–59). Clearing is generally achieved by removing light-absorbing components from the tissue and reducing scattering through the homogenization of different refractive indices (RI) (58). Many protocols have emerged for the clearing of murine and human tissues, but most published procedures are limited to processing few specimens at a time and are often tailored for a specific tissue of interest (60, 61). For some tissues like the small and large intestine, no procedures exist that enable clearing of entire organs, rather than small segments (52, 62–65). Additionally, almost all protocols for murine tissues require animals to be perfused, a laborious and time-consuming procedure to flush out the blood from animals (66). Due to these limitations experimenters face great complexity if they want to clear more than one type of tissue or many specimens in parallel. Therefore, sample preparation still obstructs LSFM-based studies in preclinical drug development.

To this end we report three advances to overcome current challenges to routinely apply LSFM for advancing novel immunotherapy strategies. First, we combined and harmonized a clearing procedure of murine specimens optimally suited for standardized and high-throughput LSFM. Our Rapid Optical Clearing Kit for Enhanced Tissue Scanning (ROCKETS) approach, which does not require transcardial perfusion, combines in the first step hydrophilic expansion (hyperhydration), delipidation and decolorization and in the second step dehydration and organic solvent-based RI-matching. Second, we developed a technique for LSFM analysis of the entire gastrointestinal tract (GIT), which we termed 3D-Swiss Rolls technique. Third, we demonstrate that ROCKETS is also suited for LSFM of whole mouse bodies.

Finally, we investigated the biodistribution of an EpCAM-specific antibody employing ROCKETS and semiquantitative LSFM imaging, which resulted in unanticipated outcomes.

On top of confirming well-recognized sites of EpCAM expression we report, to our knowledge for the first time, accentuated EpCAM expression at all types of gustatory papillae of the tongue and especially in the choroid plexi in brain ventricles as well as the duodenal papillae. Postmortem stainings on paraffin embedded tissue samples could independently confirm these findings, even on human tongue and intestinal specimens. We deem our observations as highly relevant to be considered for cancer immunotherapeutic approaches. In summary we propose ROCKETS combined with LSFM to complement current immunohistochemical analyses for large-scale assessment of in vivo drug development to advance immunotherapy.



Methods


Animal models, handling and care

Female ten-week-old C57BL/6 inbred mice were obtained from Charles River Laboratories Germany GmbH, Sulzfeld, Germany. Studies were approved by the Government of Upper Bavaria (Regierung von Oberbayern, Munich, Germany; ROB-55.2-2532.Vet_02-19-5) and in accordance with the European directive 2010/63/EU for animal research. For subcutaneous tumors, 3*105 murine pancreatic ductal adenocarcinoma cells KPC-4662wt were applied as suspension in 100 µl matrigel (50% [v/v]), FisherScientific, Corning™ 354234) into the right flank of the animals. Animals were euthanized by cervical dislocation for whole-organ analyses.



Administration of conjugated antibodies

20 µg of anti-mouse EpCAM (CD326) antibody, conjugated with AlexaFluor750 (R&D Systems, FAB8998S, clone G8.8R), was administered to mice intravenously (i.v.) into the tail vein 24 hours (h) before euthanasia.



Fixation of organs

Tissues of interest were excised immediately after euthanasia and rinsed briefly with deionized water (dH20) to remove hair or body fluids. Specimens were transferred to histological cassettes (Simport, Macrosette M512) for fixation. Tissues of the small and large intestines were processed according to the 3D-Swiss Roll procedure (below). All tissues were fixed using neutral buffered formaldehyde solution (NBF, 4% formaldehyde, VWR Chemicals 9713.9025) of at least ten times the volume of the dissected specimens for 14 to 18 h at 4°C with gentle agitation in the dark.



Preclearing and ex vivo immunofluorescence stainings

For clearing of blood-rich and large mouse organs without transcardial perfusion, light-absorbing and -scattering tissue components were chemically removed by immersion in a preclearing reagent before dehydration and organic solvent-based RI matching:

Fixed tissues were incubated at 30°C in a minimum of 15 ml per whole organ with gentle agitation in the dark for 2 to 4 days (d), with one exchange after 2 d. The preclearing reagent comprised 20% (v/v) Quadrol®, (N,N,N′,N′-Tetrakis(2-Hydroxypropyl)ethylenediamine, CAS102-60-3, Sigma Aldrich 122262-1L), 10% (v/v) TWEEN-80® (Polyethylene glycol sorbitan monooleate, CAS 9005-65-6, Sigma Aldrich P1754-500ML), 10% (v/v) TEA (2,2′,2′′-Nitrilotriethanol, CAS 102-71-6, Sigma Aldrich 90279), 10% (v/v) DMSO (Dimethyl Sulfoxide, CAS 67-68-5, Sigma Aldrich D5879-500ML), 10% (w/v) urea (CAS 57-13-6, Sigma Aldrich U5378-1KG) dissolved in dH2O. For mixing ~100 ml/l of dH2O was applied before adding other components. Quadrol® was heated up to ~40°C to reduce viscosity and enable pouring.

After preclearing of organs, the preclearing reagent was removed, specimens were rinsed briefly with dH2O and then washed with PBSPC (phosphate-buffered saline with added biocide ProClin300, Sigma-Aldrich 48912-U, at 0.05% v/v) four times for 1.5 h, once overnight and again twice for 1.5 h at room temperature (RT) before proceeding to dehydration. At this step, samples could be stored in PBSPC at 4°C in the dark for up to four weeks without significant loss of fluorescence signals. Preclearing of non-perfused organs improved imaging for all tissues and was indispensable for the following organs (incubation time/notes): spleen (4 d), kidneys (4 d), liver (4 d), heart (4 d, coronal section exposing all four chambers of the heart using a scalpel), large/blood-rich tumors (4 d, larger than 500 µm in diameter), tongue (4 d), lungs (2 d), thymus (2 d).

For ex vivo immunofluorescence stainings of murine lymph nodes (LN), we incubated tissue specimens overnight in 1.4 ml blocking solution at 30°C to prevent nonspecific binding. The blocking cocktail comprised 0.3% Triton X-100, 10% DMSO, 2% normal mouse serum, 2% normal rat serum, all (v/v%), and 2% BSA (bovine serum albumin, w/v), dissolved in PBSPC. For staining, 700 µl of the blocking buffer was removed and replaced with Ventana Antibody Diluent (Roche Diagnostics AG, Art.05261899001) containing 0.3% Triton X-100. To this solution, antibodies were added at 10 µg/ml: anti-CD3, conjugated with AlexaFluor594 (clone 17A2, Biolegend, Cat. 100240) and anti-CD19, conjugated with AlexaFluor647 (clone 6D5, Biolegend, Cat. 115522). Lymph nodes were then incubated at 30°C for 3 d with gentle agitation in the dark before being washed multiple times for 1 h and again overnight in PBSPC before being processed for clearing and LSFM imaging.

For staining of cell nuclei within mouse tissues, excised tumor specimens were incubated with 5 μg/ml propidium iodide (PI), dissolved in the preclearing reagent, for 4 d at 30°C and gentle agitation. The preclearing reagent was removed and rinsed off using PBSPC and samples were washed twice in PBSTPC (PBS + 0.1% ml Tween-20+ProClin300) and again overnight. On the next day, samples were washed again in PBSPC for 2 h before being processed for clearing and LSFM imaging.

For immunofluorescence stainings of mouse organs, tissues were fixed as described above and dehydrated using EtOH (Carl Roth, Cat. 0911) in an automated tissue processor (Tissue-Tek VIP® 6 AI Vacuum Infiltration Processor, Sakura) inside histology cassettes, washed once with xylene (Roth, Cat. 9713.3) for 20 minutes and paraffinized using the automated tissue processor. Paraffinized specimens were embedded in blocks, cooled overnight, and cut into 2.5-5 µm thick slices using a rotary microtome HM355S heavy duty with section transfer system and Cool-Cut module (Thermo Scientific). Floating tissue slices were mounted on glass slides and dried at 30°C overnight. Sections were then deparaffinized and rehydrated automatically using Gemini AS Automatic Stainer programmed to apply: 3x xylene (3 min), 2 x 100% ethanol (2 min), 95% ethanol (1 min), 70% ethanol and dH2O (1 min). Antigen retrieval was performed by boiling sections in a steamer in Discovery CC1 solution (Ventana, 950-500) for 30 min. To prevent unspecific binding, tissue sections were blocked using protein block solution (Dako, X0909) for 10 min at RT. All tissues except brains were directly incubated with 10 µg anti-mouse EpCAM antibody conjugated with Alexa Fluor 647 (Biolegend, Cat. 118211, clone G8.8) diluted in antibody diluent (Ventana, 251-018) for 1 h at RT.

For murine brain sections, antibody-blocking was performed as reported by Rogers et al., 2006 (67), by coincubating 25 µg of the antibody with 30 mM of L-reduced glutathione (Sigma Aldrich, 70-18-8) diluted in 1X TBST (G-biosciences, R042) on ice for 1 h before applying to sections for 1 h at RT as well. After washing, nuclei were counterstained and mounted with Fluoro-Gel II mounting medium with DAPI (Electron Microscopy Sciences, 17985-51), and sections were left to dry until the following day. The slides were imaged using slide scanner AxioScan® 7 (Carl Zeiss, Jena, Germany), and files were exported and visualized using Imaris Software, version 9.9.1.

Human FFPE tissues were stained using fully automated tissue stainer Leica Bond-III (Biosystems Switzerland), pretreated with citrate buffer at pH 6, and anti-EpCAM antibody (clone MOC31, Cell Marque, 1:200).



3D-Swiss Rolls for specimens of the GI tract

For specimens of the small and large intestine, the GIT was removed as a whole from the abdominal cavity by cutting the distal esophagus (approx. 3-5 mm from the stomach) and the rectum. Attached mesentery was removed by careful pulling with forceps or cutting. If the pancreas was to be analyzed as a whole, the GIT was removed together with the entire pancreas and the spleen and then separated ex situ as a whole. Subsequent intestinal incisions were made at the pyloric sphincter, the ileocecal valve and distal of the cecocolic orifice, thereby separating stomach, small intestine, cecum and colon. Stomach and cecum were transferred to ice-cold PBSPC to slow down autolytic processes while the colon and small intestine were processed.

The distal end of the small intestine was gently pulled onto a rodent oral feeding gavage with ball-tip, attached to a 50 ml syringe containing ice-cold PBSPC. Holding the sample firmly on the gavage with fingers, chyme and feces were flushed out with ice-cold PBSPC. While flushing, the specimen was gradually and gently pulled onto the gavage to allow for thorough removal of feces also from the proximal end. After rinsing, small intestines were immediately flushed again and filled with NBF using a separate syringe with a feeding gavage. The small intestines were then laid out flat, forming an “N”, and cut into three equally long sections (SI 1-3). The created segments were transferred to a beaker containing NBF, noting the correct order of segments as well as the proximal and distal ends. The colon was processed as one single specimen.

3D-Swiss Rolls were formed as quickly as possible to prevent specimens from becoming too rigid for proper rolling. Rolling of the colon was conducted first, as it became too rigid for rolling shortly after immersion in NBF. To create 3D-Swiss Rolls, the specimens were cut open longitudinally along the mesenteric line and then transferred back into a flat dish containing NBF. Using forceps, the specimens were gently pulled over a wooden tampone swab (LP Italiana, 112298, cotton ends removed) with the luminal side facing outward and starting with the proximal end of the colon. Once rolled, the end of the swab was placed into the lower corner of a large sample-processing cassette (Macrosette M512, Simport) and the protruding end cut off at the opposite corner of the cassette. This way, specimens could be placed diagonal in the cassette without touching the surface of the cassette (thus avoiding imprints in the tissue after fixation). The cassette was immediately transferred to NBF for fixation. Each section of the SI was processed as described for the colon, except rolling was started at the distal end of each segment to avoid excessive squeezing of the longer proximal villi. Stomach and cecum were then cleaned by inserting a gavage needle attached to a syringe containing ice-cold PBSPC into the stomach through the pylorus or cecum through the ileocecal valve, respectively. Contents were flushed out until organs were empty and rinsing buffer was clear. The specimens were filled with NBF and transferred into a flat histological cassette with a paper inlay for fixation in their physiological shape. In general, complete removal of chyme or feces from all the specimens is important because the plant-based nutrition of mice shows very high autofluorescence in LSFM imaging. At the same time, quick processing is even more essential during dissection to prevent autolytic damage of the tissues. Therefore, if not all residues of chyme or feces could be removed during dissection, further cleaning could be conducted after fixation.

After fixation, 3D-Swiss Roll samples were unraveled from wooden holding sticks in a large bowl containing ice-cold PBSPC and remaining chyme and feces were carefully removed. Specimens were then rolled up again in the same orientation, now on plastic stirring spatulas (Brand, VWR 441-0217). This was necessary because the wooden cotton swabs used during dissection left dark marks on the tissues upon dehydration. Rolled specimens were transferred back to cassettes for dehydration and clearing. Specimens were then dehydrated following the automated procedure described below. After dehydration, plastic stirring rods were removed before immersion in BABB because polystyrene does not withstand organic solvents.



Processing of whole mice

For clearing of entire mouse bodies, animals were euthanized by CO2 inhalation and immediately perfused transcardially with 40 ml PBS with 10 IU Heparin (B. Braun, 25.000 IE/5 ml Heparin sodium, Melsungen, Germany) at 2 ml/min, immediately followed by perfusion with 60 ml NBF with 10 IU Heparin at 1.5 ml/min and again 20 ml PBS with 10 IU Heparin sodium at 2 ml/min to remove NBF. Mice were then decalcified by constant perfusion and immersion in 20% EDTA solution (Entkalker Soft, Carl Roth 6484.2) for six days at 2 ml/min in the dark. EDTA was removed by rinsing and perfusion with dH2O for 30 min. The skin was removed and the GIT cleaned by incising at multiple locations and rinsing out contents with dH2O using a syringe with an oral feeding gavage. Mice were then immersed in the preclearing reagent at 30°C for 14 d with gentle agitation and exchanges of the reagent after three, six and nine days. To control evaporation, incubation was carried out in a container with airtight lid. After the last step, the preclearing reagent was discarded and animals briefly washed in PBSPC to remove bulk residues of the reagent. Mice were then washed in PBSPC for a total of 24 h: 3x 3 h, overnight and again 2 h before proceeding to methanol- (MeOH-)based dehydration, delipidation and RI matching.



Dehydration and refractive index matching (clearing)

Specimens were dehydrated using two different procedures, depending on the tissue. All individual organs except the brain were dehydrated using EtOH (Carl Roth, Cat. 0911), an automated tissue processor (Tissue-Tek VIP®® 6 AI Vacuum Infiltration Processor, Sakura) inside histology cassettes. The custom protocol comprised of eight steps of 30 min each in a low-pressure environment to enhance diffusion of an increasing concentration series of EtOH: 70%, 70%, 80%, 80%, 90%, 90%, 100%, 100% (v/v). After dehydration, cassettes were dried using a paper cloth before RI matching by immersing specimens in BABB (one part benzyl alcohol [BA, Sigma Aldrich 305197-2L] and two parts benzyl benzoate [BB, Merck Millipore 8187011000]). Specimens were incubated in BABB in the dark for 24 h until fully transparent (less for very small or permeable tissues, two days for whole mice). Once cleared, specimens could be stored light-protected for at least three months at 4°C without loss of fluorescence signals.

Whole brains and whole mice were dehydrated manually at room temperature (RT) using methanol (MeOH, Merck Millipore 1060092511) and additionally delipidated with dichloremethane (DCM, Merck Millipore 1006681000). Brains were dehydrated at RT with gentle agitation in the dark at 20%, 40%, 60%, 80% and 100% methanol (v/v, diluted with dH2O, 1.5 h each) and again in fresh 100% methanol overnight at 4°C. Delipidation was carried out in 66% (v/v) DCM and 33% MeOH for 5 h at RT with gentle agitation and specimens briefly washed in 100% DCM for 15 minutes before immersion in BABB until fully cleared.

Whole mice were processed according to the same protocol but with longer incubation times of 4 h for the first two incubations (20%, 40% methanol), o/n (60% methanol), 8 h (80%), o/n (2 x 100% methanol and DCM/methanol) and 30 minutes (100% DCM). As higher concentrations of methanol evaporated more quickly, specimens were incubated in airtight glass containers.



Light sheet fluorescence microscopy, data conversion and visualization, scoring

Imaging was conducted using either a light sheet fluorescence microscope (LSFM) Ultramicroscope II® (UM2, LaVision Biotec, Bielefeld, Germany; now part of Miltenyi Biotec, Bergisch Gladbach, Germany) or LSFM Ultramicroscope Blaze® (UM Blaze, Miltenyi Biotec, Bergisch Gladbach, Germany). The UM Blaze was equipped with an edge 4.2 sCMOS (2048 x 2048 active pixels, pixel size 6.5 µm) camera (PCO Instruments). The UM2 instrument was modified compared to the original model at the excitation light path: Instead of six light sheets for excitation of fluorescence, the illumination light was channeled in only two light sheets that were oriented opposite towards each other. The UM2 was equipped with an Andor Neo 5.5 sCMOS (2560 x 2160 active pixels, pixel size 6.5 µm) camera (Oxford Instruments). The thickness of the generated light sheet is estimated at 6 µm at its thinnest point, based on the chosen numerical aperture setting of 0.02 of the sheet optics for both instruments. As light source, a supercontinuum white light laser SUPERK extreme EXR-20 (NKT Photonics) with a maximal power output of 2 W was applied combined with optical bandpass filters for fluorescence excitation and emission detection. For acquisition of anatomy using the UM2, tissues were imaged by excitation at 545 nm with a filter bandwidth of 20 nm and emission was detected at 595 nm with a filter bandwidth of 40 nm (545 (20)nm → 595(40)nm), the anti-EpCAM IgG2a conjugated with AlexaFluor®750 was detected at 747(33)nm → 786(22)nm. Using the UM Blaze, anatomy was acquired at 520(40)nm → 572(23)nm and the antibody was detected at 740(40)nm → 824(55)nm. For imaging of entire mice, mosaic scans (comprising eight individual z-stacks per channel) were conducted using the built-in feature of the UM Blaze. Image acquisition for an entire mouse body took 4-5 h. Subsequent image stitching was conducted using the Imaris Stitcher version 9.3.1 (Oxford Instruments, United Kingdom). Raw image data in the.tiff file format was converted to the native Imaris file format using the Imaris file converter version 9.3 or higher and visualizations were created using Imaris version 9.5 or higher (Oxford Instruments, United Kingdom). Scoring of binding was conducted semi-quantitively by comparing maximum fluorescence signal intensities of each tissue in whole mouse scans of three mice.



Processing of cleared tissue specimens for conventional 2D histology and slide scanning

Histological assessment after 3D-LSFM imaging was conducted by removal of BABB and washing with xylene (Roth, Cat. 9713.3) for 10 min before paraffinization using a Tissue-Tek VIP 6 Vacuum Infiltration Processor (Sakura). Paraffinized specimens were cut to 2.5 µm thick slices using a rotary microtome HM355S heavy duty with section transfer system and Cool-Cut module (Thermo Scientific). Floating tissue slices were picked up on glass slides and dried at 30°C o/n. Tissue sections were then deparaffinized and rehydrated automatically using a BenchMark ULTRA autostainer (Roche Ventana) programmed to apply: 3x xylene (3 min.), 2x 100% ethanol (2 min), 95% ethanol (1 min.), 70% ethanol and dH2O (1 min.). Hematoxylin and Eosin (H&E) stainings were performed using a VENTANA HE 600® system (Roche). The slides were imaged using slide scanner AxioScan® 7 (Carl Zeiss, Jena, Germany) and files were exported and visualized using ZEN Blue Edition Software, version 2.3 (Zeiss).




Results


ROCKETS toolbox for passive clearing of mouse tissues

To develop a simple and harmonized protocol for large-scale and high-throughput LSFM for immunological research and preclinical drug development of all mouse organs or whole bodies for LSFM imaging we integrated, adapted, and complemented existing procedures for various tissues. To this end we focused on passive clearing techniques, which are often categorized by hydrophilic and organic solvent-based approaches (66, 68–70) We chose to combine these concepts in a coherent two-step procedure, which we subsequently termed Rapid Optical Clearing Kit for Enhanced Tissue Scanning (ROCKETS). First, hydrophilic expansion (hyperhydration), delipidation and decolorization similar to the previously published CUBIC by Susaki et al. in 2014 (71) and, second, dehydration and organic solvent-based RI matching as described already in 1914 by Werner Spalteholz (72), which was first applied for modern LSFM of biological tissues by Hans-Ulrich Dodt et al. in 2007 (40) and later refined in the DISCO-family of clearing protocols, initiated by the work of Ali Ertürk et al. in 2012 (73–75). Subsequently, our developed ROCKETS toolbox allowed for choosing to process particular or all tissues of interest or even whole mice (Figure 1A), for which each critical step is outlined below.



Fixation

Tissue fixation in general is an important factor in tissue processing that has rarely been considered for tissue clearing. After in vivo i.v. administration of fluorescently labeled antibodies and euthanizing mice we fixed tissues using neutral buffered formalin (NBF), which covalently cross-links proteins (76) to keep bound antibodies linked to their target. We observed that the duration and temperature of fixation in NBF had a significant impact on clearing performance and undesired autofluorescence. Over-fixation (>12 h at RT or >24 h at 4°C) led to insufficient clearing, particularly of large and blood-rich tissues as well increased background fluorescence. Fixation <8 h at RT or <12 h at 4°C for large organs resulted in tissue damage during subsequent processing steps and lower specific fluorescence signal intensities in affected tissue regions. Thus, whole organs were fixed in NBF overnight at 4°C for 14-18 h immediately after dissection.



Passive preclearing and immunofluorescence and nuclear stainings

The goal of any tissue clearing protocol is to maximize transparency through reducing light absorbance and scattering (58, 69). The major source of absorbance in most biological tissues is hemoglobin, the pigment of red blood cells (66). Therefore, to flush blood from the vessels most clearing protocols start with transcardial perfusion of mice, a laborious and messy procedure (77).

To enable passive clearing and omit perfusion, we developed the concept of a hydrophilic preclearing step prior to dehydration and organic solvent-based RI matching (Figures 1B, C). We reasoned that the original CUBIC cocktail as published by Susaki and colleagues in 2014 (71) and in particular the amino alcoholic component Quadrol® (N,N,N′,N′-Tetrakis(2-Hydroxypropyl)ethylenediamine) should be principally suitable to omit perfusion. The decolorizing ability of Quadrol® is based on releasing the light-absorbing prosthetic heme from erythrocytes (69). We found that the decolorizing effect for fixed whole liver lobes treated with various dilutions of Quadrol® generally increased with increasing concentrations, peaking at approximately 20% (v/v, in dH2O) above which we observed no further improvement in effect nor time. Starting from the decolorizing reagent we rationally added further components to the mixture to reduce scattering and increase permeability. The cause for light scattering in biological tissues are inhomogeneous refractive indices, particularly between aqueous compartments, proteins, lipids and fatty acids (58). To elute different types of fats (delipidation) we added two surfactants, Tween-80® (T-80) and triethanolamine (TEA) at 10% (v/v), thereby avoiding commonly used octylphenol ethoxylates like Triton™ X-100, which have been banned from using in the European Union by the European Chemicals Agency (ECHA) due to environmental toxicity. We further included urea as applied in the CUBIC reagent, which induces hyperhydration and corresponding swelling of the tissues, thereby increasing molecular flux and facilitating diffusion of all components through the tissues (69). As described previously for brain tissue (45) we also observed increased swelling of all organs with higher urea concentrations (not shown). At concentrations above 15% urea (w/v) we observed macroscopic deformations of large organs such as the liver (Suppl. Figure S1). These morphological changes were permanent and not reversed through dehydration (and resulting shrinkage) and clearing. Therefore, we added urea at 10% (w/v), which was sufficient to induce reversible swelling without affecting anatomy. Dissolving of all components in deionized water (dH2O) yielded a highly viscous solution. To reduce viscosity, we incubated specimens at 30°C and added 10% dimethylsulfoxide (DMSO), which is known to promote both hydrophilic and lipophilic permeation through tissues (78). The final cocktail, which we termed preclearing reagent, was a yellowish solution with water-like viscosity at 30°C.




Figure 1 | Modular clearing approach of the ROCKETS processing toolbox allows for simplified sample preparation for LSFM imaging. (A) Overview of presented procedures for processing and simplified clearing of mouse tissues or whole mouse bodies. GITs are processed using the 3D-Swiss Rolls procedure prior to fixation to enable holistic imaging. Other internal organs and tissues can be processed according to size and blood content. Non-perfused large and blood-rich tissues are precleared using the developed preclearing reagent before dehydration. Smaller tissues with less blood content do not require preclearing. All tissues except for the brain and whole mice are dehydrated with ethanol using an automated vacuum tissue processor. Due to its high lipid content, the brain is dehydrated in methanol and additionally delipidated using dichloromethane (MeOH/DCM). Only whole mice require perfusion to ensure timely fixation and decalcification of bones before the preclearing step. All specimens are cleared (RI matching) and imaged in BABB. Indicated times are total processing times from the day of dissection to cleared specimens. (p) = perfusion. (B) Workflow of passive preclearing of non-perfused murine tissues. Fluorescence-labeled molecules are applied in vivo (1) prior to euthanasia, tissue dissection and fixation overnight (2). Fixed specimens are incubated in the ROCKETS preclearing reagent (3) and washed with PBSPC (4) before transfer to vacuum-enhanced dehydration (5) and RI matching with BABB (6). (C) Photographs of mouse tissues at indicated step of preclearing. Specimens are opaque and still contain blood pigments after fixation (2). After preclearing (3) samples are fully decolorized and swollen and become completely transparent after dehydration and RI matching (6). The bottom row shows tissues after dehydration and RI matching without preclearing (immersed in PBS). Particularly blood-rich organs are insufficiently cleared without perfusion or preclearing. Thick squares of the grid = 5 mm. (D) Maximum intensity projections (MIPs) of LSFM images (z = 50 µm) of the tissue’s autofluorescence (545 nm → 595 nm) at the widest diameter of precleared tissues. FR = Female reproductive organs (oviduct and ovary), Sal. glands = Salivary glands. All tissue areas could be imaged entirely without blurring. *brain was not precleared, but dehydrated and delipidated using MeOH and DCM. Scale bars = 1 mm.



Non-perfused mouse organs were incubated in 15 ml preclearing reagent per whole organ for two to four days at 30°C, depending on the organ. After treatment, all tissues except bone marrow appeared completely colorless, swollen and partially transparent (Figure 1C, step 3). We detected splenic melanosis in some specimens, presenting as dark spots at one end of the spleen, as is frequently observed in mice with dark coat color (79) and which could not be removed through preclearing. After washing, specimens appeared with a yellow-whitish non-transparent color and had re-gained their physiological size.

After preclearing, we dehydrated and cleared specimens using a 1:2 (v/v) mixture of benzyl alcohol and benzyl benzoate (BABB, see below). After RI matching, all organs were fully transparent when treated using the preclearing reagent (Figure 1C, step 6). We confirmed the preservation of the microanatomical integrity of all major organs after preclearing, dehydration and RI matching, with subsequent hematoxylin and eosin (H&E) stainings of sections of processed tissues (Suppl. Figure S2). In LSFM scans of the autofluorescence at 545 → 595 nm precleared tissues could be imaged at high resolution throughout their entire volume (Figure 1D) and showed overall higher fluorescence intensities compared to non-treated samples. At low wavelengths and in deep regions of certain tissues such as the liver images blurred and showed an inhomogeneous illumination in the center of the samples (Suppl. Tab. S1). However, at excitation wavelengths of 545 nm or higher, tissues could be imaged with high contrast and no blurring at full depth and with homogeneous illumination when preclearing was conducted before RI matching. As the only exception, the liver remained inhomogeneously illuminated even between 545 nm → 595 nm excitation as a result of light absorbance. However, optimal and homogenous illumination could be achieved in the liver at 680 nm and higher (Suppl. Figure S3). Without preclearing, particularly large organs still contained significant amounts of blood and appeared generally more opaque after dehydration and RI matching (Figure 1C, PBS). Without the preclearing steps, several organs (kidneys, tongue, spleen, heart, lungs, liver, thymus, hindleg) could not be imaged entirely, particularly at lower wavelengths due to light attenuation and blurring towards the center (not shown). However, smaller organs or tissues with lower vascularization such as cecum, stomach, female reproductive tract, bladder, and LN were sufficiently transparent without preclearing. Thus, we concluded that preclearing of these organs could be omitted if imaging at higher wavelengths is intended (Suppl. Tab. S1). Yet, importantly, preclearing also improved image quality and signal-to-noise ratio (SNR) for small organs.

To demonstrate the general compatibility of the clearing procedures with ex vivo immunofluorescence stainings we incubated a LN in a solution containing an AlexaFluor 594-labeled anti-CD3 antibody and an AlexaFluor647-labeld anti-CD19 antibody before conducting the ROCKETS clearing procedure. Clearly visible B cell follicles and T cell zones confirmed successful staining of the LN (Suppl. Figures S4A, B). Lastly, we tested whether nuclear stainings, as applied on a routine basis in histology, can be conducted also for LSFM. Therefore, we stained an explanted murine tumor sample by adding propidium iodide to the preclearing reagent and detected individual cell nuclei throughout the specimen (Suppl. Figures S4C–E).



3D-Swiss Rolls for holistic assessment of the gastrointestinal tract

The sheer size and the convoluted tubular structure of the GIT, particularly the small and large intestine, makes it difficult to investigate microscopically. The GIT is neither structurally nor functionally a homogeneous tissue and it is therefore important to analyze it as a whole (80, 81). Therefore, we adapted the histological preparation technique of Swiss rolling (82–84)) for LSFM-based three-dimensional imaging of the GIT. In reference to this, we termed the samples created by our technique 3D-Swiss Rolls. After euthanizing mice, we removed the lower GIT as a whole and separated it ex situ into six specimens (Figure 2, steps 1, 2): Stomach (STO), three equally long segments of the small intestine (SI 1-3), cecum (CAE) and colon (COL). Using an oral feeding gavage needle connected to a syringe, we flushed out chyme and feces and immediately filled the specimens with NBF (Figure 2, step 3) to accelerate fixation and prevent autolytic processes. We used NBF instead of acidic Bouin’s fixative (as applied in the original procedures) to avoid fluorescence quenching and to streamline the workflow with processing of other organs. Next, we cut open the small intestine and the colon longitudinally (Figure 2, step 4a) and rolled up the segments on wooden sticks with the luminal side facing outward and further fixed them in this position (Figure 2, steps 4b and 5). Quick processing turned out as essential during all steps of the procedure. If not processed quickly, particularly the stomach and the proximal third of the small intestine started to deteriorate within minutes due to autolytic processes from exposure to gastric acid, bile and digestive enzymes as observed previously (85). Otherwise, resulting damages to the tissues’ microanatomy due to slow tissue processing might be misinterpreted for toxicity-related effects of investigated drugs. Also, 3D-Swiss Rolls had to be placed carefully into histology cassettes without being pressed against the surface to avoid imprints on the specimens (Suppl. Figure S5). Once fixed, the rolls could be handled with less caution and retained their rolled form during washing, change of holding sticks and automated dehydration. After dehydration and RI matching, samples were stiff and could be easily mounted for LSFM imaging. We confirmed the anatomical integrity of the GIT specimens by LSFM imaging as well as slide-based histology with hematoxylin and eosin (H&E) staining (Suppl. Figures S6A, S7). High-resolution LSFM of 3D-Swiss Rolls allowed us to identify individual cells (enterocytes, goblet cells and Paneth cells) and single nuclei in the entire GIT without additional counterstaining (Suppl. Figures S6A, C).




Figure 2 | 3D-Swiss Rolls sample preparation procedure for LSFM imaging enables holistic assessment of the entire GIT. (A) Schematic and (B) photographic representation of the 3D-Swiss Rolls workflow. (1) After euthanasia the lower GIT is disconnected from the body by incisions at the esophagus and rectum and removed entirely. (2) Six specimens are created by cutting as indicated by dashed lines: stomach (STO), three segments of the small intestine (SI 1-3), cecum (CAE) and colon (COL). (3) Each specimen is cleaned by flushing out chyme and feces with PBSPC and then immediately filled with NBF for fixation. (4a) SI and COL segments are cut open along the mesenteric line and (4b) rolled up on wooden sticks to create 3D-Swiss Rolls. (5) The created 3D-Swiss Rolls are then fixed without touching the surfaces of the histology cassette for 14-18 h in NBF at 4°C. After fixation, 3D-Swiss Rolls are unwound and re-rolled on plastic stirring rods for dehydration and clearing (not shown). (C) Surface rendering of LSFM image stacks of the tissue autofluorescence (545 → 595 nm, grey). 3D-Swiss Roll segments of the small intestine (SI1-3) and colon (Col). Stomach (Sto) and cecum (Cae) retained their physiological form. *Proximal end of the organ in 3D-Swiss Rolls. Scale bars = 1 mm.





Clearing of whole mouse bodies

Next, we asked whether we could also apply the ROCKETS procedure for whole-body LSFM. In this case, we reasoned to first perfuse mice to avoid autolytic processes and to ensure rapid tissue fixation. Therefore, in contrast to the perfusion-free whole-organ clearing protocol, we perfused whole mice with NBF to ensure timely and thorough fixation, followed by 25% ethylenediaminetetraacetic acid (EDTA) to elute light-absorbing calcified minerals from bones, similar to previous reports (86–88). Subsequently we removed the skin and cleaned the GIT from chyme and feces in situ before mice were incubated in the preclearing cocktail for 10-14 days with three exchanges, using a sealable container to prevent excessive evaporation. After washing off the preclearing reagent, we dehydrated and delipidated the mice before RI matching with BABB as described in the next paragraph. The procedure resulted in excellent transparency of entire mouse bodies (Figure 3A) and all inner organs could be easily identified in LSFM scans (Figure 3B).




Figure 3 | Entire mouse body cleared using the ROCKETS whole-mouse procedure and LSFM imaging reveals holistic biodistribution of anti-EpCAM antibody (G8.8R). (A) Mouse body (ventral view) after decalcification, preclearing, dehydration and immersion in BABB shows excellent transparency. Thick squares of the grid = 1 cm. (B) LSFM rendering of the tissue’s autofluorescence (grey) and anti-EpCAM staining (G8.8R in green) as overlay enabled quick localization of antibody disposition and identification of positive tissues. (C-H) LSFM renderings (ventral views) of EpCAM+ tissues (G8.8R in green) in situ. M. Gl. = Mammary glands, LN = Lymph node. Scale bars = 2 mm.





Dehydration, delipidation and RI matching

For dehydration of individual organs (with or without preclearing) we used a tissue processor, which automatically executed dehydration within 4.5 h enhanced by negative pressure (vacuum) and as described previously (48). Brains and whole mice required additional delipidation and, therefore, we manually dehydrated these tissues by adapting the previously published iDISCO+ protocol (89) using methanol (MeOH) and dichloromethane (DCM) (74, 90). Importantly, we omitted the previously described bleaching step with H2O2 of the original iDISCO+ protocol to avoid rapid quenching of fluorophores induced by oxidative treatments. Irrespective of the applied ROCKETS modules, all specimens were finally immersed in BABB for RI matching and imaging.



Biodistribution of an anti-EpCAM antibody (G8.8R)

The cell surface glycoprotein EpCAM is highly expressed on a variety of epithelial cancers but also in healthy tissues, successful therapeutic targeting relies on balancing on- and off-tumor effects. To map EpCAM expression throughout the whole organism, we employed our newly established ROCKETS procedure to investigate the biodistribution of the monoclonal anti-EpCAM IgG2a antibody (clone G8.8R, conjugated with AlexaFluor750®) after i.v. application into the tail vein of wild-type C57BL/6 mice bearing a subcutaneous ectopic tumor (EpCAM-expressing pancreatic cancer cell line KPC-4662). Upon analysis of the biodistribution, we scored the detected binding levels based on fluorescence intensity levels (Suppl. Tab. S2). To account for inherent signal contribution of the autofluorescence, we always scanned negative controls of the same tissue (without antibody) that were equally processed according to the ROCKETS protocol. First, we created LSFM-based 3D renderings of entire mice and mapped EpCAM-(G8.8R-)positive tissues throughout the body (Figures 3B–H). Hereby, we could determine individual EpCAM+ organs and structures: oral cavity (gingival epithelium) and tongue (gustatory papillae), larynx, thymus, salivary glands, trachea, thymus, bronchi and bronchioles, pancreas, liver (bile canaliculi and gall bladder), GIT (stomach, small intestine, cecum, colon and rectum), kidneys and urinary tract, female reproductive organs (oviducts), mammary glands, foot pads (sweat glands), hair follicles, brain ventricles (choroid plexus) and tumor.

Based on our findings in intact mice, we processed and cleared whole organs individually according to the ROCKETS toolbox to investigate the biodistribution of the EpCAM (G8.8R) antibody at higher magnifications on a cellular level. All tissues that we considered negative in whole-mouse imaging also proved negative upon individual inspection (connective, muscular and nervous tissues, bones). Cuboidal and columnar epithelia clearly stained for EpCAM (G8.8R), as well as lymphoid organs (thymus, LN, Peyer’s patches [PPs] and spleen) (Figure 4). Thereby, all known EpCAM+ tissues in mice (91–94) were accessed and bound by the anti-EpCAM antibody clone G8.8R in vivo within 24 h of circulation. We investigated binding in each organ in detail and could easily determine substructures and individual cells that were positive for the antibody (Figure 4 and Suppl. Figure S9-22). For example, we identified individual nephrons in the kidney and determined that binding was restricted to distal convoluted tubules and collecting ducts with distinct binding to intercalated cells and excluded from proximal convoluted tubules and glomeruli (Suppl. Figure S16).




Figure 4 | 3D renderings of LSFM images show highly heterogeneous binding of anti-EpCAM antibody (G8.8R) between and within organs. EpCAM stainings (G8.8R in green) and tissue anatomy revealed by tissue autofluorescence (grey) in maximum intensity projections (MIPs) of selected positive tissues. EpCAM binding was detected at (but not limited to) previously published sites of EpCAM expression (91). * Only the first of three segments of the small intestine depicted (corresponding to duodenum and proximal jejunum). Scale bars = 1000 μm.



On a subcellular level, binding was restricted to basolateral membranes in all positive epithelia (Suppl. Figure S9), which also reflects known EpCAM expression patterns (30). Furthermore, we detected more pronounced binding to proliferative stem cells in crypts of the small intestine than at differentiated enterocytes and goblet cells in the villi, corresponding with described EpCAM downregulation upon differentiation in the GIT (95). Similarly, binding levels gradually decreased from the bottom of the crypts in the cecum and colon towards the luminal surface (Figures 5C, D), also corresponding with respectively reported EpCAM expression gradients in rats (96). In lymph nodes, spleen, thymus and inside PP follicles we detected non-polarized membranous and diffuse signals (Suppl. Figures S10-S13) that may be attributed to low EpCAM expression on T-, B- and dendritic cells in mice (92–94) but may to a certain degree also reflect Fc-dependent binding of the antibody. Within the tumor, EpCAM binding appeared characteristic for carcinomas (30) as non-polarized and highly heterogeneous (Suppl. Figure S14).




Figure 5 | 3D-Swiss Rolls present anti-EpCAM staining (G8.8R) in the GIT. Tissue autofluorescence (grey) and anti-EpCAM staining (G8.8R in green). (A) Surface renderings of the stomach and associated tissues. Left image depicts tissue anatomy, middle image depicts anti-EpCAM staining (G8.8R) antibody in the same specimen without anatomical context. Right image shows junction of the glandular (GS) and non-glandular stomach (NGS) with increased binding to the glandular mucosa near the limiting ridge (LR) (B) All three segments (SI1-3) of the small intestine as 3D-Swiss Rolls (upper row) with indicated duodenal papilla (DP) and several PPs) exposing increased anti-EpCAM binding. Lower row shows higher magnifications of structures as indicated in (B) Binding was restricted to basolateral membranes of epithelial cells with pronounced binding to the crypts and decreased or no binding in the villi (V). Anti-EpCAM binding was increased in crypts of the major duodenal papilla, common bile duct (CBD) and near PP compared to overall binding levels in the small intestine. Signals within PP follicles were diffuse and non-membranous, as observed for other lymphoid organs (Suppl. Figures 6-9). (C) Caecum and (D) colon show similar patchy binding patterns with decreasing gradients from the proliferative bottom of the crypts towards the luminal surface of the tissues (luminal domain indicated by *asterisk). Scale bars = 1 mm (A, B SI1-3, C, D) and 100 μm (all others).



Importantly, we further detected anti-EpCAM (G8.8R) stainings in tissues that previously had not been investigated for EpCAM or had even been reported negative. We observed EpCAM expression on the tongue (Figures 6A, B) at all types of gustatory papillae (fungiform, circumvallate and foliate, Figures 6C, E), which were not addressed in published expression analyses in both mice and humans (28, 97). Mucous salivary gland (MSG) acini were found EpCAM+ in some histological studies (98) while others did not detect EpCAM (99) or did not discriminate between mucous and serous salivary glands (SSG) (100). In LSFM scans of lingual salivary glands we observed a heterogeneous binding pattern across the entire gland and generally much lower signals in MSG than in SSG acini (Figures 6F–I). Salivary ducts were also found highly EpCAM+ (Figures 6A, B, D). Similarly, EpCAM expression in choroid plexus (CP) epithelia was not analyzed in investigations of the human brain (100) or had been even described as EpCAM- (98). However, we detected high levels of EpCAM (G8.8R) binding to individual CP cells (Figure 7) distinctively delineating the CPs in mouse brains. LSFM scans of 3D-Swiss Rolls allowed us to holistically investigate binding in the entire GIT without the requirement of physical sectioning (Figure 5). The stomach showed a highly heterogeneous EpCAM-binding pattern, pronounced at the glandular mucosa directly adjacent to the limiting ridge and in the gastric epithelium throughout the glandular stomach (Figures 5A, B). The cornified, stratified squamous epithelium of the forestomach showed very weak signals. In the small intestine the binding patterns and levels were similar throughout the entire length and circumference, restricted to basolateral membranes of epithelial cells (Figure 5B). In the small intestine the binding patterns and levels were similar throughout the entire length and circumference, restricted to basolateral membranes of epithelial cells and prominent in the crypts (Figure 5B). However, in deviation from gross binding patterns, we detected strong and distinct EpCAM expression at the critical junction where the common bile duct and pancreatic duct drain into the small intestine, namely the major (papilla of Vater) and minor duodenal papillae, but also significantly increased EpCAM levels in the common bile duct (CBD), and in proximity of PPs (Figure 5B, lower row). Interestingly, the PP dome epithelium showed low binding levels at the edges and was completely negative at the very center. Within PP follicles EpCAM-binding patterns appeared very similar to lymphoid follicles in LNs, corresponding to their shared immunological function (Suppl. Figures S9-S11).




Figure 6 | 3D renderings and single LSFM images display highly heterogeneous binding of anti-EpCAM antibody G8.8R to the tongue and salivary glands. (A) Dorsal and (B) lateral view of surface renderings of the tongue and associated tissues. Left images depict renderings of the tissue anatomy (grey) and the bound anti-EpCAM antibody (G8.8R in green) as overlay. Right images depict only the antibody signal (green) without anatomical context. (C) Tip of the tongue with positive gustatory fungiform papillae (FungP). (D) Positive sublingual excretory ducts at the tongue bottom. (E) Circumvallate papilla (CiP) and folate papillae (FP). (F) Mucous salivary glands (MSG) and serous salivary glands (SSG), parotid gland (PG) and larynx (LAR). (G) Single digital section of the tongue depicting both mucous (white dashed lines) and serous (orange dashed lines) salivary gland anatomy, (H) bound G8.8R (green) and (I) overlay of both channels. Scale bars = 1 mm (A–F) and 150 μm (G–I).






Figure 7 | 3D renderings and single digital sections reveal EpCAM binding to choroid plexi in the brain. (A) Dorsal MIP of the entire brain anatomy derived from the autofluorescence (grey) and binding of the EpCAM-specific antibody G8.8R (green). (B) Single LSFM image reveals anti-EpCAM antibody binding to choroid plexi of the temporal horn (TH), frontal horn (FH), 3rd ventricle (3V), 4th ventricle (4V, in A) and body (B, central part). (C) Higher magnification image of area indicated in image B displays binding to individual choroid plexus cells. (D) Maximum intensity projections (MIP) and (E, F) surface renderings of the entire frontal horn choroid plexus with bound anti-EpCAM antibody (G8.8R) extending into the ventricular space as indicated in image (A). Scale bars = 2 mm (A, B) and 100 μm (C–F).



To confirm EpCAM expression at the newly discovered binding sites in mice and humans, we stained-formalin fixed paraffin-embedded (FFPE) tissue sections with different anti-EpCAM antibodies against murine (clone G.8.8) and human (MOC31) EpCAM. Thereby, we independently confirmed EpCAM expression at gustatory papillae and duodenal papillae in both, mice and humans (Suppl. Figure S8). Finally, we could also confirm EpCAM expression in the epithelial cells of the choroid plexi in murine FFPE sections.




Discussion

In this work, we have integrated current knowledge and advanced procedures in tissue clearing to create a substantially simplified, streamlined and versatile sample preparation toolbox for LSFM that we termed ROCKETS. Experimenters may choose a suitable protocol from the ROCKETS toolbox for any mouse organ of interest or entire mouse bodies. The modular manner to apply the appropriate procedure and application should help to efficiently analyze any tissue type of interest or even all mouse organs in a standardized high-throughput mode relevant for basic immunological research but also for thoroughly assessing targets and reagents for novel theragnostic strategies in the preclinical development stage.

For assessing very large and blood-rich organs ROCKETS provides the advantage of efficient clearing with the developed passive two-step approach, which allows to omit transcardial perfusion, which is required for most other published protocols (70). Particularly for large-cohort preclinical animal studies, this simplification is an important element to reduce complexity and effort for tissue clearing. However, our chemical decolorization approach by eluting light-absorbing components does not necessitate perfusion only in terms of optical clearing. Blood remains inside the vessels, which has to be considered when fluorescence-labeled antibodies are applied via intravenous injections. In our case, the applied anti-EpCAM antibody was fully cleared from the bloodstream within 24 hours.

For smaller and less vascularized tissues the chemical preclearing step can be entirely omitted to reduce incubation times, waste and expenses. However, clearing of all tissues generally benefits from the preclearing through increased signal-to-noise ratios, which helps to enhance the measurement of even discrete specific signals. Of note, for direct comparison of different tissues within a given experiment, all samples should be treated equally to ensure comparability of fluorescence signal intensities. Apart from sample size and type, the choice of fluorescence probes generally affects clearing requirements. Red or near-infrared emitters may be detectable at high contrast while blue or green emitters can appear blurry because light at respective wavelengths interacts more with biological tissues and is therefore scattered (101). However, imaging of autofluorescence signals revealed that with the presented techniques lower-wavelength emitters may be applied just as well for high-contrast imaging, if e.g. more than one specific signal needs to be detected. Therefore, we recommend applying fluorophores starting from NIR emitters and down to red, yellow, green and blue channels. Consequently, in our study, we chose AlexaFluor750 as the fluorescence dye to label the biodistribution of an EpCAM-specific antibody. Therefore, this reporter was well suited for sensitive detection deep within large organs and even in whole mice.

Histological investigations of the murine GIT are mostly performed using thin slices of tissue fragments or conventional Swiss rolls (82–84) or are only focused on particular areas of the intestinal tract (52, 63) and thus, inherently underrepresent its three-dimensional complexity. 3D-Swiss Rolls allowed us to clear and image the small intestine and colon in full length and circumference at cellular resolution without affecting its microanatomy. The holistic imaging revealed that antibody binding was significantly elevated in the vicinity of functionally critical structures like PPs and particularly at the duodenal papillae, which are difficult to locate on histological slices. However, the procedure required quick handling and processing to halt autolytic processes, which take place in gastrointestinal tissue specimens as a result of exposure to gastric acid, bile and digestive enzymes (85). Thus, any study using 3D-Swiss Rolls should be well prepared and the technique practiced in advance, particularly because autolytic damage to the tissues may be mistaken for drug-induced lesions later on.

After dissection and optional preclearing, all organs except brains were dehydrated automatically in a tissue processor without user interference, which further streamlined and simplified the overall process (48). The brain had additionally to be delipidated using MeOH and DCM because of its lipid-rich composition. It should be noted that this difference in dehydration might affect comparability between the brain and other organs in terms of signal intensity. After dehydration, all specimens were cleared using BABB and could therefore be imaged without exchanges of the immersion medium during imaging. In the current study we focused our analyses on mouse tissue specimens. Although not formally proven, we would suggest that the ROCKETS toolbox should be compatible for human specimens as previously we had demonstrated successful BABB-based clearing of human tissue samples (52).

As opposed to tissue processing for single-organ imaging, whole mouse bodies required to ensure timely and thorough fixation as well as decalcification of bones. The remaining clearing process for whole mice was overall simple and fully passive and we could process multiple animals in parallel, limited only by the number of available perfusion pumps. Ex vivo LSFM imaging of cleared mouse bodies provided significantly higher resolution than typical in vivo imaging methods (102) but also produced very large data sets of several hundred gigabytes of data per animal. Correspondingly, data handling and three-dimensional rendering required significant computing power but then enabled holistic and highly detailed assessment of the biodistribution of the anti-EpCAM antibody for straightforward identification of positive and negative tissues.

Biodistribution mapping showed that all known EpCAM+ tissues in mice (91–94) were specifically labeled with the EpCAM antibody clone G8.8R 24 h after in vivo administration. Imaging of entire animals also allowed for direct comparison of fluorescence intensity levels to derive semi-quantitative binding scores throughout the body. Accordingly, we observed significant differences in absolute intensity levels between three animals but, importantly, the relative intensity distribution between body regions was equal for all investigated mice.

High-resolution imaging of cleared whole organs confirmed the findings in whole mice and provided more detailed information about binding patterns at a cellular level. Binding in all simple and pseudostratified epithelia was restricted to basolateral membranes, in accordance with known expression patterns (30, 96). The detected signal intensities corroborated published differences in cellular expression levels of EpCAM, which are generally higher on proliferating cells and gradually downregulated upon differentiation (95). This pattern was clearly observed across the small and large intestine, where EpCAM (G8.8R) staining gradually subsided from proliferating zones at the bottom of the crypts towards more differentiated cells of the apical domain. These results underline the high sensitivity of LSFM and great potential for quantitative binding analyses in general.

Importantly, utilizing our ROCKETS procedure, we uncovered in our comprehensive EpCAM-biodistribution studies, tissue sites that were highly EpCAM+ but which have either not been sampled in published histological expression analysis or have been explicitly reported as EpCAM– in mice or humans (29, 92, 94, 98, 100). All types of gustatory papillae, which represent clusters of specialized epithelial cells (103), known to express EpCAM in chickens (104), were also detected as EpCAM+ in mice.

For salivary glands, some expression analyses did not differentiate between types of salivary glands (100) or defined MSG as EpCAM– (99). In LSFM scans, we detected significant differences in binding levels between lingual SSG (high) and directly adjacent MSG (negative or low). Therefore, we assume MSG as weakly EpCAM+ in mice, and attribute seemingly contradictory negative EpCAM stainings of MSGs in histological studies (99, 100) because of under-sampling or masking/loss of epitopes upon cross-linking fixation or processing.

In the brain, we detected no EpCAM expression in nervous tissue, in agreement with reports of human brain samples (100). However, we observed clearly positive CP cells inside all ventricles in contrast to early reports of CP cells and ependymal cells as EpCAM– (98). CPs comprise of simple cuboidal epithelium (105) and express various cell adhesion molecules that are generally associated with EpCAM in all other epithelia (e.g. E-Cadherin) (106). Furthermore, the blood–cerebrospinal fluid (CSF) barrier is implemented by tight junctions between CP cells (107), which are formed under contribution of EpCAM in all other tissues (108). In contrast to nervous tissue of the brain, CP cells can be considered accessible for antibodies because the CP vascularization comprises of fenestrated endothelium, which is generally leaky for macromolecules like the investigated antibody G8.8R (109). Consequently, we could confirm expression of EpCAM on murine FFPE sections using a different antibody. Altogether, our findings strongly indicate that EpCAM is also expressed in human CPs, but final confirmation is still pending.

In summary, LSFM imaging provided unprecedented holistic insight into the biodistribution of an intravenously administered antibody. The great sensitivity and the readily discovered novel binding sites underscore the analytical power and broad spectrum of applications for LSFM imaging in drug discovery. As we discovered duodenal papillae as sites of high EpCAM expression in both mice and humans, our results may have far-reaching implications for preclinical studies and clinical translation of EpCAM-targeted therapeutics as these are the sites of digestive enzyme release from the pancreas. Many clinical studies targeting EpCAM did not reach their primary endpoints in the past due to dose-limiting toxicities like pancreatitis (110, 111) or gastrointestinal-related adverse events (27, 112, 113). In light of our results, even neurotoxicity that in the past had been attributed to vascular leak syndrome or presumed non-specific binding may deserve re-assessment considering the high level of EpCAM+ CP cells as important sites for cerebrospinal fluid secretion in the brain (114). Thus, future studies will require to particularly scrutinize immunotherapies whether they also target concomitantly these potential sensitive anatomical locations.

ROCKETS combined with LSFM imaging provides a highly versatile analytical platform for drug discovery. Generally, the described ROCKETS toolbox may be applied for preclinical assessment of any therapeutic compound or other fluorescence-labeled molecules. The methods are simple, make use of cheap reagents and provide sufficient throughput for large-scale studies. Importantly, the procedures are non-destructive for the investigated specimens and can be further processed for histological examination. Therefore, LSFM imaging can be incorporated into existing preclinical analytical workflows. We envision ROCKETS and LSFM not to replace but rather complement gold-standard histological analyses.

However, the technology also carries some inherent limitations to be considered in each study. For example, i.v. administration of labeled antibodies is of limited use for actual expression studies because of potential inaccessibility of target cells in vivo. If target expression, or other tissue characteristics such as immune cell infiltration, should be investigated, additional ex vivo immunofluorescence stainings can be conducted as demonstrated exemplarily for CD3+ and CD19+ cells in lymph nodes. The successful lymph node staining suggests that the ROCKETS clearing procedure is generally compatible with multicolor ex vivo staining methods of any cell type as described for other tissues elsewhere (66, 75, 115). However, this approach bears limitations on its own because slow antibody diffusion into large tissue specimens still represents a major burden for ex vivo staining. We did not investigate if the developed clearing methods preserve fluorescence signals from endogenous reporter proteins but it is likely that the organic solvent-based clearing would diminish fluorescence signals as described previously (70). To circumvent this limitation, experimenters may apply immunofluorescence stainings using antibodies against these fluorescence proteins.

In the future, further development may be focused on even more streamlined processing and automation to further enhance throughput, particularly of whole mice and 3D-Swiss Rolls. Also, more use cases will certainly help to establish ROCKETS as a useful tool for preclinical drug development and thereby boost the integration into established work streams.
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Hepatocellular carcinoma (HCC) is a lethal malignancy with a lack of effective treatments particularly for the disease at an advanced stage. Even though immune checkpoint inhibitors (ICIs) have made great progress in the treatment of HCC, durable and ideal clinical benefits still cannot be achieved in plenty of patients with HCC. Therefore, novel and refined ICI-based combination therapies are still needed to enhance the therapeutic effect. The latest study has reported that the carbonic anhydrase XII inhibitor (CAXIIi), a novel type of anticancer drug, can modify the tumor immunosuppression microenvironment by affecting hypoxic/acidic metabolism and alter the functions of monocytes and macrophages by regulating the expression of C-C motif chemokine ligand 8 (CCL8). These observations shine a light on improving programmed cell death protein 1 (PD-1)/programmed cell death ligand-1 (PD-L1) immunotherapy in combination with CAXIIis. This mini-review aims to ignite enthusiasm to explore the potential application of CAXIIis in combination with immunotherapy for HCC.
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Introduction

Hepatocellular carcinoma (HCC) is the most common histological type in primary liver cancer, which occurs predominantly in individuals with chronic liver disease or cirrhosis. HCC is the fourth leading cause of cancer-related death worldwide, and its incidence has been rising globally over the last 20 years (1, 2). It has been expected to keep increasing until 2030 in some countries including the United States, and it has become the fourth of the most common malignancies in China (3, 4). Patients with early-stage HCC may be curable by receiving radical treatment, such as local ablation, surgical resection, or liver transplantation. However, a high recurrence rate still exists (5-year survival rate after surgery is only approximately 35%) (2). In addition, over one-half of HCC patients have already been at an advanced stage when diagnosed due to the lack of sensitive and specific diagnostic tools in the clinic. More importantly, the options of available therapeutic strategies for those patients are also limited (5). For instance, a multikinase inhibitor (MKI), a newly developed anticancer agent compared to traditional chemotherapy, has already made significant progress in HCC treatment in recent years. MKIs such as lenvatinib, cabozantinib, and regorafenib have been approved for treating advanced or metastatic HCC (6–8). However, a considerable number of HCC patients are still unable to gain durable and ideal clinical benefits (7–10).

Since most HCCs are derived from chronic inflammatory liver damage (e.g., hepatitis B virus-related) (11, 12), such a disease is considered an inflammation-related cancer. Therefore, HCC patients are theoretically considered to benefit from immunotherapy (5). In addition, notable advances in the comprehension of HCC immunogenicity have been achieved over the last few years, leading to the evaluation of immune checkpoint inhibitors (ICIs) as a frontline treatment in this setting. However, based on the results of clinical trials, ICI monotherapy has been found to provide limited efficacy against HCC, with the treatment being beneficial in a limited cohort of patients (13, 14). Additionally, the role of ICIs in combination with other anticancer agents (including MKIs) in unresectable treatment-naive HCC has also been assessed in some phase I–III clinical trials (Table 1) (6, 14, 18–21). For instance, in the IMbrave150 trial (phase III study), which randomized HCC patients to atezolizumab plus bevacizumab or to sorafenib monotherapy, the overall survival (OS) and independent review facility-assessed progression-free survival (PFS) both were superior in patients receiving the immunotherapy-based combination compared to those of the monotherapy group (22). Furthermore, as reported in the phase III HIMALAYA trial, the risk of death for HCC patients in the durvalumab plus tremelimumab group was significantly lower than that of the sorafenib monotherapy group (Table 1) (16). Such evidence not only suggests a novel standard of care in HCC patients but also proves the superiority of ICI-combined therapy. However, several unanswered questions remain in such settings, including the lack of biomarkers predictive of response to immunotherapy and the presence of a non-negligible proportion of patients who do not gain benefit from ICIs (21, 23, 24). Therefore, how to explore a novel and effective ICI-based combination therapeutic strategy to obtain better clinical benefits has become a hot and difficult issue in the current international frontier of HCC treatment (25–29).


Table 1 | Selected trials of ICI-combined therapies for HCC.







Exsiting carbonic anhydrase XII inhibitor in solid cancer treatment

Carbonic anhydrase XII (CAXII) is a transmembrane zinc metalloenzyme involved in the regulation of the tumor microenvironment, contributing to tumor cell proliferation, invasion, migration, and pluripotency (30). It has been reported that CAXII is overexpressed in HCC, and its level is significantly negatively correlated with the prognosis of HCC patients, which may act as an independent prognostic factor (31–33).

A highly hypoxic tumor microenvironment is a hallmark for human cancer including HCC, which results from the Warburg effect and the surrounding fibrotic tissues caused by persistent chronic inflammation. The overproduction of pyruvate, lactate, and carbonic acid in response to hypoxia aggravates the hypoxic/acidic microenvironment, leading to the enhancement of tumor invasion, tumor immune surveillance escape, and local inflammation. As a regulator of hypoxic stress and acidity, CAXII can affect the tumor microenvironment by regulating proteins such as 14V-ATPase and 15V-ATPase, thereby promoting HCC progression (32, 33). Therefore, a CAXII inhibitor (CAXIIi) is thought to be a novel anti-HCC agent, controlling HCC progression and reducing immunosuppressive stress via the regulation of hypoxic/acidic metabolism. However, the investigation of the antitumor effects and mechanisms of CAXIIis is still in fragmentation. The development and exploration of antitumor CAXIIis have become a new global research hot spot (30, 32, 33).

The initiation of CAXIIis on cancer treatment has started recently. A phase I clinical trial of the first highly selective small-molecule inhibitor of both CAIX and CAXII (SLC-0111) recently has been completed with promising results (34). Briefly, 17 patients with 10 different cancer types including one HCC patient were recruited to be on the inhibitor. The results showed that the inhibitor was safe in patients with previously treated advanced solid tumors (Figure 1) (34). Moreover, a multicenter, open-label, phase Ib study of SLC-0111 in combination with gemcitabine for metastatic pancreatic ductal cancer in subjects positive for CAIX has been conducted since 2018 (Figure 1). Acetazolamide, as a multiple carbonic anhydrase inhibitor (including CAXII), and its combination with radiochemotherapy have been tested in lung cancer (NCT03467360), while the combination of acetazolamide and temozolomide has also been trialed for brain cancer (NCT03011671) (Figure 1) (35, 36). To our knowledge, no other attempt has been made to investigate the therapeutic effect of CAXIIis in HCC treatment so far, which is still a desertlike field.




Figure 1 | Milestone of selected CAXII inhibitor (CAXIIi) research and development. Currently, only one CAXIIi has been tested in a clinical trial for hepatocellular carcinoma treatment. Tiliroside monotherapy has been found to inhibit the development of hepatocellular carcinoma cells by a preclinical study.







Enhance anti-tumor immunity by modulating macrophage

Macrophages, some of the most abundant immune cells in tissues, are highly heterogeneous and can switch between different functions in the context of their niches where they are located. Their functions are determined by their polarized types (M1 or M2). Generally, the M1 subtype secretes inflammatory cytokines and reactive oxygen intermediates and presents antigen to tumor-suppressive T cells, stimulating the immune response (37, 38). In contrast, the M2 subtype is a tumor-promoting macrophage, inducing T-cell anergy (or exhaustion) and angiogenesis, producing extracellular matrix components, and repairing damaged tissues (37, 38). Although the origins of macrophages in many cancers remain uncertain, most of the macrophages recruited to the tumor microenvironment, known as the tumor-associated macrophages (TAMs), are the tumor-supportive M2 subtype (39). Abundant M2 macrophages were positively associated with poor survival in patients with breast cancer (40, 41). Recent studies have found that effectively interfering with macrophages is a potential strategy to treat cancer (42–44).

Evidence has shown that the metabolic reprogramming of macrophages can eventually inhibit tumor growth by regulating T cells (45). With tumors developing, the response protein of protein kinase R (PKR)-like endoplasmic reticulum kinase (PERK) is produced by the interaction between macrophages and cancer cells, which participates in the remodeling of several key metabolic pathways of macrophages. Blocking the expression of PERK can inhibit the downstream metabolic signaling in tumor-infiltrating macrophages, resulting in more effector T cells to fight the cancer cells and consequently enhancing the efficacy of PD-1 inhibitors (45). Therefore, targeting or editing the metabolism of macrophages has been thought to be a novel therapeutic treatment in combination with PD-1 inhibitors. Furthermore, it has been reported recently that CAXIIis can interfere with the metabolism of macrophages by regulating CCL8 and PERK expression (46) and promote the therapeutic effect of PD-1 inhibitors in HCC treatment (47).





Effects of carbonic anhydrase XII inhibitor on macrophages

Evidence has shown that CAXII was the most significantly upregulated gene among all αCA family genes in tumor-infiltrating monocytes when comparing to the ones in the paired non-tumor liver tissues (45). Moreover, the expression level of CAXII mRNA increased in tumor-infiltrating monocytes but not in other CD14+ cell components in both tumor tissue and non-tumor liver tissue, indicating that CAXII might contribute to HCC progression (45). It was also shown that a positive correlation existed between the expression level of CAXII and glucose transporter GLUT1 in tumor-purified CD14+ cells, which may affect the glycolytic switch in tumor-infiltrating monocytes and macrophages (45).

In addition, the glycolysis inhibitor 2-deoxyglucose (2-DG) or 6-phosphofructo-2-kinase/fructose-2,6-biphosphatase 3 (PFKFB3, a key glycolytic enzyme) can effectively reduce the expression of CAXII mRNA and protein levels in HepG2 tumor culture supernatant (TSN)-treated monocytes (peripheral blood purified CD14+ cells from healthy subjects) (45, 46). Meanwhile, the tumor-triggered glycolytic switch in monocytes has been found to induce the activation of hypoxia-inducible factor (HIF)1α and the production of tumor necrosis factor (TNF)-α, interleukin (IL)-10, and IL-1β, which in turn synergistically upregulates the CAXII expression in monocytes (45, 46). Therefore, it has been considered that aerobic glycolysis can induce the CAXII upregulation through HIF1α and the autocrine cytokine-dependent pathways in monocytes and macrophages, and CAXII was also found to mediate the survival of macrophages and monocytes in an acidic microenvironment in HepG2 cells (45).

The C-C motif chemokine ligand 8 (CCL8), a member of the CC chemotactic protein family, can recruit monocytes, T cells, eosinophils, basophils, natural killer (NK) cells, and dendritic cells by binding to the receptors of CCR1, CCR2, CCR3, and CCR5. It acts as an important immune regulator in inflammatory response, antitumor immunity, and acute graft-versus-host disease (aGVHD) (48). Evidence has shown that the levels of matrix metalloproteinase (MMP)9, vascular endothelial growth factor A (VEGFA), and CCL8 are all increased in tumor monocytes, with CCL8 showing the most pronounced upregulation compared to non-tumor monocytes. It has been demonstrated that the glycolysis-induced upregulation of CAXII expression was related to the CCL8 production in tumor-associated monocytes and macrophages (47, 48). Moreover, CCL8, as a CC chemokine that utilizes multiple cellular receptors to attract and activate human leukocytes, was reported to significantly promote the migration of HepG2 cells and increase the expression levels of vimentin (VIM) and SNAI1, two epithelial–mesenchymal transition (EMT)-related markers (48). The mRNA level of CCL8 in tumor-infiltrating monocytes was also found to be positively correlated with VIM, negatively with cadherin 1 (CDH1), and positively with the metastatic potential of HCC. Therefore, the CAXII/CCL8 axis has been thought to be involved in the progression and metastasis of tumor and a potential therapeutic target (47, 48).

Further evidence displayed that CAXIIis significantly increased the therapeutic effects (including suppressing tumor growth, attenuating tumor metastasis, and enhancing OS of mice) of anti–PD-1 antibodies on HCC compared to either single CAXII inhibitor group or single anti–PD-1 antibody group alone (P < 0.05) in vivo, respectively (47). In addition, CAXIIis have also been found to increase the apoptosis of macrophages, reduce the ratio of macrophages in total CD45+ cells, and increase the ratio of CD8+ T cells in total tumor lymphocytes (47). Such a result is partly consistent with our previous study in which targeting CAXII can effectively inhibit the development of liver cancer and triple-negative breast cancer cells (32, 49). What is noteworthy is that even though CAXII was mainly concentrated on tumor-infiltrating macrophages in the majority of tumor samples, it has also been found that CAXII might be important for the survival and function of M2-subtype macrophages in the tissues of HCC (47). Overexpression of CAXII may mediate the accumulation of M2 cells in tumor tissues via regulating PERK and CCL8 (47, 50, 51).





Potential carbonic anhydrase XII inhibitors

Since the immunoregulation ability of CAXIIis has been revealed, it has become a crucial issue to choose an appropriate CAXIIi that can properly synergize with the therapeutic effect of ICIs. In addition, some CAXIIis have already displayed excellent anticancer effects on different types of cancer cells (32, 34). The CAXII inhibitor SLC-0111 has been found to enhance the cisplatin antitumor activity and suppress the growth and invasion of head and neck squamous cell carcinoma (52). Meanwhile, it has also been found to sensitize patients with either melanoma or breast cancer to PD-1/PD-L1 inhibitors by enhancing the Th-1 response (53). In addition, the therapeutic strategy of acetazolamide combined with radiotherapy has been tested in lung cancer (NCT03467360), and the combination of acetazolamide plus temozolomide has also been trialed for brain cancer (NCT03011671) (Figure 1) (35, 36). However, few studies have been conducted to show the combination of CAXIIis with PD-1/PD-L1 ICIs in HCC thus far. It would be more intriguing if the tumor-suppressive effect of CAXIIis could be further enhanced by combining with PD-1 inhibitors.

The plant Tribulus terrestris L. (TT) can be found in many regions of Asia and Africa and has been used in traditional Chinese medicine and Ayurvedic medicine as an herb to treat liver diseases for thousands of years. Tiliroside (TS), one of the main extractions from this herb (54, 55), has been found to possess anti-inflammatory, anticholinesterase, and antioxidant activities (56). Moreover, our recent study has further revealed its multiple anticancer effects on HCC cells and, more importantly, its property of CAXIIi (32). Evidence has displayed that TS can inhibit the proliferation, colony formation, migration, three-dimensional (3D) organoid formation, and invasive abilities by regulating apoptosis and stemness in HCC cells while having low toxicity to normal cells (32). The study also found that TS can regulate the tumor microenvironment by modulating the levels of pHi, pHe, and lactate, therefore inhibiting the development of triple-negative breast cells, and act as a multifunctional CAXIIi (Figure 1) (49).

Therefore, TS is a promising candidate in combination with PD-1 inhibitors to improve the immunotherapy efficacy (Figure 2).




Figure 2 | Potential mechanism of tiliroside (TS) enhancing the therapeutic effect of PD-1/PD-L1 inhibitors. HCC cells trigger the metabolic switch from oxidative phosphorylation to aerobic glycolysis in tumor-infiltrating monocytes and macrophages. The activation of HIF1α is induced and consequently the cytokines of TNF-α, IL-10, and IL-1β are produced, which in turn synergistically upregulate the CAXII expression in monocytes and macrophages, and then increase the expression of protein kinase R (PKR)-like endoplasmic reticulum kinase (PERK). CAXII inhibitors (such as TS) can regulate the infiltration of lymphocytes (reducing the ratio of macrophages in total CD45+ cells and increasing the ratio of CD8+ T cells in total tumor lymphocytes) and suppress the expression of vimentin (VIM) and SNAI1 but increase CDH1 by regulating the expression of C-C motif chemokine ligand 8 (CCL8) and PERK, consequently increasing the therapeutic effect of PD-1/PD-L1 inhibitors. HCC, hepatocellular carcinoma; HIF1α, hypoxia-inducible factor (HIF)1α; TNF-α, Tumour necrosis factor α; IL-10, Interleukin 10; IL-1*β, Interleukin-1β; CAXII, carbonic anhydrase XII; SNAI1, Snail Family Transcriptional Repressor 1; CDH1, cadherin 1; PERK, Protein kinase RNA-like endoplasmic reticulum kinase.







Side effects of CAXIIi application

At present, there are a few studies on the safety of CAXIIis. For instance, a novel CAXIIi named 6A10-Fab-fragment is currently being trialed in a phase I study to evaluate its maximum tolerated dose and patient-specific dosimetry in a combined therapeutic strategy for patients with glioblastoma (NCT05533242) (57). Moreover, for treating advanced solid tumors, the safety and tolerability of a highly selective small-molecule inhibitor of CAIX/CAXII (SLC-0111) have already been evaluated by a phase I study (NCT02215850) with very promising results (34). For details, as reported by this study, SLC-0111 was generally well tolerated at doses of 1,000 mg daily or below, but frequent early discontinuation was observed at doses of 2,000 mg. However, as displayed by pharmacokinetic (PK) assessments, both the 1,000- and 2,000-mg doses gained similar levels of drug exposure following single doses of SLC-0111. Moreover, majority of the reported drug-related adverse events (AEs) were grade 1 or 2 in severity, and the most frequent AEs were fatigue, nausea, anorexia, diarrhea, and vomiting, all of which were reversible (34). Only one patient has been reported to undergo a grade 3 hepatobiliary disorder, which was considered to be a serious AE related to SLC-0111 but not a dose-limiting toxicity (DLT) (34). Furthermore, the toxicities of SLC-0111 will be continually evaluated by other ongoing clinical trials, such as NCT03450018. Apparently, the safety evaluation of CAXIIis still requires more research investment.





Future directions

Cancer is not a simple disease but a complex product of changes in the genome and the body’s internal environmental response. Therefore, the current cancer immunotherapy targeting a single target, such as PD-1/PD-L1 inhibitor, Cytotoxic T-lymphocyte Antigen-4 (CTLA-4) inhibitor, and Chimeric antigen receptor (CAR) T-cell therapy (CAR-T), has very limited therapeutic effect on most cancers (58, 59). Thus, new combination therapies have been sought to improve clinical benefits. As mentioned above, CAXIIis, novel and strong anticancer agents, can enhance the therapeutic effect of PD-1 inhibitors by regulating the antitumor immunity in HCC (47), providing a new thought for cancer treatment. Therefore, the roles of CAXIIis in the integrated metabolic space of tumor and immune cells should be further explored in a future study for exerting their anticancer and immunomodulatory effects in a more efficient way. On the other hand, based on a more comprehensive and clear regulatory network of CAXIIis, more chances could be gained by expanding their application in different combination therapies with multiple targets for treating cancer, as shown in a preclinical study that combined CAIX and CAXII dual inhibition with immune checkpoint blockade resulting in improved efficacy of immune therapy in melanoma and breast cancer (53). Meanwhile, the effects of CAXIIis combined with different or multiple immune checkpoint blockades should also be evaluated for seeking novel ICI-based treatment (53). Moreover, adding a safe and targeted drug delivery system, which is a pattern of specifically designed carriers, to the application of CAXIIis in cancer treatment is also a recommended potential research direction (60, 61). Those nanoparticles were created to encapsulate and deliver agents to specific lesion sites with enhanced solubility and efficacy of drugs and reduced interaction with untargeted tissues (60, 61). For instance, our previous study has reported the capability of promoting the therapeutic effect, possessed by a novel lipid-based nanoparticle, LNP-DP1, in treating HCC (60). Furthermore, currently, to the best of our knowledge, none of the biomarkers has been reported to be applied in predicting the effectiveness, safety, or toxicity of CAXIIi treatment. Such unsolved issue is like an invisible barrier that might impede the potential application of CAXIIis in cancer treatment, including cancer immunotherapy (62). Therefore, the assessment of biomarkers for CAXIIis is encouraged in a future study. The same future investigation is also required for evaluating the safety and tolerability of CAXIIis.





Conclusion

Accumulating evidence has demonstrated the anticancer effect of CAXIIis on different types of cancers, including HCC. Therefore, such agents are considered promising novel anti-HCC drugs that can suppress HCC progression (32). Moreover, CAXIIis have been found to reduce the immunosuppressive stress mediated by hypoxic/acidic metabolism, regulate the expression of CCL8, and affect the functions of monocytes and macrophages, thereby improving the antitumor immunity and enhancing the therapeutic effect of PD-1 inhibitors in HCC (47). In summary, CAXIIis are not only effective single anticancer agents but also potential sensitizers of PD-1 inhibitors. Thus, a candidate such as TL, a novel CAXIIi with high efficiency against tumors and low toxicity to normal cells, has been considered to hold untapped potential in ICI-based combination therapy for HCC treatment. Furthermore, more promising candidates of CAXIIis are warranted to be included in future studies to explore more effective therapeutic strategies and novel therapeutic targets for HCC. Additionally, the combination setting of PD-1 inhibitors plus CAXIIis and antiangiogenic agents may offer more effective therapeutic options to patients if the function of CAXIIis as a PD-1 inhibitor sensitizer has been fully evaluated.
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Many new immunotherapeutic approaches aim on the stimulatory targeting of receptors of the tumor necrosis factor (TNF) receptor superfamily (TNFRSF) using antibodies with intrinsic or conditional agonism. There is an initial need to characterize corresponding TNFRSF receptor (TNFR)-targeting antibodies with respect to affinity, ligand binding, receptor activation and the epitope recognized. Here, we report a collection of simple and matched protocols enabling the detailed investigation of these aspects by help of Gaussia princeps luciferase (GpL) fusion proteins and analysis of interleukin-8 (IL8) production as an easily measurable readout of TNFR activation. In a first step, the antibodies and antibody variants of interest are transiently expressed in human embryonal kidney 293 cells, either in non-modified form or as fusion proteins with GpL as a reporter domain. The supernatants containing the antibody-GpL fusion proteins can then be used without further purification in cell-free and/or cellular binding studies to determine affinity. Similarly, binding studies with mutated TNFR variants enable the characterization of the antibody binding site within the TNFR ectodomain. Furthermore, in cellular binding studies with GpL fusion proteins of soluble TNFL molecules, the ability of the non-modified antibody variants to interfere with TNFL-TNFR interaction can be analyzed. Last but not least, we describe a protocol to determine the intrinsic and the Fc gamma receptor (FcγR)-dependent agonism of anti-TNFR antibodies which exploits i) the capability of TNFRs to trigger IL8 production in tumor cell lines lacking expression of FcγRs and ii) vector- and FcγR-transfected cells, which produce no or only very low amounts of human IL8. The presented protocols only require standard molecular biological equipment, eukaryotic cell culture and plate readers for the quantification of luminescent and colorimetric signals.
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1 Introduction

The receptors of the tumor necrosis factor (TNF) receptor superfamily (TNFRSF) are of crucial relevance in a variety of immunoregulatory processes but also control tissue homeostasis and development (1, 2). With respect to cancer immunotherapy there is particular interest in targeting the immunoregulatory TNFRs 4-1BB, cluster of differentiation 27 (CD27), CD40, OX40 and TNF receptor 2 (TNFR2) (3–5). However, also the broadly proinflammatory TNFRs fibroblast growth factor inducible-14 (Fn14) and TNFR1 as well as the cytotoxic TNF-related apoptosis-inducing ligand (TRAIL) death receptors and CD95 attract considerable interest as targets in tumor therapy (6–9).

TNFRSF receptors (TNFRs) become typically activated by binding of transmembranous trimeric ligands of the TNF superfamily (TNFSF). Membrane TNFSF ligands (TNFLs) recruit three TNFR molecules. The resulting complexes of a memTNFL trimer and three TNFR molecules then assemble spontaneously to signaling active clusters due to their high local concentration in the cell-to-cell contact zone between the TNFR- and memTNFL-expressing cells (10). Of overwhelming translational relevance is that FcγR-bound anti-TNFR immunoglobulin G (IgG) antibodies similarly activate TNFRs as memTNFLs (11, 12). In this case, TNFR dimers recruited to FcγR-bound anti-TNFR antibodies, instead of memTNFL-bound TNFR trimers, undergo “activating” clustering in the cell-to-cell contact zone between TNFR- and FcγR-expressing cells. There are also soluble trimeric TNFL molecules originating from the transmembranous form by proteolytic processing or from alternative splicing. Worth mentioning, TNFRs can be categorized according to their responsiveness to soluble ligand trimers and free IgG antibodies. TNFRs of category I spontaneously cluster and strongly signal upon binding of soluble TNFL trimers and become frequently also activated by free, thus not FcγR-bound, IgG1 antibodies. In contrast, category II TNFRs largely fail to cluster and signal despite high-affinity binding of ligand molecules or antibodies (10).

There is good preclinical proof for the antitumoral activity of antibodies targeting the aforementioned TNFRs. There is, however, also growing evidence from preclinical and clinical studies that off-tumor activity causes dose-limiting toxicity (8, 11, 13, 14). Accordingly, there are also rapidly growing efforts to develop novel formats for TNFR-specific antibodies and antibody fusion proteins with conditional or intrinsic FcγR-independent agonism or bifunctionality (8, 11, 13, 14). The dose-limiting toxicity of anti-TNFR antibodies are often related to engagement of FcγR effector functions and/or complement activation but can also be caused by systemic activation of the targeted TNFR itself or the interplay with endogenous ligand molecules. Indeed, the cellular mode of action(s) of both the antitumoral effects and the dose-limiting toxicity of an anti-TNFR antibody in vivo are often not fully clear. Several antibody features may play a role here, in particular in the case of category II TNFRs. For example, the subclass of an IgG antibody determines which type of FcγR can serve as a target to constitute agonistic activity of anti-category II TNFRs and eventually controls where in the body and to which extent the targeted TNFR but also antibody effector activities become activated. The epitope recognized by the antibody determines its possible impact on ligand binding of the targeted TNFR. Blocking antibodies as free molecules may act as inhibitors but act as agonists when bound to FcγRs. Non-blocking antibodies could be neutral with respect to TNFL-TNFR interaction but can also be able to synergistically trigger TNFR activation in concert with soluble ligand molecules. Examples for this mode of action are the anti-TNFR2 antibody 80M2 (15), the CD40-specific antibodies S2C6, SGN-14 and CDX-1140 (16–18) or the anti-murine CD95 antibody Jo2 (19). Therefore, the basis for the development of an antibody or antibody fusion protein efficiently stimulating the TNFR of interest without causing unwanted side effects is its thorough characterization with respect to affinity, ligand binding, receptor activation and the epitope recognized.

Here, we summarize a number of methods and protocols on the example of various antibody formats targeting different TNFRs (Table 1) that allow to test these parameters quickly and accurately using the basic equipment of molecular and cellular biology laboratory without the need of protein purification, post-translational protein modification or primary immune cells.


Table 1 | Domain architectures and properties of the recombinant proteins used in this work.





2 Equilibrium binding studies with anti-TNFR antibody GpL fusion proteins: Determination of affinity and epitope characterization

Starting point of this method and the methods described below is the recombinant availability of the antibody or antibody variant of interest along with a Gaussia princeps luciferase (GpL) fusion protein derived thereof. The latter can be easily obtained by genetic fusion of human codon usage-optimized “leader”-less GpL to the C-terminus of the heavy or light chain of an antibody (IgG) or antibody domain (fragment antigen binding (Fab), Fab2, fragment crystallizable (Fc), single-chain variable fragment (scFv), variable heavy chain-only antibody (VHH) ( (20–22); Figure 1). There is no need to have the GpL antibody fusion protein (GpL-Ab-Fp) available in purified form. Cell culture supernatants (SNs) of transiently transfected eukaryotic cells (e.g. HEK293 or Chinese hamster ovary (CHO) cells) expressing the GpL antibody fusion protein are fully sufficient. Dependent on the structure/tags of the GpL-Ab-Fp, its concentration in the supernatant (SN) can be determined by various means, e.g. using an commercially available IgG ELISA kit, comparison of luciferase activity with a purified GpL fusion protein of known concentration or comparing by western blotting the band intensities of the GpL fusion protein with those of the purified GpL-free protein as standard. Cellular binding studies are then readily possible.




Figure 1 | Domain architectures of anti-TNFR antibody GpL fusion proteins useful for the method collection presented.



Total binding values are obtained by incubation of TNFR+ cells (endogenous TNFR expression, TNFR transfectant) with the GpL-Ab-Fp SN, thorough removal of unbound molecules by 5 rapid washes with phosphate-buffered saline (PBS) or medium and measuring of cell-associated luciferase activity (Figures 2A, B). Ideally, non-specific binding values are derived of similarly processed TNFR- cells (TNFR knockout cell variant, empty vector (EV) transfectant). Alternatively, non-specific binding values can be obtained from the TNFR+ cells when coincubated with a constant excess (> 200 fold of highest GpL-Ab-Fp concentration) of the GpL-free antibody version as competitor (Figure 2A). Non-specific binding can also be determined from TNFR+ cells treated with a structurally similar GpL-Ab-Fp with irrelevant antigen specificity (Figure 2A). Specific binding values are calculated by subtraction of non-specific binding values from the corresponding total binding values. According to our experience, the non-specific binding values obtained by competition with an excess of the conventional antibody are sometimes higher than those obtained with cells lacking antigen expression or using an irrelevant GpL antibody fusion protein (e.g. Figures 2B, C). This is expected and plausible since even when a high excess of the competitor molecule can be reached, what is often challenging with respect to the amount and concentration of the competitor required, there remains unavoidable a minor component of specific binding in the non-specific binding values. Nevertheless, the trending “lower” quality of the non-specific binding values obtained by competition does usually not result in a statistical significant difference in the finally calculated affinity (Figures 2B, C).




Figure 2 | Equilibrium binding studies with anti-TNFR antibody GpL fusion proteins. (A) Possible strategies to determine non-specific binding. Upper panel: cellular binding studies; lower panel cell-free binding studies. For further details see main text. (B) HT1080-CD40 or HT1080 cells were seeded in black clear bottom cell culture 96 well plates (2 x 104 cells/well) overnight. Next day, specific binding (black triangles) of anti-CD40(G28.5)-IgG1-LC : GpL was determined by subtraction of unspecific binding values (open circles) of either i) target negative HT1080 cells, ii) HT1080-CD40 cells blocked with anti-CD40(G28.5)-IgG1, or iii) HT1080-CD40 cells treated with an antibody GpL fusion protein of irrelevant specificity (irrIgG1-LC : GpL) from the corresponding total binding values (black circles) of anti-CD40(G28.5)-IgG1-LC : GpL to HT1080-CD40 cells. The non-linear regression analysis to a single binding site type of interaction function of the GraphPad Prism 5 software was used to fit the specific binding values. The left three panels show in each case the binding data of one of three independent experiments and the right diagram shows the affinities calculated from the three independent experiments for each of the methods i) to iii) used for determination of non-specific binding values. ANOVA was used to compare affinities. n.s., not significant. (C) For cell-free binding studies black 96 well high binding plates were coated with 1 µg/ml of a Fc fusion protein of the extracellular CD40 domain (CD40(ed)-Fc) or a corresponding Fc fusion protein of the extracellular domain of an irrelevant TNFR (irrTNFR(ed)-Fc) in coating buffer at 4°C overnight. Next day, specific binding (black triangles) of anti-CD40(G28.5)-IgG1-LC : GpL was calculated by subtracting the unspecific binding values (open circles) of i) wells coated with irrTNFR(ed)-Fc, ii) wells coated with CD40(ed)-Fc and blocked with an excess of anti-CD40(G28.5)-IgG, or iii) wells coated with CD40(ed)-Fc and incubated with an irrIgG1-LC : GpL fusion protein from the corresponding total binding values (black circles) derived of anti-CD40(G28.5)-IgG1-LC : GpL incubated CD40(ed)-Fc wells. KD values were again calculated via by fitting, using the “one site specific binding” function of the GraphPad Prism 5 software. The three left panels again show the binding data of one of three independent experiments and the right diagram shows again the affinities calculated from the three independent experiments for each of the methods i) to iii) used for determination of non-specific binding values. ANOVA was used to compare affinities. n.s. not significant. (D) Detailed protocol of cellular (left panel) and cell-free (right panel) equilibrium binding studies with anti-TNFR GpL fusion proteins (Ab-GpL-Fp). * Please note: It is also possible to calculate the receptor numbers per cell with this set up. For this purpose one has to include a well for determination of the cell number per well and must determine the specific luminescence activity per GpL molecule by help of the luminescence of a GpL standard of known concentration. For an example see Fick et al., 2011 (23). ** Purified Fc fusion proteins of the TNFR ectodomain (TNFR(ed)-Fc) can be directly be coated. TNFR(ed)-Fc from cell culture supernatants of cells producing the protein can be used when the wells were pre-coated with protein G. *** To minimize errors due to the inactivation of GpL activity after adding substrate, measure within 20 sec. If this is not possible, ensure that the same time period lies between addition of substrate and recording of luminescence.



Due to the excellent brightness of GpL and its over many orders of magnitude linear activity (24), 10.000-100.000 cells per data point (=cells/well) are typically sufficient to yield robust specific binding values for antibody variants with a dissociation constant (KD)-value of 25 nM or better and cells expressing > 1000 receptors/cell. The choice of the number of cells used for generation of a data point is eventually mainly dependent from the type of cell used in the experiment. For binding studies with adherent cells, a 96-well plate format is convenient, in which, dependent on the size of the cells, 10.000 or 20.000 cells per well were seeded the day before the experiment. In the case of the use of suspension cells, we recommend to increase the number of cells to 100.000 or even 1.000.000 per sample point, not necessarily to improve sensitivity but rather to ensure that the cell pellet is easily visible after centrifugation to facilitate the washing steps. For notoriously low expressed TNFRs, e.g. TNFR1, we recommend the use of transiently expressed TNFR mutants lacking the intracellular domain. Affinity can also be determined in cell-free assays when the TNFR ectodomain is available in recombinant form enabling direct (purified) or indirect immobilization (SN with tagged protein) to an ELISA plate (Figures 2A, C). Exemplary cellular and cell-free equilibrium binding studies performed this way are shown in Figures 2B, C for a GpL-Ab-Fp of the CD40-specific antibody G28.5 (25). The general process of this type of binding studies has been summarized in Figure 2D.

The methodology described above for the determination of antibody affinity can be identically applied to TNFR mutants (deletion mutants, point mutants, receptor chimeras) and TNFR homologues from other species. This way, it is possible to pinpoint/characterize the epitope recognized of the GpL-Ab-Fp and its antigen species specificity. A complementary approach to map the recognized epitope is to capture the antibody (without a GpL domain) of interest on an ELISA plate and qualitatively evaluate binding of GpL fusion proteins with wild-type or mutated parts of the ectodomain (Figure 3A). For example, GpL-tagged deletion mutants of the TNFR2 ectodomain lacking the stalk region, the stalk region + cysteine-rich domain 4 (CRD4) or the stalk region + CRDs 3 and 4 all efficiently bind to the anti-TNFR2 antibody 68/69 immobilized on plastic (Figures 3B, C). In contrast, a GpL fusion protein of the TNFR2 CRD1 alone showed no binding at all (Figures 3B, C). These data suggest that this anti-TNFR2 antibody interacts with the CRD2 of TNFR2 (Figure 3D).




Figure 3 | Epitope mapping for the anti-TNFR2 antibody 68/69 using TNFR-GpL fusion proteins. (A) Process chart of the method. (B) Schemes of the domain architecture of TNFR2(ed)-GpL fusion proteins used. The cysteine rich domain 2 (CRD2) of TNFR2 is circled in red. (C) Black 96 well high binding plates were coated with 1 µg/ml protein G (PG) in coating buffer at 4°C overnight. Next day, anti-TNFR2(68/69)-IgG1(N297A) or an irrelevant IgG1 were bound to the immobilized protein G by incubation for 1 h at 37°C. After removal of unbound proteins, 500 ng/ml of the various TNFR2-GpL fusion proteins were added (2 h, 37°C). Finally, unbound molecules were removed and well-associated luminescence was measured. Specific binding of the TNFR2 deletion mutant molecules was obtained by subtraction of the unspecific binding values (irr. IgG1 wells) from the total binding values (anti-TNFR2(68/69)-IgG1(N297A) wells) of the relevant TNFR2(ed)-GpL fusion proteins. GpL medium: RPMI 1640 medium supplemented with 0,5% fetal calf serum (FCS); GpL substrate solution: 1,5 µM coelenterazine in PBS. (D) Scheme of the interaction of the various TNFR2-GpL fusion proteins with PG-immobilized anti-TNFR2 antibody.





3 Effect of anti-TNFR antibodies on ligand-receptor interactions

For the understanding of potential in vivo effects of anti-TNFR antibodies, it is of crucial relevance to know the impact of the anti-TNFR antibody or antibody fusion protein on ligand binding. With very few exceptions, TNFRs interact with ligands of the TNF superfamily. TNF superfamily ligands (TNFLs) are typically homotrimeric proteins and occur in membrane-bound and soluble form (26). Importantly, TNFRs can differ in their response to binding of soluble TNFLs. While one category of TNFRs (e.g. TNFR1, death receptor 3 (DR3), GITR) become efficiently activated by binding of soluble and membrane-bound ligand trimers, a second category of TNFRs (e.g. TNFR2, CD27, CD40, CD95, 41BB, OX40) efficiently signals in response to membrane-bound TNFLs but is not or only poorly activated by binding of soluble TNFL molecules (10). With respect to TNFL binding anti-TNFR antibody variants can have quite different effects. Antibody variants can completely prevent TNFL binding or can have no effect on TNFL binding at all, and some antibodies can even enhance binding of TNFLs at low concentrations. The impact of anti-TNFR antibodies on ligand-receptor interaction can be straightforwardly addressed by competition binding studies with anti-TNFR antibodies or antibody fusion proteins and GpL-TNFL fusion proteins (Figure 4A).




Figure 4 | Effect of anti-TNFR antibodies on TNF ligand binding. (A) Process chart of the method. (B) Scheme of ligand binding of blocking or non-blocking TNFR antibody fusion proteins (Ab-Fp). (C, D) The indicated HT1080-transfectants and corresponding TNFR negative HT1080 cells were seeded in black clear bottomed 96 well cell culture plates overnight (2 x 104). Next day, cells were incubated with an excess of the indicated “GpL-free” anti-TNFR antibody (10 µg/ml) (C) or “GpL-free” single domain antibody (VHH) Fc fusion proteins (D) for 30 minutes. Then a TNFR-specific GpL-TNFL was added in a concentration close to its KD value (typically 1 – 100 ng/ml) and remaining specific binding was determined.



In a comprehensive previous study, we found that an N-terminal GpL domain does not or only poorly interfere with the dose response activity of conventional and oligomerized variants of soluble TNFLs suggesting that the GpL-TNFL fusion proteins bind in a similar fashion to TNFRs as conventional TNFL molecules (27). To figure out only qualitatively whether an anti-TNFR antibody interferes with TNFL-TNFR interaction, it is sufficient to simply check whether a huge excess of the antibody molecule affects receptor binding of the TNFR-specific GpL-TNFL fusion protein in cellular binding assays (Figures 4B–D). For example, an variant of the anti-CD40 antibody ADC-1013 (28) completely blocked the binding of soluble GpL-TNC-CD40L to CD40-expressing cells while a corresponding variant of the anti-CD40 antibody CP-870/983 (29) showed no effect in the same setting (Figure 4C). Similar competition assays with a IgG1(N297A) variant of the antagonistic TNFR2-specific antibody SBT-002 (30), here designated as 68/69, revealed > 99% inhibition of binding of GpL-TNF (Figure 4C). Using this type of assay, we further demonstrated strong inhibitory effects of the hexavalent Fc fusion protein variants 3xVHH(V12t)-Fc(DANA) and 3xVHH(4H04)-Fc(DANA) of the CD40- and 41BB-specific nanobodies V12t (31) and 4H04 (32) on binding to CD40- and 41BB-expressing cells (Figure 4D). If the affinity of the GpL-TNFL fusion protein for the TNFR of interest is known, one can also determine the inhibitor constant of the antibody in heterologous competition binding studies. The TNFR affinity of the GpL-TNFL fusion proteins, which is required for the latter purpose, can easily be determined using the protocols described above for antibody GpL fusion proteins (Figure 2).



4 Effect of FcγR binding on the agonistic activity of anti-TNFR antibodies

Early on, it has been recognized that the binding to FcγRs can strongly enhance the receptor-stimulating ability of anti-TNFR antibodies. There is now overwhelming evidence that antibodies targeting category II TNFRs are often poorly agonistic as free molecules but regularly gain high agonistic activity when presented to TNFRs in FcγR-bound form (11, 12, 33). Similarly, anti-category II TNFR antibodies equipped with cell surface antigen-recognizing scFv domains also acquire strong agonism when anchored via this scFv domain to the targeted antigen (e.g (34).), thus when presented in an membrane-attached manner resembling membrane-bound TNFLs or FcγR-bound anti-TNFRs. The agonism-conferring effect of FcγR binding can even convert antagonistic into agonistic antibodies. Comprehensive knowledge and assessment about the intrinsic agonism of an anti-TNFR antibody in free and FcγR-bound form can be gained by coculture assays of TNFR responder cells without endogenous FcγR expression and FcγR-transfected cells. The use of the latter instead of cells with endogenous FcγRs enables the evaluation of the effect of a single type of FcγR and also results in high expression levels which ensure as good as possible that each TNFR molecule can be indeed occupied by a FcγR-bound antibody molecule. Since all signaling competent members of the TNFRSF stimulate the classical NFκB pathway, upregulation of NFκB-regulated factors are useful to quantify TNFR engagement. The expression of the chemokine IL8 is dominantly induced via the classical NFκB pathway (35) and its TNFR-induced upregulation has been frequently reported for various cell lines. Since IL8 production can be easily quantified by ELISA, we use it in this protocol as a read-out for TNFR activation. Of course, other simply evaluable read-outs for TNFR activation can be used as well, provided it can be ensured that the “read-out” measured exclusively or dominantly originates from the TNFR responder cell population.

To quantify the potential impact of FcγR binding for the agonistic activity of anti-TNFR antibodies the dose response relationships of IL8 induction by an anti-TNFR antibody are side by side determined for cocultures of appropriate TNFR responder cells with FcγR transfectants and corresponding empty vector (EV) control transfectants (Figures 5A–C). Cocultures of TNFR responder cells and transfectants expressing the membrane-bound form of the ligand of the investigated TNFR can serve as a benchmark if needed (21). One day before stimulation the responder cells are seeded in a 96 well plate and efficiently transfectable cells, producing no or low amounts of human IL8 (for example hamster CHO cells, murine NCTC cells or human HEK293 cells), were transfected with the method of choice with empty vector and an expression plasmid encoding the FcγR or TNFL of interest. Next day, successful transfection is controlled by flow cytometry and when adherent TNFR responder cells are used, their supernatant is replaced by fresh medium to minimize the background of constitutive IL8 production. Control and FcγR transfectants were then pairwise added to the TNFR responder cells (typically in a 1:1 ratio) and the two types of cocultures were supplemented with serial dilutions of the antibody of interest (Figure 5A). After an additional day, the coculture SNs are analyzed by ELISA for their IL8 content. We have yet no evidence that genetic tagging of antibodies and antibody fusion proteins as shown in Figure 1 affects FcγR binding (20). The evaluation of the FcγR-dependent agonism as describe can be done with Ab-GpL-Fps but is, of course, identically performable with conventional “GpL-free” variants.




Figure 5 | FcγR-dependent and -independent activity of antibodies targeting TNFRs. (A) Process chart of method. (B, C) The indicated HT1080-transfectants have been treated as indicated with the TNFR-specific VHH-Fc (B) or VHH(3x)-Fc (C) fusion proteins VHH(V12t)-Fc (CD40-specific), VHH(4H04)-Fc-GpL (41BB-specific), VHH(1D10V1)-Fc-GpL (OX40-specific), VHH(hzC06)-Fc-GpL (GITR-specific); 3xVHH(V12t)-Fc-GpL (CD40-specific) and 3xVHH(hzC06)-Fc-GpL (GITR-specific) along with HEK293 cells transfected with empty vector (EV) or an expression plasmid encoding FcγR1A. Next day, the amount of IL8 in the cell culture supernatants was determined. Upregulation of IL8 production served as the readout for TNFR activation. SN: supernatant.



In principle, the assay described can also be performed with stable FcγR transfectants or cells with endogenous FcγR expression. In this case, one should keep in mind the FcγR expression levels. If the latter are rather low in comparison to the TNFR expression levels, the maximum achievable TNFR response might be dampened due to the limited number of FcγRs available, which only allows partial occupation of the TNFR pool by FcγR-bound antibodies. Cell culture supernatants are sufficient to perform the assay described. Two issues, however, must be kept in mind. First, when produced with the help of human cells, the antibody-containing supernatants may already contain significant amounts of IL8 released from the antibody producing transfectants. This TNFR engagement-independent IL8 background occurs in both EV and FcγR cocultures and can be falsely interpreted as intrinsic agonism of the antibody, especially when the antibody supernatants were used at low dilution. Thus, we recommend to analyze the SN used for stimulation of the TNFR responder cells also directly in the IL8 ELISA. Second, a similar misinterpretation can happen when the antibody supernatants contain unknown producer cell-derived factors able to induce IL8 production in the TNFR responder cells. This issue can be controlled by analysis of antibody-free control supernatants and/or the use of variants of the TNFR responder cells lacking TNFR expression.

Examples for this type of assay are shown in Figures 5B, C. Fc or Fc-GpL fusion proteins with N-terminal VHH domains specific for the category II TNFRs CD40 (VHH V12t, ref. 30), 41BB (VHH 4H04, ref. 31), and OX40 (VHH 1D10V1, ref. 36) were poorly active on TNFR responder cells in coculture with vector transfected cells but gain high activity in the presence of FcγR1A transfected cells (Figure 5B). It is worth mentioning that a VHH-Fc fusion protein targeting the category I TNFR GITR (VHH hzC06, ref. 37) already shows activity in the presence of vector transfected control cells and only moderately benefited from FcγR1A transfected cells (Figure 5B). Hexavalent VHH-Fc-GpL fusion protein variants were already highly active in the presence of EV transfected control cells and obviously act agonistic independent from FcγR binding (Figure 5C). These results resemble in this respect conventional bivalent IgG1 antibodies targeting these receptors (34).

Please be aware, anti-TNFR antibodies typically display FcγR-independent agonistic activity upon oligomerization with protein G or secondary antibodies (12). Therefore, TNFR-specific antibodies or antibody fusion proteins with high FcγR-independent activity have to be checked for aggregated antibody species and their specific activity compared to the non-aggregated molecule species. This can be done, for example, by preparative gel filtration and functional re-analysis of the differently aggregated protein species, if there are any.



5 Discussion

Advantages: The major advantage of the use of GpL fusion protein-based protocols for the characterization anti-TNFR antibodies is certainly their simple and broad applicability along with their straightforward implementability for cell biology and immunology laboratories without dedicated, and often quite expensive, biophysical instrumentation for quantitative analysis of protein-protein interactions. Eventually, antibody GpL fusion proteins are labeled antibodies, but without all the challenges associated with chemically or physically labeling procedures (need for purified proteins, heterogeneity of labeled antibodies, reproducibility of labeling reaction) or the need for secondary detection of a tag with all its potential pitfalls. Since the antibody GpL fusion proteins are “intrinsically” labeled, they combine the possibilities of cell-free methods using label-free proteins and cell-based methods requiring directly (chemical modification) or indirectly labeled antibodies (secondary antibodies anti-tag antibodies etc.) (Table 2). Furthermore, the GpL tag ensures high sensitivity and linear quantification over several orders of magnitude making it superior to ELISA or flow cytometry based protocols.


Table 2 | Methods for the analysis of the interaction of TNFRs with anti-TNFR antibodies and anti-TNFR antibody fusion proteins.



Limitations and pitfalls: The cell-free and cell-based procedures described for the determination of antibody (or ligand) affinity for TNFRs can be straightforwardly used in time resolved manner for kinetic experiments aiming on the determination of association and dissociation rate constants and T1/2 of the antibody/ligand-TNFR complexes formed (23, 38). The binding study protocols with antibody GpL fusion proteins involve manual non-automatic steps for the removal of unbound molecules. These steps require still a few seconds even when adherent cells or immobilized proteins are used and the buffer in all wells is discarded in parallel by a rapid hand movement of the whole plate. The time needed for removal of unbound proteins is even longer when suspension cells are used. Thus, association and dissociation processes significantly occurring in this time frame or faster are not reliable resolvable. This limitation also accounts for ELISA or flow cytometry methods but is hardly relevant for automated biophysical methods, e.g. SPR and BLI. Indeed, the latter allow to study antibody-antigen interactions in real-time and can also be used to analyse transient binding events. As for any other enzyme, too, the activity of the GpL domain is dependent on temperature and buffer conditions. Therefore, it is crucial to ensure that all samples are similarly processed and washed so that the luciferase activity of all samples is finally measured under identical buffer conditions.

As already discussed at the beginning, a prerequisite for the binding studies protocols described is the knowledge of the amino acid or DNA sequence of the antibody or antibody variant of interest to allow the cloning of the Gaussia princeps luciferase (GpL) fusion protein needed. For the huge majority of preclinical or clinical relevant anti-TNFR antibodies this information is, however, straightforwardly available from corresponding patents. Although it appears plausible that tagging of the C-terminus of the heavy or light chain of an IgG with a stable monomeric protein domain as the GpL domain does not affect the antigen binding properties of the Fab domains of the antibody, this cannot been ruled out with absolute certainty. However, this issue can be experimentally controlled/verified by homotypic competition assays, in which the parental non-modified antibody is used as a competitor for its GpL-tagged counterpart. Lack of interference of the GpL domain with antigen binding in such experiments is then demonstrated when the Ki-value obtained for the parental antibody does not significantly differ from the KD-value of the GpL-Ab-Fp. Due the excellent linearity of the luciferase read-out (23, 38) and as long as luciferase activity has been recorded for all samples of an experiment after the same time after addition of substrate, the major source of variation derives from the handling by the experimenter. In the recent years, we frequently used cellular equilibrium binding studies with GpL antibody fusion proteins to determine the antibody affinity for cell surface-exposed antigens or FcγRs (20–22). In these studies, the standard error of mean of the affinities obtained was typically below 50% when 4-6 independently performed binding experiments were analyzed.



6 Materials and methods


6.1 Reagents and cell lines

HEK293T, HT1080 (both ATCC, Rockville, USA), HT1080-CD40, HT1080-41BB, HT1080-GITR (all ref (39)., HT1080-OX40 (40) and HT1080-Bcl2-TNFR2 cells (41) were cultivated in RPMI 1640 medium (Sigma-Aldrich, Steinheim, Germany) supplemented with 10% fetal calf serum (FCS; GIBCO) under standard conditions (37°C, 5% CO2). To obtain expression plasmids encoding the various antibodies constructs, fusion proteins and ligands used, corresponding synthetic DNA fragments and PCR amplicons have been cloned in the expression vector pCR3 (Invitrogen, Germany). Amino acid sequences of the fusion proteins generated this way have been collected in Supplemental Table S1. Plasmids for production of antibodies are listed in Tables S2 and S3 gives reference to the sources of the amino acid sequences. Expression plasmids for FcγRI (CD64) (in pCMV-Sport6) was obtained from SourceBioScience (Nottingham, UK). The IL8 ELISA Kit from BD Biosciences (San Diego, USA) was used to determine human IL8 and OD values were measured with PHOmo photometer (anthos Mikrosysteme GmbH, Frieoythe, Germany). Protein G was obtained from Sigma-Aldrich (Steinheim, Germany). The GpL substrate coelenterazine was obtained from Carl Roth (Karlsruhe, Germany) and RLU were measured with LUmo luminometer (anthos Mikrosysteme GmbH, Frieoythe, Germany).



6.2 Expression of recombinant proteins

Recombinant proteins were expressed in HEK293T cells by transient transfection with the expression plasmids of interest using PEI (polyethylenimine; Polyscience Inc., Warrington, USA) as described elsewhere (42). Concentrations of the recombinant antibodies and antibody fusion proteins in cell culture supernatants were evaluated by western blot comparison with a purified antibody standard of known concentration essentially as described in ref. 42 for GpL-PGRN and purified rec. PGRN (42). In brief, a serial dilution of the standard protein and the antibody fusion protein-containing cell culture supernatant were processed in parallel on the same gel/blot and finally the concentration of the non-purified antibody variant in the supernatant was estimated according to the standard sample yielding similar band intensities. Alternatively, the concentration of a GpL-Ab-Fp in the supernatant can be determined using a commercially available IgG ELISA kit or by measuring its luciferase activity and comparison or a purified GpL fusion protein of known concentration.



6.3 Cellular equilibrium binding studies

For equilibrium binding studies with adherent cells, control cells without TNFR expression and cells stably or transiently transfected with the TNFR type of interest were seeded (1 x or 2 x 104 per well, dependent on cell size) in black clear bottom 96-well cell culture plates overnight. Next day, control cells and TNFR expressing cells were pairwise incubated with a two-fold dilution series (9-11 sequential dilution steps) of the GpL antibody fusion protein (GpL-Ab-Fp) of interest at 37°C for 30 min to 1 h. A typically starting concentration for the GpL-Ab-Fp is 2 µg/ml. Cells/plates were then washed five times with icecold PBS to remove unbound GpL-Ab-Fp molecules. Finally, 50 µl RPMI 1640 medium supplemented with 0,5% FCS, 1% Pen/Strep (GpL medium) were added to each well. Luminescence was then measured as described below separately. The binding values derived of the TNFR expressing cells were considered as total binding and the binding values of the paired TNFR negative control cells were considered as non-specific binding. Specific binding was calculated by subtraction of unspecific binding values from the total binding values. KD values were finally calculated by analyzing the specific binding values using the built-in “one site specific binding” function of the GraphPad Prism 5 software which fits the data to a function of the type Y = Bmax*X/(KD + X) under minimization of the sum of squares (non-linear regression). Y = specific binding, Bmax = maximal specific binding, KD = dissociation constant, and X = ligand/antibody concentration.

When no TNFR-negative control cells are available to determine non-specific binding two modifications of the procedure described are possible. In both cases, the same TNFR-positive cells used for determination of the total binding values were also seeded/used to obtain the non-specific binding values. A first protocol modification to determine non-specific binding of the GpL-Ab-Fp is then to preincubate the control cells for 1 h with an excess of the “GpL”-free version of the antibody (x200 of the starting concentration of GpL-Ab-Fp) before adding the GpL-Ab-Fp dilution series. A second possible protocol modification to determine non-specific binding of the GpL-Ab-Fp is to incubate the control cells instead with the GpL-Ab-Fp targeting the TNFR of interest with a structurally similar GpL-Ab-Fp with irrelevant specificity, thus recognizing a target not expressed on the cells used for the binding study.

For equilibrium binding studies with suspension or poorly adherent cells (e.g. HEK293 cells), cells were aliquoted in 1 ml of medium (0,1 – 1 x 106 cells). Afterwards the cell aliquots were grouped and treated with the GpL-Ab-Fp as described above for adherent cells. For removal of unbound antibody molecules by washing with icecold PBS, the various cell samples were transferred to Eppendorf tubes and centrifuged 30 sec. at 14.000 rpm. The cell pellets were then resuspended in 1 ml icecold PBS and the washing procedure was repeated 3 times. After the last washing cycle, cells were resuspended in 50 µl RPMI 1640 medium supplemented with 0,5% FCS, 1% Pen/Strep, transferred to a black 96-well plate and further processed as described above for adherent cells.



6.4 Cell-free equilibrium binding studies

To perform cell free binding studies, black high binding 96-well plates (Greiner Bio-One) were incubated overnight at 4°C with 1 µg/ml of the recombinant protein of interest in coating buffer (0,1 M carbonate buffer). For the determination of unspecific binding, 1 µg/ml of a corresponding irrelevant TNFR fusion protein in coating buffer were used for coating. Next day, after three washing steps with PBST, plates were blocked one hour with 10% FCS in PBS. After additional three washing steps with PBST, the differently coated wells were pairwise incubated with a two-fold dilution series (9-11 sequential dilution steps) of the GpL antibody fusion protein (GpL-Ab-Fp) of interest at 37°C for 1 h. A typically starting concentration for the GpL-Ab-Fp is 2 µg/ml. Plates were then further processed as described above in the protocol for adherent cells. In the case that no irrelevant recombinant TNFR protein is available to determine non-specific binding, similar modifications of the procedure are possible as described above for the cellular binding studies. In the first modified protocol, wells coated with the recombinant TNFR protein of interest and pretreated with an excess of the GpL”-free version of the corresponding GpL-Ab-Fp were processed to obtain non-specific binding values. In the second modified protocol, wells coated with the recombinant TNFR protein of interest and incubated with a dilution series of an irrIgG1-LC : GpL fusion protein instead with a dilution series of the TNFR-specific GpL-Ab-Fp were analyzed to obtain non-specific binding values.



6.5 Binding domain/epitope mapping by cell-free binding studies

For this application black high binding 96-well plates (Greiner Bio-One) were coated with protein G (Millipore; 1 µg/ml in 0,1 M carbonate buffer) overnight at 4°C. Next day, after three washing steps with PBST, plates were blocked one hour with 10% FCS in PBS. After additional three wash cycles, the anti-TNFR antibody of interest and a corresponding control antibody of irrelevant specificity (1 µg/ml) were added in medium for 1 h at 37°C. After removal of unbound antibody molecules by three washing steps with PBST, GpL-tagged deletion mutants of the ectodomain of the TNFR of interest (500 ng/ml) were added in medium at 37°C for two hours. Plates were then processed as described above and specific binding values were calculated by subtraction of the non-specific binding values obtained with irrelevant control antibody from the total binding values derived of the samples with the anti-TNF of interest. Lack of specific binding of a particular GpL-tagged TNFR deletion mutant indicated then that the domain/epitope recognized by the antibody is destroyed or missing in this mutant.



6.6 Determination of luminescence activity

To quantify the cell-associated and/or well-associated GpL-Ab-Fp activity after the last washing steps of a binding study, 50 µl RPMI 1640 medium supplemented with 0,5% FCS, 1% Pen/Strep (GpL medium) were added to each well. To start the luminescence reaction, 25 µl of GpL substrate solution (coelenterazine 1,5 µM in PBS; Carl Roth, Karlsruhe, Germany) were added and luminescence was immediately measured with a luminometer (LuMo anthos Mikrosysteme GmbH, Friesoythe, Germany).



6.7 Evaluation of FcγR-dependent TNFR agonism

To evaluate the intrinsic and FcγR-dependent activity of antibodies targeting TNFRs their ability to stimulate IL8 production was determined. Therefore, HT1080-transfectants stably expressing the TNFR of interest were seeded in 96-well plates (2 x 104 per well). In parallel, HEK293 cells were transiently transfected with empty vector (EV) or an expression plasmid encoding the FcγR of interest (in the example shown in Figure 5 FcγRI (CD64)). The next day, the medium of the HT1080-TNFR transfectants was replaced by fresh medium to minimize the background of the constitutive IL8 production. HT1080-TNFR cells were then supplemented with EV- or FcγR-transfected HEK293 cells (2 x 104 per well). HT1080-TNFR cocultures with HEK293-EV and HEK293-FcγR transfectants were then pairwise stimulated with a two-fold dilution series (9 sequential dilution steps) of the antibody variant of interest overnight. Finally, the coculture supernatants were analyzed for their IL8 content using the BD OptEIA™ human IL8-ELISA kit.
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Neoepitopes have attracted much attention as targets for immunotherapy against cancer. Therefore, efficient neoepitope screening technology is an essential step in the development of personalized vaccines. Circular RNAs (circRNAs) are generated by back-splicing and have a single-stranded continuous circular structure. So far, various circRNAs have been poorly characterized, though new evidence suggests that a few translated circRNAs may play a role in cancer. In the present study, circRNA was used as a source of neoepitope, a novel strategy as circRNA-derived neoepitopes have never been previously explored. The present study reports CIRC_neo (circRNA-derived neoepitope prediction pipeline), which is a comprehensive and automated bioinformatic pipeline for the prediction of circRNA-derived neoepitopes from RNA sequencing data. The computational prediction from sequencing data requires complex computational workflows to identify circRNAs, derive the resulting peptides, infer the types of human leukocyte antigens (HLA I and HLA II) in patients, and predict the neoepitopes binding to these antigens. The present study proposes a novel source of neoepitopes. The study focused on cancer-specific circRNAs, which have greatly expanded the source pool for neoepitope discovery. The statistical analysis of different features of circRNA-derived neoepitopes revealed that circRNAs could produce long proteins or truncated proteins. Because the peptides were completely foreign to the human body, they could be highly immunogenic. Importantly, circRNA-derived neoepitopes capable of binding to HLA were discovered. In the current study, circRNAs were systematically analyzed, revealing potential targets and novel research clues for cancer diagnosis, treatment, and prospective personalized vaccine research.
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Introduction

The clinical objective of immunotherapy is to utilize the natural immune system of the human body for targeting and destroying cancer cells, thereby improving the overall survival rate of cancer patients (1). Therefore, identifying therapeutic targets for cancer-specific cytotoxicity is critical because it will provide direction for an individualized therapeutic regimen. Cancer immunotherapy based on neoepitopes recognized by T cells is critical to the success of anticancer treatment regimens (2). Neoepitopes are cancer-specific peptides that can stimulate the immune system more effectively in the human body. Neoepitope vaccines have shown remarkable efficacy in various types of cancer and are revolutionizing cancer treatment (3, 4). Therefore, accurate and rapid identification of neoepitopes plays a key role in cancer immunotherapy.

Recent studies have reported that transcripts harbor frameshift mutations, while aberrant splicing patterns may produce antigenic peptides (5–8). Therefore, tumor non-mutated source neoepitopes could represent an alternative to somatic mutation-derived neoepitopes as targets in cancer immunotherapy. Intron retention (IR) and alternative splicing (AS) may produce a novel class of cancer-specific neoepitopes, as reported in certain previous studies (7, 8). Neoepitopes are derived from genomic mutations in tumor cells, protein variations might also result from abnormal RNA processing. Abnormal RNA transcripts are overexpressed in tumor cells, and conditions exist for ribosome translation which can produce abnormal peptides. Peptides derived from abnormal RNA transcripts—peptides—may be presented on human leukocyte antigen (HLA) and serve as a source for neoepitopes. Circular RNAs with coding potential represent another potential source of neoepitopes, although these have not been explored to date.

CircRNAs are single-stranded continuous circular structures without polyadenylated tails, produced through back-splicing, and may be regulated by certain splicing factors (9). CircRNAs are suggested to regulate various cellular processes via different mechanisms, including interactions with microRNAs and RNA-binding proteins (RBP), consequently having important biological functions in eukaryotes (10). The structural stability, tissue specificity, and relatively high expression levels of circRNAs in exosomes, blood, and plasma (11) have led circRNAs to be recognized as promising biomarkers for disease diagnosis and prognosis. The consistent findings regarding the functions of circRNAs, their participation in various biological processes, and their carcinogenic potential have rendered circRNAs attractive molecules for general as well as cancer research (12). The development of non-polyadenylated RNA-seq and circRNA-seq, as well as bioinformatics-based analysis, has allowed the detection of thousands of circRNAs. Several circRNA detection and quantification software programs are currently available (13).

CircRNAs were initially considered a group of endogenous non-coding RNAs (ncRNAs) (14, 15). Similar to most ncRNAs, circRNAs were previously assumed to be untranslatable due to a lack of evidence for the presence of open reading frames (ORFs). Recent research, however, has revealed a comprehensive analysis of the coding potential of circRNAs (10). CircRNAs have been found to encode proteins in several studies (16–19). Certain circRNAs have even been shown to be translated in vivo via various internal ribosome entry sites (IRESs) (17, 20). Because the ORFs in circ-RNAs have a covalently closed structure, they can be translated multiple times, increasing the transcriptome and proteome complexity (17). Certain proteins encoded by circRNAs have been reported to play a key role in regulating the growth of cancer cells, with accumulating evidence suggesting that circRNAs are involved in tumorigenesis (12, 21, 22). Functionally, the translation of circRNAs may contribute to proteomic diversity by causing inframe internal deletions or frameshifts in the encoded proteins. An increasing number of studies are reporting the ubiquitous nature of circRNAs translation and that the long half-life of circRNAs leads to the accumulation of translated protein sequences. In addition, circRNAs are highly expressed in cancer. Therefore, circRNAs are expected to serve as an excellent source of neoepitopes.

In the present study, the first automated high-throughput data analysis pipeline to detect circRNAs, predict its protein-coding potential and identify circRNA-derived peptides binding to HLA was developed and designated as CIRC_neo. RNA-seq data were used to identify circRNAs, which were then translated into protein sequences. Subsequently, the binding of the generated peptides to HLA was predicted. The identified binding peptides could serve as sources of neoepitopes. A strict screening process was adopted in the identification process to ensure that only those peptides that presented HLA and exhibited adequate expression levels were selected, as these were most likely to produce the required immune response when these were used in the follow-up studies.

To construct a catalog of cancer-specific circRNAs, CIRC_neo was applied to identify thousands of distinct circRNAs from the ribosomal RNA-depleted total RNA-seq or circRNA-seq data of human cancer tissues and normal tissues. Following that, cancer-specific neoepitopes were systematically identified and characterized using this catalog. Furthermore, the relationship between these neoepitopes and immunity and clinical practice was investigated. The current study suggested that circRNAs are a new source of cancer neoepitopes.





Materials and methods




Data source and preprocessing

The published datasets of glioblastoma (GBM), bladder cancer (BC), and chronic lymphocytic leukemia (CLL) were used for collecting the data. The GBM circ-RNA-seq FASTQ files associated with Y. Liu et al. were downloaded from NCBI SRA: PRJNA525736 (23). The GBM dataset included data from 12 pairs of human GBM tissues and paired normal tissues. The ribosomal RNA-depleted total RNA from three pairs of BC tissues and paired normal bladder tissues were downloaded from NCBI GSE97239 (24). The third dataset included total RNA sequencing FASTQ files from 13 patients with CLL and 2 normal tissues obtained from NCBI GSE111793 (25). Quality control and preprocessing using FastQC. RNA reads were preprocessed to remove adaptor sequences and then mapped with STAR [26] to the hg19 reference genome. Then, gene expression quantization (FPKM) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed. Subsequent analyses were conducted, as shown in Figure 1A.




Figure 1 | Computationally predicted neoepitopes detected in cancer patients. (A) Overview of the identification of putative HLA-specific neoepitopes using the developed CIRC-neo pipeline. (B) Schematic diagram of the circRNA production and translation process. Each box in the splice graph represents an exon, while each arc represents a splice. (C) Illustration of the AKT3 sequence and the circ-AKT3 protein sequence. (D) The upper panel depicts the track of FBXW7 in GBM and normal tissues. The lower left panel depicts the sequences of the putative protein and the putative open reading frame (ORF) in circFBXW7. The lower right panel depicts the peptides that could bind to HLA class I.







Identification and annotation of circRNAs

Raw FASTQ reads aligned to the reference rRNA, and tRNA genome using bowtie2 were discarded. Next, STAR (26) was employed to map the unmapped RNA reads to human reference genomes. The anchor reads that aligned in the reverse orientation (head-to-tail) indicated circRNA splicing and were, therefore, subjected to analysis using find_circ (27, 28) to identify the circRNAs. A candidate circRNA was called if it was supported by a minimum of two unique back-spliced junction (BSJ) reads from at least one sample (≥2 BSJ reads for each candidate detected using any pipeline). GBM, BC, and CLL were used to identify circRNAs, which were analyzed separately.





CircRNAs translation

CircRNAs require two basic elements for translation: IRES and ORF. IRESfinder (29) is a computational program that performs a comprehensive IRES search in a cell. To accurately and quantitatively evaluate the coding potential of circRNAs, CPAT (30) and CPC2 (31) were employed to assess the coding potential of RNA sequences. In the current study, the nucleotide sequence of the RNA was used as the input, and CPAT was used as a pre-built logistic model for measuring protein-coding likelihood, producing an output probability of P (0–1) with a selected probability threshold of ≥ 0.364. The RNA sequence identified as coding was presented in the CPC2 result file, and the intersection with the CPAT prediction was subjected to downstream analysis. All possible ORFs were identified using the ORFfinder tool.





HLA genotyping

The input data used to detect the human leukocyte antigen (HLA) allele in the present study comprised the cleaned FASTQ files. Normal tissue RNA sequencing and cancer tissue RNA sequencing were performed for the 4-digit HLA class I and II determination. The OptiType version 1.3.1 (32) and HLA-HD version 1.2.0 (33) programs were used to detect the class-I and class-II HLA genotyping for each sample. OptiType, which presents improved accuracy compared to the other HLA determination tools (34), was used with the default setting. HLA class II determination was performed using HLA-HD. The HLA-HD tool reported the HLA types with 4-digit verification accuracy.





HLA and peptide binding prediction

NetMHCpan4.0 is commonly used to predict patient-specific HLA class I binding peptides (35) as it considers algorithm benchmarks in large-scale evaluations and due to its availability across HLA alleles. In addition to peptides, the patient’s HLA genotype should be used as input for NetMHCpan4.0. When comparing binding among multiple HLAs, the percentage rank deviates less than the binding affinity metric, so it was used for neoepitope filtering. Each peptide with a predicted binding rank of ≤ 2.0% for at least one HLA class I allele could be designated neoepitope in all patients. In the HLA class II binding prediction using MixMHCpred2 (36), the 12–25-mers containing the circRNA-derived peptide for binding to the patient-specific HLA II were evaluated. The predicted rank percentage threshold that was applied for HLA class I was applied for nominating the HLA class-II-binding neoepitopes.





Cancer epitope information is available in the IEDB

T-cell epitopes for cancer were identified by searching the IEDB (The Immune Epitope Database; http://www.iedb.org/) on June 22, 2022. Queries were performed broadly for Homo sapiens (ID:9606, human), Epitope Structure (Linear Sequence), Host: Homo sapiens (human), Disease Data: cancer (ID:162), and selecting positive assays in the contexts of T-cell and MHC ligands. The characteristics of each unique epitope (i.e., species, protein of provenance, positive assay type, MHC restriction) were tabulated. The IEDB had 264668 curated epitopes (HLA I) and 94341 epitopes (HLA II). These epitopes had been derived from human tumor correlation.





Functional enrichment analysis

The R package enrichplot was employed for the functional enrichment analysis of the genes associated with the circRNAs and the circRNA-derived neoepitopes. These Entrez IDs were then subjected to Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis, which was performed in R using the function enrich KEGG from the package clusterProfiler. When the FDR (Q value) of each pathway did not exceed 20%, the pathway was designated as significantly enriched.





Statistical analysis and software

The neoepitope pipeline for identifying circRNAs, generating peptides, and predicting HLA class I/II binding affinity (CIRC_neo) is available for download at https://github.com/summerjiaqi/CIRC_neo.git. All statistical analyses were performed in python and R. The p-values less than 0.05 were considered statistically significant.






Results




General characteristics of the CIRC-neo pipeline

To investigate the landscape of neoepitopes in human cancer, a simple, performant analytical pipeline for predicting neoepitopes was created in the present study. The pipeline integrates cancer transcriptomics data and was named the CIRC-neo pipeline (Figure 1A). CircRNAs may disrupt functional protein domains to cause cancer driver effects. According to the findings, circRNAs could be a source of neoepitopes in cancer cells. Using RNA-seq data, researchers developed a pipeline for identifying circRNA-derived neoepitopes. The circRNAs were identified using ribosomal RNA-depleted total RNA sequencing or poly (A)-depleted RNA sequencing, allowing for more circRNA-derived proteins/peptides to be translated. Therefore, more frameshift peptides were presented on HLA I/II and secreted or released from the cancer cell, to which the immune system could respond (Supplementary Figure 1A).

The CIRC-neo workflow had four steps (Figure 1A). The first step analyzed raw sequencing data from GBM, BC, and CLL patient samples to identify circRNAs. Since the circRNAs identified using a single method present a high number of false positives, it is recommended that for reliable results, circRNAs that have been predicted using two or more methods should be selected. The present study used two methods for predicting the circRNAs, using find_circ and CIRCexplorer2, respectively. Next, the circRNAs with unique BSJ less than 2 were removed, followed by filtering out the circRNAs with lengths greater than 100 kb. OptiType and HLA-HD were employed to perform HLA genotyping for each sample using the normal tissue RNA-seq and cancer tissue RNA-seq data, respectively. The same results were obtained using default parameters. An overview of the HLA I typing results is provided in Supplementary Table 1. In the second step, for each identified circRNA, the nucleotide was translated into the corresponding amino acid. In order to explore whether the circRNAs could also be translated, circRNAs with protein-coding potential were first annotated based on the IRES elements and sequence features. Since circRNAs have a covalently-closed structure, their translation must be based on an unconventional initiation mechanism referred to as the cap-independent translation. The circRNAs were then analyzed for the presence of potential ORFs. Theoretically, the translation could occur in up to three rounds (+0, +1, and +2 frame) if the nucleotides in the circRNAs were not integral multiples of three (Figure 1B). In the third step, all neoepitopes were further screened against the reference protein sequences (UniProt protein sequence) and GBM, BC and CLL normal sample protein sequences to filter out those that belonged to the group of naturally occurring peptides in a different protein. The fourth step determined the patient-specific HLA alleles and the HLA-binding affinity ranks of the potential neoepitopes. In HLA class I neoepitopes, false positives were removed again, and the HLA-binding peptides were further consistent with the actual in vivo cleavage situation. Netchop3.0 (37) was employed to predict the proteasomal cleavage sites. Peptide-HLA pairs with a binding rank of < 2% were designated as putative neoepitopes in the default setting. Furthermore, the binding peptides from the normal samples were removed, and the most promising candidate HLA binding neoepitopes were screened (Figure 1A).

In summary, the proposed CIRC-neo pipeline integrated all steps of the neoepitope identification process. The pipeline applied several layers of filtering to control for false positives and the implementation of a processed and immunologically relevant list of predicted neoepitopes from the circRNAs, which could bind to both class-I and class-II restricted HLA alleles. Every step of the tool selection and filtering strategy was carefully selected in terms of performance and versatility. Indeed, the selection of other bioinformatics tools and filtering strategies is allowed, which renders the process highly individualizable.





CircRNAs and translation evidence

In order to validate the developed CIRC-neo pipeline, the RNA-seq data of CLL, BC, and GBM were analyzed to identify circRNAs and the circRNA-derived neoepitopes. CIRC-neo was applied to three datasets to demonstrate the identification capabilities of the pipeline. The first dataset comprised the total RNA-seq data originally generated from a bladder cancer study, which analyzed tumor tissues from three patients and matched normal tissues. Bladder cancer is the most common urinary system tumor and ranks ninth among the most common cancers worldwide (38). The second dataset contained total RNA-seq data from CLL samples, which included 2 controls and 13 CLL samples. The third dataset included 12 pairs of circ-RNA-seq from human GBM tissue and paired normal tissue, revealing many circRNAs that were dysregulated in the tumors. GBM is the most common and malignant primary brain tumor, with a poor prognosis (39).

Several translated circRNAs have been identified to date, and these are reported to play key roles in human cancers (20, 22, 40–43). In order to evaluate the neoepitope prediction performance of CIRC-neo, proteins and short peptides encoded by the circRNAs were summarized. For instance, the proteins/peptides generated by circAKT3, circFBXW7, circ-E-Cad, circFNDC3B, and circGprc5a were also detected using CIRC-neo. An integrative analysis was then conducted to predict the potential of all circRNAs in coding for functional peptides. The direct and indirect pieces of evidence in favor of several translated proteins/peptides were integrated to validate the reasonability and credibility of CIRC-neo. In addition, CIRC-neo was applied to predict the interaction between several translated protein peptides and HLA alleles.

GBM is a common and the most malignant primary tumor of the brain with a poor prognosis (39). CircRNA-encoded functional proteins have been described during GBM tumorigenesis (17, 22, 42). Circ-AKT3 evolved from exon 3 to exon 7 of the AKT3 gene in chr1 and has a total length of 524 nucleotides. Previous research has shown that Akt3-174AA, a tumor-suppressor protein encoded by circAKT3, is functional. The tandem “AUG” within the RNA circle in Akt3-174AA may start the translation of a new protein. AKT3-174AA was also found in our dataset, as shown in Figure 1C. Akt3-174AA is thought to play a negative regulatory role in regulating the intensity of the PI3K/AKT signal, which is low in GBM tissues (43). This also indicated that circRNAs could be a powerful source of neoepitopes, and the protein sequences encoded by circRNAs could further enrich the antigen library.

Furthermore, the multi-omics evidence from published studies to support the translation of the circFBXW7 is described. The circFBXW7 encodes FBXW7–185AA, which under the mediation role of IRES, regulates the expression of FBXW7 and exerts a tumor suppressor effect in triple-negative breast cancer (TNBC) (44). The FBXW7–185AA protein encoded by circFBXW7 also competes with USP28 to prevent the latter from binding to FBXW7α. Then it promotes the ubiquitination and degradation of C-MYC, which is a key regulator of tumorigenesis in glioma (45). The corresponding protein sequences of FBXW7-185AA were also identified in our data, as depicted in Figure 1D. Meanwhile, eight peptides in the FBXW7-185AA protein exhibited a high potential for binding to HLA I, while 21 peptides exhibited the potential of binding to HLA II. These peptides are listed in Supplementary Table 2. Therefore, FBXW7–185AA could also be a potential therapeutic target.

ROBO2 encodes a protein that belongs to the ROBO family. Members of the ROBO family are a small subfamily of the immunoglobulin superfamily. The developed CIRC-neo predicted that the second exon of the ROBO2 gene was cyclized and produced a circRNA. The track height on exon 2 is higher in the cancer sample than in the normal sample, as shown in Supplementary Figure 1B.

E-cadherin (circ-E-Cad) RNA junction reads in ribosome profiling were detected in the GBM samples, while no junction reads were detected in normal brain samples (41). The study identified a potential IRES that drives a protein that possibly encodes 254 amino acids. The lack of a stop codon in the first-round read caused a frameshift in the second-round translation, generating a circ-E-Cad product with a unique 14-aa tail. In addition, the 14 amino acids containing “TNLCDGGHSHRRGR” were produced in the GBM sample (Supplementary Figure 1C). Moreover, “NLCDGGHSHR” was a circRNA-derived neoepitope identified in the GBM dataset.

CircGprc5a was translated into a protein in a cap-independent manner and is, therefore, an example of a protein-coding circRNA in cancer. The circGprc5a encoding “FDTKPMNLCGR” played a biological role in BC (40). Similar to circ-E-Cad, circGprc5a was observed to produce a peptide sequence, though analysis of the produced peptide revealed that it did not bind to the patient’s HLA I/II. The findings revealed that the circCFNDC3B-encoding proteins gave rise to a number of neoepitopes. Previous research has suggested that circFNDC3B may encode a novel protein. The ORF indicated that the putative 218 amino-acid protein required more than one complete circle of circFNDC3B to be translated. CircFNDC3B-218AA could be used as a therapeutic target in the treatment of colon cancer (20).

Furthermore, an internal ribosomal entry site was required for the 5’-cap-independent translation. A few circRNAs comprised the initiation codon and putative ORFs of a favorable length, which suggested an unexpected protein-coding potential of these circRNAs. This finding also indicated that a circRNA encoding a protein was closely associated with the occurrence and inhibition of tumors. This observation suggested that circRNAs could be a powerful source of neoepitopes, and the protein sequences encoded by circRNAs could further enrich the antigen library.





Identifying the cancer-associated circRNAs

The CIRC-neo pipeline was created to find cancer-specific peptides and evaluate their potential as neoepitopes. The study yielded a comprehensive list of putative circRNA-derived neoepitopes for each sample. CIRC-neo was applied to the RNA-seq data from BC, CLL, and GBM, and the number of circRNAs and circRNA-derived neoepitopes from each sample were counted.

Multi-method consensus approaches were adopted to ensure robust results in the case of suboptimal data. The predicted results obtained using the find_circ and CIRCexplorer2 approaches are presented in Supplementary Figure 2A. In order to ensure the reliability of the analysis, CIRC-neo controlled the number of false positives by considering only those circRNAs that were detected using both methods. Overall, the results of this analysis suggested that using a combination of algorithms with possibly different and complementary features could improve detection accuracy.

Overall, using the CIRC-neo pipeline developed in the present study, the number of circRNAs in the cancer samples could be determined (Figure 2A, first row). In the BC dataset, the number of circRNAs in each sample was 2133, 466 and 2445. In the GBM dataset, the number of circRNAs in 12 tumor samples was 5438, 9296, 11424, 13976, 17835, 14008, 12985, 12722, 6268, 1168, 10404, 13111, respectively. In the CCL dataset, the number of circRNAs in each sample was 984, 739, 636, 993, 2, 832, 914, 1141, 13, 4, 5, 2, 1, respectively. In addition, the results revealed that circRNAs were largely heterogeneous across different types of cancer (Figure 2B).




Figure 2 | Neoepitope load statistics and analysis. (A) Flowcharts presenting the key steps involved in the identification of circRNA-derived neoepitopes. (B) The number of circRNAs in BC, CLL, and GBM. (C) The cancer-specific circRNA-encoded protein load in BC, CLL, and GBM. (D) The HLA class I-binding neoepitope load in BC, CLL, and GBM.







Identifying the translated circRNAs

Furthermore, a filter was provided to detect the IRES-containing RNA sequences with potential coding capabilities and then predict all possible ORFs for these RNA sequences. Besides considering the AUG initiation protein translation, other initiation codes, such as GUG and UUG, were also considered. Therefore, several ORFs that fulfilled the requirements were identified. However, these circRNA-derived proteins were not cancer-specific. Therefore, the proteins in the protein database (UniProt) and the normal tissues corresponding to them had to be removed (Figure 2A). The protein number distribution of each cancer patient in various cancers was then examined. In the case of BC, the three samples contained 1043, 5086, and 997 cancer-specific proteins, respectively. The protein number ranged from 0 to 7,236 in the case of CLL. The fluctuation was greater in the case of GBM, with the maximum number reaching 12,850 and the minimum number being 0. (Figure 2C). Supplementary Table 3 shows the number of potential circRNAs identified from each dataset and the number of candidates obtained from each round of analysis. The distribution of the number of circRNAs in different types of cancer also exhibited wide variability. The samples containing 0 cancer-specific proteins were not analyzed further.





Identifying the neoepitope load

Importantly, circRNA-derived neoepitopes that could bind to HLA class I or II were identified using the developed CIRC-neo pipeline. In HLA class I neoepitopes, false positives were removed again, and the HLA-binding peptides were further consistent with the actual in vivo cleavage situation. The number of peptides obtained by proteasome cleavage is shown in Supplementary Table 4. First, the number of such neoepitopes per patient was predicted (Figure 2D). The results revealed that the inter-sample variation in the number of circRNA-derived neoepitopes among the different tumor types was extremely high. This higher prevalence of HLA class-II neoepitopes compared to class-I neoepitopes is consistent with the findings of previous studies and also with the greater flexibility of peptide binding in the groove of HLA class-II (46) (Supplementary Figure 2B). The neoepitope load varied significantly among the cancer samples, indicating that circRNA-derived neoepitopes could significantly enrich the neoepitope library. Because neoepitopes were not found in normal tissue samples, they could be used as a therapeutic target in cancer treatment.

The IEDB resources were utilized to compile all the recognized human tumor epitopes. The presence of the same epitope would confirm the immunogenicity of the neoepitope predicted in the present study. First, the repeated peptide sequences in IEDB were removed, after which a total of 264,571 HLA class I epitopes and 94,203 HLA class II epitopes remained. If the neoepitope was present in the epitope of IEBD or the epitope of IEDB was present in the dataset of the circRNA-derived neoepitopes, it was assumed that the same peptide existed between the two. The number of identical peptides between the predicted HLA I class neoepitopes and the IEDB tumor-associated epitopes was 51, 305, and 781 in the BC, CLL, and GBM samples, respectively. In addition, whether the predicted HLA II neoepitopes were present in IEDB was determined. It was observed that 685 HLA class II neoepitopes in the BC samples, 10,854 in the CLL samples, and 3465 in the GBM samples overlapped with the corresponding ones in IEDB. While only a few peptides in ten thousand were detected as identical among the large number of circRNA-derived neoepitopes identified in the present study, this result did confirm that circRNA-encoded peptides were potential immunity neoepitopes.





Features of identified circRNAs and circRNA-derived neoepitopes

The CIRC-neo pipeline was applied to analyze the patient samples to demonstrate its utility for identifying neoepitopes and the characteristics of circRNA-derived neoepitopes. First, the quantity characteristic of circRNAs in cancer tissues and normal tissues was explored. The GBM samples had more circRNAs in cancer tissues (p = 0.732), as depicted in Figure 3A. Furthermore, the majority of these circRNAs originated from the gene coding region, and nearly all circRNAs contained a portion of the exon region (Figure 3B and Supplementary Figure 3A, respectively). These findings provided strong support for circRNA translation. The CIRC-neo pipeline was used to discover several circRNA-derived proteins. As depicted in Figure 3C, the lengths of these proteins were shorter than those in the UniProt database, and over 75% of the protein sequences contained less than 100 amino acids. The rules for the three datasets were similar, and the protein sequences translated from the circRNAs were shorter in length.




Figure 3 | Features of the circRNA-derived neoepitopes discovered in BC, CLL, and GBM. (A) The number of circRNAs in GBM and normal tissues. (B) The genomic location type of circRNAs in GBM. (C) Comparison of the lengths of circRNA-encoded protein and corresponding UniProt protein. (D) The proportion of HLA class I peptide and class II peptide appearing 1, 2, 3 and ≥ 4 times, respectively. (E) Correlations between the number of circRNAs and the HLA class I-binding neoepitope load.



Approximately 25%~50% of HLA class-I neoepitopes and 35%~50% of HLA class-II neoepitopes were shared by more than patient (Figure 3D). Overall, the circRNA-derived neoepitopes presented a higher antigen sharing level. Consequently, a subset of these shared circRNAs neoepitopes was expressed in most patients and represented attractive targets or vaccines. Theoretically, the greater the number of circRNAs, the greater the number of circRNA-derived neoepitopes. In the present study, the number of circRNAs was closely associated with the number of HLA class I neoepitopes in all three datasets, and the correlation was greater than 95% (Figure 3E). In addition, the number of circRNAs was positively correlated with the number of HLA class II neoepitopes (Supplementary Figure 3B).





Correlation between neoepitope load and immune environment

The relationship between circRNA-derived neoepitope load and the expression of immune checkpoint-related genes (CD274, CTLA4, PDCD1, and PDCD1LG2) was evaluated to further investigate the correlation between circRNA-derived neoepitope load and the immune environment. The results revealed that in GBM, the number of neoepitopes was negatively correlated with 4 immune checkpoint-related genes (Figure 4A), which indicated that certain specific immune checkpoint inhibitors could exhibit greater sensitivity to the GBM patients with a low number of neoepitopes.




Figure 4 | Relationship between the circRNA-derived neoepitope load and immunity. (A) Correlation between the neoepitope load and the immune checkpoint-related genes. (B) Correlation between the neoepitope load and the markers of immune cytolytic activity. Pearson’s correlation coefficients (denoted as R) are presented in the plots.



Since the circRNA-derived neoepitope load was correlated to the immune checkpoint-related genes, the next step was to examine whether the circRNA-derived neoepitope load was associated with the immune-related genes. The analysis of the relationship between the number of neoepitopes and the immune environment could provide certain suggestions for improving the quality of life of patients. The number of neoepitopes exhibited a negative correlation with the expressions of CD8A, granzyme A (GZMA), and perforin-1 (PRF1), the canonical markers of immune cytolytic activity. Subsequently, the predicted neoepitope load and the immune gene expression were plotted, as depicted in Figure 4B.





Potential functions of identified circRNA-derived neoepitopes

The splicing form of circRNAs contributes to increasing the transcriptomic complexity, which could be exploited in cancer therapy. In this regard, the role of circRNA parent genes and circRNA-derived neoepitope genes in cancer was studied. Next, the circRNA parent genes were subjected to pathway enrichment analysis. The 20 most enriched terms are presented in Figure 5A. The three cancer types were generally enriched in endocytosis, ubiquitin-mediated proteolysis, protein processing in the endoplasmic reticulum, nucleocytoplasmic transport, and lysine degradation pathways (p.adj ≤ 0.05). The enrichment results obtained for circRNA parent genes were similar to those obtained for the circRNA-derived neoepitope genes, although the former had a greater number of enriched pathways. Endocytosis is a critical process that allows macromolecules and granular materials from the outside of the cell to enter the cell. Endocytosis is linked to a variety of physiological processes, including immune response, neurotransmitter transport, cell signal transduction, cell and tissue metabolic balance, and so on. Ubiquitin-mediated proteolysis is an important physiological process that keeps cells functioning normally. When the ubiquitin-attached protein moves around the protease, it is recognized and hydrolyzed. Therefore, abnormal ubiquitin-mediated proteolysis may result in human disease. Protein processing, transportation, degradation, and immunity in cells were all linked to ubiquitin-mediated proteolysis. In addition to common pathways, enriched pathways for each cancer type were discovered. The enrichment results obtained for circRNA parent genes were similar to those obtained for the circRNA-derived neoepitope genes, although the former had a greater number of enriched pathways.




Figure 5 | Neoepitope gene function analysis. (A) KEGG pathway analysis of the circRNAs in GBM, CLL, and BC patients. (B) Functional analysis of circRNA-derived neoepitopes. The yellow bars and blue bars represent the number of circRNA-derived neoepitope genes and the number of randomly selected coding genes, respectively, in apoptosis and autophagy, cell cycle, RNA binding protein (RBP), tumor suppressor gene (TSG), and cancer-related gene sets.



The next analysis involved studying the circRNA-derived neoepitope genes in the three cancer datasets, including 3881 genes in the GBM, 1138 genes in the CLL, and 733 genes in the BC. As depicted in Figure 5B, a greater number of circRNA-derived neoepitope genes appeared in apoptosis and autophagy, cell cycle, RNA binding protein, tumor suppressor gene, and cancer drive gene sets compared to the randomly selected gene sets. This result indicated that circRNAs or circRNA-encoded peptides could participate in the development and progression of cancer through the modulation of multiple biological processes.






Discussion

Back-splicing (biogenesis of circRNAs) may alter the ORF of RNA, which would alter the terminal sequences of its protein product. Accumulating evidence suggests that circRNA-encoded proteins play key roles in regulating various cellular events. In addition, the distribution of circRNA is reported to be specific, with the main circRNA distribution observed in the cytoplasm (47). In comparison to somatic mutation, circRNAs have the potential to dramatically alter protein sequences and produce neoepitopes with increased immunogenicity or even specific immunogenicity. The vaccine was reported to be converted into a circular RNA using a series of helper sequences to aid in vaccine circulation translation (48). This further illustrates the superiority of circRNAs translation. Therefore, these circRNAs could be exploited as ideal candidates for immunotherapy. In addition, circRNAs would greatly amplify the source library of neoepitope discovery. In this regard, a robust and thorough tool to identify circRNA-derived neoepitopes was developed in the present study and was named the CIRC-neo pipeline. In addition, a comprehensive and detailed analysis of the identified circRNA-derived neoepitopes was performed.

The CIRC-neo approach was used for identifying the neoepitopes derived from circRNAs. After the identification of circRNAs, their reasonable translation, prediction of HLA and peptide binding, and the integrated automatic analysis screening process led to the identification of the candidate neoepitopes. The CIRC-neo pipeline exhibited certain evident advantages over the other methods available for neoepitope recognition: 1) The translation product prediction based on the RNA-seq data provided a further representative state of the protein repertoire expressed. 2) New sources of neoepitopes were proposed, and the identified novel sources of circRNAs were validated through calculation and confirmed to be reliable. This compensated for the difficulty in distinguishing neoepitopes from non-synonymous mutation sources in cancers with low mutation loads. 3) The interactions between the peptide and HLA II were also studied. 4) Multiple filtering steps were used to eliminate false positives. 5) The parameters could be adjusted based on tumor type or sequencing depth, making CIRC-neo even more suitable for specific research needs.

In order to demonstrate the reliability and effectiveness of CIRC-neo, the circRNAs that have been previously demonstrated to encode peptides/proteins in human cancers were explored and summarized. It was observed that a few of these previously reported peptides/proteins could also be identified using CIRC-neo. In the present study, circRNAs as a source of neoepitopes were identified computationally in cancer samples, and the relationship between the number of neoepitopes and other factors was also determined. In order to investigate the correlation between the predicted neoepitope load and the immune microenvironment, the expression levels of the genes CD8A, GZMA, PRF1, CD274, CTLA4, PDCD1, and PDCD1LG2 were determined. Furthermore, to demonstrate the high sensitivity of the developed CIRC-neo pipeline, the functions of the genes associated with the neoantigens that were closely correlated to protein processing, transportation, degradation, and immunity in cells were determined. The result data supported the hypothesis that circRNAs could be translated into immunogenic peptides, loaded on the HLA, and presented to the immune system. However, detailed integrated molecular characterization of a large cohort of patients is required to identify the features of circRNA-derived neoepitopes.

The identification of truly immunogenic neoepitopes is a difficult process fraught with difficulties. For example, in the current study, the results were analyzed based on an extremely small amount of total RNA or poly (A)-depleted RNA sequencing data, limiting the possibility of drawing a strong conclusion. In-depth analyses on larger patient cohorts, involving both T cell recognition profiling and high-throughput sequencing data, would allow for the impact on immunogenicity and other features to be determined. The identification of circRNA-encoded proteins has been considered a difficult task for a long time, mainly due to the large sequence overlap between circRNAs and the linear mRNAs homologous to host genes. Owing to the unpredictability of intracellular protein degradation and the immune system’s complexity, a major challenge is the rapid and efficient identification of the neoepitopes that are most likely to induce an immune response from high-throughput sequencing data. In addition, personalized RNA or peptide vaccines have been shown to prime host immunity against tumor cells. However, most patients do not experience clinical benefit from these therapies. Improved identification of tumor neoantigens that elicit T cell responses will be needed to increase the scope of benefit from cancer immunotherapy (49). However, the limited TCR sequencing data, the recognition algorithm’s limitations, and the large variety of TCRs affect its application in neoepitope prediction.

The potential circRNA-derived neoepitopes appear promising and are expected to become novel vaccines for cancer treatment in the future. The accurate and comprehensive determination of neoepitope sequences is a critical first step in personalized immunotherapy. This step broadens the researchers’ understanding and provides a convenient and practical tool. The CIRC-neo pipeline proposed here is a computational pipeline for identifying circRNA-derived neoepitopes from RNA-seq data. The prediction of cancer-specific circRNA-derived neoepitopes has the potential to contribute to the development of cancer vaccines.
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Background

Monoclonal antibodies (mAbs) and their derivatives are the fastest expanding category of pharmaceuticals. Efficient screening and generation of appropriate therapeutic human antibodies are important and urgent issues in the field of medicine. The successful in vitro biopanning method for antibody screening largely depends on the highly diverse, reliable and humanized CDR library. To rapidly obtain potent human antibodies, we designed and constructed a highly diverse synthetic human single-chain variable fragment (scFv) antibody library greater than a giga in size by phage display. Herein, the novel TIM-3-neutralizing antibodies with immunomodulatory functions derived from this library serve as an example to demonstrate the library’s potential for biomedical applications.





Methods

The library was designed with high stability scaffolds and six complementarity determining regions (CDRs) tailored to mimic human composition. The engineered antibody sequences were optimized for codon usage and subjected to synthesis. The six CDRs with variable length CDR-H3s were individually subjected to β-lactamase selection and then recombined for library construction. Five therapeutic target antigens were used for human antibody generation via phage library biopanning. TIM-3 antibody activity was verified by immunoactivity assays.





Results

We have designed and constructed a highly diverse synthetic human scFv library named DSyn-1 (DCB Synthetic-1) containing 2.5 × 1010 phage clones. Three selected TIM-3-recognizing antibodies DCBT3-4, DCBT3-19, and DCBT3-22 showed significant inhibition activity by TIM-3 reporter assays at nanomolar ranges and binding affinities in sub-nanomolar ranges. Furthermore, clone DCBT3-22 was exceptionally superior with good physicochemical property and a purity of more than 98% without aggregation.





Conclusion

The promising results illustrate not only the potential of the DSyn-1 library for biomedical research applications, but also the therapeutic potential of the three novel fully human TIM-3-neutralizing antibodies.





Keywords: phage display, single-chain variable fragment (scFv), synthetic antibody library, antibody therapeutics, TIM-3




1 Introduction

Therapeutic monoclonal antibodies (mAbs) have achieved remarkable success in clinical applications due to their exquisite specificity and high affinity for antigen targeting (1). As of November 2020, more than one hundred mAb-based drugs have been approved for treatment for various human diseases including cancer, autoimmune, infectious and metabolic diseases through different mechanisms (2). MAbs can not only bind to surface biomarker antigens but also block the interaction between ligand and receptor thereby inhibiting the physiological activity of tumor cells or agonistic antibodies to death receptors can induce tumor cell death. The clinical utilization of mAbs include targeting cells through antibody-dependent cellular cytotoxicity (ADCC) and complement-dependent cytotoxicity (CDC) pathways to kill target cells (3–5), and also generating warheads for antibody–drug conjugates (ADCs). Additionally, mAbs can aid in designing novel immunocytokines, immunotoxins, bispecific Abs, chimeric antigen receptor (CAR) T cells, intracellular antibodies, and agonistic antibodies for death receptors (5–9). Based on these different strategies, mAbs and their derivatives have become one of the most rapidly expanding class of pharmaceuticals (10, 11). However, development of a reliable and highly efficient process to generate and screen potent human antibodies still needs to be explored further.

MAbs from different species have been generated for clinical use including mice, rats, rabbits, sharks, and camalids. However, due to immunogenicity risk (12), human mAbs have become the mainstream of current therapeutic antibody development. Phage display, human immunoglobulin loci-transgenic mice, and single B cell technology are the three most widely used approaches for the generation of fully human antibodies (13). Compared to the time-consuming approach of obtaining mAbs from immunized mice, target-specific mAbs can be rapidly isolated within weeks by the phage display platform (14–16). Based on the fusion of antibody fragments to M13 filamentous bacteriophage envelope proteins (17), phage display libraries can generate tremendous diversity of antibody fragments on the phage surface (18, 19). With standard panning methodologies, up to hundreds of phage binders can be isolated. Phage display antibody libraries have proven to be a powerful and efficient tool to isolate diagnostic or potential therapeutic antibodies (18).

There are many types of phage display libraries such as natural, immune, semi-synthetic and synthetic; and they are classified by the source of their sequences (19). A natural library can be obtained from various human B-cells and are relatively similar to the natural human antibody repertoire. Immune libraries are constructed from infection-recovered humans or immunized animals and can yield high affinity binders against targets from a small sized immune library (~106). The diversity of a semi-synthetic library is increased through mutating one or more CDRs by using oligonucleotide-directed mutagenesis or mixing synthetic and natural sequences (18, 19). A synthetic library is composed of artificially designed and synthesized antibody sequences (20, 21). Engineered semi-synthetic and synthetic libraries have several advantages including the use of scaffolds with highly stable properties and codon-optimized sequences with high expression levels (21, 22). Generally, immune libraries are directed towards limited number of targets. Natural, semi-synthetic or synthetic libraries can be used to isolate high affinity binders against broad antigens but are required to have very high diversity (~1010 to 1011).

The size and quality of diversity design and functional clones of the antibody library are crucial for the success of isolating potential therapeutic antibodies (20–22). A number of strategies have been undertaken to design and construct large antibody libraries with high functional diversity, which are comprised of the number of correctly assembled clones without frameshift or stop codons (23–25), such as by synthesizing CDR sequences employing the trinucleotide mutagenesis (TRIM) technology or selecting in-frame antibody clones by antibiotic selection systems (15, 19). The TRIM approach uses a set of pre-synthesized trinucleotide codon units instead of single nucleotides, thereby has the ability to synthesize desired compositions at each CDR found in natural human antibodies and avoid frameshifts or stop codons (26). To rapidly isolate human antibodies with therapeutic potential, we designed and constructed a highly diverse synthetic human scFv library with greater than a giga in size named DSyn-1. The library design was based on high stability scaffolds and six CDRs that were tailored to mimic natural human compositions for a lower risk of immunogenicity. In addition, to maximize the number of in-frame clones with high expression levels, the antibody sequences were codon-optimized and the six CDRs with various CDR-H3 lengths were subjected to β-lactamase selection. To evaluate the Dsyn-1 library, phage panning was performed against five therapeutically relevant antigens including one peptide. Furthermore, to evaluate the library’s potential for biomedical research applications, we generated antibodies targeting the T cell immunoglobulin-3 (TIM-3), which is a type I trans-membrane protein expressed on both adaptive and innate immune cells such as effector T cells, natural killer cells, dendritic cells, and monocytes (27, 28). TIM-3 acts as an immune checkpoint inhibitor associated with anti-tumor immunity, and blockade of TIM-3 by antibodies has emerged as a potential therapeutic strategy for cancer treatment (29–31). In our library system, 204 unique antibodies recognizing TIM-3 were isolated and 25 were characterized via binding assays and in vitro analyses for inhibition ability. Based on our results, three novel TIM-3-specific antibodies were obtained from the DSyn-1 library.




2 Materials and methods



2.1 Analysis and design of CDR sequences

The human antibody heavy chain variable region (VH) and light chain variable region (VL) sequences were obtained from the IGHV3-23 and IGKV1-39 domain for humanized 4D5 (32) and the likely antigen contact residues were chosen for generating library diversity based on public information (33, 34). The three-dimensional structure model of scFv template (VH-linker (Gly4Ser)3-VL) was generated by Accelrys Discovery Studio 2019 (Accelrys, San Diego, CA, USA) and indicated the CDR residues chosen for diversification. Variable region sequences of the human antibodies were collected from the DCB database (human antibody sequences from DCB naïve library). The variable region sequences were analyzed using DCB’s proprietary algorithm. The percentage of each of the 20 amino acids at each CDR position was tabulated and imported into Microsoft Excel for simulating the six CDRs.




2.2 Construction of the Dsyn-1 scFv phage display library

The scFv template was codon-optimized and synthesized by GeneArt Gene Synthesis (Thermo Fisher Scientific, Waltham, MA, USA). CDR cassettes with both flanking sequences for polymerase chain reaction (PCR) were synthesized based on TRIM technology (Thermo Fisher Scientific). The CDR cassettes were amplified by PCR using flanking specific primers and inserted into the template scFv sequence by two-step overlap extension PCR (35) and cloned into pUC19-bla vector individually (Figure 1). Each ligation product was electroporated and selected for in-frame antibody clones in carbenicillin-containing 2YT medium. After carbenicillin medium selection, vectors containing proofreading CDR sequences were isolated. Six proofreading CDRs (three heavy chain CDRs and three light chain CDRs) were amplified and assembled into scFv fragments by PCR (Figure 2) and subsequently cloned into the pCANTAB 5E phagemid vector (Amersham Biosciences, Little Chalfont, Buckinghamshire, UK). The final ligation product was electroporated into Escherichia coli (E. coli) TG1 (Lucigen, Middleton, WI, USA).




Figure 1 | In-frame selection of assembled scFv repertoires. (A) Each of the CDR cassettes was amplified from synthesized oligonucleotides and then assembled into the scFv scaffold by PCR-based method (See “Materials and Methods”). Assembly of CDR H1 is used as an example. (B) In-frame selection system, proofreading of the assembled scFv sequences using the pUC19 (bla) vector. The assembled scFv repertoire was inserted between the β-lactamase signal sequence and the N-terminus of the β-Lactamase. A single-CDR library with only one of the six CDRs diversified was constructed for each CDR and selected for in-frame clones in carbenicillin-containing medium. In-frame selection of CDR cassettes were performed one by one. Oligo 1, one of the synthesized oligonucleotides.






Figure 2 | Construction of Dsyn-1 library. Several steps were implemented to generate the Dsyn-1 library. Step 1. CDR fragments were amplified by PCR from 21 sub-libraries (Libs), respectively. Step 2. 6 CDRs, CDRH1 to CDRL3, were assembled into a scFv insert fragment by using two-step overlap extension PCR. Each of the 16 scFv insert fragments was assembled according to different CDR-H3 lengths from 3 to 18 amino acids. Step 3. 16 scFv insert fragments were combined and cloned into phagemid.






2.3 Preparation of Dsyn-1 scFv phage clones

The TG1 library was inoculated into 2YT medium containing 100 μg/ml ampicillin and 2% glucose (2YT-AG) and grown to mid-log phase. The culture was then infected by incubation with Hyperphage (Progen, Heidelberg, Germany) or the M13KO7 helper phage (New England Biolabs, Hitchin, Hertfordshire, UK) at 37°C for 30 min without shaking. Infected cells were collected by centrifugation, resuspended in 2YT medium containing 100 μg/mL ampicillin and 25 μg/mL kanamycin (2YT-AK), and grown at 30°C overnight with shaking. Library phage particles were precipitated by PEG/NaCl (20% PEG 8000, 2.5 M NaCl) at 4°C for 1 h. After centrifugation, the pellet was resuspended in PBS. The scFv phage clones were subjected to three or four rounds of panning to select for specific antibodies.




2.4 Selection of Dsyn-1 scFv phage clones (solid-phase panning)

96-well MaxiSorp® ELISA plate (Nunc, Rochester, NY, USA) was coated with human recombinant protein in 50 mmol/L sodium hydrogen carbonate (pH 9.6) at 4°C overnight and blocked with PBS containing 5% skim milk (MPBS), followed by washing with PBS. Phage particles (1010 to 1011 PFU) were incubated in antigen-coated wells at 37°C for 90 min and then washed with 0.05% Tween 20-PBS (PBST). The bound phages were eluted by adding triethylamine (100 mmol/L) with continuous rotation at 37°C for 30 min and neutralized with Tris buffer (1 mol/L, pH 7.4). The eluted phages were added to the exponentially growing TG1 bacteria and incubated for 30 min at 37°C without shaking for infection. The infected TG1 bacteria were collected by centrifugation, plated on 2YT-AG plates, and grown at 30°C overnight. Colonies grown on the plates were scraped using a glass spreader and grown to mid-log phase in 2YT-AG. The bacterial culture was infected with M13KO7 helper phage followed by the procedure described above to prepare scFv phage clones for the next round of selection with reduced concentrations of recombinant protein.




2.5 Selection of Dsyn-1 scFv phage clones (solution-phase panning)

To remove non-specific binders, the scFv phages (1010 to 1011 PFU) were pre-incubated with streptavidin-coated paramagnetic beads (Dynabeads M-280) (Invitrogen, Carlsbad, CA, USA) in 2% MPBS. The paramagnetic beads were removed and biotinylated human recombinant protein was added. The resultant mixture was rotated at 37°C for 90 min. Phages bound to biotinylated protein were captured by 2% MPBS-equilibrated Dynabeads. The beads were then washed with 0.05% PBST, 2% MPBS and PBS sequentially. Bound phages were eluted by triethylamine followed by the procedure described above to prepare scFv phages for the next round of selection.




2.6 Screening of positive phage binders by ELISA

Individual colonies randomly picked from an output plate of 3 or 4 rounds of selection were inoculated in 96-well plates and rescued with M13KO7 helper phage as described above for phage ELISA. ELISA plates were coated with 0.1 μg to 0.2 μg protein antigen per well. Wells were washed with PBS and blocked with 2% MPBS at 37°C for 2 h. Phage culture supernatant was added and incubated at 37°C for 90 min. The test solution was discarded and washed with PBST. An appropriate dilution of HRP-anti-M13 antibody (Sino Biological, Beijing, China) in 2% MPBS was added, incubated at 37°C for 90 min, washed with PBST, and developed with substrate solution 3,3’,5,5’-tetramethylbenzidine (KPL). Reaction was stopped by adding 1.0 M sulfuric acid and OD at 450 nm and at 650 nm was measured. Readings were obtained by subtracting OD 650 from OD 450.




2.7 Expression of full-length IgG antibodies

To produce full-length human IgG antibodies, the heavy and light chain variable regions obtained from phage panning were subcloned into expression vector as described previously (35). Transient transfection was performed in FreeStyle 293 or Expi 293 cells (Invitrogen). 37.5 µg of plasmid DNA and 75 µg of linear polyethyleneiminie (Polysciences, Warrington, PA, USA) were added in 150 mmol/L NaCl, respectively. DNA and PEI solutions were allowed to stand at room temperature for 5 min. The solutions were mixed gently and allowed to stand at room temperature for another 10 min. DNA-PEI mixture was added into 293 cells and incubated for 4 h. An equal volume of fresh culture medium was added and the cells were cultured for 5 to 7 days. Culture supernatant containing the antibody was affinity-purified using the Montage Antibody Purification kit (Millipore, Billerica, MA, USA).




2.8 Determination of antibody binding affinity by ELISA

Antigen coating conditions and washing stringency were as described in phage ELISA. Wells were blocked with 5% MPBS or 1% BSA in PBS at 37°C for 1 h and incubated with serial diluted antibodies for 1 h at 37°C. After washing, goat-anti-human kappa light chain-HRP (1:10,000) (Jackson ImmunoResearch,West Grove, PA, USA) was added into each well. Absorbance was measured as described above. The binding affinities of the antibodies were calculated using non-linear regression with Prism software (GraphPad, San Diego, CA, USA).




2.9 TIM-3 reporter assay

The biological activity of TIM-3-recognizing antibodies which can block TIM-3 signaling was measured by the TIM-3 reporter assay (Promega, Madison, WI, USA). Various concentrations of anti-TIM-3 antibodies or reference antibody 2E2, TIM-3 target and effector cells, were plated together in 96-well Tissue Culture Plates (TPP, Zollstrasse, Trasadingen, Switzerland). After 17 h induction at 37°C, Bio-Glo-NL™ Reagent was added and luminescence was measured by NanoLuc® luminescence in a GloMax® Discover Plate Reader. The inhibition ratio (%) was calculated by the formula: 100% – (RLU Ab dilution/RLU no antibody control) × 100%.




2.10 T cell proliferation assay

Blood sample was diluted at 1:1 with PBS. Peripheral blood mononuclear cells (PBMCs) were prepared from blood sample using Ficoll-Paque density gradient media (GE Healthcare Bio-Sciences Corp., Marlborough, MA, USA) according to the manufacturer’s protocol. After wash with PBS, CD3+ T cells were further isolated from PBMCs by MACS human CD3 MicroBeads kit (Miltenyi Biotec, Bergisch Gladbach, Germany). Non-treatment CD3+ T cells were plated at the density of 1 × 105 cells/well in 96 well plates. Activation of CD3+ T Cells was performed by Dynabeads Human T-activator CD3/28 (Invitrogen) with cells to beads ratio 1:1. After activation for 2 days, the Dynabeads were removed by placing the tube on a magnet for 1-2 min. Activated CD3+ T cells were plated at the density of 1 × 105 cells/well in 96 well plates and anti-TIM3 antibody, reference antibody MBG-453 (sequence obtained from the immunogenetics (IMGT) database (http://imgt.org) or Human IgG4 were added. After 1 h, galectin-9 was added. To determine T cell proliferation the DELFIA assay was performed according to the manufacturer’s instructions from PerkinElmer (Milan, Italy). Measure the Eu-fluorescence in a time-resolved fluorometer (TRF).




2.11 Antibody analysis by size exclusion chromatography and high performance liquid chromatography

Analysis was performed on an Agilent 1260 isocratic pump HPLC system equipped with an Agilent AdvanceBio SEC 300Å column (Agilent, Santa Clara, CA, USA). Protein samples at 2 mg/mL were injected for analysis. Isocratic flow of a mobile phase consisting of 0.1 M sodium phosphate, 0.1 M sodium sulfate and 0.02% sodium azide (pH 6.8) was at 0.6 mL/min for 26 min. Separation was monitored by UV absorption at 280 nm.





3 Results



3.1 Design of the highly diverse synthetic human scFv library

To obtain highly diverse and functional human antibodies, we designed a synthetic human library named DSyn-1 in the scFv antibody fragment format. To construct highly reliable human antibody library as therapeutics, human IGHV3-23 (VH) and IGKV1-39 (VL) germline genes were chosen as the scaffolds for the scFv template, which were previously published to have higher thermal stability, higher expression yields, and displayed well on bacteriophage (33, 36). Based on the high-resolution IGHV3-23 and IGKV1-39 related structures available from the Protein Data Bank, the potential antigen contact residues on the six CDRs of the antibody were chosen for library design and shown on the three-dimensional structure model of VH and VL domains in Figure 3A. H30-35, H50-58 and H95-102 on the heavy chain variant region and L28-34, L50-53 and L89-96 on the light chain variant region were selected as the sites for the design of the library.




Figure 3 | Dsyn-1 library design. (A) The library is based on the VH-linker-VL (scFv) format and the three-dimensional structure of VH and VL domains are shown as a space-filling model. The potential antigen contact residues in the CDRs chosen for diversification are colored green (CDR-H1), purple (CDR-H2), cyan (CDR-H3), brown (CDR-L1), pink (CDR-L2) or red (CDR-L3), and numbered according to the Kabat nomenclature. This Figure was generated with Discovery Studio Visualizer 2019 (Dassault Systèmes BIOVIA, San Diego) using coordinates for the crystal structure of free Fv4D5 (PDB entry 2FJF). (B) Engineered diversity of CDR-H1 and CDR-H2. The natural diversity was calculated from the alignment of thousands of antibody sequences from the DCB database for simulating six CDR variability. The designed percentage of each residue at each CDR position is schematically illustrated. (C) The designed CDR-H3 length distribution (Kabat’s definition) is based on natural length distribution.



Thousands of human antibody sequences were collected from the DCB database for detailed analysis with focus on sequence variability in the six CDRs. The percentage of each of the 20 amino acids at each CDR position was tabulated (Figure 3B, schematically illustrated) and utilized to closely simulate the six CDR variability including the composition of different CDR-H3 lengths from 3 to 18 amino acids covering about 80% of the natural CDR-H3 length repertoire (Figure 3C) (37, 38). Diversified antigen contact positions at CDR-H1 and CDR-H2 were schematically illustrated as an example in Figure 3B.

ScFv fragments of phage display showed good expression in bacteria and human IgG antibody was well expressed in the mammalian expression system. The scFv template and engineered CDR cassette gene sequences were subsequently optimized to enhance antibody expression in both bacterial and mammalian expression systems. Subsequently the scFv template and each CDR cassette were subjected to oligonucleotide synthesis.




3.2 Construction of the Dsyn-1 library

In order to generate the Dsyn-1 library, several steps were implemented (Figures 1, 2). First, 21 CDR cassettes, including five CDRs, CDR-H1, H2, L1, L2, L3, and 16 CDR-H3s with different lengths, were amplified from synthesized oligonucleotides and then each amplified CDR was assembled into scFv scaffold by PCR-based method resulting in 21 CDR cassettes including scFv insert fragments (Figure 1A, CDR-H1 as an example).

Next, to omit frameshift mutants in scFv insert fragments, we incorporated the β-lactamase (bla) in-frame selection system so that the bla gene was fused to the C-terminus of the assembled scFv gene in vector pUC19 to select the in-frame clones in carbenicillin medium (Figure 1B). For example, pilot test of oligo 1 showed that the ratio of in-frame clones was 91% before carbenicillin selection and 100% after proofreading selection.

The 21 CDR cassettes containing scFv insert fragments were cloned into vector pUC19 (bla) and subjected to in-frame selection one by one resulting in 21 sub-libraries to provide CDR repertoires for library construction (Table 1). The size of these sub-libraries ranged from 104 to 109 depending on the diversity of each CDR. The total number of colonies of the sub-libraries CDR-H1, H2, L1, L2, and L3 were more than 3.6 × 109 in total and 16 CDR-H3 sub-libraries contained more than 2.6 × 1010 colonies, which were sufficient to generate a library with diversity size greater than 1010. After a series of amplification, assembly, and cloning, a sizable library was obtained with approximately 2.5 × 1010 colonies (Figure 2).


Table 1 | Summary of in-frame selection results (21 sub-libraries (Lib)).






3.3 Sequence analysis of the Dsyn-1 library

To assess the variability of the library, 300 randomly selected colonies were subjected to sequencing and analyzed for diversity of the six CDRs. Of these, 258 sequences were readable. Comparison of the amino acid composition to the actual composition of the constructed library indicated that the percentage of each of amino acid at each CDR position was similar. The composition of CDR-H1 and CDR-H2 was shown in Figure 4A as example. This revealed that gene synthesis, cloning, and antibiotic based proofreading did not affect the composition of the CDR residues. Distribution of CDR H3 length was shown in Figure 4B. The library showed coverage for most of the original CDR-H3 length distributions except the 3 and 4 amino acid length, as well as the 15 amino acid length which was conspicuously underrepresented in the design. Although sequence analysis did not reveal any clones with CDR-H3 lengths of 3 or 4 amino acids, they were however later found in following antigen selection experiments.




Figure 4 | Variability assessment of the library. The variability in the designed library is compared with the variability found from sequencing 300 clones of the actual constructed library. (A) Comparison between designed (D, left columns) and actual (A, right columns) composition of CDRs (CDR1 and CDR2 as example). (B) The length distribution of the designed (D, left columns) and the actual (A, right columns) CDR-H3.



In order to maximize the size of in-frame clones, all different lengths CDR-H3s of the library were subjected to β-lactamase selection. After proofreading, sequence analysis of the CDR-H3 region from the library indicated that the frameshift mutation ratio located in this region was 2% (6 out of 258 readable sequences encoded frameshift mutations) lower than that of many public synthetic libraries that did not have proofread CDR-H3s (around 7 to 20% frameshift mutation rate) (15, 39).




3.4 Panning and screening of mAbs from Dsyn-1 library

Exploratory selections were performed to evaluate the potential of the Dsyn-1 library. The scFv phage library was panned against five therapeutically relevant antigens including TIM-3, TGF-β, B7H3, bacteria recombinant protein BA, and CCR5-peptide using solid-phase (immunoplate) or solution-phase (Dynabeads) panning methods.

After four rounds of panning against human TIM-3 recombinant protein, a total 1632 output colonies were randomly picked from the third and fourth round in phage ELISA screening. ELISA results showed the hit rate to be around 47% (772/1632). 772 clones with positive signals were sequenced to determine their VH and VL nucleotide sequences. A total of 204 unique scFv phage binders recognizing TIM-3 were obtained.

In the case of human TGF-β recombinant protein, after four rounds of panning, the ELISA results showed the hit rate to be around 95% (91/96). 91 clones with positive signals were sequenced and a total of 29 unique scFv phage binders recognizing protein TGF-β were obtained. The same procedure was used for B7H3 and bacteria recombinant protein BA to obtain 23 and 26 unique scFv phage binders and a 70% (134/192) and 86% (166/192) hit rate in the ELAISA assay, respectively. Additionally, we also evaluated the possibility of selecting for binders against peptide. CCR5-peptide was subjected to our biopanning system as antigen. The phage ELISA results showed 22% (237/1056) hit rate and 45 unique scFv phage binders were obtained. The selection results for each antigen are summarized in Table 2. Phage ELISA screening indicated hit rates ranging from 22–95% and sequencing of positive clones revealed 23 to 204 unique scFvs per antigen. The phage ELISA binding signal and specificity against TIM-3、TGF-β and CCR5-peptide are showed in Tables S1-S3.


Table 2 | Summary of panning results.






3.5 Dsyn-1 library with the potential for biomedical applications

TIM-3 acts as an immune checkpoint inhibitor and blockade of TIM-3 by antibodies has emerged as a potential therapeutic strategy in cancer treatment. To demonstrate the library’s potential for pharmaceutical applications, 25 out of 204 unique antibodies recognizing TIM-3 were converted into full length IgGs for ELISA binding affinity analysis. The transient expression level of these antibodies were 0.23 to 6.06 mg/L in a 30 ml volume and their binding affinities (KD values) were determined to be ranging from 0.9 μM to 0.06 nM. To assess the capability of inhibiting TIM-3 signaling induced promoter-mediated luminescence, all of the antibodies were subjected to TIM-3 reporter assay. As shown in Fig 5A, the inhibition rate of DCBT3-4, DCBT3-19 and DCBT3-22 is significantly superior to the reference antibody 2E2, at antibody concentration of 7.3 nM. The inhibition efficiency of DCBT3-4, DCBT3-19, DCBT3-22, and 2E2 were 63%, 75%, 80%, and 16.5%, respectively. Therefore, the EC50 of DCBT3-4, DCBT3-19 and DCBT3-22 was lower than 7.3 nM. In addition, the binding affinities of these three antibodies were 0.1 to 0.2 nM, satisfying one of the criteria for drug development.

To further evaluate the biological activity of superior clone DCBT3-22, a novel T cell proliferation assay was performed. The T cell proliferation assay is designed based on the biological function characteristics of the TIM-3/Galectin-9 signaling pathway, blocking the TIM-3/Galectin-9 signaling pathway resulting in relieving the cell proliferation inhibitory effect of Galectin-9 ligand. The experimental results are shown in Figure 5B. In control groups, compared with non-activated T cells (red bar, non-stimulated), the TRF intensity of activated T cells significantly increase (orange bar), but when the treatment of Galectin-9 at the concentration of 55.6 nM, the TRF intensity reduce to about 50%. In antibody treatment groups, antibodies were used to test at the concentrations of 0.27, 1.3 and 6.7 nM. The results indicate that DCBT3-22 and MBG-453 could relieve the cell proliferation inhibitory effect of Galectin-9 ligand at the concentration of 1.3 and 6.7 nM, the TRF intensity significant restoration, whereas Human IgG4 had no relieving effects.




Figure 5 | Characterization of purified TIM-3 antibodies. (A) The biological activity of TIM-3-recognizing antibodies and reference antibody 2E2 which can block the interactions between TIM-3 and it’s receptor in TIM-3 reporter assay at 1.11 mg/ml (7.3 nM). Red dotted line indicates the inhibition activity of reference antibody 2E2 at 7.3 nM. Blue full line indicates the 50% inhibition ratio at 7.3 nM. Percent of Control = (RLU Ab dilution/RLU no antibody control) × 100%. The inhibition ratio (%) was calculated by the formula: 100% – (RLU Ab dilution/RLU no antibody control) × 100%. (B) The biological activity of DCBT3-22 and reference antibody MBG-453 which can relieve the cell proliferation inhibitory effect of Galectin-9 ligand. No antibody treatment groups are as control. (C) SEC-HPLC results of purified TIM-3 antibodies. Analytical size-exclusion chromatogram of purified TIM-3 antibodies.



Beyond the strong binding affinity and inhibition ability, antibody solubility (without aggregation) is the subsequent issue for the later stages of large-scale production. To further evaluate the physico-chemical property of the antibodies, SEC-HPLC was used for analysis (DCBT3-1 and DCBT3-22 were selected as example). DCBT3-22 showed potent inhibition activity against TIM-3 signaling, whereas DCBT3-1 had no inhibitory effects. After the optimization of transient transfection, the expression level of DCBT3-1 and DCBT3-22 were more than 10 mg/L. For SEC-HPLC analysis, the purity of DCBT3-1 was more than 99% and DCBT3-22 was more than 98% without aggregation or fragment production (Figure 5C).

Taken together, DCBT3-4, DCBT3-19 and DCBT3-22 derived from the Dsyn-1 library showed strong binding affinities in the sub-nanomolar range and significant inhibition activity against TIM-3 signaling within the nanomolar range. Moreover, the best clone DCBT3-22 demonstrated good expression level and physico-chemical property without aggregation.





4 Discussion

To date, more than one hundred mAb drugs have been granted approvals for the treatment of various human diseases (2). Following the success of these approvals, it has been realized that the desired affinity, specificity, and biological activity are not enough. Other biophysical properties such as expression level, stability and solubility as well as immunogenicity should also be considered in the early discovery stages of drug development (19, 22, 39, 40). These issues may be alleviated by the synthetic antibody generation strategy. The synthetic generation approach has several unique advantages. First, the nucleotide and amino acid contents of the antibody library can be fully controlled. Second, the library is designed based on high thermal stability scaffolds. Third, six CDRs can be designed with high diversity. Fourth, the engineered antibody sequences can be codon-optimized to exhibit high levels of expression in both prokaryotic and eukaryotic expression systems. In this study, we have designed and constructed a highly functional human antibody library containing approximately 2.5 × 1010 colonies based on the synthetic antibody approach while keeping the advantages described above. In addition, the six CDRs of the library are tailored to mimic the human composition of antibodies that has a lower risk of immunogenicity. In order to maximize the proportion of in-frame clones, the engineered antibody sequences were synthesized based on TRIM technology and all of the CDRs were subjected to β-lactamase selection. Furthermore, the promising results of generating TIM-3 neutralizing antibodies as described above demonstrate the potential of this library. Therefore, the size, diversity and quality of this library can probably be a reliable source of human antibodies for diagnostic and clinical applications.

All of the six CDRs in Dsyn-1 library including varying CDR-H3 lengths were subjected to β-lactamase selection resulting in total twenty one sub-libraries to offer six CDR repertoires of synthetic antibodies, which was distinguished from other known synthetic libraries whose five CDRs except the highly diverse CDR-H3 were subjected to the proofreading process. Since CDR-H3 loops are highly diverse and frequently contact with antigen (1), these loops lacking proofreading have frequently been reported to retain numerous unwanted clones in the library (14). In a previous study, the number of transformants (~107) was not sufficient to encompass CDR-H3 diversity which led to this region not being submitted to the proofreading process. In this study, a tremendous effort was placed on proofreading all CDR-H3s with varying lengths to generate 16 sub-libraries (size from 3.68 × 104 to 8.0 × 1010). In total, more than 2.6 × 1010 colonies of the 16 CDR-H3 sub-libraries were able to generate sufficient diversity for the construction of a 2.5 × 1010 library. Results from sequence analysis indicate that close to 2% of the frameshift mutations were located in the CDR-H3, and the nearly 2% of the frameshift mutations in Dsyn-1 library is much lower than that in other public synthetic libraries without proofreading of the CDR-H3 region (around 7-20% frameshift mutation rate) (14, 39). DSyn-1 is one of few synthetic libraries where six CDRs were subjected to proofreading individually and then recombined to form scFv fragments. Our results also confirm that even after proofreading by the β-lactamase selection, some clones still contain frameshifts in selected regions, consistent with the previous study (14).

The Dsyn-1 library was designed based on high stability scaffolds and six complementarity determining regions (CDRs) tailored to mimic natural composition. In our library, the oligo-nucleotides of six CDRs were synthesized based on TRIM technology. There are two types of methods for CDR diversification: degenerate nucleotide codons and TRIM technology. Degenerate codon method is the synthesis of random sequences using nucleotide mixtures (22). Commonly used degenerate codons in CDR design are NNK or NNS (N = A, T, C or G; K= G or T; S = G or C) that encodes all 20 amino acids. This approach is the simplest method and the most cost-efficient, but the major limitation is that the ratio of 20 amino acids can’t be adjusted to closely simulate the natural composition. In contrast, the TRIM approach utilizes a set of pre-synthesized trinucleotide codons that include the codons of all 20 amino acids for the synthesis of diversified CDRs, which can introduce a desired ratio of 20 amino acids at any position, thereby has the ability to synthesize desired compositions at each CDR.

To further assess the potential of the Dsyn-1 library, phage panning was performed against therapeutically relevant antigens such as recombinant proteins or peptides. After three to four rounds of selection, ELISA screening showed hit rates ranging from 21–95%, and sequencing of positive clones gave rise to 23 to 204 unique scFvs per antigen. These results indicated that the Dsyn-1 library has the potential to generate up to hundreds of specific binders to recognize each target.

CAT, Dyax and MorphoSys libraries are excellent phage display libraries published in the last decade and they are naïve, semi-synthetic and synthetic libraries, respectively (19). These libraries have the potential to generate up to hundreds of specific and high affinity (sub-nanomolar range) binders to recognize the targets of interest. Compared to these libraries, our Dsyn-1 library has the same efficiency, if not more, in generating high diversity and high affinity binders.

TIM-3 acts as a negative regulatory checkpoint molecule associated with both innate and adaptive immunity. Many mAbs have been developed based on the theory that inhibition of TIM-3 signaling can demonstrate therapeutic benefit for cancer immunotherapy. Some of these therapeutic antibodies include MBG453 (Novartis), TSR-022 (Tesaro) and LY3321367 (Eli Lilly). The blockade of TIM-3 signaling by antibodies has emerged as a potential immune checkpoint target for cancer treatment (29, 41). In this study, we have generated three TIM-3-blocking antibodies (DCBT3-4, DCBT3-19, and DCBT3-22) and demonstrated their ability to inhibit signaling-induced and promoter-mediated luminescence. All three antibodies showed significant inhibition of TIM-3 signaling in TIM-3 reporter assays at the nanomolar range and had binding affinities in the sub-nanomolar range. These three fully human antibodies have the potential to be developed as TIM-3 targeting agents for the treatment of cancer. In addition, in order to develop DCBT3-4, DCBT3-19 and DCBT3-22 for clinical applications, T cell activation assays and animal studies would need to be performed to further confirm their efficacy.




5 Conclusions

To rapidly isolate human antibodies with therapeutic potential, we designed and constructed a highly diverse synthetic human scFv library with thermal stability scaffolds and all of the CDRs were subjected to β-lactamase selection. Phage library panning revealed that the library has the potential to generate up to hundreds of specific binders recognizing each target. Furthermore, three TIM-3-blocking antibodies (DCBT3-4, DCBT3-19, and DCBT3-22) derived from the DSyn-1 library showed strong binding to human TIM-3 recombinant protein in the sub-nanomolar range and can significantly inhibit TIM-3 signaling in TIM-3 reporter assay in the nanomolar range. These promising results not only demonstrate the performance of DSyn-1 library for biomedical research development but also the potential of the three novel TIM-3-blocking antibodies for further clinical therapeutic application.
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Melanomas are highly immunogenic tumors that have been shown to activate the immune response. Nonetheless, a significant portion of melanoma cases are either unresponsive to immunotherapy or relapsed due to acquired resistance. During melanomagenesis, melanoma and immune cells undergo immunomodulatory mechanisms that aid in immune resistance and evasion. The crosstalk within melanoma microenvironment is facilitated through the secretion of soluble factors, growth factors, cytokines, and chemokines. In addition, the release and uptake of secretory vesicles known as extracellular vesicles (EVs) play a key role in shaping the tumor microenvironment (TME). Melanoma-derived EVs have been implicated in immune suppression and escape, promoting tumor progression. In the context of cancer patients, EVs are usually isolated from biofluids such as serum, urine, and saliva. Nonetheless, this approach neglects the fact that biofluid-derived EVs reflect not only the tumor, but also include contributions from different organs and cell types. For that, isolating EVs from tissue samples allows for studying different cell populations resident at the tumor site, such as tumor-infiltrating lymphocytes and their secreted EVs, which play a central anti-tumor role. Herein, we outline the first instance of a method for EV isolation from frozen tissue samples at high purity and sensitivity that can be easily reproduced without the need for complicated isolation methods. Our method of processing the tissue not only circumvents the need for hard-to-acquire freshly isolated tissue samples, but also preserves EV surface proteins which allows for multiplex surface markers profiling. Tissue-derived EVs provide insight into the physiological role of EVs enrichment at tumor sites, which can be overlooked when studying circulating EVs coming from different sources. Tissue-derived EVs could be further characterized in terms of their genomics and proteomics to identify possible mechanisms for regulating the TME. Additionally, identified markers could be correlated to overall patient survival and disease progression for prognostic purposes.
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1 Introduction


1.1 Extracellular vesicles are powerful mediators of cell-cell communication

Cancer cells take part in a bidirectional interaction within their microenvironment. The tumor microenvironment (TME) is composed of a network of different types of cells, signaling molecules, and extracellular matrix. Non-malignant and immune cells can be recruited to promote a pro-tumor milieu and to sustain tumor growth and metastasis. The cross-talk within the TME is facilitated through the secretion of soluble factors, growth factors, cytokines, and chemokines. The release and uptake of secretory vesicles known as extracellular vesicles (EVs; also referred to as exosomes) has emerged as a powerful form of cell-cell communication. These vesicles range in size between 30-1000 nm and are secreted by different types of cells and have been studied intensively in the context of cancer where they’re implicated in promoting many cancer hallmarks (1). Through EV-based signaling, immune cells can be recruited to the tumor site to either promote an immune-activating or immune-suppressing outcome (2–5). EVs act as signaling cues by carrying internal and external biomolecules including RNA, proteins, and lipids (6, 7).

In the context of human patients, EVs are usually isolated from biofluids such as serum, urine, and saliva. Undoubtedly, such material provides valuable information about the patient and can be analyzed for diagnostic and/or prognostic purposes. Nonetheless, biofluid-derived EVs reflect not only the tumor, but also include contributions from different organs and cell types that secrete EVs that can reach the circulation. For that, tissue material represents a valuable resource to study EV-based signaling and TME tumor-immune interactions native to the tumor site. They can also be correlated to patient overall survival to identify prognostic markers.




1.2 Melanoma as a model for a better understanding of immune-tumor interactions and immunotherapy efficacy

Melanomas are highly immunogenic tumors as a result of their high genomic mutational load, where they have been shown to activate the immune response. Despite being the most promising cancer type for immunotherapy given the lack of effective alternative therapies, a significant portion of melanoma cases are either unresponsive or relapsed due to acquired immunotherapy resistance (8). During melanomagenesis, melanoma and immune cells undergo immunomodulatory mechanisms that aid in immune resistance and evasion. One mechanism by which melanoma cells escape destruction by immune surveillance is through presenting a less immunogenic phenotype, in addition to creating an immune-suppressive TME (9, 10). Melanoma-derived EVs have been implicated in immune suppression and escape, promoting tumor progression. Much like other tumor EVs, melanoma-derived exosomes package and shuttle protein and RNA to communicate with surrounding cells in their TME and modulate their function. Indeed, miRNAs are key players in melanomagenesis, where dysregulation in miRNA expression is linked to melanoma progression (11–14) and has been reported in different melanoma stages where they are utilized as biomarkers (15, 16). As such, miRNAs are essential contributors to the cross-talk within the TME and are thereby protected from degradation by shuttling them via different transporters, of which are exosomes (17). Melanoma exosomal miRNAs have been implicated in the metastasis of melanoma and the formation of a supportive tumor niche (18, 19). Melanoma also promotes immunotherapy resistance via overexpression of exosomal PDL-1, and not necessarily overexpressing cell-surface PDL-1 (20–22). Exosomal PDL-1 has been shown to elicit immunosuppressive effects, similar to tumors PDL-1, where blocking them induces systemic anti-tumor immunity (20, 21). Collectively, melanoma offers a promising platform to model and understand the role of immunity to cancer.




1.3 Three-dimensional organoid as an ex vivo model to study the tumor microenvironment

To reflect the complex nature of tumor biology, a physiologically relevant model that recapitulates not only the tumor but its TME is critical; especially in the context of drug discovery and identifying effective therapeutic targets. This is more pronounced in the field of immuno-oncology where promising therapies depend on the activation of cells in the TME, and equally, where the mechanism of therapy resistance is TME-driven. Available animal cancer models are unable to recapitulate the human TME faithfully, as most of these models lack immune cells, unless transplanted with a functional human immune system (23, 24), which proves to be problematic (Reviewed in (25). Nonetheless, the most widely used method to grow patient-derived cells is conventional two-dimensional (2D) cell culture, usually as an adherent monolayer on a plastic substrate. However, such an approach strips away many physiological parameters of the tumor. 2D cultures distort the physiological spatial arrangement of cells and hence, the cell-cell and cell-matrix interactions (26). It has also been shown that culturing cells as 2D cultures alter cellular response to therapy (27). Three-dimensional (3D) cell culture models provide physiologically relevant avenues for understanding in vivo context. Indeed, 3D cultured cells are shown to mimic in vivo architecture and gene expression profiles of tumors (26, 28). 3D cultures can be implemented in many different variations depending on the hypothesis to be tested. One of which is the spheroid/organoid model, which is a sphere formed from a microcellular cluster. Spheroids/organoids can form three distinct regions, a proliferative, a quiescent, and a hypoxic region creating a gradient of oxygen, nutrients, and exposure to drugs that mimic solid tumors in vitro (29–31). Patient-derived organoids (PDO) aid in modeling malignancy in a dish, under a controlled and modifiable environment, to answer a broad range of questions. PDO models based on co-culture or depletion of immune cells provide a platform to investigate the TME and help visualize the possible outcome of anticancer therapies. With the help of PDO models, we can also study the dynamic role EVs play in the TME in a more pointed direction and monitor the shift of TME signaling over time.





2 Materials and methods

Equipment list

ThermoMixer® C (eppendorf), or equivalent thermal mixer

Microcentrifuge

Ultracentrifuge

Reagents

-Tissue processing pipeline

Collagenase-IA (Sigma-Aldrich, USA, Cat# C2674-100MG)

Dispase-II (Sigma-Aldrich, USA, Cat# D4693-1G)

35 mm culture dish (Corning, USA, Cat# 430165)

Sterilized surgical scalpel #21 (Aesculap, Germany, Cat# BB521)

Cell strainer 70 um (Corning, USA, Cat# 431751)

10 mL syringe (B.Braun, Germany, Cat# 4606108v)

2 mL eppendorf tubes

Sterilized surgical forceps

-Patient-derived organoid media

GlutaMAX (Gibco, USA, Cat# 35050061)

B-27 Supplement without Vitamin A (Gibco, USA, Cat# 12587010)

N-Acetyl-L-cysteine (Sigma-Aldrich, USA, Cat# A9165-5G)

Nicotinamide (Sigma-Aldrich, USA, Cat# N0636-100G)

[Leu15]-Gastrin -I (Sigma-Aldrich, USA, Cat# G9145-.1MG)

Human EGF (PeproTech, USA, Cat# AF-100-15-100uG)

DMEM/Nutrient Mix. F-12 Ham (Sigma-Aldrich, USA, Cat# D8437-500ML)

50% L-WRN conditioned media (Prof. Martin Beaumont, GenPhySE France)

-Patient-derived organoid plates

10X HAM’S F10 (MP Biomedicals, USA, Cat# 91440049)

Cultrex collagen I (R&D Systems, USA, Cat#: 3440-100-01)

Reconstitution buffer (2.2 g NaHCO3 in 100 mL of 0.05 N NaOH and 200 mM HEPES) Neal et al., 2018

Millicell Culture Dish Insert (Fisher Scientific, USA, Cat#: PICM03050)

6-well plates

-Nano flowcytometry

PBS, pH 7.4 (Gibco, USA, Cat# 10010023)

FITC anti-human CD63 (Biolegend, USA, Cat# 353005)

Isotype control antibody (Biolegend, USA, Cat# 400201)

CellTrace™ Far Red (Invitrogen, USA, Cat# C34564)

Axygen® 0.6 mL MaxyClear Snaplock Microcentrifuge Tube (Axygen, USA, Cat# MCT-060-SP)

-Kits

EasySep™ Human CD19 Positive Selection Kit II (StemCell Technologies, Canada, Cat#: 17854)

MACSPlex Exosome Kit, human (Miltenyi Biotec, Germany, Cat#: 130-108-813)



2.1 Patient samples

Primary and metastatic melanoma flow-frozen human biopsies were obtained from the URPP biobank, Zurich. Collection, preparation, and freezing protocols of the fresh biopsies are outlined in (32). Informed consent had been obtained from all patients and all experiments were conducted according to the ethical rules of the Cantonal Ethic Committee of Zurich (Ethics form BASEC: 2014-0425).




2.2 Tissue sample processing

Cryovials containing slow-frozen biopsies were quickly thawed in a 37°C water bath and transferred into a BSL-2 hood onto ice. Tissue fragments are then collected with sterilized forceps and transferred into a pre-cooled 35mm dish. Tissue was then washed with chilled PBS and sliced with a sterile scalpel into smaller pieces in 1 mL of digestion enzyme mixture of Dispase-II (5mg/mL final concentration) and DNase-I (10ug/mL final concentration). Everything was collected into 2 mL eppendorf tube and the 35mm dish was washed with another 1 mL of the digestion enzyme mixture to collect any remaining sample and transferred to the 2 mL tube. Samples were incubated at 37°C with shaking in a heat-block for 2 hrs. After incubation, samples were centrifuged at 500xg for 5 mins to separate cells from EVs. The supernatant containing the EVs was collected into a fresh tube and kept at 4°C until analysis. The remaining cells were then incubated with 1 mL of Collagenase-IA (0.5 mg/mL final concentration) at 37°C with shaking in a heat-block for 45 mins. Samples were centrifuged at 500 x g for 5 mins to separate cells from EVs. The supernatant containing the EVs was collected into a fresh tube and kept at 4°C until analysis. The tissue processing pipeline is depicted in Figure 1A.




Figure 1 | Isolation of EVs from frozen melanoma patient tissue. (A) Schematic representation of the tissue processing pipeline. Created with BioRender.com (B) Schematic representation of EVs collection pipeline. Created with BioRender.com (C) TEM representative images of 2 independent experiments and corresponding quantitative bar plot (mean ± SD). (D) Size estimation of tissue-derived EVs shown in C in comparison to silica sizing nanospheres (shown in dark grey) using nano-analyzer. (E) Comparison of EVs sizes obtained from TEM and nano-analyzer.






2.3 Patient-derived organoid models

After the two rounds of digestion, the cell pellet was washed with complete culture media and passed through a 70uM pre-wetted cell strainer. With a back of 5 mL syringe plunger, the remaining tissue was mildly dissociated, and an additional 5 ml of media was used to wash the cells through. Cells were centrifuged at 500 x g for 10 mins. PDO plates were prepared as described in (33). Briefly, the collagen gel matrix was prepared by diluting Cultrex Rat Collagen I (5mg/mL stock.) in 10X HAM and Sterile reconstitution buffer at a ratio of 8:1:1, on ice. Starting first with Cultrex Rat Collagen I and 10X HAM, after which reconstitution buffer was mixed in gently. Cell culture inserts were placed in a 6 well-plate and 1 mL of collagen gel matrix solution was added inside the insert, avoiding bubbles. The plate was incubated for 30 mins at 37°C to solidify. The single cell suspension is resuspended in 1 mL collagen gel matrix, carefully avoiding bubbles. Collagen-cell suspension is pipetted on top of the solidified 1 mL gel in the inserts. 2 mL of complete biopsy media is added to the outer well in the 6-well plate. The plate was placed in a 37°C incubator and kept for 10 days. Conditioned media was collected at days 3, 6, and 10 for EV isolation. For depletion experiments, Single cell suspension was divided into 2 tubes. One was depleted from CD19+ cells using StemCell EasySep™ Human CD19 Positive Selection Sample Kit II and seeded in the PDO system and referred to as the “depleted” condition. The other half was left without change and seeded as in the PDO system and referred to as the “complete” condition. Conditioned media was collected at days 6 and 10 for EV isolation (Supplementary Figure 1A).




2.4 EVs isolation and characterization

Digestion supernatant containing EVs was serially centrifuged to clear cells and debris. Briefly, the supernatant was centrifuged at 300 x g, followed by 2000 x g, for 10 mins each. The supernatant was then centrifuged at 10,000 x g for 30 mins before ultracentrifugation at 100,000 X g for 1 hr at 4°C. After ultracentrifugation, the supernatant was discarded and the EVs pellet was resuspended in PBS for downstream analysis. Pipeline is outlined in Figure 1B. For initial EV characterization, transmission electron microscopy (TEM) was used to visualize the morphology and size of EVs isolated from processed tissue samples. Briefly, samples were transferred onto pioloform-coated EM copper grids by floating the grids on a droplet containing freshly prepared exosome placed on parafilm and incubated for 5 mins. The grids were washed 3 times for 5 mins each before contrasting bound EVs with a mixture of 2% w/v methylcellulose and 2% w/v uranyl acetate (9:1 ratio) on ice for 10 mins. Grids were then allowed to air-dry before imaging. Sizes obtained from TEM were then compared to those obtained from nano-analyzer NanoFCM for the same samples. Using size reference beads on NanoFCM provided an overall size distribution in EVs samples.




2.5 EVs surface marker analysis

To explore the EVs landscape in melanoma tissues, we looked into markers present on the surface of tissue-derived EVs using two approaches. The first approach uses a multiplex beads platform that provides an overview of the surface markers present through the detection of 37 broad markers simultaneously. Briefly, isolated EVs samples were incubated with EVs capture beads overnight and then washed. Bound EVs to beads were then incubated with EVs detection reagent for 1 hr at room temperature. Samples were washed and transferred to FACS tubes for downstream analysis. Blank control (beads and Macsplex buffer) was used to deduct the background signal (Figure 2).




Figure 2 | Characterization of tissue-derived EVs using single-particle and multiplex analysis. (A) Schematic representation of immunolabeling pipeline for nano flow-cytometry. Created with BioRender.com (B) FACS plot representatives of experimental controls (PBS, PBS-antibody, isotype control) on nano flow-cytometry. (C) FACS plot representatives of Cell Trace Far-Red positive particles and their corresponding control on nano flow-cytometry. 3 independent experiments are shown as a bar plot. (D) FACS plot representatives of CD63 positive particles and its corresponding control on nano flow-cytometry. 3 independent experiments are shown as a bar plot. (E) FACS plot representatives of multiplex analysis of tissue-derived EVs and corresponding blank control using Macsplex exosome kit. (F) Heatmap of expression of denoted surface markers of tissue-derived EVs from 5 independent experiments. Created with ClustVis.



The second approach to explore tissue-derived EVs surface markers provides a more targeted view through Immunostaining for specific markers and analysis on a nano flow-cytometer. Briefly, in 100 uL PBS, isolated EVs samples were incubated with antibodies against specific markers of interest for 1 hr on ice. After incubation, samples were topped with 1 mL PBS and then ultracentrifuged. The supernatant was discarded, and the EV pellets were resuspended in 50 uL PBS for downstream analysis. Experimental controls to exclude background noise and non-specific binding include PBS, Antibody solution in PBS, and isotype control stained EVs.





3 Results and discussion


3.1 EV isolation and characterization

To validate the successful isolation of EVs from frozen tissues, we used TEM as the gold standard of EV visualization and characterization. Based on our TEM analysis, the particles are round concaved bi-layer structures, and their sizes range between 50-180 nm, representing characteristics of EVs (Figures 1A–C). Size estimation was simultaneously carried out using the nano-analyzer NanoFCM by comparing detected particles to silica nanospheres cocktail of 4 different sizes (Figure 1D) as elaborated in our preprint (7). The size distribution of the particles is within the size range for small EVs. In addition, NanoFCM provided concentration estimation of tissue-derived EVs from patient 1 (8.47X109 particles/mL) and patient 2 (3.77X109 particles/mL). This variation is likely attributed to different starting materials analyzed since the volume of patient 1 biopsy was roughly half that of patient 2. NanoFCM-obtained sizes were compared to TEM-obtained sizes as TEM is considered the standard to characterize EVs (Figure 1E). NanoFCM was able to size the EV mixtures accurately in line with previous work (5, 34, 35), showcasing the different EVs subpopulation sizes. With that validation, we moved towards characterizing EVs through surface marker profiling.

It is worth noting that, to our knowledge, this is the first evidence showing the successful isolation of EVs from small frozen tissue biopsy samples. Recent work has demonstrated the possibility to isolate EVs from strictly fresh tissue collected within 1 hour of EVs isolation (36). However, this might prove to be challenging to implement as most clinical samples are obtained frozen from biobanks. Another advantage to analyzing frozen biopsies is that samples can be i) processed simultaneously thereby decreasing batch effects; ii) stored in multiple pieces allowing for technical repeats of experiments; and iii) can be batched together better after other classical experiments are carried out on other parts of the same biopsy.




3.2 EVs surface protein analysis from frozen tissue samples

In addition to isolating intact EVs, our method of processing the tissue preserved the surface proteins of EVs which allowed for surface markers profiling. We started with general quality controls to exclude background noise and non-specific binding (Figures 2A, B). As shown, a low number of particles were detected in PBS or antibody-PBS solution showcasing insignificant background noise. In addition, non-specific binding was also excluded through staining EVs with isotype control. Additional quality control was conducted using CellTrace Far Red (7), which will stain membranes and exclude non-biological particles and debris (Figure 2C). We observed an average of 85% of positive EVs for Cell Trace, denoting the high purity of our EV prep from frozen tissue samples. We were also able to detect CD63, an established marker for EVs, on the surface of EVs isolated from patients’ tissues (Figure 2D). With this approach, specific markers can be identified and quantified, which would not be possible with conventional flow cytometry or TEM approaches due to the limited size detection threshold or difficulty of co-staining, respectively. It also allows for analyzing EVs at the single particle level with respect to size, property, and marker distribution. The multiplex bead assay allowed for the detection of a range of markers from different patient’s tissue material, highlighting the enrichment of certain markers in one patient over another (Figures 2E, F). The multiplex bead assay demonstrated the enrichment of many different subtypes of EVs, including immune cell-derived EVs, reflecting the heterogeneous nature of the TME. Collectively, our data confirm the purity of our EVs prep derived from frozen tissue samples, and the possibility to characterize the different EVs present at the tumor site which provides a physiologically relevant snapshot of the TME.




3.3 Monitoring of EVs landscape over time

As a form of cell-cell communication, EVs provide a platform to monitor the changes in TME signaling over time. Another advantage of using PDO models to study EV-based communication lies in the flexibility of these models which allows for studying the specific contribution of a cell type. Single-cell suspension obtained from processed tissue samples were seeded in a PDO model for 3,6, and 10 days (Figures 3A, B). Secreted EVs were collected from 3 independent PDOs conditioned media and subjected to multiplex profiling. Based on the heatmap expression data, EVs surface proteins vary between different patients but also within the same patient when sampled from different days of PDOs culture (Figure 3C). Interestingly, day 6 PDOs-derived EVs seem to have a higher expression of markers amongst all the groups, which was also reflected in their clear separation on the PCA plot from other days of the same patient (Figure 3D). The PCA also demonstrated the closeness of patients 8 and 9 to each other in comparison to patient 13 (lymph node metastasis), reiterating the preservation of surface markers of tissue-derived EVs to the point of reflecting the TME at the time of sampling.




Figure 3 | Characterization of PDOs-derived EVs using multiplex analysis. (A) Schematic representation of the PDO culture pipeline. Created with BioRender.com (B) Representative images of PDOs of 2 independent experiments at day 6 (scale bar= 75 µm). (C) Heatmap of expression of denoted surface markers of tissue-derived EVs from 3 independent experiments over 3,6, and 10 days. Created with ClustVis. (D) PCA plot of data shown in (C). Unit variance scaling is applied to rows; SVD with imputation is used to calculate principal components. X and Y axis show principal component 1 and principal component 2 which explains 40.2% and 26.4% of the total variance, respectively. Created with ClustVis.



In addition, PDO models can also be utilized in exploring the contribution of a specific cell type to the EVs landscape in the TME. By depleting the cell population of interest prior to seeding the single-cell suspension as PDO models, one can monitor the shift in total EVs surface proteins over time (Supplementary Figure 1A). Single-cell suspension from one patient sample was divided into “complete” and “depleted” groups and seeded in a PDO model for 6 and 10 days. Secreted EVs were collected from PDO-conditioned media and subjected to multiplex profiling (Supplementary Figure 1B). Heatmap expression data highlighted the shift in EVs surface proteins expression between “complete” and “depleted” PDOs (Supplementary Figure 1B). Interestingly, groups seem to cluster based on the complete/depleted status rather than the day of culture. This was also reflected in the PCA plot where EVs derived from “complete” PDO cultures cluster on one side of the plot while EVs derived from “depleted” PDO cultures cluster on the other (Supplementary Figure 1C). With this approach, the depletion of a cell population of interest can be correlated to the over-/under- expression of certain EVs surface proteins, which could suggest a mode of action to this cell’s EV-based signaling.

Herein, we outline the first instance of a method for EV isolation from frozen tissue samples at high purity and sensitivity that can be easily reproduced without the need for complicated isolation methods. Our pipeline allows for the efficient recovery of tissue-derived EVs through a combination of enzyme cocktails, mechanical shaking, and ultracentrifugation. TEM imaging confirmed the isolation of intact EVs that were further characterized using nano flow-cytometry. The advantage of isolating EVs from tissue samples is that they provide a snapshot of the tumor and the interplay of the TME, which can’t be reproduced in cancer-derived cell lines that represent one population of the TME. Tissue-derived EVs also provide an insight into the physiologically relevant EVs enriched at the tumor site that can be overlooked when studying circulating EVs coming from different sources which can further dilute tumor-derived EVs. Isolating EVs from tissue samples allows for studying of different cell populations resident at the tumor site, i.e. TILs and their derived EVs, which play a central anti-tumor role. With our protocol, we demonstrated the successful isolation of EVs from frozen tissue which overcomes the need for freshly isolated tissue. Tissue-derived EVs could be further characterized in terms of their genomics and proteomics cargo to identify a possible mechanism for regulating the TME. Future applications could analyze adjacent-healthy tissue-derived EVs in comparison to their paired malignant tissue-derived EVs which can identify markers correlating to overall survival and disease progression for prognostic purposes.





4 Troubleshooting

	• Mitigation 1: If the tissue sample didn’t disassociate properly after 2 rounds of digestion, then that might suggest that the tissue sample was sliced too coarsely.

	– Solution: Slice each piece of tissue into finer fragments in subsequent experiments.

	• Mitigation 2: If the cell yield is low after digestion, then it’s possible the cells adhered to the cell strainer.

	– Solution: Pre-wet the strainer with cell culture media prior to passing cell suspension through, and wash with more media.

	• Mitigation 3: If the number of viable cells is low, then this might suggest that the isolation was too slow.

	– Solution: Work faster on ice while slicing the tissue sample.

	• Mitigation 4: If PDO gel matrix is too viscous to pipette, then the gel matrix is starting to solidify.

	– Solution: Keep all reagents chilled on ice, prepare gel matrix on ice, use pre-chilled pipette tips.

	• Mitigation 5: If you observe spillovers when detecting EV markers on the nanoflow analyzer, then co-staining was done with overlapping fluorescently conjugated antibodies such as FITC and PE.

	– Solution: co-stain with APC and FITC conjugated antibodies instead. Also prepare single stains to determine the percentage of spillover.

	• Mitigation 6: If the background signal is too high on the nanoflow analyzer, that likely due to excess unbound antibodies.

	– Solution: wash with PBS after staining and ultracentrifuge again, discard supernatant and resuspend in fresh PBS.
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Background

In recent years, new therapeutic options to overcome the mechanisms of tumor immune suppression be effective in the treatment of cutaneous melanoma. These approaches have also been applied in ocular melanoma. The aim of this study is to present the current status and research hotspots of immunotherapy for ocular melanoma from a bibliometric perspective and to explore the field of immunotherapy for malignant ocular melanoma research.





Methods

In this study, the Web of Science Core Collection database (WoSCC) and Pubmed were selected to search the literature related to immunotherapy of ocular melanoma. Using VOSviewer, CiteSpace, the R package “bibliometrix,” and the bibliometric online platform through the construction and visualization of bibliometric networks, the country/region, institution, journal, author, and keywords were analyzed to predict the most recent trends in research pertaining to ocular melanoma and immunotherapy.





Results

A total of 401 papers and 144 reviews related to immunotherapy of ocular melanoma were included. The United States is the main driver of research in the field, ranking first in terms of the number of publications, total citations, and H-index. The UNIVERSITY OF TEXAS SYSTEM is the most active institution, contributing the most papers. Jager, Martine is the most prolific author, and Carvajal, Richard is the most frequently cited author. CANCERS is the most published journal in the field and J CLIN ONCOL is the most cited journal. In addition to ocular melanoma and immunotherapy, the most popular keywords were “uveal melanoma” and “targeted therapy”. According to keyword co-occurrence and burst analysis, uveal melanoma, immunotherapy, melanoma, metastases, bap1, tebentafusp, bioinformatics, conjunctival melanoma, immune checkpoint inhibitors, ipilimumab, pembrolizumab, and other research topics appear to be at the forefront of this field’s research and have the potential to remain a hot research topic in the future.





Conclusion

This is the first bibliometric study in the last 30 years to comprehensively map the knowledge structure and trends in the field of research related to ocular melanoma and immunotherapy. The results comprehensively summarize and identify research frontiers for scholars studying immunotherapy associated with ocular melanoma.





Keywords: ocular melanoma, uveal melanoma, immunotherapy, bibliometric, CiteSpace, VOSviewer




1 Introduction

Melanoma is a relatively rare tumor originating from melanocytes in the skin, mucous membranes (nasal mucosa, oropharynx, lungs, gastrointestinal tract, vagina, anus/rectum, urinary tract), and eyes (uvea, conjunctiva, eyelids, orbit), while melanomas of the ocular choroid, ciliary body, and iris are collectively referred to as uveal melanoma (1–3). Ocular melanoma is the second most common type after cutaneous melanoma and is the most common primary intraocular malignancy in adults (4). The vast majority of ocular melanomas originate in the uvea, accounting for 82.5% of all melanomas, while the incidence of conjunctival melanoma is lower (5). In the United States, the annual incidence of ocular melanoma is approximately 6 per million, with a male predominance and a male-to-female ratio of 1.29. The incidence of uveal melanoma and conjunctival melanoma is 4.9 per million and 0.4 per million, respectively (2, 6–8). Important cytogenetic and genetic risk factors for melanoma development include chromosome 3 haplogroups, guanine mutations in the nucleotide-binding protein GNAQ/GNA11, and braca1-associated protein 1 (BAP 1) deletion (9–11). Both ocular removal and treatment that maintains the eye are options for localized ocular melanoma. The treatment strategy for ocular melanoma should be individualized. For primary uveal melanoma, plaque brachytherapy is currently the most commonly used eye-preserving treatment for small to medium-sized uveal melanomas. Proton beam radiation therapy is indicated for tumors of significant size, challenging shape, and location, while removal of the eye is limited to advanced tumors (12, 13). Nearly 50% of patients with uveal melanoma get metastases within 15 years of initial diagnosis, despite high local disease control rates with surgery or radiation therapy (14). Conjunctival melanoma is rare, but its incidence is on the rise. It occurs mainly in white adults. Conjunctival melanoma treatment currently involves significant local excision, adjuvant therapy with brachytherapy, cryotherapy, and local application of chemotherapeutic drugs (15, 16). For the treatment of conjunctival melanoma, extensive local surgical resection followed by individualized proton beam radiotherapy (PBRT) is increasingly becoming a feasible strategy, even in locally advanced conjunctival melanoma (17). Either uveal melanoma or conjunctival melanoma, patients with metastases have a poor prognosis because there are no effective systemic treatments available (18–20). The greatest success in the treatment of cutaneous melanoma has been achieved in recent years (21), with immunotherapy with anti-ctla -4 and anti-pd -1/PD-L1 drugs significantly changing the treatment paradigm for metastatic cutaneous melanoma (22, 23). However, as a subtype of malignant melanoma, the significant progression-free survival (PFS) and overall survival (OS) of immunotherapy and molecularly targeted agents for advanced non-uveal melanoma have not been matched in ocular melanoma (24, 25). As our understanding of the genetic and molecular pathways of ocular melanoma pathogenesis has advanced considerably, clinical trials of immunotherapy for ocular melanoma have been completed or are underway, and data from these well-designed studies will help guide the future direction of this rare disease. Thus, immunotherapy of ocular melanoma has important research value and broad clinical applications.

Bibliometric analysis is a powerful tool for understanding the research landscape of a field of study. It uses quantitative methods to measure and analyze the impact of scholarly work. This can include the number of citations, the number of authors and institutions, the number of journals, and other data. Bibliometric analysis can provide insight into trends, patterns, and relationships in research, helping to identify key areas of focus and potential opportunities for further research (26, 27). There are no bibliometric studies on immunotherapy of ocular melanoma. The purpose of this paper is to systematically summarize and visually analyze the literature in the field of immunotherapy of ocular melanoma based on Web of Science and Pubmed, using CiteSpace and VOSviewer software, to depict the research hotspots and trends of immunotherapy of ocular melanoma in the past 30 years.




2 Materials and methods



2.1 Data source and search strategy

Considering the quality of eligible literature and the appropriate reference format requirements, the Web of Science Core Collection (WoSCC, Clarivate Analytics) is the most suitable database for bibliometric analysis based on previous studies (28, 29). PubMed is the MEDLINE database, which is one of the most authoritative databases of abstract-based medical literature in the world today and the most widely used free MEDLINE search tool on the Internet. These two databases are classic citation databases that include literature abstracts and other relevant data, such as citations and research collaboration information, which are useful for bibliometric analysis. Furthermore, they can directly inform the construction and visualization of bibliometric networks in VOSviewer and CiteSpace. Therefore, these two databases were selected for this investigation. Ocular melanoma is the second most common type of melanoma after skin, originating from melanocytes in the conjunctiva and uvea of the eye. Although rare, it can also arise from melanocytes located in the orbit. The vast majority of ocular melanomas originate in the uvea, while the incidence of conjunctival melanoma is much lower. In contrast, uveal melanoma originates from the melanocytes of the uvea, including the iris, ciliary body, and choroid, and is the most common primary intraocular malignancy in adults. There were only a few articles about the immunotherapy of ocular melanoma before 1991, so every literature search was conducted on the same day (19 October 2022) to prevent the bias caused by database updates. Details of the search strategy are provided in Supplementary Material Supplementary Data. Terms related to immunotherapy and ocular melanoma entered into the WoS engine were extracted from the Medical Subject Headings (MeSH) in PubMed, and the wildcard “*” was used in place of any number of characters for the most comprehensive search of relevant literature. The use of truncation searches and the truncation symbol “*” increased recollection and prevented missed examination. The criteria for selecting literature were as follows: (1) The time period covered the period from January 1, 1991, through October 19, 2022; (2) Only reviews and articles were available as documents; (3) Language could only be set in English. Keep track of every piece of content, including the title, authors, abstract, keywords and cited references. 699 articles in total about the immunotherapy of ocular melanoma were searched from 1991 to 2022 (October 19, 2022). 149 publications were excluded including meeting abstract, editorial material, letter, correction, news item and non-English works of literature. Furthermore, the remaining 550 papers were manually re-screened to exclude 5 papers that were not related to ocular melanoma. The final dataset, which consisted of 545 legitimate literatures (401 articles and 144 reviews), was eventually obtained and exported in plain text format using the “Full Record and Cited References” function for further analysis. The text files were renamed to “download.txt,” which CiteSpace software was able to read them. Figure 1 depicts the comprehensive literature screening procedure. The above data was imported into Microsoft Excel 365 for further analysis. To guarantee the accuracy of the findings, data extraction, literature selection and analysis were all carried out separately by two researchers. Any disagreements between the two reviewers were resolved by conversation with an experienced expert.




Figure 1 | Process flow diagram for the selection and search of the literature.






2.2 Bibliometric analysis and visualization

In this analysis, the primary factors considered were annual publications, citation count, country/region, journal, institutions, authors, co-cited references, and keywords. The H-index is used to measure the production and influence of a nation, institution, or journal. It is determined by taking into account that a scientist/country publishes h papers, each of which receives at least h citations (30). The H-index is a valuable metric for researchers because it allows them to see the impact of their work. Five bibliometric tools were used in this work to further analyze the information acquired from the aforementioned sources, including the software CiteSpace (6.3.R3), VOSviewer (1. 6. 18), Bibliometrics (3.1.4), Microsoft Office Excel 365, “bibliometrix” R package(version 3.1.4), and an online platform (https://bibliometric.com/).

CiteSpace, a java-based bibliometric tool developed by Prof. Chen Chaomei of Drexel University, is an influential visualization software for obtaining quantitative information and discovering relevant trends and dynamics in specific scientific fields (31). Its citation and keyword burst detection identify a dramatic increase in scientific activity over a limited period and captures the growing interest in a specific research area (32). The citespace software settings are as follows: (1) Time slicing: 1991-2022; time zone selection (year per slice): 1 year; node type: reference, keyword. (2) The threshold (g-index): 10, that is, the g index is the largest number that equals the average number of citations of the most highly cited g publications. In order to prevent the co-citation network from being too complex, a Pathfinder algorithm was used in this paper, which could simplify the network by removing the edges that violate the triangle inequality and accurately extract the key structure of the network. The default system was selected for visualization. CiteSpace standardized algorithms included the Cosine similarity algorithm, Jaccard similarity algorithm, and Dice similarity coefficient. The next step was to analyze the relationship between the data. The software used the method of cluster analysis to reveal the correlation. CiteSpace clustering algorithm mainly used nominal terms to detect research hotspots, which could help researchers find mutation words in the map, explore research hotspots, and grasp the research direction. There were three Clustering algorithms: Clustering algorithm, LLR algorithm, and MI algorithm. At the same time, OALM was used to analyze the number of common national articles by year, the number of common keywords by year, partnerships (including authors, institutions, and countries) and article citation relationships.

VOSviewer is a software tool widely used to visualize and build bibliometric network maps, developed by Professors Eck and Waltman at Leiden University using the Java language. It can evaluate and visualize research characteristics from different perspectives and has powerful features for constructing and visualizing bibliometric networks such as co-authorship, co-citation, and co-occurrence network maps for journals, countries, authors, or keywords (33). In addition, VOSviewer can provide three types of network maps, including network visualization maps, coverage visualization maps, and density visualization maps (34). The VOSviewer software package enables construction and analysis of bibliometric maps. In this study, the parameters of the VOSviewer were as follows: The counting method was selected for “full counting.” The minimum number of citations for the co-cited authors and co-cited references was twenty and forty, respectively. The unit of analysis of the co-occurrence keyword was “all keyword,” and the threshold for the minimum number of occurrences was set to thirty. Each software allows for the construction and visualization of bibliometric networks to facilitate understanding of the GM/CI research. Specifically, the distribution of each component analyzed in the bibliometric analysis was assessed by a software package applying machine learning. For this, we used the following variables: annual scientific production, average citations per year, most relevant journals, journals dynamics, most impact journals by H-index or total citations (TC), top journals’ production over time, most relevant authors, top authors’ production over time, author local impact, most relevant affiliations, relevant funding agencies, country scientific production, collaboration network of countries, corresponding author’s country, top countries’ production over time, historical direct citation network, most global cited papers, most relevant keywords and cluster analysis of keywords. The journals’ impact factor (IF) and partition refer to the “2020 Journal Citation Reports”. In addition, Microsoft Office Excel 365 was used for index model building, while the “bibliometrix” R package was used for local citation statistics. In this descriptive study, variables were presented as numbers and percentages. No comparisons were made; therefore, no P values was set.





3 Materials and methods ethics statement

All of the data utilized in this research were sourced from open-access databases, and neither human participants nor animals were employed in this investigation. As a result, ethical approval wasn’t necessary.




4 Results



4.1 General trends in paper publication

Quantitative analysis of published papers can help identify which papers are most influential and useful in the scientific community. This information can be used to improve the quality of scientific papers and to guide the research of scientists. The distribution of publications in the literature for each year from 1991-2022 is shown in Figure 2. The annual number of publications on immunotherapy for ocular melanoma gradually increased during the 31 years, except for the decreasing number of publications at individual time points. From 1991 to 2010, there were fewer than 8 publications per year on average, and starting in 2011, the number of publications gradually entered a rapid growth phase. A logistic regression model was used to plot the time curve of the number of publications and predict the future global trend of the number of publications. The figure shows the fitted curve of the annual publication trend with a correction factor R2 of 0.9814 (y=4.365e0.1463x). In conclusion, these results indicate that the research related to ocular melanoma and immunotherapy has attracted more researchers’ attention and entered a phase of rapid development. These findings suggest that research on immunotherapy and ocular melanoma has gained more traction among scientists and has entered a phase of continuous growth.




Figure 2 | Global trend of annual publications related to immunotherapy for ocular melanoma from 1991 to 2022.






4.2 Analysis of published articles by countries/regions

A total of 545 papers from 218 academic journals with 3266 authors from 982 institutions in 42 countries/regions were included in this study. The top 10 countries/regions in terms of the number of articles published in this research area were mainly the United States (228, 41.83%), China (94, 17.25%), Germany (59, 10.83%), and England (43, 7.89%). The total citations were 7499, 1010, 2050, and 1687, while the corresponding H-index were 51, 15, 22, and 22. Regarding citation frequency, the Spanish literature had the highest average citation frequency (43.31). England had the second-highest average frequency of citations (39.23), followed by France (37.97), Australia (37.79), and Germany (34.75) (Table 1). The annual trend in the number of papers is shown in Figure 3A, with the United States being the leading country in the number of annual documents from 1991 to 2022. A collaboration analysis was conducted to examine the international collaborations observed from 1998-2022. Figure 3B shows that the U.S. has the most international collaborations in this area, followed by France. And England has the most substantial ties to the United States. The United States is the largest node on the national network map (Figure 3C). In addition, certain countries, such as China, Germany, and England, show high centrality, which implies that these countries may play a crucial role in this research area.


Table 1 | The top 10 countries/regions contributing to immunotherapy for ocular melanoma.






Figure 3 | (A) The annual number of publications in the top 10 countries/regions from 1991 to 2022. (B) The network map of collaboration between countries/regions based on the website https://bibliometric.com/. (C) The density map of countries/regions based on VOSviewer. Minimum number of documents of a country ≥ 5.






4.3 Analysis of institutions

The top 10 institutions in the ranking of publications are shown in Table 2. The top 10 institutions published 290 articles (53.21%), among which the UNIVERSITY OF TEXAS SYSTEM published the most articles with 36 (6.6%), followed by MEMORIAL SLOAN KETTERING CANCER CENTER with 32 (5.9%) and LEIDEN UNIVERSITY with 31 (5.7%). The analysis of the collaborative network of institutions is shown in Figure 4A. Literature from 982 institutions was included, with no less than 5 articles per institution. The data were analysed using VOSviewer with 48 nodes, 6 clusters, and 201 links on the network map, with MEMORIAL SLOAN KETTERING CANCER CENTER as the node center. Figure 4B shows the time overlay into the analysis of the cooperative network of the institution. In this map, the node colors reflect the average year of emergence corresponding to each institution. The top 10 institutions joined earlier, as shown by the color gradient in the lower right corner.


Table 2 | The top 10 institutions with the most publications on immunotherapy for ocular melanoma.






Figure 4 | (A) Network visualization of institutions based on VOSviewer. (B) Visualization of institutions overlays based on VOSviewer. Nodes marked in purple or blue represent institutions that appeared earlier and started to be studied, while those marked in yellow represent institutions that are emerging. Minimum number of documents of an organization ≥ 5.






4.4 Analysis of authors and co-cited authors

The number of research papers published by the authors reflects their contribution to the research in the field. The top 10 authors published 114 papers, accounting for approximately 20.91% of the total number of papers published in the field. The top 10 most prolific authors in the field are listed in Table 3. The most prolific authors were Jager, Martine [20 (3.67%)], followed by Carvajal, Richard [17 (3.12%)], Patel, Sapna P. [10 (1.83%)], Heppt, Markus [10 (1.83%)] and Berking, Carola [10 (1.83%)]. Table 4 also lists the 10 most frequently co-cited authors, including Carvajal, Richard (386), Jager, Martine (211), Sullivan, R. J (207), Piulats, Josep M (205) Postow, Michael A. (199). Carvajal, Richard (COLUMBIA UNIVERSITY, USA), Jager, Martine (LEIDEN UNIVERSITY MEDICAL CENTER, NETHERLANDS), Heppt, Markus, and Berking, Carol (FRIEDRICH ALEXANDER UNIVERSITY, GERMANY) are among the top 10 authors in both lists.


Table 3 | The top 10 most productive authors contributed to immunotherapy for ocular melanoma.




Table 4 | The top 10 co-cited authors with the most publications on immunotherapy for ocular melanoma.






4.5 Analysis of journals and co-cited journals

In this research field, the collected material was published in 218 journals altogether. The top 10 journals published 172 papers related to immunotherapy of ocular melanoma, accounting for 31.56% of the total number of publications. The top 10 journals with the highest output in this study are listed in Table 5. The journal with the highest number of publications was CANCERS (IF=6.575,2021) [51 (9.36%)], followed by MELANOMA RESEARCH (IF=3.199,2021) [29 (5.32%)], FRONTIERS IN ONCOLOGY (IF=5.738,2021) [15 (2.75%)] and JOURNAL FOR IMMUNOTHERAPY OF CANCER (IF=12.469,2021) [15 (2.75%)]. Among the top 10 journals, the JOURNAL FOR IMMUNOTHERAPY OF CANCER has the highest IF (12.469). Co-citation analysis was performed by VOSviewer identified journals with a citation frequency ≥ 200 (Figure 5A). Figure 5B shows the co-citation analysis of FRONTIERS IN ONCOLOGY. The co-citation analysis measures the degree of association between articles. The co-citation analysis illustrates the relationship between items based on the number of times they are cited together. The influence of a journal depends on its co-citation frequency. The top 5 co-cited journals in order were: J CLIN ONCOL (1514), NEW ENGL J MED (1369), CLIN CANCER RES (1170), INVEST OPHTH VIS SCI (1143), and CANCER RES (925). In addition, a dual map overlay of journals related to immunotherapy for ocular melanoma was constructed (Figure 5C). The dual map overlay of journals depicted the subject distribution of academic journals, and the left-to-right sample waves depicted the citation associations, represented by colored paths. There are two main citation paths on the current map. The two main citation paths are marked in orange and green in Figure 5C. The two main paths show that literature published in molecular/biology/immunology and medicine/medical/clinical is mainly cited by researchers published in molecular/biology/genetics journals.


Table 5 | The top 10 journals and co-cited journals related to immunotherapy for ocular melanoma.






Figure 5 | (A) Network map of co-citation analysis of journals based on VOSviewer. Minimum number of citations of a source ≥ 200. (B) Network map of co-citation analysis of FRONTIERS IN ONCOLOGY based on VOSviewer. (C) The dual-map overlay of academic journals in the field of immunotherapy of ocular melanoma based on CiteSpace software.






4.6 Analysis of references with citation burst

CiteSpace can divide the co-citation network into clusters, displaying closely related references in one cluster and loosely connected references in another cluster. The words of the citation titles in the clusters are used to denote each cluster. The nine largest clusters extracted from references in the cited literature include #0 tebentafusp, #1 nras, #3 ipilimumab, #4 mucosal melanoma, #5 uveal melanoma, #6 diagnosis, #7 bioinformatics, #8 dacarbazine, and #9 melanoma (Figure 6A), with cluster 2 not shown and unfiltered because there were fewer than 10 articles. Cluster plots can be converted to a timeline format using the cluster numbers as the y-axis, which reflects the temporal characteristics of the research hotspots in the field (Figure 6B). The timeline plot depicts the research progress of the field and its eight subfields over time (Table S1). The largest cluster is #0 tebentafusp, followed by #9 melanoma and #4 mucosal melanoma. #6 diagnosis and #1 nras occur earlier, suggesting that early development of ocular melanoma is focused on a definitive diagnosis. #0 tebentafusp and #3 ipilimumab are current research hotspots, suggesting that these two agents are currently favorable for immunotherapy of ocular melanoma. In addition, citation burst is a valuable indicator of references that reflect the interest of researchers in a particular field over some time. Table 6 lists the top 10 most cited original publications on immunotherapy for ocular melanoma. These selected articles cover the years 2009 to 2020. The most frequently cited paper was published in 2015 and was written by Dirk Schadendorf with 306 citations (38.25). Tadepally Lakshmikanth’s paper was the second-most cited, receiving 249 citations (17.79). Heinz Läubli’s third co-cited paper was published and received 212 citations (26.50). In our study, CiteSpace identified the top 20 most frequent bursts, as shown in Figure 6C, where the blue line indicates the period and the red line indicates the duration of the reference burst occurring. The publication entitled “Effect of selumetinib vs chemotherapy on progression-free survival in uveal melanoma: a randomized clinical trial” published in 2014 ranked first (intensity = 18.09).




Figure 6 | (A) The clustered network map of co-cited references using by CiteSpace. (B) The timeline view of clusters of co-cited references using by CiteSpace. (C) The top 20 references with the strongest citation bursts. The red bar represents the begin and end year of the burst duration.




Table 6 | The top 10 documents with the most citations of immunotherapy for ocular melanoma.



To better understand the various subtypes of ocular melanoma, we performed separate cluster analyses for conjunctival melanoma as well as orbital melanoma. Orbital melanoma had only two publications and could not be analyzed. Conjunctival melanoma has 40 publications. As shown in Figure S1, the four largest clusters extracted from the cited literature include #1 cutaneous melanoma, #2 immunology, #3 braf mutation, and #4 pd-1. The largest cluster that is also a current research hotspot is #2 immunology, while #3 braf mutation occurs earliest, suggesting that the early development of conjunctival melanoma is mainly focused on its biological studies. The #4 pd-1 shows that this antibody drug contributes to the immunotherapy of conjunctival melanoma.




4.7 Analysis of keywords and hotspots

Keywords can offer researchers information on research topics and research methodologies of publications, and keyword co-occurrence analysis is frequently used to identify research hotspots and directions in this field of study. The co-occurrence analysis illustrates the relationship between the items, based on the number of works in which they appear together, which is one of the important means to track scientific development. A network visualization map is generated for keywords with more than 5 co-occurrences. As shown in Figure 7A, there are 53 nodes on the visualization map, among which “uveal melanoma” is in the center of the node, followed by “immunotherapy” and “melanoma”. As shown in Figure 7A, all identified keywords can be divided into 3 categories, “ocular melanoma immunotherapy research” “ immune checkpoint research” and “immune checkpoint inhibitors research”. These clusters are the most prominent topics in ocular melanoma immunotherapy at present. For the “ocular melanoma immunotherapy studies” cluster, the main keywords are uveal melanoma, immunotherapy, mucosal melanoma, conjunctival melanoma, prognosis, metastatic uveal melanoma, and tumor microenvironment. The main keywords clustered in the “immune checkpoint studies” were melanoma, targeted therapy, braf, bap1, metastasis, and nras. While in the “immune checkpoint inhibitors research”, the main keywords were ipilimumab, pd-1, ocular melanoma, pembrolizumab, and nivolumab. The density visualization of keywords is shown in Figure 7B, the top three most frequent keywords are “uveal melanoma”, followed by “immunotherapy” and “melanoma”. The overlay visualization map is shown in Figure 7C, which summarizes the occurrence of keywords from the perspective of time zones. Burst keywords are terms that are frequently cited over a while. The burst keywords were detected using the CiteSpace algorithm. The top 24 keywords with the highest burst intensity are shown in Figure 7D. The keyword with the highest citation frequency was “uveal melanoma” (2017-2021), followed by “immunotherapy “(2017-2021) and “melanoma” (2015-2020). The keywords with the longest outbreak were “metastases”, which lasted 16 years from 2002 to 2018. In particular, “bap1”, “tebentafusp”, “bioinformatics”, “ conjunctival melanoma”, and “immune checkpoint inhibitors” are five keywords that are still in the process of explosion. Burst keywords are words that are frequently cited over a period of time. The top 10 keywords with the strongest citation bursts are shown in Figure 7E. The blue line represents the period from 1991 to 2022, while the period of each burst keyword is plotted by the red line. Keywords with burst citations after 2014 are “ ipilimumab” (2014-2019, intensity of 6.41), “pembrolizumab” (2017 -2019, intensity of 5.7), “pd 1” (2019-2020, intensity of 4.51), “tumor-infiltrating lymphocyte” (2019-2020, intensity of 4.41), “immune checkpoint inhibitor” (2020-2022, intensity 4.73). In particular, the keyword “immune checkpoint inhibitor” is still in the process of explosion.




Figure 7 | (A) VOSviewer visualization map of co-occurrence keywords. (B) Density visualization of keywords based on VOSviewer. (C) Overlay visualization of keywords based on VOSviewer. Nodes marked in purple or blue represent earlier appearing keywords, while nodes marked in yellow represent current hot keywords. Minimum number of occurrences of keywords ≥ 5. (D) The frequency of top 24 keywords over time. (E) The top 10 keywords with the strongest citation bursts.







5 Discussion



5.1 The trend overview

This study was the first to use a bibliometric approach to measure research trends in immunotherapy for ocular melanoma from 1991-2022. Bibliometric analysis is now a powerful tool for summarizing the current state of knowledge and predicting future trends, and visual maps are generated using VOSviewer or CiteSpace (33, 35) to show specific knowledge domains and structural relationships. This study shows a gradual increase in the number of publications per year from January 1, 1991, to October 19, 2022 (Figure 2), indicating an increase in interest in this field as well. In terms of country contribution, as shown in Table 1 and Figure 3, the United States is the most prolific and leading country in this field, with the largest number of publications, a wider total citation frequency, and the largest H-index. The U.S. has some of the best researchers and institutions in the world and is a leader in the field of immunotherapy for ocular melanoma. With the economic development of China, the rising demand for healthcare in China as a populous country, and the gradual increase in financial support, the interest in molecular biotherapeutics has also increased. However, China has the second highest number of papers in the world, the total citation frequency, average citation frequency, and H-index are low. Despite the rapid economic development in China, the development of the biomedical field is relatively lagging behind with a weak foundation. In addition, the high cost of medical care in China as a developing country is a challenge for health insurance, which also limits the clinical promotion as well as the development of immunotherapy to some extent (36, 37). Among the research institutions, the UNIVERSITY OF TEXAS SYSTEM (36 articles), MEMORIAL SLOAN KETTERING CANCER CENTER (32 articles), and LEIDEN UNIVERSITY (31 articles) have made positive contributions to the research frontier. It is noteworthy that the top 5 research institutions have significantly increased the number of publications in the ocular melanoma research, which is largely consistent with the number of papers published globally by the top 5 countries, indicating the dominant role of top-tier institutions in improving a country’s academic research ranking. Thus, this evidence also suggests that further in-depth collaborative research may play a crucial role in research related to the immunotherapy of ocular melanoma, guiding future investigators to publish high-quality papers. The research output of these countries may be associated with leading pioneering researchers in the field and substantial financial support. Indeed, the top authors and co-cited authors are mainly from Europe and the United States (Table 3, Table 4). The top-ranked authors with the most publications listed in Table 3 are relatively early entrants who may be prioritizing new advances in immunotherapy related to ocular melanoma. The most published journal in this field was CANCERS (IF=6.575,2021), followed by MELANOMA RESEARCH (IF=3.199,2021) and FRONTIERS IN ONCOLOGY (IF=5.738,2021). Due to the rare nature of ocular melanoma, the selection of journals is narrow. Researchers can follow these journals to find out about the latest developments in immunotherapy for ocular melanoma. Additionally, future researchers may consider publishing their high-quality findings in the top 10 journals.




5.2 Research hotspots and frontiers

Research frontiers and hotspots in a particular field of study might be reflected in keywords. By keyword co-occurrence analysis, the keywords in WoSCC were divided into 3 clusters, “ ocular melanoma immunotherapy research “ “ immune checkpoint research” and “immune checkpoint inhibitors research”. These 3 clusters represent the main research directions of ocular melanoma. Based on the overlay visualization in Figure 7C, it can be concluded that the research hotspots in this field have gradually shifted from “immune checkpoint research” to “immune checkpoint inhibitors research. For “ ocular melanoma immunotherapy research “, the research hotspots have gradually shifted from “uveal melanoma research” to “metastatic uveal melanoma research” and “conjunctival melanoma research”, and “tumor microenvironment research”. This change in the field is in line with the development of translational medicine, indicating that basic research on immunotherapy of ocular melanoma has become more mature, and multiple immune targets have been identified. With the translation of basic research to the clinic and the increased investment in new drug research, researchers are gradually focusing their research on clinical studies. There are still several keywords in the outbreak, indicating that immunotherapy of ocular melanoma remains a hot spot for research. There is a need to strengthen research in this area to provide more treatment options for patients with different types of ocular melanoma and to promote individualized and precise treatment. In addition, combining several keywords with the highest outbreak intensity, we speculate that “bap1”, “tebentafusp” and “bioinformatics” may become a hot research topic in the coming years.



5.2.1 Advances in the molecular mechanisms of ocular melanoma

The analysis of co-citation clusters helps us to understand the dynamic evolution of research related to immunotherapy of ocular melanoma over the last 30 years. Cluster 1 (nras) and cluster 6 (diagnosis) were initiated early, suggesting that they are the basis of research on immunotherapy of ocular melanoma. Ocular and cutaneous melanocytes are functionally similar and have the same embryonic origin, but undergo different transformations during tumorigenesis (38, 39). Cutaneous melanoma is mainly triggered by mutations in proto-oncogene neurofibromin 1 (NF1), neuroblastoma RAS viral oncogene homolog (NRAS), and BRAF gene of serine/threonine-protein kinase BRAF (40–42). In conjunctival melanoma, its activation is most often dependent on BRAF, NRAS, or KIT mutations. The frequency of BRAF, NRAS and KIT mutations in conjunctival melanoma is more similar to that in cutaneous melanoma than in uveal melanoma (43, 44), which is consistent with Figure S1, whereas oncogenic driver mutations in uveal melanoma are present in paralogous guanine nucleotide-binding protein Gq subunits alpha and subunit alpha-11 (respectively GNAQ and GNA11) in the genes of the downstream Hippo/YAP (Yes-associated protein) and RAS/mitogen-activated protein kinase (MAPK) signaling pathways have been shown to contribute to the development and progression of uveal melanoma (9, 45–48). BAP1 is a tumor suppressor gene that encodes a nuclear deubiquitinase involved in cell growth and cancer pathogenesis and maps to chromosome 3 (49). BAP1-inactivating mutations are found in approximately 47% of primary uveal melanoma and 84% of metastatic uveal melanoma cases, consistent with an association between BAP1 mutations and poor prognosis (50). Chromosome 3 loss has long been the strongest indicator of metastatic disease in UM patients (51). Combined with our data, biomarkers represented by bap1 will be the future hot spot for immunotherapy of ocular melanoma. Dono et al. analyzed 50 cases of primary uveal melanoma obtained after excision with the gene mutations GNAQ, GNA11, and BAP1, They found that 42.2% of uveal melanomas contained mutated GNAQ, 32.6% GNA11, 31.5% BAP1, 9.7% SF3B1, 18.9% EIF1AX and 1% TERT, where GNAQ and GNA11 were usually mutually exclusive, but both could coexist with BAP1 or SF3B1 mutations. Similarly, BAP1 and SF3B1, EIF1AX, and SF3B1 mutations are mutually exclusive, and TERT mutations appear to specifically coexist with GNA11 or EIF1AX mutation (52–54). These molecular factors are involved in the development of ocular melanoma and serve as potential therapeutic targets for immunotherapy, which should be further explored in the future. The ongoing explosion of cluster 7 (bioinformatics) also validates this speculation.




5.2.2 Advances in immunotherapy for ocular melanoma

Despite definitive initial treatment and aggressive surveillance for ocular melanoma, up to 50% of patients will develop metastatic disease. The standard of care for patients with primary uveal melanoma after definitive therapy is to expect observation or participation in clinical trials. Cluster 8 (dacarbazine), on the other hand, represents an initial exploration into the treatment of metastatic ocular melanoma. Dacarbazine is an anti-cancer drug known as an alkylating agent that kills cancer cells by adding an alkyl group to their DNA (55, 56). Dacarbazine is a single FDA-approved anticancer drug that is now used as the chemotherapy drug of choice for the treatment of melanoma (57, 58). As research progresses, there is also increasing evidence that certain chemotherapeutic agents have broader activity and that they should also be considered immunomodulators. Hervieu demonstrated that dacarbazine exerts an immunostimulatory effect by inducing local activation of natural killer cells and T cells, suggesting that the tumor is involved in the initiation of the immune response during treatment with dacarbazine (59). Considering the role of dacarbazine as an immunomodulator, dacarbazine may be able to be used in combination with immunotherapeutic agents in the treatment of ocular melanoma (60–62).

The eye is an immune-privileged region of the body and is associated with multiple immunosuppressive mechanisms (63, 64). It is thought that ocular melanoma may be highly immunogenic when cells are systemically dispersed and hence may be vulnerable to immune checkpoint inhibition since it has mechanisms to elude the immune system (65, 66). Uveal melanoma can downregulate major compatibility complex I (MHC) molecules and block the recruitment and activation of cytotoxic t lymphocytes (CTL) (63), and once the ocular melanoma metastasizes or becomes infiltrated with inflammation, the expression of MHC I is elevated (67, 68). In addition, tumors impede immune responses by increasing the secretion of suppressive cytokines such as tumor growth factor (TGF)-b, the activation of suppressive cell types such as regulatory T cells, and the activation of suppressor receptors such as T lymphocyte-associated protein 4 (CTLA-4) and programmed cell death protein 1 (PD- 1) (69–71). These findings all suggest that the above molecules may be potential targets for therapy.

In recent years, therapeutic options to overcome tumor immunosuppressive mechanisms be effective in the treatment of cutaneous melanoma (72). These approaches have also been applied at ocular melanoma (73). Cluster 3 (ipilimumab) is a humanized monoclonal antibody against CTLA-4 that blocks the immunosuppressive interaction between CTLA-4 and B7 (74, 75). Ipilimumab was first approved by the FDA in 2011 for the treatment of metastatic or unresectable cutaneous melanoma that has received at least one prior therapy and is now approved for first-line and adjuvant treatment of advanced melanoma (76–78). A portion of clinical studies for immunotherapy of ocular melanoma has been conducted. The efficacy and tolerability of ipilimumab were retrospectively evaluated in 104 patients with melanoma in Australia with a median follow-up of 7 months and a median OS of 9.6 months (95% CI, 6.6 ~ 12.4). The study found that the median OS in patients with non-cutaneous (mucosal and uveal) melanoma (n = 11) was almost half that of patients with cutaneous melanoma (n = 79): 5.8 months (95% CI, 2.8-12.4) versus 11.7 months (95% CI, 7.1-13.8) with similar PFS periods (79). In a study of ipilimumab in 39 patients with UM, a sustained complete response was found in 1 patient after 62 weeks of treatment and a delayed partial response in 1 patient (100 weeks after stable disease); median overall survival was 9.6 months (95% CI 6.3 ~ 13.4 months) (80). Another potential therapeutic approach for ocular melanoma is to overcome the immunosuppressive mechanism by disrupting PD-1/PD-L1 ligand-receptor interactions with specific antibodies (81, 82). The anti-PD-1 antibodies nivolumab and pembrolizumab and the anti-PD-L1 antibody atezolizumab have been approved for the treatment of melanoma (83–86). Only a few individuals have received treatment for conjunctival melanoma with PD-1 inhibitors alone, CTLA-4 inhibitors alone, or a combination of the two. There have been numerous reports of high complete and partial remission rates (87, 88).

Cluster 0 (tebentafusp) has the largest node and is also a hot spot for future research in ocular melanoma immunotherapy. Tebentafusp is novel immunotherapy based on the immune-mobilizing monoclonal T cell receptor against cancer (ImmTAC) platform. Tebentafusp targets the HLA-A*02:01 presented with a fragment of the melanocyte spectrum-specific antigen gp100 280-288 (also known as melanocyte protein Pmel17, melanoma-associated ME20 antigen, ME20-m) (89, 90). Gp100 is strongly expressed in melanoma cells, weakly expressed in normal melanocytes, and minimally expressed in other tissues (90, 91). Based on small clinical studies, tebentafusp showed promising clinical activity in patients with metastatic UM, and its survival appears to be superior to that reported with other treatments (92, 93). In view of the current state of research on ocular melanoma, we suggest that future studies should focus on more systematic prospective studies to gain a comprehensive understanding of the treatment strategies and prognosis of ocular melanoma with different genetic bases.






6 Limitations

We believe this is the first study to use bibliometric techniques to summarize the development and current status of immunotherapy for ocular melanoma. There are still certain restrictions that need to be researched, though: (1) Selection bias in databases: The whole body of literature included in this investigation was acquired from WoSCC and Pubmed. It’s possible that pertinent studies from other databases were left out. (2) Because non-English or non-research/review papers were not included in this study, some omissions may have occurred. We only extracted research and review articles in English. (3) Because research are updated regularly, it’s possible that we missed some recently published, significant studies.




7 Conclusion

In summary, this study is the first scientific and comprehensive analysis of global research trends in immunotherapy for ocular melanoma over the past 30 years using a bibliometric approach. This study systematically summarizes global publication trends in the field and helps scholars identify key authors, institutions, and journals in the field. Keyword and co-citation cluster analyses also guide researchers to select new research directions. In order to direct future research paths in immunotherapy, there is an urgent need to investigate novel target molecules and carry out high-quality randomized controlled studies on current immune drugs.
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Human leukocyte antigen (HLA) molecules play a crucial role in directing adaptive immune responses based on the nature of their peptide ligands, collectively coined the immunopeptidome. As such, the study of HLA molecules has been of major interest in the development of cancer immunotherapies such as vaccines and T-cell therapies. Hence, a comprehensive understanding and profiling of the immunopeptidome is required to foster the growth of these personalised solutions. We herein describe SAPrIm, an Immunopeptidomics tool for the Mid-Throughput era. This is a semi-automated workflow involving the KingFisher platform to isolate immunopeptidomes using anti-HLA antibodies coupled to a hyper-porous magnetic protein A microbead, a variable window data independent acquisition (DIA) method and the ability to run up to 12 samples in parallel. Using this workflow, we were able to concordantly identify and quantify ~400 - 13000 unique peptides from 5e5 - 5e7 cells, respectively. Overall, we propose that the application of this workflow will be crucial for the future of immunopeptidome profiling, especially for mid-size cohorts and comparative immunopeptidomics studies.
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Graphical Abstract | A schematic overview of the workflow for SAPrIm. 1) Showing the sample lysis for extraction of HLA-peptide complexes by homogenisation using bead milling. 2) Leveraging the Kingfisher Duo capabilities for automated and mid-throughput HLA immunoaffinity purification. 3) Acid eluted peptides clean-up by removal of heavy chains contaminant derived HLA molecules and antibodies using C18 resin in a 96 well plate. 4) Analysis of the HLA peptides by data independent acquisition (DIA) with variable m/z windows to increase detection of HLA peptides.

1) Showing the sample lysis for extraction of HLA-peptide complexes by homogenisation using bead milling. 2) Leveraging the Kingfisher Duo capabilities for automated and mid-throughput HLA immunoaffinity purification. 3) Acid eluted peptides clean-up by removal of heavy chains contaminant derived HLA molecules and antibodies using C18 resin in a 96 well plate. 4) Analysis of the HLA peptides by data independent acquisition (DIA) with variable m/z windows to increase detection of HLA peptides.






1 Introduction

Since the discovery of the first human leukocyte antigen (HLA) restricted peptide, a plethora of studies have sought to elucidate the peptide antigens that are presented during the development of adaptive immunity (1). The series of peptides presented on the cell surface by HLA molecules to be surveilled by CD4 and CD8+ T cells, is collectively termed the immunopeptidome (2) (Figure 1). The in-depth interrogation of these HLA peptides offers unique insights into the interplay between cells (whether healthy or perturbed) and the adaptive immune system. Characterising and understanding the immunopeptidome provides researchers with an excellent opportunity to develop precision therapeutics against cancer. Immunopeptidome discovery and analysis is directly dependent on the advancement of mass spectrometry, which in recent years has substantially progressed the field. In particular, the increased sensitivity, resolution and speed of mass spectrometers have allowed for tremendous leaps in the number of identifications of HLA-bound peptides in complex samples. This has facilitated the discovery of over 80,000 peptides in a single cell line, highlighting the substantial depth possible in comparison to 10 years ago, where only a handful of peptides were identified (3–6).




Figure 1 | HLA class I and II antigen-presentation pathways. The HLA class I pathway (above) is responsible for degrading endogenous antigens into peptides via the multi-catalytic proteasome complex. Peptides are then transported into the endoplasmic reticulum (ER) by the transporter associated with antigen processing (TAP). Here peptides bind based on their relative affinity to the allotypes present. HLA-I peptide complex is then transported through the Golgi apparatus to the cell surface where it is scrutinised by CD8+ T cells. The HLA class II pathway (below) involves the degradation of exogenous antigens in the endosome compartment. In the ER immature HLA-II proteins are stabilised by the invariant chain and released into the HLA class II compartment. Here, the enzyme HLA-DM removes the class II invariant chain peptide (CLIP) from the binding pocket allowing for antigenic peptide binding. Mature HLA-II molecules bound to their peptide cargo are then transported to the cell surface for CD4+ T cell recognition.



To this day, there is still an urgent need to circumvent the current drawbacks associated with immunopeptidomic analysis, these include the quantity of input material needed and the laborious nature required to isolate and analyse HLA bound peptides which become a major bottleneck when we want to analyse a big cohort of clinical samples (7–9). The majority of protocols currently in use either require manual processing for each sample or are designed for high throughput studies that necessitate the use of several 96-well plates to complete the entire process (7, 10–14)

We have developed a semi-automated immunopeptidomics method with mid-throughput capabilities, suitable for mid-sized cohorts and comparative immunopeptidomics studies. This protocol utilises a single 96-well plate and can process up to 12 samples per run, covering all the steps from loading anti-HLA antibody cocktails on magnetic microparticles to eluting purified HLA class complexes.

To evaluate the effectiveness of this protocol, we processed 12 samples in parallel (at cell counts of 5e5, 5e6, 1e7, and 5e7) with each sample processed in three biological replicates. We incorporated hyper-porous magnetic protein A beads to improve reproducibility, a KingFisherDuo liquid handling machine to reduce the potential for human error and decrease sample preparation time, and a data-independent acquisition (DIA) based approach to quantify HLA-bound peptides with high confidence and improve sensitivity and reproducibility.




2 Protocol


2.1 Reagents

	CHAPS Detergent (3-((3-cholamidopropyl) dimethylammonio)-1-propanesulfonate) (Thermo Scientific #28300)

	Phosphate buffered saline (PBS) (Sigma #P5493)

	Tris buffered saline (TBS) (Sigma #T5912)

	W6/32 Antibody (Leinco Technologies #H263)

	Acetonitrile (Thermo Scientific #FSBA955)

	Protease and Phosphatase inhibitor single use (Thermo Scientific #78442)

	iRT peptides (Biognosys - 11 iRT peptides)

	Sodium Chloride (Sigma #S9625)

	Trifluoroacetic acid (TFA) (Thermo Scientific #FSBA116)

	Tris (Sigma #10812846001)






2.2 Additional materials/equipment

	Tissuelyser LT (Qiagen #85600)

	Kingfisher Duo (Thermo Scientific #5400110)

	C18 stage tips (Thermo Scientific #87784)

	KingFisher tip comb (Thermo Scientific #97003500)

	KingFisher 96 well plate (Thermo Scientific #95040450)

	MagReSyn® Protein A Max (Resyn Biosciences)

	Eppendorf Lobind 96 500 µL well deep plate (Eppendorf #30504305)

	Eppendorf Lobind 1.5 mL microcentrifuge tubes (Eppendorf #30108116)

	DynaMag-2 (Thermo Scientific #12321D)

	1.0 mm Zirconium beads (Sigma #BMSD113210TP)

	5 mm Stainless Steel beads (Qiagen #69989)

	epT.I.P.S.® 2 – 200 µL (Eppendorf #30073436)

	epT.I.P.S.® 50 – 1,000 µL (Eppendorf #30073436)







3 Procedure


3.1 Cell culture

MDA-MB-231 (triple negative breast cancer) cells were cultured in DMEM supplemented with 10% fetal bovine serum, 1% Penicillin/streptomycin and L-glutamine (2 mM) (Gibco) at 37°C with 5% CO2. Cells were treated with 50 IU of lyophilised human IFNγ (Miltenyi Biotec #130-096-484) for 48 h as per Goncalves et al. (2021). Cells were grown to 5e5, 5e6, 1e7 and 5e7 in three biological replicates and centrifuged at 2700 g, snap frozen with liquid nitrogen and stored at -80°C.




3.2 Tissue and cell lysis homogenisation (~1.5 h)

Prepare Lysis Buffer:

Technical Note: Keep lysis buffer and PBS on ice (0- 4˚C).

	1% (w/v) CHAPS

	50mM Tris pH 8

	150 mM NaCl

	Half Protease and Phosphatase inhibitor single use cocktail (100X)



For homogenisation of cell pellets, use 0.5mm zirconia beads.

Technical Note: For tissue samples, use the 5mm stainless steel beads (one bead per sample). For tougher tissue, 7 mm beads can be used to improve disruption efficiency. The method described below is for the TissueLyser LT but can be adapted to other homogeniser systems.

	Prepare lysis buffer on ice.

	Transfer frozen samples onto ice and immediately add 300 - 600 µL of lysis buffer as well as the homogenisation beads to each tubes.

	Transfer the tubes into the TissueLyser LT and homogenise for 2-5 min at 50 Hz. The duration of disruption and homogenisation depends on the tissue being processed and can be extended until no tissue debris is visible.

	Mix gently and then leave rolling at 4˚C for 1 hour.

	Transfer the lysate to a clean LoBind eppendorf microcentrifuge tube. Wash the homogenisation beads with 200 ul of fresh lysis buffer and collect it in the same sample tube.

	Spin lysates at 18000g for 10 min at 4˚C.

	Transfer the supernatant to a KingFisher 96 well plate (Figure 2).






Figure 2 | Diagram showing reagents plating format for the KingFisher. Volumes as well as the KingFisher method timing is specified in each row.






3.3 Preparing magnetic beads bound to the Antibody (~10min)

MagReSyn preparation:

	Resuspend MagReSyn® Protein A MAX thoroughly by vortex mixing or inversion to ensure a homogenous suspension (Table 1).

	Immediately transfer MagReSyn® Protein A MAX.

	Technical Note: Use LoBind pipette tips. Pipette slowly as the storage buffer will tend to stick to the side if pipetting too fast.

	Place the tube on the magnetic separator and allow the microparticles to clear for 30sec. Remove the storage buffer without disturbing the microparticles.

	Wash the microparticles in 2X volume of binding buffer (i.e. PBS/TBS). Allow a minimum of 30 sec for microparticle equilibration.

	Place the tube on the magnetic separator and allow the microparticles to clear for 30sec. Remove the binding buffer by aspiration with a pipette and discard.

	Repeat steps 4 and 5 twice (total of 3 washes).

	MagReSyn® Protein A MAX is ready for antibody binding. Resuspend washed beads in 200 ul of PBS/TBS for each sample (Table 1). Note: MagReSyn Protein A Max has an antibody capacity of 320ug Rabbit IgG/mg beads

	Transfer an equivalent amount of microparticles/antibody solutions into the KingFisher 96 well plate (Figure 2).




Table 1 | Ratio of magnetic beads and antibody.






3.4 KingFisher plate preparation and immunoaffinity purification (~2 h)

1. Setup the KingFisher plate according to Figure 2

2. KingFisher steps is summarised in Figure 2 (Method file can be made available on request for all KingFisher models)

Technical Note: The throughput can be further scaled up to 96 samples in parallel, processed in approximately 120 min, by utilising a KingFisher™ Flex or Apex magnetic bead handling stations, without the need for additional method re-optimization.




3.5 C18 clean-up (~1.5 h)

Technical Note:

	This step can be performed on a separate day. If it is the following day, keep samples in 4˚C, otherwise in -80˚C.

	If your C18 column capacity is less than 300ug, it is advisable to repeat the clean-up twice to maximise recovery of the peptides. This is due to C18 also binding to eluted HLA class I and antibody molecules.



1. Set up the 96 well plate as shown in Figure 3.




Figure 3 | Diagram showing reagents plating format for the C18 stage tip clean up in a Lobind 96 well plate. This step is manual and not performed by KingFisher Duo. Conditioning buffer: 50%ACN/0.1% TFA. Wash buffer: 0.1% TFA. HLA-I Elution Buffer: 28% ACN/ 0.1% TFA. HLA-II Elution Buffer: 32% ACN/ 0.1% TFA.



2. Condition C18 stage tips by pipetting up and down 2-3 times in conditioning buffer (50% ACN/0.1% TFA)

3. Wash column by pipetting up and down 2-3 times in wash buffer (0.1% TFA)

4. Collect sample in C18 column by pipetting up and down 20 times

5. Wash sample and C18 column 2-3 times in wash buffer.

6. Elute the peptides from C18 column by pipetting up and down 20 times in recommended elution buffers (28% ACN/0.1% TFA for HLA-I and 32% ACN/0.1% TFA for HLA-II).

7. Dry sample using a vacuum evaporator.

8. Prior to mass spectrometry analysis, resuspend sample in 12ul of 2% ACN/0.1% TFA

9. Sonicate 10 min in water bath sonicator

10. Centrifuge at 18000g for 20 min

11. Transfer to a MS vial




3.6 Mass spectrometry analysis

All samples were analysed on a Exploris 480 orbitrap mass spectrometer (ThermoFisher Scientific) coupled online to a RSLC nano HPLC (Ultimate 3000 UHPLC, ThermoFisher Scientific). The mass spectrometer was operated in DIA mode. Each sample was resuspended in 12ul of loading buffer with 6ul injected onto a 100 μm, 2 cm nanoviper Pepmap100 trap column, eluted and separation performed on a RSLC nano column 75 μm x 50 cm, Pepmap100 C18 analytical column (ThermoFisher Scientific). The separation was performed at a flow rate of 250 nl/min by a gradient of 0.1% formic acid in water (solvent A) and 80% acetonitrile/0.1% formic acid (solvent B).

The eluent was nebulised and ionised using a nano electrospray source (ThermoFisher Scientific) with a distal coated fused silica emitter (Trajan). The capillary voltage was set at 1.9 kV. MS1 scan range from 370 to 1,675 m/z with a resolution of 120,000 (at m/z 200) using a custom AGC target of 200%, a maximum ion injection time set to auto and 22 variable window DIA MS/MS scans in the orbitrap. The variable windows were calculated using Sciex excel calculator (Supplementary Table 1) (15); Each MS2 scan was acquired within a scan range of 120 - 1,450 m/z at a resolution of 30,000 (at m/z 200) using a custom AGC target of 1000% with HCD collision energy of 27% and the overlap between consecutive MS/MS scans was set to 1 m/z.




3.7 Data analysis

Spectral libraries were generated using the Pulsar engine in Spectronaut (version 16.2 - Biognosys) with the following settings: (i) digest set to no enzyme and unspecific mode and (ii) Oxidation (M) was set as a variable modification. The DIA data was searched using the settings as described in the Supplementary Materials. No imputations or normalisations were performed across samples during data analysis. Missing values were marked as “Filtered” in the Supplementary Data 1.




3.8 Binding prediction of HLA peptides

Peptides were allocated as binders or non-binders using NetMHCpan4.1 (16). This software predicts HLA-peptide binding using artificial neural networks, here we implemented the default cut-off of a rank score of <2 as a binder peptide.





4 Results

In order to validate our method, we profiled the peptides liberated from HLA molecules on the MDA-MB-231 cell line to determine their characteristics. Using this semi-automated approach, we identify 13,312 unique HLA-I peptides across all samples at 1% FDR. When we compare the average number of peptides across each replicate, we observe 13,111 HLA bound peptides from eluates isolated from 5e7 cell pellet samples, 3,486 peptides from 1e7 samples, 2,814 from 5e6 and 397 from 5e5 cell pellets (Figure 4). In a separate experiment, we studied the immunopeptidome of three 1e5 cell pellets to determine our limit of detection with only a handful of peptides identified in each sample (Figure 4). As expected for HLA class I, all samples contain a high proportion of 9mers in comparison to other peptide lengths (Figure 5). In order to ascertain whether these HLA peptides are indicative of the allotypes expressed on the MDA-MB-231 cell line, we examined the predicted binding of peptides between 8 and 13 amino acids in length to the HLA alleles expressed on this cell line. This showed ~96% of peptides were binders using NetMHCpan (16) (Figure 6).




Figure 4 | The average number of peptides per cell count pellet. The number of peptides identified for each sample were as follows: 1e5 (black), 5e5 (purple), 5e6 (blue), 1e7 (green), and 5e7 (orange). Please note that the experiment for the 1e5 samples was performed separately to evaluate the limit of detection. Statistical significance with a p-value < 0.0001, as determined by an one-way ANOVAa t-test, is denoted by ****.






Figure 5 | Length distribution of peptides bound to HLA class I. The x-axis shows the length of the peptides for each condition and the y-axis the percentage frequency for each length.






Figure 6 | Percentage of predicted binders versus non-binders. Bar graph showing the percentage of binders for each condition following binding predictions on NetMHCpan4.1 (16).



As anticipated, increasing the cell number resulted in an expansion of the peptide repertoire. We compared the peptides identified across each cell count and observed that the majority of peptides identified in smaller pellets were also identified in larger pellets. We observed that the 5e7 cell samples encompassed a very high proportion of the identified peptides in smaller pellets with less than 1% of the peptides been missed. (Figure 7).




Figure 7 | The overlap between peptides identified across different cell counts. The overlap of unique peptides across different cell counts (5e5 in purple, 5e6 in blue, 1e7 in green, and 5e7 in orange) is represented in a Venn diagram.



Utilising our optimised DIA variable window approach, we compared the relative intensities of commonly identified peptides in all four conditions predicted (n=521). Our observations indicate an increasing trend corresponding to log2 mean intensities, with a ~13-fold difference between 5e5 and 5e6, a ~97-fold difference between 5e5 and 5e7, and a ~7-fold change between 5e6 and 5e7. However, we did not observe a significant difference in the intensity of common ions between 5e6 and 1e7 pellets (Figure 8).




Figure 8 | Violin plot depicting the peptide intensity between commonly identified HLA peptides. Violin plot showing the trend in intensities for the 521 overlapping peptides across four conditions. The mean log2 intensities for each condition are indicated by the values. Statistical significance with a p-value < 0.0001, as determined by an one-way ANOVA, is denoted by ****.






5 Discussion

The identification of HLA-bound peptides is crucial in the development of T cell-based immunotherapy, where potential epitopes are recognised by the adaptive immune system and used to design peptide-based vaccines for targeted elimination of diseased cells. Interest in this field has increased exponentially, leading to the development of novel protocols, the expansion of search algorithms that are not limited to reference proteomes and the development of different initiatives that have driven data sharing and bolstered data repositories (17–26). However, a constant “Achilles Heel’’ in this space has always been the difficult and laborious nature of immunopeptidomic workflows, with large sample material needed, high resolution mass spectrometers required and the lack of standardised protocols to ascertain HLA peptides. These limitations have collectively hindered the growth of this field and served as a constant challenge to overcome (17, 18, 25, 26).

Here, we have developed and showcased SAPrIm, A Semi-Automated Protocol for Mid-Throughput Immunopeptidomics and address some of the current limitations in this space.

Using MDA-MB-231 cell line as a model, we have demonstrated that even with limited starting material (5e5 cells), we can concordantly identify and quantify HLA bound peptides peptides that recapitulate the expected HLA peptide characteristics observed at both 10 and 100 times the starting material. Our results demonstrate that significant depth of coverage can be achieved using this protocol, as evidenced by the identification of approximately 13,000 peptides concordantly from 5e7 cells. Notably, this was accomplished without the need for offline fractionation methods and with a sample preparation time of less than 4 hours, with around 2 hours of the preparation time being hands-off experiments. We highlight that SAPrIm not only reduces manual handling time but exceeds current identification rates observed with other protocols (7, 11, 12).

When we perform comparative analysis, we see a high degree of overlap between each input amount highlighting the reproducibility of our approach. Furthermore, using this workflow we identify 697 peptides derived from known 195 cancer antigens highlighting that even with limited input material we are able to identify actionable targets for T cell mediated immunotherapy. Of note, in 5e5 cells we identify 36 peptides derived from 28 cancer antigens (Supplementary Data 1).

Although DIA was initially introduced as a quantitative method in proteomics, recent advancements in data acquisition and analysis have made it a suitable method for both discovery and quantitative immunopeptidomics (14). This is due to the development of techniques such as spectral library-free searches, the generation of pan-spectral libraries from publicly available data, and the use of MS2 prediction algorithms for generating spectral libraries (14, 27). These improvements have expanded the capabilities of DIA, making it a valuable tool for researchers in the field of immunopeptidomics.

Although not performed in this study, it is possible to label the 12 samples resulting from the SAPrIm protocol with TMT tags using more than 12 channels and analyse them in a single LC-MS/MS run (28, 29). Additionally, the SAPriM protocol has the potential to be used for analysing HLA-II peptides and could be scaled up to analyse up to 96 samples using the KingFisher Apex system (Thermo Fisher).

Taken together, the use of this semi-automated approach facilitates many of the current limitations when it comes to the immunopeptidomic space. SAPrIm automates this approach, cuts sample preparation time and reduces the complexity of sample preparation. In addition to this, we support the feasibility of using relatively low quantities of antibody and starting material in comparison to traditional workflows, without the need for crosslinking (5, 7). We have also integrated this with the use of DIA, allowing for the accurate quantification and mapping of all the ions/peptides for future re-inspections of the data. A reliable and efficient workflow with a short turnover time is crucial in research and clinical settings to confidently screen biological and clinical materials for tumour-specific epitopes. These capabilities make SAPrIm technology a promising approach for translational immunopeptidomics.




6 Troubleshooting


6.1 Samples are highly viscous after lysis (Step 1.1)

This is caused by the release of genomic DNA and is completely normal. This could be due to higher concentration of detergent. Consider decreasing the detergent concentration and/or increase the homogenisation timing.




6.2 Cloudy top layer after centrifugation (Step 1.6)

Depending on the sample type, the fatty material can aggregate as a thin top cloudy layer post centrifugation. In our experience, this did not interfere with the immunoaffinity purification.




6.3 Uneven distribution of magnetic beads between samples (Step 3.8)

The beads settle very quickly, and care must be taken to ensure that equal volumes of beads are dispensed into each sample. Consider vortexing the beads, or mixing by inversion, immediately before pipetting each (and every) sample.




6.4 Low peptide yield (Step 5.11)

If the yield is lower than expected following data analysis, several parameters in the workflow should be checked, including cell lysis, antibody stability/batch, HLA expression (where possible) as well as the mass spectrometer performance (e.g using Hela digest or Glu-1-Fibrinopeptide B peptide standard). Different tissue types would require different amounts of time and/or type of beads for homogenisation. Buffer’s pH for antibody/beads coupling as well as immunoaffinity purification steps are critical and should be kept at ~pH 8.
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Introduction

Recent clinical trials have confirmed that anti-programmed cell death-1/ligand 1 (anti-PD-1/L1) combined with either anti-cytotoxic T-lymphocyte-associated protein 4 (anti-CTLA-4) or anti-T-cell immunoreceptor with Ig and ITIM domains (TIGIT) antibodies (dual immunotherapy) produced significant benefits as first-line therapies for patients with advanced non-small cell lung cancer (NSCLC). However, it also increased the incidence of adverse reactions, which cannot be ignored. Our study aims to explore the efficacy and safety of dual immunotherapies in advanced NSCLC.





Methods

This meta-analysis ultimately included nine first-line randomized controlled trials collected from PubMed, EMBASE, and Cochrane Central Register of Controlled Trials databases until 13 August 2022. Efficacy was measured as the hazard ratio (HR) and 95% confidence interval (CI) for progression-free survival (PFS), overall survival (OS), and risk ratio (RR) for the objective response rates (ORRs). Treatment safety was assessed by RR of any grade of treatment-related adverse events (TRAEs) and grade ≥ 3 TRAEs.





Results

Our results demonstrated that, compared to chemotherapy, dual immunotherapy shows durable benefits in OS (HR = 0.76, 95% CI: 0.69–0.82) and PFS (HR = 0.75, 95% CI: 0.67–0.83) across all levels of PD-L1 expression. Subgroup analysis also presented that dual immunotherapy resulted in improved long-term survival compared with chemotherapy in patients with a high tumor mutational burden (TMB) (OS: HR = 0.76, p = 0.0009; PFS: HR = 0.72, p < 0.0001) and squamous cell histology (OS: HR = 0.64, p < 0.00001; PFS: HR = 0.66, p < 0.001). However, compared with immune checkpoint inhibitor (ICI) monotherapy, dual immunotherapy shows some advantages in terms of OS and ORR and only improved PFS (HR = 0.77, p = 0.005) in PD-L1 < 25%. With regard to safety, there was no significant difference in any grade TRAEs (p = 0.05) and grade ≥ 3 TRAEs (p = 0.31) between the dual immunotherapy and chemotherapy groups. However, compared with ICI monotherapy, dual immunotherapy significantly increased the incidence of any grade TRAEs (p = 0.03) and grade ≥ 3 TRAEs (p < 0.0001).





Conclusions

As for the efficacy and safety outcome, compared with standard chemotherapy, dual immunotherapy remains an effective first-line therapy for patients with advanced NSCLC, especially for patients with high TMB levels and squamous cell histology. Furthermore, compared to single-agent immunotherapy, dual immunotherapy is only considered for use in patients with low PD-L1 expression in order to reduce the emergence of resistance to immunotherapy.
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1 Introduction

Lung cancer is one of the most frequently diagnosed cancers and the leading cause of cancer-related deaths worldwide. In particular, non-small cell lung cancer (NSCLC) account for 85% of lung cancer. Within NSCLC classifications, adenocarcinomas are the most common subtype of lung cancer, followed by squamous cell carcinomas (1). Briefly, tumors that have clear morphologic patterns of adenocarcinoma (acinar, papillary, lepidic, and micropapillary) or squamous cell carcinoma (unequivocal keratinization and well-formed classical bridges) can be diagnosed as adenocarcinoma or squamous cell carcinoma (2). For many years, whether squamous cell carcinoma or non-squamous cell carcinoma, platinum-based doublet chemotherapy has been the conventional first-line therapy for patients with advanced NSCLC that is driver gene negative (3). Since 2015, four different immune checkpoint inhibitors (ICIs) have been approved by the Food and Drug Administration (FDA) for use in the management of advanced NSCLC, including anti-PD-1 antibodies nivolumab and pembrolizumab, and anti-PD-L1 antibodies atezolizumab and durvalumab (4). The expression of PD-L1 on the surface of tumor cells, detected by immunohistochemistry, is a predictive biomarker used to guide treatment decisions with anti-PD-1 or anti-PD-L1 antibodies in patients with NSCLC (1). The PD-L1 expression level of the tumor was recorded as a percentage of PD-L1-positive tumor cells over the total tumor cells: tumor proportion score (TPS) (5). A study confirms that PD-L1-positive (TPS ≥ 1%) lung cancer was more frequent in squamous cell carcinoma than adenocarcinoma (5). Compared with chemotherapy, PD-1/L1 checkpoint inhibitors significantly improved long-term survival in patients with PD-L1 positive or high expression (6–10), which elevated the status of immunotherapeutic from secondary to first-line. For an anticancer immune response to lead to effective killing of cancer cells, a series of stepwise events must be initiated and allowed to proceed and expand iteratively. We refer to these steps as the cancer-immunity cycle (11). However, there are still some patients who cannot respond to immunotherapy; PD-L1 blockade is also limited by a low response rate in some cancers, lack of known biomarkers, immune-related toxicity, and resistance to both innate and acquired drugs, with the most recent data clarifying that the clinical response to PD-1/PD-L1 blockade is barely 40% (12). Therefore, this is a strong call to explore new therapeutic drugs or combination therapy strategies to increase the clinical utilization of immune checkpoint inhibitors.

Recent studies show that the combination of anti-CTLA-4 or anti-PD-1/L1 (dual immunotherapy) with the blockade of other immune checkpoints or with the activation of co-stimulatory molecules can also further amplify anti-tumor immune responses (13). In addition, combination therapy revealed the greatest benefit in patients who were less likely to benefit from PD-L1 inhibition or PD-1 inhibition alone, particularly with negative expression of PD-L1. The addition of a CTLA-4-targeted therapy may be completing the defect in the cancer-immunity cycle for patients who are PD-L1-negative (11). The results of CheckMate 227 study part 1 showed that compared with chemotherapy, the combination of nivolumab (PD-1 inhibitor) and ipilimumab (CTLA-4 inhibitor) resulted in significant overall survival (OS) benefit in patients with PD-L1 ≥ 1% (median, 17.1 vs 14.9 months, HR = 0.76), the rate of CR improved to 5.8%, the median Duration of Overall Response (DOR) was 23.2 months, and the OS was also beneficial in patients with PD-L1 TPS < 1% (median, 17.2 vs 12.2 months HR = 0.64) (14). Tiragolumab is a fully human IgG1-kappa anti-TIGIT monoclonal antibody with an intact region of Fc that blocks TIGIT binding to the PVR protein. Blocking negative regulation with an anti-TIGIT antibody may restore the anti-tumor immune response (15). The phase 2 CITYSCAPE trial demonstrates that tiragolumab (TIGIT inhibitor) plus atezolizumab (PD-L1 inhibitor) resulted in a clinically significant improvement in the objective response rate (31.3% vs 16.2%) and progression-free survival (median, 5.4 vs 3.6 months, HR = 0.57) compared with placebo plus atezolizumab in patients with chemotherapy-naive, PD-L1-positive, recurrent, or metastatic NSCLC (16).

However, some clinical trials fail to achieve the anticipated clinical efficacy of dual immunotherapy and had to suspend clinical research due to the increased incidence of high-frequency adverse events. A randomized, double-blind phase III KEYNOTE-598 trial shows that the combination of ipilimumab (CTLA-4 inhibitor) and pembrolizumab (PD-1 inhibitor) cannot improve efficacy and is associated with greater toxicity than pembrolizumab monotherapy as a first-line treatment for metastatic NSCLC with PD-L1 TPS ≥ 50% and no targetable EGFR or ALK aberrations (17).

In summary, dual immunotherapy (anti-PD-1/L1 antibody plus anti-CTLA-4 antibody or TIGIT antibody) is controversial as a first-line therapy for advanced non-small cell lung cancer. We performed this meta-analysis to evaluate the efficacy and safety of dual immunotherapy versus chemotherapy or checkpoint inhibitor monotherapy in patients with advanced NSCLC and to select patient characteristics that may be more suitable for dual immunotherapy treatment strategies.




2 Methods



2.1 Search strategy

We searched eligible phase II and III randomized controlled trials (RCTs) from PubMed, EMBASE, and Cochrane Central Register of Controlled Trials databases by using the following keywords: advanced/metastatic non-small cell lung cancer, checkpoint inhibitors, PD-1, PD-L1, cytotoxic T-lymphocyte associated protein 4, TIGIT antibody, nivolumab, pembrolizumab, durvalumab, ipilimumab, tremelimumab, and randomized/controlled clinical trial (more search details are shown in Supplementary Table 1). To make sure all relevant references were involved, the searched keywords were MeSH terms combined with logical operator. The RCTs conducted until 13 August 2022 and published in English with no country restrictions were searched. Our systematic review strategy was submitted to the PROSPERO website and was given the registration number CRD42022336614.




2.2 Data extraction and quality assessment of the included studies

Across all studies included in this meta-analysis, the following are the inclusion criteria: (S) type of literature: phase II/III RCTs. (P) The patients enrolled in the study were adults with stage III/VI NSCLC and Eastern Cooperative Oncology Group (ECOG) performance status of 0 or 1. (I) Patients in the intervention group were treated with anti-PD-1/L1 antibody plus anti-CTLA-4 antibody or anti-TIGIT antibody. (C) The control group received chemotherapy or anti-PD-1/L1 inhibitor therapy only. (O) Outcome measures included the objective response rate (ORR), as well as the hazard ratio (HR) of progression-free survival (PFS) and overall survival (OS), along with their 95% confidence intervals (95% CIs) between the experimental arm and the control group. Data are available. The exclusion criteria were as follows: 1) non-randomized controlled trials, 2) sensitizing EGFR mutations or known translocations of ALK, 3) patients with known or suspected active autoimmune disease, and 4) papers with the same research population.

Data extraction was performed independently by two authors (Muyesar Alifu and Tao Ming) according to the inclusion criteria. Disagreements were resolved by discussion until a consensus was reached or resolved by a third author. Extracted data included 1) author, year of publication, stage of treatment, intervention, medication, follow-up time, and sample size; 2) patient gender, age, histological type of tumor, and PD-1/L1 expression and ECOG performance status; 3) the primary outcome was OS and PFS; 4) the additional outcomes include ORR for efficacy and all grades of treatment-related adverse events (TRAEs) or grade (G) ≥ 3 TRAEs. Cochrane Collaboration’s tool was used to assess the risk of bias in each eligible randomized trial (18).

Two independent reviewers assessed the study quality using the following criteria: random sequence (selection bias), allocation concealment (selection bias), blinding of participants and researchers (performance bias), blinding of outcome assessment (detection bias), incomplete outcome data (attrition bias), selective reporting (reporting bias), and other sources of bias (18). For each study, we defined “yes” as a low risk of bias and “no” as a high risk of bias. We defined also “unclear” if there were insufficient data for a precise judgment (19).

All clinical outcomes were measured by Response Evaluation Criteria in Solid Tumors (version 1.1). ORR was defined as the proportion of patients with the best overall response or partial response or better. PFS was defined as the time from randomization to the date of the first documented tumor progression, or death from any cause, whichever occurred first. OS was defined as the time from randomization to the date of death from any cause. Complete response (CR) was defined as the disappearance of all target lesions and any pathological lymph nodes (whether target or non-target) that must have a reduction in the short axis to <10 mm. Partial response (PR) was defined as at least a 30% decrease in the sum of diameters of target lesions, taking as reference the baseline sum diameters (20). Confirmation of response was required at least 4 weeks after the initial response. The assessment of adverse events was according to National Cancer Institute Common Terminology Criteria for Adverse Events (version 4.0).




2.3 Statistical analysis

A comparison of efficacy between dual immunotherapy and other treatments was conducted by HR and 95% confidence interval (CI) of the PFS and OS, and risk ratio (RR) of the ORR. Safety of treatment was assessed by RR of all TRAEs and grade ≥ 3 treatment-related adverse events (G ≥ 3 TRAEs), TRAEs leading to discontinuation, TRAEs leading to death, immune-related adverse events (irAEs), and grade ≥ 3 immune-related adverse events (G ≥ 3 irAEs). Heterogeneity among treatment groups was assessed by the chi-square-based Q statistic. If I2 > 50% or p < 0.05, a random-effects model was adopted. Otherwise, a fixed-effects model was employed. p < 0.05 is considered statistically significant in the whole statistical test.

To explore the sources of heterogeneity, we performed subgroup analyses of the following: level of PD-L1 expression, tumor mutational burden, age, gender, ECOG performance status, smoking status, histologic characteristics, etc. For all the studies, we used Egger’s test providing the funnel plot for the evaluation of publication bias (Supplementary Figure 1). It should be noted that the articles included in this meta-analysis were based on the latest or most complete follow-up data, and all data analyses were carried out using Review Manager 5.4 and Stata (version 16.0). Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statements were used as the basis for the study design of this meta-analysis (21).





3 Results

Our initial search yielded a total of 383 studies. Following abstract screening and full-text reviewing, we identified nine clinical trials eligible for inclusion in the meta-analysis (14, 16, 17, 22–27). It is important to note that two of the included studies (NEPTUNE (27) and POSEIDON (26)) were retrieved from searches of the Cochrane Central Register of Controlled Trials databases and have yet to be published. Supplementary Figure 2 provides details of the selection process and reasons for exclusion.

Of the included studies, a total of 2,792 patients received dual immunotherapy, 2,263 patients received chemotherapy, 656 patients received ICI monotherapy, and 507 patients received ICI combined chemotherapy. Eight studies investigated anti-PD-1/L1 antibodies combined with anti-CTLA-4 antibodies, and one study (CITYSCAPE) investigated anti-PD-L1 antibodies combined with anti-TIGIT antibodies. Seven studies explored dual immunotherapy as a first-line treatment strategy, whereas two studies explored dual immunotherapy as a second-line or later treatment strategy. All involved studies measured tumor cell/tissue PD-L1 expression. The results of all clinical trials are the most recently published. Notably, CheckMate 227 used the latest 4 years’ outcome (14), CheckMate-9LA used the latest 2 years’ update (25), and KEYNOTE-598 used the latest 3 years’ follow-up data (28). Baseline characteristics and outcome data of eligible studies are summarized in Table 1 and Supplementary Tables 2, 3.


Table 1 | Main baseline characteristics of each included trial considered in this meta-analysis.





3.1 Benefit of dual immunotherapy

Nine RCTs enrolling 5,711 patients evaluated the OS of dual immunotherapy versus chemotherapy or ICI monotherapy. OS was greater in patients treated with dual immunotherapy. As shown in the pooled result, patients treated with dual immunotherapy had a significantly prolonged OS compared with patients treated with either chemotherapy or ICI monotherapy (pooled HR = 0.84 95% CI: 0.79–0.89, p < 0.00001, I2 = 51%) (Figure 1A). Subgroup analysis showed that dual immunotherapy produced a large benefit compared with chemotherapy (pooled HR = 0.82, 95% CI: 0.77–0.97, p < 0.00001, I2 = 61%), but there were no clear benefits in OS between dual immunotherapy and ICI monotherapy (pooled HR = 0.93, 95% CI: 0.81–1.05, p = 0.23, I2 = 6%) (Figure 1A). No dissymmetry was observed in the funnel plot for the OS (Supplementary Figure 1A; Egger’s test, p = 0.969) test, highlighting that there was no obvious publication bias with respect to OS.




Figure 1 | Forest plot of hazard ratio (HR). Comparison of overall survival (OS) (A) and progression-free survival (PFS) (B) between dual immunotherapy and other treatments. ICIs, immune checkpoint inhibitors.



Nine RCTs enrolling 5,690 patients evaluated the PFS of dual immunotherapy versus chemotherapy or ICI monotherapy. The PFS was significantly higher in patients treated with dual immunotherapy (pooled HR = 0.86 95% CI: 0.81–0.91, p < 0.00001, I2 = 77%) compared to that of patients treated with either chemotherapy alone or ICIs alone (Figure 1B). Subgroup analysis shows that dual immunotherapy is associated with a slight advantage over chemotherapy (pooled HR = 0.87, 95% CI: 0.81–0.93, p < 0.0001, I2 = 85%) as well as large improved PFS when compared with ICI monotherapy (pooled HR = 0.83, 95% CI: 0.74–0.94, p = 0.003, I2 = 44%) (Figure 1B). No dissymmetry was observed in the funnel plot for the PFS (Supplementary Figure 1B; Egger’s test, p = 0.494) test, highlighting that there was no obvious publication bias regarding the PFS.

Nine RCTs enrolling 6,218 patients evaluated the ORR of dual immunotherapy versus chemotherapy or ICI monotherapy or ICIs + chemotherapy. There was a significantly higher ORR in patients who were treated with dual immunotherapy when compared with other therapies (pooled RR = 1.08, 95% CI: 1.01–1.15, p = 0.03, I2 = 79%) (Supplementary Figure 3). Note that subgroup analysis shows that dual immunotherapy had a greater advantage over ICI monotherapy (pooled RR = 1.20, 95% CI: 1.05–1.38, p = 0.01, I2 = 28%). In contrast, there was no significant difference between dual immunotherapy and either chemotherapy (pooled RR = 1.09, 95% CI: 1.00–1.19, p = 0.05, I2 = 88%) or ICIs + chemotherapy (pooled RR = 0.88, 95% CI: 0.77–1.02, p = 0.09, I2 = 62%) (Supplementary Figure 3). No dissymmetry was observed in the funnel plot for the ORR (Supplementary Figure 1C; Egger’s test, p = 0.446), pointing out that there was no obvious publication bias regarding ORR.



3.1.1 Subgroup analyses by PD-L1 expression level

Given that PD-L1 expression was adopted as the dominant biomarker for screening patients for treatment with ICIs, in this study, we compared the efficacy of dual immunotherapy with chemotherapy or ICI monotherapy in different PD-L1 expression levels.

A total of five RCTs enrolling 1,966 patients evaluated dual immunotherapy versus chemotherapy in advanced NSCLC. In comparison to chemotherapy, dual immunotherapy shows significant advantages in terms of OS (pooled HR = 0.74, 95% CI: 0.67–0.82, p < 0.00001, I2 = 41%) and PFS (pooled HR = 0.75, 95% CI: 0.67–0.83, p < 0.00001, I2 = 34%) in all subgroups of PD-L1 expression levels that have been tested, particularly in the PD-L1 expression of less than 1% (pooled HR = 0.72 for OS and HR = 0.82 for PFS) (Figure 2). The most obvious improvement in long-term clinical efficacy is shown in patients with PD-L1 ≥ 50% (pooled HR = 0.70, 95% CI: 0.61–0.81, p < 0.00001, I2 = 0% for OS; pooled HR = 0.63, 95% CI: 0.54–0.75, p < 0.00001, I2 = 0% for PFS) (Figure 2). There was no significant interaction between treatment effect in terms of ORR and PD-L1 expression level in the comparison of dual immunotherapy and chemotherapy (pooled RR = 1.05, 95% CI: 0.87–1.26, p = 0.61, I2 = 64%) (Supplementary Figure 4A).




Figure 2 | Forest plot of hazard ratio (HR). Comparison of overall survival (OS) (A) and progression-free survival (PFS) (B) between dual immunotherapy and chemotherapy depending on PD-L1 expression level.



Six RCTs enrolling 1,801 patients evaluated dual immunotherapy versus ICI monotherapy in advanced NSCLC. The PFS was higher in patients who were treated with dual immunotherapy compared to ICI monotherapy, with a pooled HR of 0.75 (95% CI: 0.58–0.98, p = 0.04, I2 = 72%) (Figure 3). Furthermore, the benefit of PFS is more reflected in the PD-L1 < 25% subgroup, with pooled HR of 0.77 (95% CI: 0.64–0.93, p = 0.005, I2 = 0%), rather than in the PD-L1 ≥ 50% subgroup, with pooled HR of 0.55 (95% CI: 0.16–1.87, p = 0.34, I2 = 93%) (Figure 3). However, in comparison to monotherapy with ICIs, dual immunotherapy does not have a significant benefit in terms of OS (pooled HR = 0.89, 95% CI: 0.69–1.15, p = 0.35, I2 = 64%) (Figure 3) and ORR (pooled RR = 1.14, 95% CI: 0.82–1.59, p = 0.43, I2 = 53%) (Supplementary Figure 4B) among different levels of PD-L1 expression. In summary, dual immunotherapy demonstrates little clinical benefit when compared with ICI monotherapy, but we cannot ignore the fact that the CITYSCAPE clinical trial shows very impressive clinical efficacy in patients with PD-L1 ≥ 50% who were treated with anti-PD-L1 plus anti-TIGIT antibodies (pooled HR = 0.23 for OS and HR = 0.28 for PFS) (Figure 3).




Figure 3 | Forest plot of hazard ratio (HR). Comparison of overall survival (OS) (A) and progression-free survival (PFS) (B) between dual immunotherapy and ICI monotherapy depending on PD-L1 expression level. ICIs, immune checkpoint inhibitors.






3.1.2 Subgroup analyses by tumor mutational burden

Tumor mutational burden is an emerging and independent biomarker of outcome with immunotherapy in multiple tumor types, including lung cancer (29–31). Our meta-analysis included four RCTs enrolling 2,256 patients that evaluated dual immunotherapy versus alternative therapy on the basis of tumor mutational burden (TMB) in advanced NSCLC. Due to limited data, the TMB result in the study includes both tissue and blood tests.

In patients with a high tumor mutational burden (determined as at least 10 mutations per megabats), dual immunotherapy led to a significantly increased in OS (pooled HR = 0.76, 95% CI: 0.64–0.89, p = 0.0009, I2 = 15%) and PFS (pooled HR = 0.72, 95% CI: 0.62–0.84, p < 0.0001, I2 = 6%) when compared to other treatments (Supplementary Figures 5A, B). The therapeutic advantages of dual immunotherapy are more reflected in comparison with chemotherapy. In the high TMB subgroup, dual immunotherapy produced significant advantages in terms of OS (pooled HR = 0.69, 95% CI: 0.55–0.88, p = 0.003, I2 = 33%) and PFS (pooled HR = 0.71, 95% CI: 0.57–0.88, p = 0.002, I2 = 36%) over chemotherapy (Supplementary Figures 5A, B). It should be noted that the ORR was not significantly different between dual immunotherapy and chemotherapy in patients with a high level of TMB (pooled RR = 1.21, 95% CI: 0.72–2.05, p = 0.48, I2 = 84%) (Supplementary Figure 6). Overall, compared with ICI monotherapy, dual immunotherapy in patients with high TMB expression had a modest advantage in terms of OS (pooled HR = 0.85, 95% CI: 0.67–1.09, p = 0.21, I2 = 0%) and PFS (pooled HR = 0.76, 95% CI: 0.57–1.00, p = 0.05, I2 = 0%) with no statistical significance (Supplementary Figures 5A, B).

On the contrary, for patients with a low tumor mutational burden (determined as TMB <10 or 20 mut/Mb), there was a substantial benefit in terms of both PFS (pooled HR = 1.32, 95% CI: 1.05–1.65, p = 0.02, I2 = 71%) and OS (pooled HR = 1.15, 95% CI: 1.04–1.29, p = 0.009. I2 = 0%) observed in favor of chemotherapy or ICI monotherapy (Supplementary Figures 5C, D).




3.1.3 Subgroup analysis by tumor histology type

We sought to explore the efficacy of dual immunotherapy in different histology types by exploring the therapeutic efficacy of dual immunotherapy and other monotherapies in patients with both squamous and non-squamous NSCLC. Six RCTs enrolling 3,132 patients evaluated the clinical efficacy of dual immunotherapy versus chemotherapy or ICI monotherapy in different histology types.

In comparison to chemotherapy, dual immunotherapy resulted in a significant increase in OS (pooled HR = 0.64, 95% CI: 0.54–0.77, p < 0.00001, I2 = 0% for squamous and pooled HR = 0.75, 95% CI: 0.66–0.84, p < 0.00001, I2 = 0% for non-squamous) and PFS (pooled HR = 0.66, 95% CI: 0.54–0.80, p < 0.0001, I2 = 0% for squamous and pooled HR = 0.78, 95% CI: 0.69–0.89, p = 0.0002, I2 = 4% for non-squamous) in both squamous and non-squamous patients (Supplementary Figures S7, 8). The benefit of dual immunotherapy on ORR was only seen in patients with squamous histology type when compared with chemotherapy (pooled RR = 1.49, 95% CI: 1.17–1.88, p = 0.001, I2 = 0%) (Supplementary Figure 9).

However, regardless of histologic type, there was no significant difference between dual immunotherapy and ICI monotherapy in terms of OS and PFS (Supplementary Figures S7, 8), as it was only in non-squamous patients (pooled RR = 1.34, 95% CI: 1.07–1.69, p = 0.01, I2 = 0%) that the advantage of dual immunotherapy in terms of the response rate emerges (Supplementary Figure 9).




3.1.4 Subgroup analysis by other factors

The number of trials with available data of OS subgroup analysis between dual immunotherapy and chemotherapy is summarized in Table 2. Overall, there were some factors that might predict OS benefit from dual immunotherapy compared with chemotherapy. The following might acquire more OS advantages from dual immunotherapy: both male and female patients (male, pooled HR = 0.68, vs female, pooled HR = 0.80), with greater benefit in male patients (interaction, p < 0.00001); with younger age (<65 years, pooled HR = 0.69, vs ≥75 years, pooled HR = 0.96; interaction, p < 0.00001); in both ECOG PS = 0 and ECOG PS = 1 (PS = 0, pooled HR = 0.59, vs PS = 1, pooled HR = 0.76) and with greater benefit seen in patients with ECOG PS = 0 (interaction, p < 0.00001); smokers (smoker, pooled HR = 0.69, vs never-smoker, pooled HR = 1.00; interaction, p < 0.00001); no liver metastases (yes, pooled HR = 0.82, vs no, pooled HR = 0.69; interaction, p < 0.00001); in patients with and without bone metastases (yes, pooled HR = 0.70, vs no, pooled HR = 0.72 interaction, p < 0.00001); in patients with and without central nervous system (CNS) metastases (yes, pooled HR = 0.51, vs no, pooled HR = 0.74) and with a greater benefit in patients with CNS metastases (interaction, p = 0.0001); and with an anti-PD-1/L1 antibody (anti-PD-1, pooled HR = 0.73, vs anti-PD-L1, pooled HR = 0.87) and with a greater benefit with PD-1 antibody (interaction, p = 0.0004). Due to the limited data available, we did not analyze the OS subgroup between dual immunotherapy and ICI monotherapy.


Table 2 | Summary of OS hazard ratios in subgroup analysis comparing overall survival in patients who received dual immunotherapy vs chemotherapy.







3.2 Safety analysis

As for safety, we mainly evaluated any grade treatment-related adverse events, grade 3–4 adverse events, and AEs leading to treatment discontinuation. The number of patients included in each safety analysis is presented in Supplementary Tables 3, 4.

In general, there was no significant difference in any grade TRAEs between dual immunotherapy and any other therapy (pooled RR = 0.96, 95% CI: 0.89–1.03, p = 0.25, I2 = 88%). Subgroup analysis revealed that there were no significant differences between dual immunotherapy and chemotherapy in terms of the frequency of any grade TRAEs (RR = 0.89, 95% CI: 0.79–1.00, p = 0.05, I2 = 92%). However, when compared with ICI monotherapy, dual immunotherapy was associated with a significantly higher risk of any grade of TRAEs (pooled RR = 1.04, 95% CI: 1.00–1.07, p = 0.03, I2 = 0%) (Supplementary Figure 10A).

In terms of grade 3–5 TRAES, no significant difference existed between the dual immunotherapy group and the other treatment groups (pooled RR = 1.08, 95% CI: 0.89–1.30, p = 0.44, I2 = 80%). As shown in the subgroup analysis, there was no significant difference between dual immunotherapy and chemotherapy (pooled RR = 0.85, 95% CI: 0.62–1.16, p = 0.31, I2 = 88%). In contrast, it was easily noticed that dual immunotherapy led to a high risk of G3–5 TRAEs when compared to ICI monotherapy (pooled RR = 1.29, 95% CI: 1.15–1.44, p < 0.0001, I2 = 0%) (Supplementary Figure 10B).

In addition, we investigated irAEs between dual immunotherapy and ICIs alone. Consistent with our suspicion, compared with ICIs alone, dual immunotherapy increased all grade irAEs (pooled RR = 1.48, 95% CI: 1.14–1.93, p = 0.003) and grade 3–5 irAEs (pooled RR = 4.90, 95% CI: 1.41–17.01, p = 0.01) (Supplementary Figure S11). Additional safety analyses are summarized in Supplementary Tables 4, 5.




3.3 Risk of bias assessment

The overall quality assessment of all involved randomized controlled trials was evaluated according to Cochrane Collaboration’s tool by Review Manager 5.4.1. Overall, nine studies included in this meta-analysis were high-quality RCTs with large information at low risk of bias (Supplementary Figure S12). Moreover, to make our combined outcomes robust, we conducted a sensitivity analysis by omitting specific studies. The pooled values did not change significantly in the condition that any one study was omitted (Supplementary Figure 13).





4 Discussion

Because of the complexity of immunoregulatory mechanisms and the heterogeneity of tumor and host, it is envisioned that combination immunotherapies will be required to efficiently treat a larger proportion of cancer patients (32). Our analysis illustrates that dual immunotherapy resulted in a significant improvement in OS (pooled HR = 0.76) and PFS (pooled HR = 0.75) among all tested PD-L1 expression levels compared to standard chemotherapy for the first-line treatment of advanced NSCLC. Compared with chemotherapy, the benefit of dual immunotherapy is predominantly seen in patients with PD-L1 expression of more than 50%, which was associated with a 30% reduction in the risk of death and a 37% reduction in the risk of disease progression. Importantly, dual immunotherapy also showed great advantages in patients with PD-L1 expression of less than 1%, which was associated with a 28% reduction in the risk of death and an 18% reduction in the risk of disease progression compared with chemotherapy. Although there is no statistical difference between dual immunotherapy and ICI monotherapy with regard to OS and ORR, dual immunotherapy is associated with a superior PFS benefit compared with single-agent ICIs (pooled HR = 0.75); these clinical benefits are most apparent in the subgroup with PD-L1 expression of less than 25% (pooled HR = 0.77) for whom anti-PD-1 monotherapy has been insufficient. These results were similar to those of another study that found that in the low PD-L1 expression condition, it was evident that the outcome of the combination therapy (anti-PD-1/L1 plus anti-CTLA-4 antibody) was superior to that of anti-PD-1 monotherapy when compared to the high PD-L1 expression group (29). These results indicate that using the expression level of PD-L1 as a predictive biomarker for dual immunotherapy remains has multiple challenges. However, owing to the majority of NSCLC patients having tumors with low, negative, or undetectable PD-L1 (33), our investigations have expanded the treatment options of most patients.

Given that the tumor mutational burden in lung and other cancers is also a predictive biomarker for checkpoint inhibition, we evaluated the clinical effectiveness of dual immunotherapy in different levels of TMB. As we expected, in terms of the high TMB subgroup, the outcome of dual immunotherapy led to significantly increased OS and PFS when compared with chemotherapy (HR = 0.69 for OS and HR = 0.71 for PFS) and a slight increase when compared to ICIs alone (HR = 0.85 for OS and HR = 0.76 for PFS); patients treated with dual immunotherapy also tended to have better ORR even though it did not reach statistical significance (pooled RR = 1.28). This finding warrants further investigation and prospective research of tumor mutational burden as a predictive biomarker for dual immunotherapy.

With regard to histologic type, compared to chemotherapy, a significant improvement in the OS and PFS in favor of dual immunotherapy has been observed also within the squamous group (HR = 0.64 for OS and HR = 0.66 for PFS) and the non-squamous group (HR = 0.75 for OS and HR = 0.78 for PFS), an observation that is contrary to the earlier belief that patients with squamous histologic type derive less benefit from checkpoint inhibitors (34). Because of the limited treatment strategies and poor prognosis of squamous non-small cell lung cancer, our observations may provide a novel treatment option for squamous NSCLC.

In addition, this meta-analysis further revealed that dual immunotherapy produced better OS benefits in patients with the following characteristics: younger age (<75 years old), male gender, ECOG PS = 0, smoker, no liver metastasis, with bone metastasis, with CNS metastasis, and using PD-1 antibodies. In terms of immuno-oncology (IO) drugs, a previous network meta-analysis reported a similar finding that anti-PD-1 therapy was superior to anti-PD-L1 therapy in terms of both PFS and tumor response (35). This may be due to the fact that PD-1 has been identified as the key immune checkpoint for regulating T- and B-cell response thresholds to antigens and exerts a pivotal role in regulating their cellular functions (12).

Because of limited data availability, we have only further compared objective response rates in patients who were treated with dual immunotherapy versus chemotherapy plus single immunotherapy in two clinical trials. The result demonstrates that there was no significant difference between dual immunotherapy and PD-1/L1 + chemotherapy (pooled RR = 0.88) with respect to the ORR value. In another indirect meta-analysis, patients with PD-L1 ≥ 50% advanced NSCLC who were treated with IO + CT combination had the best increase in ORR among three different IO-based treatment strategies (including combo IO), but the clinical outcome of ORR did not translate into a relevant improvement of patients’ survival (19). However, the long-term clinical efficacy between dual immunotherapy and chemotherapy plus single immunotherapy still required head-to-head randomized controlled trials.

Apart from the anti-PD-1/L1 combined with anti-CTLA-4 or TIGIT antibody that We discussed in this research, there is another combination therapy such as anti-PD-L1/TGF-β, which also enhances the effect of anti-PD-1/PD-L1 and relieve drug resistance (36). Previous studies demonstrate that therapeutic co-administration of TGF-β-blocking and anti-PD-L1 antibodies reduced TGF-β signaling in stromal cells, facilitated T-cell penetration into the center of tumors, and provoked vigorous anti-tumor immunity and tumor regression (37). Bintrafusp alfa (M7824) is a first-in-class bifunctional fusion protein simultaneously targeting TGF-β and PD-L1. In the early clinical studies, M7824 showed encouraging activity in advanced solid tumors, especially in NSCLC (38, 39). While progress for such approaches in clinical trials has been more difficult, M7824 has to be terminated in the later multiple phase II or III clinical trials because of poor efficacy (40). Recently, bispecific antibody (BsAb) targeting TGF-β and murine PD-L1 (termed YM101) also showed a superior anti-tumor effect when compared to the monotherapies in preclinical studies. Different from M7824, YM101 was developed based on the symmetric tetravalency BsAb technology (36). Furthermore, oral stimulation of interferon genes (STING) agonists such as manganese and MSA-2 synergized with YM101 could enhance naive T-cell activation, which improved the efficacy of YM101 in immune-excluded or immune-desert tumor models (41, 42). These data illustrate that the anti-TGF-β/PD-L1 combination strategy might provide a choice for cancer patients resistant to immune checkpoint inhibitors.

Nevertheless, the main concern of oncologists about combination therapy is the magnified risk of adverse events (43). Our meta-analysis demonstrated that there was no significant difference in any grade TRAEs or grade 3–5 TRAEs between patients who received dual immunotherapy and chemotherapy. In contrast, compared with ICI monotherapy, dual immunotherapy significantly increased the risk of developing any grade TRAEs and grade 3–5 TRAEs. Similarly, dual immunotherapy also produced a significant increase in immune-related adverse events as compared to ICI monotherapy. The frequency of treatment-attributed deaths was similar in both dual immunotherapy and ICI monotherapy.

However, this meta-analysis also has some limitations. First, the tissue PD-L1 assay is evaluated by immunohistochemistry (IHC) as determined by different FDA-approved assays, and the assessment of tumor mutational burden was based on both tumor tissue samples and blood samples, which may result in slightly biased detection results. Second, the interpretation of the results should be treated with caution since CheckMate 9LA experimental group contains two cycles of chemotherapy, and CITYSCAPE is the only clinical trial containing a monoclonal antibody to TIGIT, which evolves as a significant source of heterogeneity that show in subgroup analysis. Lastly, because of limited data, when we performed subgroup analysis according to PD-L1 expression levels, the number of included studies in each subgroup was small, which made subgroup analysis still unconvincing and merely suggestive. Notwithstanding these limitations, our meta-analysis, including the latest follow-up data from nine randomized clinical trials, has systematically assessed the clinical efficacy and safety of dual immunotherapy compared with either chemotherapy or ICI monotherapy.




5 Conclusions

We conclude that compared to chemotherapy, dual immunotherapy produced durable long-term clinical benefits in patients with advanced NSCLC with greater or less than 1% PD-L1 expression. In addition, the clinical efficacy of dual immunotherapy is more competitive in patients with high expression of TMB, squamous histology, and distant metastases. However, in the comparison of dual immunotherapy with ICI monotherapy, dual immunotherapy does not show obvious clinical benefits or improved safety of treatment. Thus, for patients with PD-L1 expression of more than 50%, we suggest that single-agent immunotherapy be continued, as it has the best efficacy and tolerability profile. Furthermore, due to the advantages in efficacy and safety of dual immunotherapy when compared with standard chemotherapy, dual immunotherapy is an optimized first-line choice for advanced NSCLC patients, particularly those with low or negative PD-L1 expression.
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Background

Cuproptosis is a novel form of programmed cell death that differs from other types such as pyroptosis, ferroptosis, and autophagy. It is a promising new target for cancer therapy. Additionally, immune-related genes play a crucial role in cancer progression and patient prognosis. Therefore, our study aimed to create a survival prediction model for lung adenocarcinoma patients based on cuproptosis and immune-related genes. This model can be utilized to enhance personalized treatment for patients.





Methods

RNA sequencing (RNA-seq) data of lung adenocarcinoma (LUAD) patients were collected from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. The levels of immune cell infiltration in the GSE68465 cohort were determined using gene set variation analysis (GSVA), and immune-related genes (IRGs) were identified using weighted gene coexpression network analysis (WGCNA). Additionally, cuproptosis-related genes (CRGs) were identified using unsupervised clustering. Univariate COX regression analysis and least absolute shrinkage selection operator (LASSO) regression analysis were performed to develop a risk prognostic model for cuproptosis and immune-related genes (CIRGs), which was subsequently validated. Various algorithms were utilized to explore the relationship between risk scores and immune infiltration levels, and model genes were analyzed based on single-cell sequencing. Finally, the expression of signature genes was confirmed through quantitative real-time PCR (qRT-PCR), immunohistochemistry (IHC), and Western blotting (WB).





Results

We have identified 5 Oncogenic Driver Genes namely CD79B, PEBP1, PTK2B, STXBP1, and ZNF671, and developed proportional hazards regression models. The results of the study indicate significantly reduced survival rates in both the training and validation sets among the high-risk group. Additionally, the high-risk group displayed lower levels of immune cell infiltration and expression of immune checkpoint compared to the low-risk group.
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Introduction

Lung cancer (LC) is a prevalent form of cancer worldwide, and the number of cases is rising each year. Lung adenocarcinoma (LUAD) is the most common subtype of lung cancer, accounting for approximately half of all cases (1). Although there have been advances in cancer treatment, LUAD patients’ treatment outcomes are still unsatisfactory due to metastasis and recurrence. Therefore, there is an urgent need for new prognostic markers to evaluate patients’ prognosis and guide treatment decisions.

Copper is an essential trace element in the human body (2), but excess copper ions in cells can trigger a new form of cell death called cuproptosis (3–5). During this process, copper ions bind directly to fatty acylation components in the tricarboxylic acid cycle (TCA) in mitochondrial respiration, leading to the aggregation of fatty acylated proteins and the loss of iron-sulfur cluster proteins (6). This causes proteotoxic stress and ultimately results in cell death. Additionally, the tumor microenvironment (TME) (7–9) is composed of immune cells, stromal cells, extracellular matrix, and peripheral blood vessels, all of which have a significant impact on tumor growth, metabolism, and metastasis. Among these, immune cells play a crucial role (10, 11). Studies have shown that infiltrating immune cells in LUAD are closely related to tumor aggressiveness and patient prognosis (12, 13).

It is worth noting that there is a connection between copper and immunity. Previous studies have shown that copper is essential for the development and maintenance of the immune system. Copper deficiency can lead to a reduction in immune cells (14). In the immune system, T cells and B cells are crucial components (15). Copper deficiency may hinder the development of T cells and affect their function. Some studies have suggested that copper can also affect the proliferation and activity of T cells (16, 17). Copper deficiency can lead to a decreased ability of the human immune system to respond to various diseases and infections. In addition, copper is also critical for the function of B cells (18). Copper deficiency can affect the ability of B cells to secrete immunoglobulin, thereby reducing the body’s protection against pathogens (18). Interleukin-2 is also an important immune molecule in the immune system and is one of the important factors that activate T cells (18). However, in the case of copper deficiency, the production of interleukin-2 is suppressed, affecting the activation ability of T cells, thus leading to a decrease in the body’s immune response to pathogens, which makes it susceptible to various infections and diseases. Moreover, copper also participates in the synthesis of a large number of antioxidant enzymes, including superoxide dismutase and glutathione peroxidase (19). These enzymes have the function of clearing free radicals in the body, protecting immune cells from oxidation damage, and enhancing the body’s resistance (19). Recent studies have also found that copper can affect the expression of PD-L1 in cancer cells, which is a key signaling pathway for immune evasion (20). Overall, copper plays a very important role in the immune system.In this study, we aim to investigate the value of cuproptosis and immune-related genes (CIRGs) on the prognosis and immunotherapy of LUAD patients through innovative bioinformatics methods. By examining this relationship, we can improve personalized treatment for patients.





Materials and methods




Data resources

This study obtained RNA sequencing (RNA-seq) data, clinical data, single cell sequencing data, and simple nucleotide variation data from the Genomic Data Commons (GDC) and The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/). RNA-seq data and clinical data were also obtained from the National Center for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/, ID: GSE68465, GSE72094, GSE37745). Additionally, 19 cuproptosis-related genes were obtained from literature sources.





Identification of genes associated with cuproptosis and immune

First, we cleaned up missing values in the RNA-seq and clinical data. We selected GSE68465 as the training set and used the “GSVA” R package to perform single sample gene set enrichment analysis (ssGSEA) on all samples in the training set, obtaining scores for immune cell infiltration and immune function, including aDCs, APC co-inhibition, APC co-stimulation, B cells, CCR, CD8+ T cells, Check-point, Cytolytic activity, DCs, HLA, iDCs, Inflammation-promoting, Macrophages, Mast cells, MHC class I, Neutrophils, NK cells, Parainflammation, pDCs, T cell co-inhibition, T cell co-stimulation, T helper cells, Tfh, Th1 cells, Th2 cells, TIL, Treg, Type I IFN Response, Type II IFN Response. Based on the results of ssGSEA (21) on the training set, we used weighted gene co-expression network analysis (WGCNA) (22) to screen for immune-related genes. We used the “PickSoftThreshold” function to automatically select a soft threshold value and performed scale-free and average connectivity analysis on modules with different power values. Then, we obtained corresponding dissimilarity matrix (1-TOM) and topological overlap matrix (TOM). We performed Pearson correlation analysis on the co-expression modules based on ssGSEA scores. The module with the highest correlation with immune indicators was selected as the immune-related genes (IRGs) screened by WGCNA. To validate the WGCNA-screened IRGs, we used the “clusterProfiler” and “enrichplot” R packages for KEGG (Kyoto Encyclopedia of Genes and Genomes) and GO (Gene Ontology) enrichment analysis to demonstrate the relationship between IRGs and immunity.

Based on the results of “ConsensusClusterPlus” R package and ssGSEA, we performed consensus clustering analysis on the samples in GSE68465. We increased the clustering variable (K) from 2 to 10 and found the optimal K value, which provided the highest intra-cluster correlation and the lowest inter-cluster correlation. We used the “survival” and “survminer” R packages for Kaplan-Meier (KM) analysis of the CRG-related clusters to compare differences in overall survival (OS). Then, we used the “DeSeq2” R package for differential analysis of clustering (|log2FC|≥1 and FDR<0.05), and the analysis result was new IRGs. Subsequently, we used ssGSEA, Cibersort, and Estimate algorithms to obtain immune scores to validate the effectiveness of immune clustering.

Next, we obtained 18 cuproptosis genes from the literature and also performed unsupervised clustering to divide them into two clusters. We then performed survival, clinical, and immune-related analysis on the cuproptosis related clusters. The intersection of the genes selected by the above three methods is the CIRGs.





Establishment and validation of CIRG prognostic model

Univariate Cox analysis was performed on CIRGs to screen out genes related to survival with statistical significance (P<0.05). Five machine learning algorithms, including decision trees, random forests, LASSO, GBDT, and XGBoost, were used to evaluate the weights of CIRGs related to survival and calculate their average values. The top ten genes were selected to construct a LASSO Cox model using the R package “glmnet”. The best penalty coefficient (λ) was selected using ten-fold cross-validation. All samples were divided into high and low-risk groups based on the median value of the risk score in the training set. The high-risk and low-risk groups were analyzed using KM analysis, and the accuracy of the model was evaluated using ROC analysis with the R package “timeROC”. Additionally, a heatmap was used to show the differences in T stage, N stage, sex, and age between the high-risk and low-risk groups in terms of risk score and clinical information. Finally, a nomogram combining risk scores and clinical data was constructed, and correction curves were plotted.





Analysis of survival and immune infiltration of OCIRGs

We performed a series of analyses on OCIRGs, which are core genes used to build our model. First, we selected the optimal survival-related cut-off value for OCIRG expression using the R packages “survminer” and “survival”, and analyzed the difference in survival between patients with high and low expression of OCIRG. Additionally, we batch-corrected and combined RNA-seq data from the GSE68465 and TCGA LUAD cohorts, and analyzed whether OCIRG expression differed between tumor and normal tissues. We also used CIBERSORT (23)., a tool for analyzing immune cell infiltration levels through gene expression profiling assessment, to evaluate the correlation between the expression levels of OCIRGs and the infiltration levels of various immune cells.





Enrichment analysis related to pathway and function

GSEA (Gene Set Enrichment Analysis) and GSVA (Gene Set Variation Analysis) (24) are important tools for enrichment analysis. In this study, both methods were used to analyze the pathways and functions associated with the risk model. KEGG (Kyoto Encyclopedia of Genes and Genomes) enrichment analysis was performed using GSEA software (version 4.2.3). GO enrichment analysis evaluates gene molecular function, cellular components, and biological processes at three levels. Additionally, GSVA was used to analyze the correlation between risk score and popular pathways, including Hippo, Wnt, MAPK, PI3K/AKT, TGF-β, NF-kB, Notch, AMPK, JAK-STAT, PD-1/PD-L1, mTOR, Ras, TNF, HIF-1, and ErbB.





Exploration of tumor immune microenvironment

In this study, we explored the role of the tumor immune microenvironment in cancer by evaluating the level of immune cell infiltration using various algorithms from TIMER2.0, such as TIMER, CIBERSORT, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC. We analyzed the differences in immune cell infiltration between high-risk and low-risk groups. In addition, we used ssGSEA to evaluate immune cell infiltration levels and immune function. We also examined the expression levels of immune checkpoints and analyzed differences between the high-risk and low-risk groups

Furthermore, we used the ESTIMATE algorithm to assess the relationship between tumor purity and risk scores, including estimated score, immune score, and stromal score. It is important to note that the tumor immune microenvironment plays a crucial role in cancer development and treatment. By analyzing immune cell infiltration levels and immune function, we can better understand the mechanisms underlying cancer and potentially develop new treatment strategies.





Analysis of associations between risk subtypes and mutational landscapes

We obtained single nucleotide polymorphism (SNP) data of LUAD from the TCGA database. Using MAFTOOL software, we displayed the top-ranked mutated gene maps in the high-risk and low-risk groups, along with their mutation types and frequencies, and assessed the correlation between mutation counts and risk scores. Additionally, we analyzed the tumor mutational burden (TMB) in the high-risk and low-risk populations.





Characterization of OCIRGs by single-cell RNA sequencing

Single-cell RNA-seq data of 15 LUAD samples were obtained from GSE131907 in the GEO database. The sequencing data was analyzed based on the “Seurat” R package, and high-quality cells were screened out using the “CreateSeuratObject” function, where “PercentageFeatureSet” was used to calculate the percentage of mitochondrial genes in each cell. Quality control was performed according to the following criteria: retained genes were expressed in at least 3 cells; cells with less than 50 gene expression were eliminated; the percentage of ribosomal genes was less than 20%. Normalize the filtered data using the “LogNormalize” method in the “NormalizeData” function. “FindVariableFeature” was used to identify highly variable genes, followed by principal component analysis (PCA) using the “RunPCA” function to reduce the dimensionality of the single-cell sequencing data based on the top 1500 genes. The “jackstraw” function identified important PCs, and the top 20 PCs were selected for cell clustering analysis using a distributed stochastic neighborhood embedding (t-SNE) algorithm. Cell clusters were tool-annotated using the “FindAllMarkers” function to calculate the DEG for each cluster.





Immunohistochemistry validation of the protein expression levels of OCFRGs

Five Lung adenocarcinoma tissue chips were purchased from Shanghai Outdo Biotech Company (Shanghai, China). Each tissue chip includes 45 cancer tissues and 45 paracancerous tissues. CD79B (rabbit polyclonal, catalog number: ab134147, Abcam), PEBP1 (rabbit polyclonal, catalog number: ab76582, Abcam), PTK2B (rabbit polyclonal, catalog number: ab32571, Abcam), STXBP1 (rabbit polyclonal, catalog number: ab124920, Abcam): ab126512, Abcam) and ZNF671 (rabbit polyclonal, catalog number: JP39176, Product Datasheet). The results of the immunohistochemical staining were scored. Semiquantitative scoring was performed according to the staining intensity and the percentage of positive cells: No staining, pale yellow (light yellow particles), medium (brown yellow particles), and heavy (dark brown particles) were scored as 0, 1, 2, and 3, respectively. According to the percentage of positively stained cells in the total number of cells, 0% was scored as 0, 5% to 25% was scored as 1; 26% to 50% was scored as 2; 51% to 75% was scored as 3; and >75% was scored as 4 points. The final score was the sum of the staining intensity and the percentage of positive cells. The sum of the staining intensity and the percentage of positive cells was less than 6 for the low expression group and ≥ 6 for the high expression group. Five 400x high-power fields were randomly selected for each section, the staining intensity and percentage of positive cells were scored in each field, and the average value was calculated. The immunohistochemical staining results were microscopically adjudicated by two pathologists in an independent, double-blind manner.





Quantitative real-time polymerase chain reaction (qRT-PCR)

Normal lung epithelial cells BEAS-2B cells and four human lung adenocarcinoma cell lines A549, H1299, PC9, and H23 were obtained from the Central Laboratory of Shandong Provincial Hospital. PCR ARRAY was obtained from Shanghai Outdo Biotech Company (Shanghai, China). Total RNA was extracted using TRIzol reagent (Invitrogen, USA). Complementary DNA (cDNA) was synthesized using the PrimeScript RT kit (Takara).





Western blotting

Cells were lysed in cold Radioimmunoprecipitation assay (RIPA) buffer. The same amount of protein was subjected to SDS-PAGE, and then transferred to PVDF (polyvinylidene fluoride) membrane. Block with nonfat dry milk containing TBST for 1 h. The primary antibody (western blot and IHC universal primary antibody) was diluted according to the instructions and incubated overnight at 4°C. After washing with TBST, the secondary antibody was added and incubated for 1 hour at room temperature. After washing the membrane, it was developed using enhanced chemiluminescence (ECL) chromogenic solution.





Transfection of cell lines

CD79B specific siRNA and negative control siRNA for human were purchased from RiboBio Co. Ltd. (Guangzhou, China). The siRNA sequences are shown in Supplementary Table S2. RT-qPCR analysis was performed 72 hours post-transfection to examine the transfection efficiency.





CCK-8 assay

Cell proliferation was measured using the CCK-8 assay. A549 and H1299 cells were seeded in 96-well plates, cultured for 0, 24, 48, and 72 h, and incubated with CCK-8 solution for 1h in the dark. Absorbance values were measured at 450 nm using a microplate reader.





Colony formation assay

A549 and H1299 cells were cultured in 6-well tissue culture plates for 1 week until colonies were formed. Then, the cell colonies were fixed with 0.5% polyformaldehyde (Servicebio, Beijing, China) for 25 minutes and stained using 2.5% methylene violet dye for 15 minutes. After washing, the cell colonies were recorded and counted.





Wound healing assay

In the wound-healing assay, 24-well plates were used to seed cells. Using a sterile tip, cells were scratched perpendicular to the previously painted line. After imaging the scratch wounds with a light microscope, cell migration was measured at time points of 0 and 24 h.





Transwell assay

Transwell assays were conducted with 24-well transwell chambers to evaluate the cellular invasiveness of A549 and H1299 cell lines. The cells were introduced into upper chambers either with or without Matrigel in serum-free culture medium. The lower chambers were supplied with 10% serum-containing culture medium (600 μl). After 24 hours, the cells were immobilized and stained.





Statistical analysis

All statistical tests and bioinformatics analyzes in this study were completed using R (for version 4.0.1) and GSEA software (for version 4.2.3). These include the Wilcoxon rank sum test, Pearson chi-square test, T test, and logarithmic sum test. p<0.05 was considered statistically significant.






Results




Identification of cuproptosis/immune-related genes

The specific process of this study is shown in Figure 1. First we perform WGCNA based on the results of the training set ssGSEA. Use the “pickSoftThreshold” function in the “WGCNA” R package to automatically select a soft threshold of 7 (Figure 2A). Multiple gene modules were divided by a dynamic cutting method, and then all modules were clustered using the “mergeCloseModules” function to obtain the final module (Figure 2B). We used Pearson correlation analysis and selected the most correlated module as “yellow” (Figure 2C), which contained a total of 1090 immune-related genes. To prove the correlation between “yellow” module genes and immunity, we used KEGG and GO databases to conduct enrichment analysis on them. KEGG results show that the “yellow” module genes are mainly enriched in Primary immunodeficiency, Antigen processing and presentation, Cell adhesion molecules, Chemokine signaling pathway, Phagosome, Intestinal immune network for IgA production, Inflammatory bowel disease, B cell receptor signaling pathway, Th17 cell Differentiation, NF−kappa B signaling pathway, Natural killer cell mediated cytotoxicity, Th1 and Th2 cell differentiation, Cytokine−cytokine receptor interaction and other functions and pathways (Figure S1). The results of GO are positive regulation of leukocyte activation, regulation of leukocyte cell−cell adhesion, regulation of T cell activation, mononuclear cell differentiation, leukocyte mediated immunity, leukocyte cell−cell adhesion, immune response−regulating signaling pathway, T cell activation MHC protein complex, MHC class II protein complex binding, MHC protein complex binding, cytokine receptor activity, immune receptor activity (Figure S2).




Figure 1 | Work flow of the study. This figure shows the construction process and subsequent analysis of the CIRG model. *P<0.05, **P<0.01, ***P<0.001.






Figure 2 | CIRG were screened by WGCNA. (A) The distribution and trends of the scale free topology model fit and meanconnectivity along with soft threshold. (B) The clustering of genes among different modules by the dynamic trees cut andmerged dynamic method. The gray modules represent unclassified genes. (C) Average correlation between multiplemodules and tumor development, levels of immune cell infiltration. The color of the cell indicates the strength of thecorrelation and the number in parentheses indicates the P-value for the correlation test. (D) Consensus clustering matrix with K-2:443 lung adenocarcinoma patient were divided into two cuproptosis-related cluster. (E–G) Different sis of immune fractions in SSGSEA, Estimate. Cibersort in immune-related clusters. *P<0.05, **P<0.01, ***P<0.001.



We performed unsupervised clustering of the 443 LUAD samples in GSE68465 to obtain subgroup types associated with the ssGSEA data. Evaluate the cluster value (K) is 2-10 results. The results showed that when K = 2, the within-group relationship was strongest and the cluster stability of each group was the best (Figure 2D). Furthermore, to further explore immune-related clusters, we validated them with various immune-related algorithms. In the ssGSEA algorithm, cluster2 is in aDCs, B cells, CD8+ T cells, DCs, iDCs, Macrophages, Mast cells, Neutrophils, pDCs, T helper cells, Tfh, Th1 cells, TIL, Treg, APC co inhibition, APC co stimulation, The scores of CCR, Check-point, Cytolytic activity, HLA, Inflammation-promoting, Parainflammation, T cell co-inhibition, T cell co-stimulation, Type I IFN Reponse, and Type II IFN Reponse were all higher than cluster1 (Figure 2E), There is a statistical difference (p<0.05). In the Estimate algorithm, the immune score of cluster2 was higher than that of cluster1 (Figure 2F), which was statistically significant (p<0.001). In addition, in the Cibersort algorithm, the infiltration levels of memory B cells, monocytes, resting dendritic cells, and resting mast cells in cluster C2 were higher than those in C1, and there was a statistically significant difference (p<0.05, Figure 2G). Differential analysis was performed on the clusters related to IRG, and 5098 new IRGs were screened (|logFC|≥1, p<0.05).

Screening of CRGs is still obtained by unsupervised clustering. At this time, the stability of clustering is the best when K=2 (Figure S3). The copper death-associated clusters differed in survival (Figure 3A), and the expression of copper death genes differed between the two clusters (Figure 3B). CRGs-related clusters differed in the abundance of immune cell infiltrates (Figure 3C). Differential analysis was performed on the clusters related to CRGs, and 7275 CRGs were screened out (|logFC|≥1, p<0.05). A total of 386 CIRGs were obtained by intersecting the genes screened by the above method (Figure 3D).




Figure 3 | Co-screening ofCIRGS by WGCNA and cuproptosis clustering. (A) Kaplan-Meier survival curves for patients in the two clusters. (B) Differences in the expression of cuprotosis-related genes between the two clusters. (C) CRGs-related clusters differed in the abundance ofimmune cell infiltrates. (D) Through WGCNA SSGSEA. unsupervised clustering and other algorithms, a total of 386 CIRGs was obtained. *P<0.05, **P<0.01, ***P<0.001.







Development of the CIRG model

Univariate cox analysis was used to evaluate CIRGs associated with survival (Figure 4A). Based on five machine learning algorithms, the weights associated with CIRG survival were evaluated and the top ten genes (Table 1) were used to construct the LASSO cox model (Figures 4B, C). The risk score is calculated as follows:




Figure 4 | Development of risk profiles in LUAD patients collected from the GEO cohort GSE68465. (A) Univariate Coxregression of 44 GIRGs in LUAD. (B) LASSO regression of the top 10 CIRGs with survival weights screened by machine learning. (C) Cross-validation in the LASSO regression for optimizing parameter selection. (D) Distribution of LUAD patients based on risk scores. (E) Distributions of OS status, OS and risk scores. (F) KM curves for OS of LUAD patients in different clusters. (G) ROC curves of this signature.




Table 1 | The quantified importance of prognostic cuproptosis/immune-related messenger genes by machin learning.



	

The median risk score of the training set samples was used as a cutoff value to divide all patients into high-risk and low-risk groups (Figure 4D). High-risk patients had significantly shorter survival time and higher mortality (Figure 4E), and the high-risk and low-risk groups were well separated (Figure S4-5). KM analysis showed that there was a significant difference in survival between the high-risk and low-risk groups in the training set (p<0.001), and the survival of high-risk patients was significantly shortened (Figure 4F). Furthermore, from the results of the ROC analysis, the AUC values at 1 year, 3 years, and 5 years were 0.751, 0.705, and 0.669, respectively (Figure 4G). Through cox analysis, we found that age (HR=1.032, 95% confidence interval (CI)=1.018-1.046, p<0.001), T stage (HR=1.955, 95% confidence interval (CI)=1.170-1.712, p < 0.001), N stage (HR=1.415, 95% confidence interval (CI)=1.658-2.304, p<0.001), risk score (HR=2.656, 95% confidence interval (CI)=1.609-4.386, p<0.001) is an independent prognostic factor (Table 2).


Table 2 | Independent analysis of training set patients.







Validation of prognostic models and analysis of clinical characteristics

Three cohorts were selected as the verification set, and KM analysis showed that the survival of the TCGA cohort, GSE72094, and GSE37745 middle- and high-risk groups was lower than that of the low-risk group (Figure 5A), and there were statistical differences (TCGA: p<0.001, GSE72094: p<0.001, GSE72094: p<0.001) 0.001, GSE37745: p=0.013). In addition, it was verified that the ROC curves performed well (Figure 5B). The results of Chi-square test showed that patients with later T stage and N stage had higher risk scores. The Sankey diagram showed that the survival status of patients with advanced stage was worse, and the proportion of dead patients was higher. We constructed a nomogram, in which T stage (p<0.001), N stage (p<0.001), age (p<0.001), riskscore (p<0.01) were all statistically significant (Figures 5E, F).




Figure 5 | Validation of risk models, prognostic clinical value and nomogram. (A) Survival curves of high and low risk group in the validation set (TCGA cohort, GSE37745). (B) AUC values of ROC curves for risk scores in the validation set (TCGA cohort, GSE72094, GSE37745). (C) Different stratification of clinical phenotypes in the high- and – low-risk groups. (D) Connection among the risk subtypes, vital status, T stage and N stage stratification. (E) Nomogram for 1-3,and 5-years overall survival prediction. The red line show an example of how to predict the prognosis. (F) Calibration plots for agreement tests between predicted and actual OS. *P<0.05, **P<0.01, ***P<0.001.







Validation of OCIRGs

We performed further analyzes on the genes that built the model. KM analysis showed that when OCIRG was highly expressed, the survival time of patients was shorter when the expression was lower (Figure 6A). Wilcoxon rank sum test showed that the expression of CD79B in OCIRG in LUAD was higher than that in normal tissues, and that of PEBP1, PTK2B, STXBP1, and ZNF671 was vice versa (Figure 6B). In terms of immune cell infiltration, the expression level of CD79B (Figure 6C) had the highest positive correlation with the infiltration level of B cells memory (R=0.38, p<0.001), and the highest negative correlation with Follicular helper T cell (R=-0.23, p <0.001). The expression level of PEBP1 (Figure 6D) had the highest positive correlation with resting mast cells (R=0.21, p<0.001), and the highest negative correlation with activated memory CD4 T cells (R=-0.3, p<0.001). The expression level of PTK2B (Figure 6E) had the highest positive correlation with memory B cells (R=0.29, p<0.001), and the highest negative correlation with activated dendritic cells (R=-0.16, p<0.001). The expression level of STXBP1 (Figure 6F) had the highest positive correlation with resting dendritic cells (R=0.28, p<0.001), and the highest negative correlation with Macrophages M1 (R=-0.32, p<0.001). The expression level of ZNF671 (Figure 6G) had the highest positive correlation with gamma delta T cells (R=0.18, p<0.001), and the highest negative correlation with activated NK cells (R=-0.19, p<0.001).




Figure 6 | Validation of OCIRGS. (A) Kaplan-Meier curves of OS for high- and low-risk patients in the training sets and merged validation sets. (B) Expression changes of OCIRGS between normal and tumor tissues. (C–G) Associations between OCFRGs and immune-infiltrating levels. The color represents the significance. The greener, the more significant. The circle size represents the correlation coefficients.







Enrichment analysis associated with risk subtypes

According to the biological analysis of GSEA software, CELL CYCLE, CITRATE CYCLE TCA CYCLE, MISMATCH REPAIR, P53 SIGNALING PATHWAY were active in the high-risk group, and B CELL RECEPTOR SIGNALING was active in the low-risk patients (Figure 7A). GO functional analysis mainly involves chromosomes, mitosis and other functions (Figure 7B). The results of GSVA enrichment analysis showed that CELL CYCLE, DNA REPLTCATION, etc. were enriched in the high-risk group, and INTESTINAL IMMUNE NETWORK FOR IGA PRODUCTION, TYROSINE METABOLISM, ARACHIDONIC ACID METABOLISM, etc. were enriched in the low-risk group (Figure 7C). In addition, TNF, ErbB, HIF-1, JAK-STAT, Ras, PD-1/PD-L1, MAPK, Wnt, Hippo pathways, etc. were all correlated with the risk score (Figure 7D).




Figure 7 | Biological functions. (A) Significant enriched pathways in the high- and low-risk groups. The extremum located in the left part indicates a positive association between risk scores and pathway activity, and vice versa. (B) Barplot graph for GO enrichment, with bar length representing the degree of enrichment and color representing the degree of difference. (C) There were significant differences in pathways between high and low risk groups. The blue bars represent a positive correlation between risk scores and pathway activity, and the opposite is true for yellow bars. (D) Correlations between Riskscore and important pathways in tumors.







Analysis of risk subtypes and tumor immunity

Analysis of the TIMER database showed that there were differences in the abundance of immune cell infiltration in the high- and low-risk groups, and the infiltration of CD8+ T cells, T cells, B cells, Neutrophil, and Myeloid dendritic cells in the low-risk group was significantly higher than that in the high-risk group (Figure 8A). As for the results of ssGSEA, it is divided into two parts: immune cells and immune function. The infiltration abundance of aDCs, B cells, CD8+ T cells, iDCs, Macrophages, Mast cells, Neutrophils, pDCs, T helper cells, Tfh, Th1_cells, TIL, T reg in the low-risk group was higher, only DCs in the high-risk group Infiltration levels were high in the risk group (Figure 8B), while in the low-risk group, APC co-stimulation, CCR, Check−point, Cytolytic activity, HLA, Inflammation−promoting, Parainflammation, T cell co−inhibition, T cell co− The levels of stimulation, Type I IFN Response, and Type II IFN Response were higher (Figure 8C), and all of them were statistically significant. In terms of immunotherapy, many immune checkpoints, including PD1 (PDCD1), were highly expressed in the low-risk group by Wilcox test analysis (Figure 8D). Subsequently, the correlation analysis between tumor purity and risk score showed that the immune scores ImmuneScore (R=-0.29) and StromalScore (R=-0.22) and the comprehensive score ESTIMATEScore (R=-0.27) were negatively correlated with the risk score, and there was a statistical academic significance (Figure 8E).




Figure 8 | Immune-related analysis. (A) The relationships of risk and tumor immune-infiltrations according to the evidence from the TIMER database. (B, C) The differences of tumor infiltrating of 16 cell types and score of immune pathways between the risk groups by ssGSEA. The lines in the boxes represent the median values. The black dots represent outliers. Asterisks indicate significance. (D) The differences of expression level of immune checkpoints between the high-and-low-risk subtypes. The lines inside the boxes represent the median values, and the lines outsides the boxes indicate the 95% confidence interval. (E) The correlation between tumor purity and risk scores. The blue lines represent ftted lines, and the gray area represents the 95% confidence interval. The mountain graphs at the top and stuck to the right represent the density of distribution. *P<0.05, **P<0.01, ***P<0.001.







Mutation landscape analysis

Analysis of gene mutation status in the high- and low-risk groups showed that the mutation frequencies of TP53, TTN, MUC16, and CSMD3 in the high-risk group were higher than those in the low-risk group (Figures S6, 7). Mutations include synonymous mutations and non-synonymous mutations, and the number of mutations of the three are positively correlated with the risk score, and there is a statistical difference (Figures S8-10).





Overview of the scRNA-seq data generated from LUAD

We obtained single-cell sequencing data for 12 samples from GSE168410. A total of 57223 cells were obtained by screening the total cells according to the intracellular gene features, the percentage of chromosome genes, etc. A total of 26 cell clusters were obtained (Figure 9A). We used tools to annotate the cell subsets, namely, T cells, NK cells, Macrophage, Epithelial cells, B cells, Smooth muscle cells, Monocyte, Endothelial cells (Figure 9B). To investigate the expression of marker genes in different cells, we visualized them with t-SNE and violin plots (Figures 9C, D). CD79B was highly expressed in B cells, while PEBP1 was highly expressed in various types of cells in the tumor microenvironment.




Figure 9 | Verification of OCIRGs through sc-RNA seq. (A, B) tSNE plots of cells generated from LUAD tissue. The plots are colored by cell cluster, and the cells are clustered into 8 sub-clusters. Each dot represents a LUAD cell. (C) The expression of signature genes in LUAD visualized in tSNE. (D) Violin plots depicting the expression of signature genes in clusters of LUAD. The y axis shows the normalized read count. t-SNE:t-distributed stochastic neighbor embedding.







Verification of OCIRGS expression

For the expression of OCIRGs, we have conducted a series of experimental verification. The results of immunohistochemicals show that the expression of CD79B and PTK2B in lung adenocarcinoma is higher than tissue next to cancer. PEBP1 and STXBP1 are opposite, while Znf671 has no difference in expression next to tumors and cancer (Figure 10A). Then Western bloting is the same as IHC expressed in normal lung epithelial cell BEAS-2B and non-small cell lung cancer cells A549, H1229, PC9, and H23 (Figure 10B).




Figure 10 | Verification of OCIRGS expression. (A) IHC verification of the expression level of OCIRGS in the LUAD tissue and surrounding tissue. (B) Western Bloting verifies the expression of OCIRGS in 1 normal cell strain and three types of LC cells. (C, D) PCR verification OCIRGS’s expression level. *P<0.05, **P<0.01, ***P<0.001.



In order to further verify, we conducted PCR experiments using cells and tissues, and the results obtained are still the same as the above experiments (Figures 10C, D).





Functional assessment of CD79B in vitro

In A549 and H1299 cell lines, the expression level of CD79B was significantly reduced after knockdown of CD79B mRNA (Figure 11A; ***P<0.001, **P<0.01). The activity of pancreatic cancer cells was also significantly reduced after CD79B knockdown in A549 and H1299 cell lines (Figure 11B; ***P<0.001, **P<0.001). Subsequently, colony formation analysis showed that the ability of A549 and H1299 cell lines to form colonies was significantly increased after CD79B knockdown (Figure 11C; **P<0.01, **P<0.01). The migration ability of A549 and H1299 cell lines in wound healing experiments was significantly increased after CD79B knockdown (Figure 11D; **P<0.01, *P<0.05). Knockdown of CD79B significantly reduced the invasive ability of A549 and H1299 cell lines (Figure 11E; **P<0.01, ***P<0.001) in transwell experiments.




Figure 11 | Validates the role of the key gene CD79B in lung cancer cell lines in vitro. (A) Knockdown of CD79B significantly reduced its expression in A549 and h1299 cell lines (**P<0.01, **P<0.001). (B) After CD79B knockdown in A549 and H1299 cell lines, the activity of lung adenocarcinoma cells was significantly enhanced (**P<0.01, *** (P<0.001). (C) Clonogenic assays showed a significant increase in the ability of A549 and H1299 cell lines to form colonies after CD79B knockdown (**P<0.01). (D) The si-NC group in the wound healing experiment of A549 and H1299 cell lines showed weaker migration ability than the si-CD79B group (*P<0.05, **P<0.01). (E) Knockdown of CD79B enhanced the invasion ability of A549 and H1299 cell lines (**P<0.01, *** (P<0.001).








Discussion

In the past ten years, humans have made many breakthroughs in lung cancer research, and targeted drugs and immunotherapy drugs have been continuously updated. The multidisciplinary treatment model and new therapeutic drugs have brought new hope to the treatment of lung cancer (25). However, the survival time of lung cancer has not improved significantly. The high mortality rate of lung cancer is still a difficult problem to solve. We still need to explore new robust markers to guide clinical treatment decisions. In 2022, cuproptosis was first proposed as a new cell death mode related to TCA cycle (26, 27). The emergence of cuproptosis has brought a new research direction to the treatment of tumors, and immunity is undoubtedly the focus of tumor research, and there is a certain relationship between the two. In addition, previous studies have not analyzed the two together. To address the shortcomings of previous studies, this study innovatively associates cuproptosis with immune function. By analyzing the CIRG-related prognosis model using bioinformatics methods, the study evaluates the value of prognosis and immune therapy for LUAD patients. The results show that the prognosis model related to copper death and immune function can accurately predict the prognosis and level of lung cancer immune cell infiltration in LUAD patients. In addition, this model can guide clinicians to make personalized treatment decisions and provide a basis for the study of lung adenocarcinoma and tumor microenvironment.

In this study, we screened and analyzed 5 OCIRGs (CD79B, PEBP1, PTK2B, STXBP1, ZNF671), and further analyzed the prognosis model constructed for OCIRGs. This includes analysis of the tumor immune microenvironment, enriched functional pathways in the risk subtypes, and analysis of OCIRGs in single-cell sequencing.

CD79b Molecule (CD79B) is a critical component of the B cell receptor complex, which can recognize antigens and affect the growth and differentiation of B cells by activating an internal signaling pathway. CD79B, along with CD79A, IgH, and IgL chain molecules, forms a complex that participates in the activation of the B cell receptor (BCR) signaling pathway (28, 29). CD79B plays different roles in different lymphoma types. In mucosa-associated lymphoid (MALT) lymphoma, the chronic activation of the CD79B/BTK pathway enhances the proliferation of lymphoma cells (30). In diffuse large B-cell lymphoma, it increases cell proliferation, survival, and invasion capabilities and is widely mutated (30, 31). Polatuzumab (32, 33), an antibody drug conjugates(ADC) antibody drug targeting CD79B, binds to the CD20 antigen, inhibiting B cell growth and proliferation in the CD79B region, and has been proven to have therapeutic effects in specific types of lymphomas, such as DLBCL and EMZL refractory or relapsed cases. Therefore, CD79B may become a biomarker for lymphoma and provide valuable assistance for early prediction, diagnosis, and treatment of lymphoma. Currently, there is no in-depth study of the biological mechanism of CD79B in lung cancer. This study’s results show that CD79B is highly expressed in LUAD and is associated with a good prognosis. In addition, the expression level of CD79B is positively correlated with the abundance of memory B cell infiltration, confirming their close association in LUAD. As a tumor suppressor gene, when the expression of CD79B decreases, the vitality, proliferation, migration, and invasion capabilities of non-small cell lung cancer cells increase, indicating that CD79B may have some biological significance in tumor treatment and is worth studying further. Phosphatidylethanolamine Binding Protein 1 (PEBP1) is a critical protein in various biological processes. Studies have shown that PEBP1 is closely related to the occurrence, metastasis, and prognosis of various cancers. In non-small cell lung cancer (NSCLC), PEBP1 has been proven to be one of the key proteins regulating the proliferation and metastasis of lung cancer cells. Its function mainly involves affecting the tumor’s radiosensitivity (34), regulating JAK/STAT3 (35), inhibiting NF-κB (36), controlling the TGF-β of cells and inhibiting (36) MAPK/ERK signaling pathways (37). In NSCLC, the expression level of PEBP1 is closely related to the severity of lung cancer and patients’ prognosis. Overexpression of PEBP1 can significantly inhibit the proliferation, migration and invasion of lung cancer, reduce tumor size, and the probability of distant metastasis (38). In addition to lung cancer, PEBP1 plays a regulatory role in multiple cancers such as breast cancer (39, 40), prostate cancer (41) and ovarian cancer (42). Downregulation of PEBP1 expression can promote tumor development and metastasis, while overexpression of PEBP1 can inhibit tumor metastasis and is of significant importance for patients’ prognosis and treatment. In immune infiltration analysis, the expression of PEBP1 is positively correlated with quiescent mast cells, which may be related to PEBP1’s negative regulation of mast cell activation. Protein Tyrosine Kinase 2 Beta (PTK2B) is a tyrosine kinase protein that plays a very important role in cell growth, apoptosis, and signal transduction (43). Recent studies have shown that PTK2B plays an important role in many cancers. In non-small cell lung cancer (NSCLC), PTK2B activation can cause many cellular biological processes, including proliferation, differentiation, migration, invasion, and apoptosis (44–46). In addition to lung cancer, PTK2B also plays different roles in other types of cancers. In breast cancer (47), PTK2B overexpression is associated with tumor growth and recurrence, playing a role in countering BMP, a protein that controls cell growth and differentiation. In liver cancer (48, 49), PTK2B expression is associated with tumor invasion behavior and poor prognosis. Database analysis has also shown high expression of PTK2B in lung adenocarcinoma tissue, which is correlated with a good prognosis. Immune infiltration analysis shows that PTK2B expression is positively correlated with the abundance of memory B cell infiltration. Studies have also shown that PTK2B phosphorylation is critical for TLR9-driven B cell proliferation and differentiation, thereby affecting memory B cell infiltration abundance. Syntaxin Binding Protein 1 (STXBP1) is an important protein that mainly participates in regulating the fusion of intracellular granule membranes and plays a role in the cell’s killing function and immune regulation processes (50). It is one member of the Munc protein family, widely present in eukaryotic cells, and participates in the fusion and release processes of granule membranes (50). STXBP1 plays a crucial role in tumor cell killing and granule cell granule membrane fusion. In addition, abnormal expression of STXBP1 also plays an important role in many diseases. It has been reported that STXBP1 is highly expressed in LUAD (51), which is different from this study’s results. This study analyzed and experimentally verified the LUAD data from TCGA and GEO databases, and the results showed that STXBP1 was lowly expressed in tumors. Taken together, it may be due to the different sample sizes selected by the two studies or the different treatment methods included in the samples. Zinc Finger Protein 671 (ZNF671) is a zinc finger transcription factor gene that belongs to the KRAB-ZF transcription family (52). During cell development, this gene participates in many important biological processes by binding to specific sequences on DNA. Previous studies have shown that ZNF671 is a tumor suppressor gene that is silenced by epigenetic modifications (53). This gene has different functional states in different cancer types, including apoptosis, cell cycle, DNA damage and repair, anaerobic conditions, inflammation, invasion and metastasis, proliferation, and stemness. Recent studies have found that the expression level of ZNF671 in non-small cell lung cancer is associated with an increased risk of disease progression and metastasis (54). ZNF671 can suppress the growth and spread of lung cancer by inhibiting the Wnt/β-catenin signaling pathway (54). The Wnt/β-catenin signaling pathway is a complex cellular signaling pathway that participates in regulating cell fate, proliferation, differentiation, and cell polarity, among other processes. The pathway is closely related to the occurrence and development of lung cancer. ZNF671 plays an important role in regulating this signaling pathway, and its regulatory mechanism may involve the participation of multiple molecules and signaling pathways. ZNF671 expression is significantly correlated with the prognosis of LUAD, but its expression does not differ significantly between normal and tumor tissues. The results on the training set are not statistically significant. Then we analyzed the TCGA LUAD dataset, which showed that ZNF671 was downregulated in tumor tissues compared to normal tissues, with statistical differences, but the difference was not significant (p=0.04). In addition, both cell-level and tissue-level experimental results were not significant. In conclusion, there should be no difference in the expression of ZNF671 between normal and tumor tissues.The proportional hazards regression model in this study was also constructed based on the above five OCIRGs. Through functional analysis, it can be found that cell cycle, citrate cycle tca cycle, mismatch repair, p53 signaling pathway, etc. are active in the high-risk group, and only B cell receptor signaling_pathway plays a greater role in the low-risk group. Among them, cell cycle is mainly related to tumor cell proliferation (55, 56), and enrichment in high-risk groups will increase risk factors. The TCA cycle is the hub of energy metabolism (57, 58) and is directly related to cuproptosis. In addition, when the expression of tumor suppressor genes and oncogenes of cancer cells is out of regulation, they will rely heavily on TCA cycle for energy metabolism, and the maintenance of TCA cycle can promote cancer metastasis (59). DNA mismatch repair (MMR) maintains genome stability, as gene mutations can promote cancer initiation and progression (60, 61). In addition, the risk score was positively correlated with scores of pathways such as TNF, ErbB, and HIF-1, and negatively correlated with scores of signaling pathways such as JAK-STAT, Ras, PD-1/PD-L1, MAPK, Wnt, and Hippo. The obtained results can also be used in subsequent studies of models and pathways.

Through the different algorithms of TIMER and ssGSEA, consistent results were obtained, and the infiltration abundance of most immune cells in the high-risk group was lower. This also confirmed the poor prognosis of the high-risk group from the side. Immune checkpoints and TMB are important tumor immunotherapy markers. The results obtained in this study show that the expression of immune checkpoints in the high-risk group is lower than that in the low-risk group, and most importantly, PD1, a clinically applied marker, is also included. The opposite results were obtained for TMB, with higher TMB in the high-risk group, and a high TMB indicating that patients responded better to immunotherapy. Considering that the human body is a huge system with complex regulatory mechanisms, further research is needed.

scRNA-seq analysis showed that PEBP1 was highly expressed in various cells in the tumor microenvironment, including T cells, NK cells, Macrophage, Epithelial cells, B cells, Smooth muscle cells, Monocyte, and Endothelial cells. Therefore, we speculate that there is an important relationship between the expression of PEBP1 and immune activation and immune microenvironment. On the other hand, CD79B is highly expressed in B cells, which is also consistent with previous reports.





Conclusion

In this study, we screened genes in LUAD using bioinformatics and machine learning methods, and picked out 5 OCIRGs to build a prognosis model. Using this model, the prognosis and abundance of immune infiltrates in LUAD patients can be accurately predicted. Based on this model, it can guide clinicians to make personalized treatment decisions, and also provides an important basis for the study of LUAD and tumor microenvironment.
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Overall survival

Group No. of studies No of patients HR (95% CI) Interaction, p 1 (%)
Sex

Male 3 1,478 0.68 (0.61, 0.77) <0.00001 <0.00001 0%
Female 3 649 0.80 (0.67, 0.97) 0.02 0%
Age

<65 years 3 1,117 1 0.69 (0.60, 0.79) [ <0.00001 <0.00001 [ 0%
65-75 years 3 877 072 (0.62, 0.84 <0.0001 0%
275 years 2 183 0.96 (0.69, 1.34) 0.81 1%
ECOG PS

0 2 620 [ 0.59 (0.42, 0.84) 0.003 <0.00001 57%
1 2 1,255 0.76 (0.67, 0.86) <0.0001 0%

Smoking status

Never-smoker 3 311 1.00 (0.76, 1.31) 0.99 <0.00001 0%
Smoker 3 1,853 0.69 (0.62, 0.77) <0.00001 0%
Histology type

Squamous 3 625 0.64 (0.54, 0.77) <0.00001 <0.00001 0%
Non-squamous 3 1,552 0.75 (0.66, 0.84) <0.00001 0%

Liver metastasis
Yes 2 406 v 0.82 (0.66, 1.02) 0.08 <0.00001 0%
No 2 1,479 0.69 (0.61, 0.78) <0.00001 0%
Bone metastasis
Yes 2 523 0.70 (057, 0.85) 0.0003 <0.00001 0%
No 2 1,362 0.72 (0.63, 0.81) <0.00001 0%

CNS metastasis

Yes 2 237 0.51 (0.29, 0.89) 0.02 0.0001 70%
No 2 1,648 0.74 (0.66, 0.83) <0.00001 0%
10 drug

Anti-PD-1 2 1,885 0.73 (0.66, 0.81) <0.00001 0.0004 0%
Anti-PD-L1 4 2,673 0.87 (0.76, 0.99) 0.03 50%

ECOG PS, Eastern Cooperative Oncology Group performance status; 10, immuno-oncology; ONS, central nervous system.
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Anti-PD-1 inhibitor: nivolumab and pembrolizumab. Anti-PD-L1 inhibitor: durvalumab and atezolizumab. Anti-CTLA-4 inhibitor: ipilimumab and tremelimumab. Anti-TIGIT inhibitor:

tiragolumab.

Treatment arm Control arm Number of Median Squamous
patients age
Nivolumab + ipilimumab Chemotherapy 583 vs 583 64 vs 64 674 vs 28 vs 27.8
66
Nivolumab + ipilimumab + Chemotherapy 361 vs 358 65 vs 65 70 vs 70 31vs 31
chemotherapy
Durvalumab + tremelimumab Chemotherapy 372 vs 372 66 vs 64 715 vs 28.8 vs 28.5
67.2
Durvalumab + tremelimumab Durvalumab (BTMB 64 vs 77 66 vs 67 73.4vs 39.1 vs 37.7
> 20) 75.3
Durvalumab + tremelimumab Durvalumab (BTMB 204 vs 209 65 vs 64 69.6 vs 27.9 vs 282
<20) 68.9
Nivolumab + ipilimumab Nivolumab 125 vs 127 67 vs 68 66 vs 68 100 vs 100
Pembrolizumab + ipilimumab Pembrolizumab- 284 vs 284 64 vs 65 71.1vs 27.1 vs 28.5
placebo 67.3
Durvalumab + tremelimumab Soc 174 vs 118 63 vs 65 66.1 vs 24.1 vs 23.7
68.6
Durvalumab + tremelimumab Durvalumab 174 vs 117 63 vs 63 66.1 vs 24.1vs 24.8
624
Durvalumab + tremelimumab Tremelimumab 174 vs 60 63 vs 64 66.1 vs 24.1vs 25
65
Tiragolumab + atezolizumab Atezolizumab-placebo 67 vs 68 68 vs 68 58 vs 71 40 vs 41
Durvalumab + tremelimumab Soc (global)* 410 vs 413 NR 724 vs NR
73.8
Durvalumab + tremelimumab Soc (China)® 78 vs 82 NR 76.9 vs NR
69.5
Durvalumab + tremelimumab + Soc 338 vs 337 63 vs 63 79.6 vs NR
Soc 736
Durvalumab + tremelimumab + Durvalumab + Soc 338 vs 338 63 vs 64 79.6 vs NR
Soc 74.9

Soc, standard of care chemotherapy; BTMB, blood tumor mutational burden; NR, not reported.

“Participants in global cohort.
PParticipants in China cohort.
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Design diversity Design diversity

H1 143 x 10° 720 x 10° H3(9) 3.67 x 10° 259 x10°
H2 9.72x 10° 1.83 x 10° H3(10) 5.15x 10° 1.82 x 10°
L1 2.15 x 10° 2.09 x 10° H3(11) 520 x 10° 446 x 10°
12 143 x 10* 5.04 x 10° H3(12) 587 x 10° 220 x 10°
L3 357 x10° 8.82x10° H3(13) 6.13x10° 7.56 x 10°
H3(3)" 6.86 x 10° 3.68 x 10" H3(14) 631x10° 8.00 x 10°
H3(4) 1.30 x 10° 5.06 x 10* H3(15) 5.05 x 10° 4.00 x 10°
H3(5) 248 x 10° 433x107 H3(16) 4.05 x 10° 268 x 10°
H3(6) 224 x 107 537 x 10° H3(17) 3.40 x 10° 1.59 x 10°
H3(7) 1.05 x 10° 441 x 10° H3(18) 1.96 x 10° 154 x 10°
H3(8) 1.77 x 10° 329x10°

“H3(3): CDRH3 length 3 (length of 3 amino acids).
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Species Phage ELISA Hit rate®

(positive/

screened)
1 Protein (TIM3) Human 772/1632 47% 204
2 Protein (TGF-B) Human 91/96 95% 29
3 Protein (B7H3) Human 134/192 70% 23
4 Peptide (CCR5) Human 237/1056 22% 45
5 Protein (BA)" Bacterium 166/192 86% 26

“Protein (BA): Bacterium recombinant protein, undisclosed target.
*Defined as number of positive clones divided by the number of screened clones.





OPS/images/fimmu.2023.1089395/fimmu-14-1089395-g002.jpg
21 sub-Libs (containing in-frame CDR sequences)

OO

Step 1. PCR amplification of CDR fragments

=‘_

O

3~18 aa
Step 2. PCR to assemble 16 scFv insert fragments
3~18 aa
H1 H2 H3 L1 L2 L3
Step 3. Library construction ‘ VH

Phagemid
library with
scFv variants, g|||






OPS/images/fimmu.2023.1089395/fimmu-14-1089395-g003.jpg
CDR1  CDR2

VH Linker

CDR3 CDR1

CDR2

Amino acid composition

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

30 31 32 33 34 35

Amino acid composition

Frequency (%)

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

CDR-H3 length distribution
14%

12%
10%
8%
6%
4%
2%

0%
3 456 7 8 910111213 1415161718 19

myY
w
mv
BT
mS
=R
mQ
mP
mN
M
mL
mK
ml
OH
mG
mF
mE
mD
mC

50 51 52 52a53 54 55 56 57 58 ™A





OPS/images/fonc.2023.1146905/fonc-13-1146905-g003.jpg
A

Hazard Ratio
IV, Random, 95% CI

Hazard Ratio
r I 1 1Zare i E_Weit IV, Random, 95% CI
2.1.1 PD-L1 <25%
ARCTIC, 2020 -0.0194 0.1437 21.5% 0.98[0.74, 1.30]
ARCTIC, 2020 -0.2377 0.1745 19.2% 0.79[0.56, 1.11]
The Lung-MAP S14001, 2021 0.0114 0.2497 14.1% 1.01[0.62, 1.65]
Subtotal (95% CI) 54.9% 0.92[0.75, 1.12]

Heterogeneity: Tau? = 0.00; Chiz = 1.12, df = 2 (P = 0.57); I* = 0%
Test for overall effect: Z = 0.87 (P = 0.39)

2.1.4 PD-L1 <50%

CITYSCAPE, 2022 0.153 0.26 13.6%
Subtotal (95% CI) 13.6%
Heterogeneity: Not applicable

Test for overall effect: Z = 0.59 (P = 0.56)

2.1.5PD-L1=>50%

CITYSCAPE, 2022 -1.4687 0.4254 7.2%

Keynote 598, 2022 0.0461 0.1064 24.4%
Subtotal (95% CI) 31.6%
Heterogeneity: Tau® = 1.05; Chi* = 11.93, df = 1 (P = 0.0006); I* = 92%
Test for overall effect: Z = 0.87 (P = 0.39)

1.17[0.70, 1.94]
1.17 [0.70, 1.94]

0.23[0.10, 0.53]
1.05 [0.85, 1.29]
0.52[0.12, 2.28]

a4
—=

T

-

&

Total (95% Cl) 100.0% 0.89 [0.69, 1.15] <
:ieler'ogenexwl:l T?fu’ = g.oso; ;D:i(’: 12.5;; df =5 (P = 0.02); I = 64% oo 0f1 b 1’0 s
‘est for overall effect: Z = 0. =0.
Test for subaroun differences: Chiz = 1.37. df = 2 (P = 0.61). 1= 0% Favofs fduslimminethersey] - Fayolrs [ICls alonil
B Hazard Ratio Hazard Ratio
r re Hazard Rati SE_Weight IV, Random, 95% CI IV, Random, 95% Cl
2.2.1 PD-L1<25%
ARCTIC, 2020 -0.1362 0.1273 20.7% 0.87[0.68, 1.12] N
ARCTIC, 2020 -0.3984 0.1607 18.7% 0.67 [0.49, 0.92] =
The Lung-MAP S14001, 2021 -0.3981 0.2518 13.6% 0.67 [0.41, 1.10] =T
Subtotal (95% CI) 53.1% 0.7 [0.64, 0.93] *
Heterogeneity: Tau? = 0.00; Chi? = 1.99, df = 2 (P = 0.37); I = 0%
Test for overall effect: Z = 2.79 (P = 0.005)
2.2.4 PD-L1<50%
CITYSCAPE, 2022 0.068 0239 14.3% 1.07 [0.67, 1.71] I
Subtotal (95% CI) 14.3% 1.07 [0.67, 1.71]
Heterogeneity: Not applicable
Test for overall effect: Z = 0.28 (P = 0.78)
2.2.5 PD-L1=50%
CITYSCAPE, 2022 -1.266  0.322 10.5% 0.28[0.15, 0.53] —_——
Keynote 598, 2022 -0.0101 0.1024 22.2% 0.99[0.81, 1.21]
Subtotal (95% CI) 32.7% 0.55 [0.16, 1.87] &
Heterogeneity: Tau? = 0.73; Chi® = 13.82, df = 1 (P = 0.0002); I* = 93%
Test for overall effect: Z = 0.96 (P = 0.34)
Total (95% CI) 100.0% 0.75 [0.58, 0.98] R 2
Heterogeneity: Tau? = 0.07; Chi? = 17.92, df = 5 (P = 0.003); I = 72% 0.01 01 1 10 100

Test for overall effect: Z = 2.07 (P =
T S wdiranr o BRSPS

.04)
200 df=2(P=0237\ I12=0N%

Favours [dual immunotherapy] Favours [ICls alone]
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A

Hazard Ratio

Hazard Ratio

Study or Subgroup log[Hazard Ratio]  SE Weight IV, Random. 95% Cl IV, Random.95%Cl

1.3.2PD-L1<1%

ARCTIC, 2020 -0.5164 0.204 4.7% 0.60 [0.40, 0.89] -

Checkmate 227part1, 2022 -0442 0118  9.5% 0.64[0.51, 0.81] -

Checkmate 9LA, 2021 -0.4006 0.1392  7.9% 0.67 [0.51, 0.88] -

MYSTIC, 2020 -0.3171 0.1818  5.6% 0.73[0.51, 1.04] -/

NEPTUNE, 2022 -0.5149 0.3155  2.3% 0.60[0.32, 1.11] - I

NEPTUNE, 2022 0.0702 0.1587  6.7% 1.07 [0.79, 1.46] I

Subtotal (95% Cl) 36.9% 0.72[0.60, 0.86] L 4

Heterogeneity: Tau? = 0.02; Chi? = 8.69, df =5 (P = 0.12); I? = 42%

Test for overall effect: Z = 3.65 (P = 0.0003)

1.3.3PD-L1=>1%

Checkmate 227part1, 2022 -0.2681 0.083 12.8% 0.76 [0.65, 0.90] -

Checkmate LA, 2021 -0.3482 0.1182  9.5% 0.71[0.56, 0.89] -

MYSTIC, 2020 0.0021 0.0962 11.4% 1.00 [0.83, 1.21] =

Subtotal (95% CI) 33.7%  0.82[0.67, 1.00] |

Heterogeneity: Tau? = 0.02; Chi? = 6.65, df = 2 (P = 0.04); I = 70%

Test for overall effect: Z = 1.93 (P = 0.05)

1.3.5 PD-L1=>50%

Checkmate 227part1, 2022 -0.4141 01223  9.2% 0.66 [0.52, 0.84] =

Checkmate 9LA, 2021 -0.4035 0.1903  5.3% 0.67 [0.46, 0.97] ]

MYSTIC, 2020 -0.2561 0.1652 6.4% 0.77 [0.56, 1.07] /I

NEPTUNE, 2022 -0.2274 0.1558  6.9% 0.80[0.59, 1.08] /T

NEPTUNE, 2022 -0.7756 0.3722 1.7% 0.46 [0.22, 0.95]

Subtotal (95% Cl) 29.5% 0.70 [0.61, 0.81] <&

Heterogeneity: Tau? = 0.00; Chi? = 2.60, df = 4 (P = 0.63); I = 0%

Test for overall effect: Z = 4.72 (P < 0.00001)

Total (95% Cl) 100.0% 0.74[0.67, 0.82] *

Heterogeneity: Tau? = 0.01; Chi? = 21.93, df = 13 (P = 0.06); I = 41% 0'1 0'2 05 3 é é 1'0

Test for overall effect: Z = 5.76 (P < 0.00001) N . Y

Test for subaroun differences: Chit = 1.51. df = 2 (P = 0.47). = 0% Favours [Puatimmunotherspy] Favours(chemothersey]
B

Hazard Ratio Hazard Ratio

Study or Subgroup log[Hazard Ratio]  SE Weight IV.Random.95%Cl  IV.Random.95%Cl

1.42PD-L1<1%

ARCTIC, 2020 -0.2668 0.2074  5.5% 0.77[0.51, 1.15] — = |

Checkmate 227part1, 2022 -0.3033 0.1232 11.3% 0.74[0.58, 0.94] —

Checkmate 9LA, 2021 -0.3949 0.142  9.5% 0.67 [0.51, 0.89] -

NEPTUNE, 2022 0.1185 0.3279  2.5% 1.13[0.59, 2.14] I

NEPTUNE, 2022 0.103 0.1601 8.1% 1.11[0.81, 1.52] =3 il

Subtotal (95% CI) 37.0%  0.82[0.67,1.01] >

Heterogeneity: Tau? = 0.02; Chi* = 7.16, df = 4 (P = 0.13); |2 = 44%

Test for overall effect: Z = 1.89 (P = 0.06)

1.43 PD-L1=>1%

ARCTIC, 2020 -0.0577 0.1826  6.7% 0.94 [0.66, 1.35] N

Checkmate 227part1, 2022 -0.2132  0.088 15.6% 0.81[0.68, 0.96] TE

Checkmate LA, 2021 -0.4046 0.1175 11.9% 0.67 [0.53, 0.84] —

Subtotal (95% CI) 34.2% 0.78 [0.66, 0.92] >

Heterogeneity: Tau? = 0.01; Chiz = 3.01, df = 2 (P = 0.22); I = 34%

Test for overall effect: Z = 2.93 (P = 0.003)

1.4.4 PD-L1=>50%

Checkmate 227part1, 2022 -0.5147 0.1226 11.4% 0.60[0.47, 0.76] s

Checkmate SLA, 2021 -0.533 0.183 6.7% 0.59[0.41, 0.84] T s

NEPTUNE, 2022 -0.4348 0.3361 2.4% 0.65 [0.34, 1.25] - |

NEPTUNE, 2022 -0.3013 0.1588 8.2% 0.74[0.54, 1.01] _—

Subtotal (95% Cl) 28.7% 0.63 [0.54, 0.75] L 2

Heterogeneity: Tau? = 0.00; Chi? = 1.36, df = 3 (P = 0.72); I = 0%

Test for overall effect: Z = 5.48 (P < 0.00001)

Total (95% CI) 100.0% 0.75[0.67, 0.83] <

Heterogeneity: Tau? = 0.01; Chiz = 16.79, df = 11 (P = 0.11); I* = 34% = oz o5 ' 24 1 -

Test for overall effect: Z = 5.27 (P < 0.00001)
Test for subaroun differences: Chiz = 4 74 df

2(P=009) |12=57 8%,

Favours [Dual immunotherapy]

Favours [chemotherapy]
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A

Hazard Ratio Hazard Ratio

Study or Subgrou, log[Hazard Ratio] SE Weight IV, Fixed. 95% CI IV, Fixed, 95% CI
4.1.2 Dual immunotherapy vs chemotherapy
ARCTIC, 2020 -0.2228 0.1385 4.7% 0.80[0.61, 1.05] [
Checkmate 227part1, 2022 -0.3026 0.0654 21.0% 0.74 [0.65, 0.84 =Br
Checkmate 9LA, 2021 -0.3226 0.0876 11.7% 0.72[0.61, 0.86] ==
MYSTIC, 2020 -0.0702 0.0844 12.6% 0.93[0.79, 1.10 -
NEPTUNE, 2022 0.0157 0.079 14.4% 1.02[0.87, 1.19] O
NEPTUNE, 2022 -0.3581 0.1918 24% 0.70[0.48, 1.02
POSEIDON, 2022 -0.2593 0.0875 11.7%  0.77 [0.65, 0.92] TR
Subtotal (95% CI) 78.7% 0.82[0.77,0.87] ¢
Heterogeneity: Chi = 15.41, df = 6 (P = 0.02); I?=61%
Test for overall effect: Z = 5.93 (P < 0.00001)
4.1.3 Dual immunotherapy vs ICls alone
ARCTIC, 2020 -0.0194 0.1437 4.4% 0.98[0.74, 1.30 -1
ARCTIC, 2020 -0.2377 0.1745 3.0% 0.79[0.56, 1.11 -
CITYSCAPE, 2022 -0.3767 0.2267 1.7%  0.69[0.44, 1.07] B
Keynote 598, 2022 0.0461 0.1064 7.9% 1.05[0.85, 1.29] T
The Lung-MAP $14001, 2021 -0.1335 0.1439  4.3% 0.88[0.66, 1.16] -1
Subtotal (95% CI) 21.3% 0.93[0.81, 1.05] <>
Heterogeneity: Chi? = 4.25, df = 4 (P = 0.37); I*= 6%
Test for overall effect: Z = 1.20 (P = 0.23)
Total (95% Cl) 100.0% 0.84[0.79, 0.89] ¢

ity: Chiz = = = |2 = 519
Heterogeneity: Chi? = 22.47, df = 11 (P = 0.02); I* = 51% o5 o : 2

Test for overall effect: Z = 5.81 (P < 0.00001)
Test for subaroup differences: Chi? = 2.81. df = 1 (P = 0.09). I = 64.4%

Hazard Ratio

Favours [Dual immunotherapy] Favours [control]

Hazard Ratio

_Study orSubgroup _ log[Hazard Ratio] SE Weight IV, Fixed, 95% CI 1V. Fixed, 95% Cl
4.2.2 Dual immunotherapy vs chemotherapy
ARCTIC, 2020 -0.2588 0.1371 48% 0.77[0.59, 1.01
Checkmate 227part1, 2022 -0.2382 0.0678 19.5% 0.79[0.69, 0.90 =
Checkmate 9LA, 2021 -0.4078 0.0878 11.6% 0.67 [0.56, 0.79] -
MYSTIC, 2020 0.2238 0.0893 11.2%  1.25[1.05, 1.49] -
NEPTUNE, 2022 -0.0571 0.1868 26% 0.94[0.65, 1.36] -1
NEPTUNE, 2022 0.0732 0.0777 14.8% 1.08[0.92, 1.25] ™
POSEIDON, 2022 -0.3308 0.0918 10.6%  0.72[0.60, 0.86] .
Subtotal (95% Cl) 75.1%  0.87 [0.81, 0.93] *
Heterogeneity: Chi* = 40.79, df = 6 (P < 0.00001); I* = 85%
Test for overall effect: Z = 4.12 (P < 0.0001)
4.2.3 Dual immunotherapy vs ICls alone
ARCTIC, 2020 -0.3984 0.1607  3.5%  0.67[0.49, 0.92] N
ARCTIC, 2020 -0.1362 0.1273  55% 0.87[0.68, 1.12 =T
CITYSCAPE, 2022 -0.4809 0.1972 2.3% 0.62[0.42,0.91 D
Keynote 598, 2022 -0.0101 0.1024  85% 0.99[0.81,1.21 -1
The Lung-MAP $14001, 2021 -0.2324 0.1336 5.0% 0.79[0.61, 1.03] =
Subtotal (95% CI) 24.9% 0.83[0.74,0.94] L 4
Heterogeneity: Chi? = 7.20, df = 4 (P = 0.13); I = 44%
Test for overall effect: Z = 3.01 (P = 0.003)
Total (95% Cl) 100.0% 0.86 [0.81, 0.91] ¢
Heterogeneity: Chi? = 48.30, df = 11 (P < 0.00001); 12 = 77% sz 0:5 ' 2

Test for overall effect: Z = 5.07 (P < 0.00001)
Test for subaroun differences: Chi2=031 df=1 (P =058) I12=0%

Favours [Dual immunotherapy] ~Favours [control]
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HCC stage Therapeutic Study Phase Total ORR i i Line of

regimen patient  (RECIST1.1) therapy
number (months)
Advanced HCC Nivolumab/ NCT01658878 1 148 32% (95% CI, NA 22.8 (95% First-line
(not eligible for surgical and/or ipilimumab (CheckMate 20-47) CI, 9.4-not
locoregional tderapies or progressive 040) (15) vs. reached)
disease after surgical and/or 27 (95% CI, vs.
locoregional tderapies) 15-41) 12.5 (95%
CIL 7.6-
16.4)
Advanced HCC Tremelimumab/ NCT03298451 il 1171 20.1% (95% 3.8 (95% 16.4 (95% First-line
(not eligible for locoregional tderapy) durvalumab (HIMALAYA) CI, NA) CI, 3.7-5.3) CI, 14.2-
(16) vs. vs. 19.6)
5.1% (95% CI, 4.1 (95% vs.
NA) CI, 3.8-5.5) 13.8 (95%
CI, 12.3-
16.1)
Advanced HCC Cabozantinib/ NCT03755791 it 837 13% (95% CI, 6.8 (99% 15.4 (96% First-line
[not amenable to a curative treatment Atezolizumab (COSMIC- 8.9-17.6) CI, 5.6-8.3) CI, 13.7-
approach (e.g., transplant, surgery, (vs. sorafenib) 312) (17) vs. vs. 17.7)
ablation tderapy) or locoregional 5% (95% CI, 4.2 (99% vs.
tderapy (e.g., TACE)] 1.8-10.4) CI, 2.8-7.0) 15.5 (96%
(HR 0.63; CI, 12.1-
99% CI, NE)
0.44-0.91; P (HR 0.90;
=0.0012) 96% CI,
0.69-1.18;
P=0.44)
Unresectable HCC Tremelimumab NCT02519348 /1 332 24.0% (95% 2.2 (95% 18.7 (95% Subsequent-
(immunotderapy-naive; have eitder +durvalumab (18) CI, 14.9-35.5) CI, 1.9-5.5) CI, 10.8- line
progressed on, are intolerant to, or vs. vs. 283) vs.
refused treatment witd sorafenib or 10.6% (95% 2.1 (95% 136 (95%
anotder approved TKI) CI, 54-18.1) CI, 1.8-3.4) CI, 8.7-17.6)
Advanced or metastatic and/or Atezolizumab/ NCT02715531 b 119 20% (95% CI, 5.6 (95% NE First-line
unresectable HCC (not amenable to a Bevacizumab (GO30140) 11-32) CI, 3.6-7.4)
curative approach) (vs. (19) vs. vs.
atezolizumab) 17% (95% CI, 3.4 (95%
(group F) 8-29) CI, 1.9-5.2)
(HR 0.55;
80% CI,
0.40-0.74;
P=0.011)
Unresectable HCC Lenvatinib+ NCT03006926 b 104 36.0% 8.6 22 First-line
(HCC for which no otder appropriate | pembrolizumab  (KEYNOTE- (95% CI,266- | (95% CI, (95% CI,
tderapy is available) 524) (20) 46.2) 7.1-9.7) 20.4-NE)
Locally advanced or metastatic and/or Atezolizumab/ NCT03434379 it 501 27.3% (95% 6.9 (95% 19.2 (95% First-line
unresectable HCC Bevacizumab (IMbrave150) CI, 22.5-32.5) CI, 5.7-8.6) CI, 17.0-
(vs. sorafenib) (1) vs. vs. 237)
119 (95% CI, 4.3 (95% vs.
7.4-18.0) CI, 4.0-5.6) 13.4 (95%
(HR CL 114-
0.65;95% 16.9)
CI, 0.53- (HR 0.66;
0.81; 95% CI,
P<0.001) 0.52-0.85;
P<0.001)

CI, confidence interval; HR, hazard ratio; NA, not available; NE, not estimable; NR, not reached; ORR, objective response rate; OS, overall survival; PFS, progression-free survival; RECIST 1.1,

Response Evaluation Criteria in Solid Tumors 1.1; ICI, immune checkpoint inhibitor; HCC, hepatocellular carcinoma.
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Univariate Multivariate
Characteristics
95%Cl 95%ClI
Age 1.026 1.013-1.040 <0.001 1.032 1.018-1.046 <0.001
T stage 1.654 1.376-1.987 <0.001 1.955 1.170-1712 <0.001
N stage 1.993 1.694-2.344 <0.001 1415 1.658-2.304 <0.001
Risk score 3.020 2013-5.071 <0.001 2656 1.609-4.386 <0.001

HR, hazard ratio;

CI, confidence interval.
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anti-CD40(G28.5)-
1gG1

anti-CD40(G28.5)-
1gG1-LC : GpL

Anti-CD40(ADC)-
1gG1

Anti-CD40(CP-
8...)-1gG1

anti-TNFR2(68/
69)-1gG1(N297A)

GpL-TNC-CD40L

TNFR2(ed)-GpL

TNFR2(ed)-CRDI-
4-GpL

TNFR2(ed)-CRDI1-
3-GpL

TNFR2(ed)-CRD1-
2-GpL

TNFR2(ed)-CRD1-
GpL

3xVHH(V12t)-Fc
(DANA)

3xVHH(4H04)-Fc
(DANA)

VHH(V12t)-Fe

'VHH(4H04)-Fc-
GpL

VHH(1D10V1)-Fe-
GpL

VHH (hzC06)-Fc-
GpL

3xVHH(V120)-Fc-
GpL

3xVHH(hzC06)-
Fc-GpL

Rec. anti-CD40 IgG1 Ab clone G28.5

Rec. anti-CD40 IgG1 Ab clone G28.5 with GpL domain on C-terminus
of LC

Rec. anti-CD40 IgG1 Ab clone ADC1013

Rec. anti-CD40 IgG1 Ab clone CP-870/983

Rec. anti-TNFR2 IgG1(N297A) Ab clone SBT-002 (or 68/69)

GpL domain fused to the N-terminus of the tenascin C trimerization
domain followed by the extracellular domain of CD40L

TNFR2 ectodomain followed by GpL

CRD1-CRD4 of TNFR2 ectodomain followed by GpL

CRD1-CRD3 of TNFR2 ectodomain followed by GpL

CRD1-CRD2 of TNFR2 ectodomain followed by GpL

CRD1 of TNFR2 ectodomain followed by GpL

Three copies of CD40-spec. VHH fused to N-terminus of DANA-
mutated human IgG1 Fc

Three copies of 41BB-spec. VHH fused to N-terminus of DANA-
mutated human IgG1 Fe

CD40-spec. VHH fused to N-terminus of human IgG1 Fc

41BB-spec. VHH fused to N-terminus of human IgG1 Fc followed by
GpL

OX40-spec. VHH fused to N-terminus of human IgG1 Fc followed by
GpL

GITR-spec. VHH fused to N-terminus of human IgG1 Ec followed by
GpL

Three copies of CD40-spec. VHH fused to N-terminus of human IgG1
Fe followed by GpL

Three copies of GITR-spec. VHH fused to N-terminus of human IgG1
Fc followed by GpL

For sequences and references to the source of sequences, please see supplemental data.

CD40-spec., FeyR binding competent, FcyR-dependent agonism

CD40-spec., FcyR binding competent, luminescent reporter domain,
FeyR-dependent agonism

CD40-spec., FcyR binding competent, FcyR-dependent agonism,
blocking antibody

CD40-spec., FcyR binding competent, FcyR-dependent agonism, non-
blocking antibody

TNER2-spec., strongly reduced FeyR binding, blocking antibody

CDA40 binding, luminescent reporter domain

Luminescent

Luminescent

Luminescent

Luminescent

Luminescent

CD40-spec., strongly reduced FcyR binding, intrinsic agonism,
blocking antibody

41BB-spec., strongly reduced FcyR binding, intrinsic agonism

CD40-spec., FcyR binding competent, FcyR-dependent agonism;
blocking antibody

41BB-spec., FcyR binding competent, luminescent reporter domain,
FcyR-dependent agonism, blocking antibody

OX40-spec., FcyR binding competent, FcyR-dependent agonism,
luminescent reporter domain

GITR-spec., FcyR binding competent, luminescent reporter domain,
moderate intrinsic agonism, FcyR-enhanced agonism

CD40-spec., FeyR binding competent, luminescent reporter domain,
intrinsic agonism, blocking antibody

GITR-spec., FyR binding competent, luminescent reporter domain,
intrinsic agonism
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Prediction
method

Liquid biopsy

Multi-omics
data

Clinical data

Tumor
organoids

Others

Forecast indicators

Circulating tumor cell DNA,
cytokines, serum complement
levels, etc.

Genomics, transcriptomics,
epigenomics, proteomics,
radiomics, etc.

Population baseline data,
medical history, examination
results, etc.

Tumor microenvironment,
immune-tumor interaction,
etc.

miRNA abnormalities, gene
mutations or recombination,
gut microbes, etc.

Outcomes References

Circulating tumor cells can be used as a real-time detection system for targets such as PD-1; falling (45-47)
circulating tumor DNA was positively correlated with improved overall survival; serum Clq and LDH
levels were correlated with the efficacy of immunotherapy

Multi-omics-based Al models present a chance to comprehend the information flow behind the disease. (48-50)
It can assess if each component of the model promotes the disease individually or whether they work
together to treat it.

Predictive models that distinguish immunotherapy age responders from non-responders can be (51)
constructed using data on patient age, sex, medical history, conventional laboratory tests, and follow-up
CT scans

Organoids are very similar to the original tumor tissue, which can better mimic the in vivo (52, 53)
immunotherapy response and observe the efficacy

The miRNA expression levels, ALK rearrangement, EGFR mutation, and gut microbial diversity were all (54-58)
related to the effect of anti-PD-1 treatment

Al artificial intelligence; PD-1, programmed cell death protein 1; DNA, deoxyribonucleic acid; C1q, complement component 1, q subcomponent; LDH, lactate dehydrogenase; CT,
computed tomography; miRNA, micro ribonucleic acid; ALK, anaplastic lymphoma kinase; EGFR, epidermal growth factor receptor.
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Variable

Age ‘ 0.159
<60 (111) 54 (48.6%) 57 (51.4%)
260 (54) 20 (37%) 34 (63%)
Sex 0.224
Male (85) 42 (49.4%) 43 (50.6%)
Female (80) 32 (40%) 48 (60%)
LDH | 0.061
0 (103) 52 (50.5%) 51 (49.5%)
1(62) 22 (35.5%) 40 (64.5%)
Baseline
FT3 0.102
Low (83) 32 (38.6%) . 51 (61.4%)
High (82) 42 (51.2%) 40 (48.8%)
FT4 0.001
Low (83) 27 (32.5%) 56 (67.5%)
High (82) 47 (57.3%) 35 (42.7%)
TSH 0.486
Low (83) 35 (42.2%) 48 (57.8%)
High (82) 39 (47.6%) 43 (52.4%)
A-TPO 0.578
Low (82) 35 (42.7%) 47 (57.3%)
High (83) 39 (47.9%) 44 (53.0%)
TG ' 0.808
Low (83) 36 (43.9%) 46 (55.4%)
High (82) 38 (45.8%) 45 (54.9%)
M stage 0.015
0(72) 40 (55.6%) 32 (44.4%)
1(93) 34 (36.6%) 59 (63.4%)
A-TPO, thyroid peroxidase antibody; FT3, free T3; FT4, free T4; LDH, lactate dehydrogenase; TG, thyroglobulin; TSH, thyroid-stimulating hormone; PD-1, programmed cell death-1;
DCR, Disease Control Rate; PD, progressive disease.
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Variable Median OS Univariate
HR 95% Cl
sex 0.172 0.747 0.490-1.138
Male 204
Female 30.2
Age 0.136 1.380 0.901-2.112
<60 271
260 194
Baseline
FT3 0.002 0.519 0.339-0.796
Low | 16.5
High >30
FT4 0.026 0.625 0.410-0.950
Low 17.0
HIGH 30.0
TSH 0.283 1.255 0.827-1.904
Low 25.6
High 204
A-TPO 0.017 0.601 0.394-0.917
Low 17.0
High 370
TG 0.134 0.727 0.479-1.103
Low 19.0
High 7 274
M stage <0.001 2.170 1.395-3.375
1 (MI1A + M1B) >30
2 (MIC + MID) 14.5
LDH <0.001 2.220 | 1.461-3.374
0 ‘ >30
1 15.1
BRAF mutation 0.191 0.718 0.436-1.183
None 194
Mutation 30.0

A-TPO, thyroid peroxidase antibody; CI, confidence intervals FT3, free T3; FT4, free T4; HR, hazard ratio; LDH, lactate dehydrogenase; TG, thyroglobulin; TSH, thyroid-stimulating

hormone; BRAF, V-raf murine sarcoma viral oncogene homolog B1.
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Variable Median OS Multivariate

95% ClI
Total 223
Baseline
FT3 0.554 0.355-0.865 0.009
Low 16.5
High >30
FT4 0.791 . 0.514-1.217 0.286
Low 17.0
High ‘ 300
A-TPO 0.567 0.381-0.904 0.016
Low ‘ 17.0
High 370
M stage ‘ ‘ 2.156 1.361-3.414 0.001
1 (M1A + M1B) >30
2 (MIC + MID) 145
LDH 1738 1.121-2.693 0.013
0 >30 ‘ ‘
1 15.1
A-TPO, thyroid peroxidase antibody; CI, confidence interval; FI3, free T3; FT4, free T4; HR, hazard ratio; LDH, lactate dehydrogenase.
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Age{ytm) <60 111 67.2%
=60 32.8%
Sex Male 51.5%
Female 80 48.5%
LDH 0 103 62.4%
1 62 37.6%
M stage MI1A 42 255%
MIB 3¢ 182%
MIC 72 43.6%
MID 21 12.7%
BRAF mutation 0 123 74.5%
1 42 25.5%

Baseline
FT3 (pmol/L) Low (<4.535) 83 50.3%
High (>4.535) 197%
FT4 (pmol/L) Low (<16.185) 83 50.3%
Hig]\ {=16.185) 49.7%
TSH (ulU/ml) Low (<1.665) 50.3%
High (>1.665) 197%
A-TPO (U/ml) Low (<13.09) 82 49.7%
High (213.09) 8 503%
TG (ng/ml) Low (<9.19) 82 497%
High (20.19) 8 503%

A-TPO, thyroid peroxidase antibody; FT3, free T3; FT4, free T4; LDH, lactate dehydrogenase; TG, thyroglobulin; TSH, thyroid-stimulating hormone; BRAF, V-raf murine sarcoma viral

oncogene homolog B1.






