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Editorial on the Research Topic 


Monitoring the immune/tumor microenvironment to improve cancer immunotherapy


Although cancer immunotherapies have demonstrated remarkable clinical success across various cancer types, their potential is constrained by heterogeneous patient responses and immune-related toxicities (1). An effective immune response against cancer necessitates the coordinated activity of multiple cellular and molecular mediators within the cancer-immunity cycle, which encompasses antigen release and presentation, immune cell priming, their trafficking and infiltration, and ultimately tumor cell killing (2). Unfortunately, each step can be impacted by the immunosuppressive tumor microenvironment (TME), and failure at any single step can lead to resistance or relapse.

It is important to recognize that the TME is not a static compartment but a dynamic ecosystem where malignant cells, immune effectors, vasculature, and soluble mediators interact in both synergistic and antagonistic ways (3). Traditional methods of studying the immune response within the TME, such as invasive biopsy-based histological analyses or snapshot-like endpoint assays, fail to capture the spatiotemporal dynamics and heterogeneity that shape clinical outcomes (4). Recent advancements in bioimaging, biosensing, and computational modeling now enable us to observe the immune response in real-time, non-invasively, and longitudinally (5, 6). This allows us to map cell-cell interactions in situ, monitor therapeutic interventions based on the imaging feedback, and link these observations to patient outcomes. This Research Topic includes 12 contributions (6 original research articles, 3 reviews, 2 mini-reviews, and 1 opinion piece) that collectively illustrate the cutting-edge technologies for visualizing and quantifying the complex spatiotemporal dynamics of the immune-tumor microenvironment. These advanced imaging and diagnostic strategies offer profound insights into mechanisms of resistance, guide the optimization of current cancer immunotherapies, and inspire novel treatment strategies.

A comprehensive review article by Racacho et al. framed the tumor/immune microenvironment (TIME) as a central determinant of cancer progression and therapeutic response, describing how cellular and molecular interactions drive immune activation or suppression and how modern immunotherapies aim to reprogram these processes. Moreover, their study highlighted emerging trends in imaging and artificial intelligence (AI) that enable precise visualization of immune dynamics, setting the stage for research advances in this field. A complementary mini-review article by Purl et al. focused on adoptive cellular therapies for liver metastases, emphasizing how the hepatic niche restricts immune cell trafficking and persistence and how advanced imaging platforms, including PET and MRI, can be leveraged to track and optimize therapeutic cell delivery.

Articles in this Research Topic also emphasized the significance of direct visualization of immune responses. Opinion, review, and research articles by Zhang et al., Zhang et al., and Frecot et al. underscored the need to move beyond static endpoints and adopt spatiotemporal imaging techniques. These techniques, including multiplex tissue imaging, intravital microscopy, and PET tracers targeting CD8 or OX40 to image T cell status, enabled longitudinal and functional monitoring for the identification of earlier and more accurate indicators of therapeutic response.

Advanced imaging strategies have led to the identification of new structural features within the immune-tumor microenvironment. For example, tertiary lymphoid structures (TLS) can serve as organizational centers that underpin therapeutic responses, highlighting their potential role as predictive biomarkers of cancer immunotherapy. In the context of ovarian cancer, a review article by Varghese et al. presented evidence linking TLS, improved survival, and responsiveness to checkpoint blockade therapies. In contrast, a research article by Munoz-Erazo et al. demonstrated how digital pathology methods can be utilized in colorectal cancer to standardize TLS analysis and correlate with clinical outcomes.

Advancements in computational modeling and molecular profiling have further expanded monitoring capabilities. A research article by Liu et al. showcased how a multimodal deep learning framework that integrates pathology, radiology, and clinical data enhanced the prediction of PD-L1 status, immunotherapy response, and survival in esophageal cancer, demonstrating the power of AI-driven data fusion. Complementary bioinformatics and single-cell studies revealed microenvironment-linked biomarkers across tumor types. For instance, research articles by Zheng et al. found RFC4 overexpression in lung adenocarcinoma, Huang et al. identified disulfidptosis/ferroptosis-related gene signatures in endometrial carcinoma, and Miao et al. identified high FGF12 expression in stromal sarcoma. These findings emphasize the importance of interpreting tumor-intrinsic biology through the lens of the immune context. The microenvironment ultimately determines whether molecular changes translate into therapeutic vulnerability.

Finally, Wang et al. provided a mini-review that exemplifies the context-specific nature of immune regulation. Their review focused on IL-37 in gastrointestinal disease, highlighting how this cytokine’s effects vary depending on the tissue and disease stage. This complexity underscores the importance of tailoring immunotherapy strategies to the unique characteristics of local immune environments.

Together, the contributions in this Research Topic highlight how the field of cancer immunotherapy monitoring is evolving through a deeper understanding and real-time assessment of the tumor/immune microenvironment. Articles in this Research Topic demonstrate how non-invasive imaging can capture the dynamics of immune engagement, how to standardize and utilize TLS as actionable biomarkers, how to integrate multimodal approaches and leverage AI to enhance predictive power, how bioinformatics and single-cell approaches can reveal novel immune-linked targets, and how context-specific regulation continues to complicate and enrich our understanding of the tumor/immune microenvironment. Effective cancer immunotherapy demands a united effort to design potent interventions along with tools to monitor, visualize, and guide immune responses as they unfold within the tumor microenvironment.

Finally, we would like to express our gratitude to all of the authors and reviewers for their invaluable contributions to this Research Topic. Their work exemplifies the growing power of interdisciplinary collaboration that integrates immunology, oncology, radiology, engineering, and data science to advance cancer immunotherapy through real-time monitoring of the tumor/immune microenvironment.




Author contributions

JK: Writing – original draft, Writing – review & editing. KK: Writing – original draft, Writing – review & editing.





Conflict of interest

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





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this article has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.





References

	 Sambi M, Bagheri L, Szewczuk MR. Current challenges in cancer immunotherapy: multimodal approaches to improve efficacy and patient response rates. J Oncol. (2019) 2019:4508794. doi: 10.1155/2019/4508794, PMID: 30941175


	 Zhang Y, Zhang Z. The history and advances in cancer immunotherapy: understanding the characteristics of tumor-infiltrating immune cells and their therapeutic implications. Cell Mol Immunol. (2020) 17:807–21. doi: 10.1038/s41423-020-0488-6, PMID: 32612154


	 Murciano-Goroff YR, Warner AB, Wolchok JD. The future of cancer immunotherapy: microenvironment-targeting combinations. Cell Res. (2020) 30:507–19. doi: 10.1038/s41422-020-0337-2, PMID: 32467593


	 Kulkarni AD, Mukarrama T, Barlow BR, Kim J. Recent advances in non-invasive in vivo tracking of cell-based cancer immunotherapies. Biomater Sci. (2025) 13:1939–59. doi: 10.1039/d4bm01677g, PMID: 40099377


	 Kubelick KP, Kim J, Kim M, Huang X, Wang C, Song S, et al. In vivo ultrasound and photoacoustic imaging of nanoparticle-engineered T cells and post-treatment assessment to guide adoptive cell immunotherapy. ACS Nano. (2025) 19:6079–94. doi: 10.1021/acsnano.4c12929, PMID: 39908484


	 Lee Y, Castellanos AMS, Kim M, Kulkarni AD, Lee J, Jhunjhunwala A, et al. Nanoengineered cytotoxic T cells for photoacoustic image-guided combinatorial cancer therapy. BioMed Eng Lett. (2025). doi: 10.1007/s13534-025-00499-z







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

Copyright © 2025 Kim and Kubelick. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




REVIEW

published: 12 July 2024

doi: 10.3389/fimmu.2024.1428541

[image: image2]


The role of CD8 PET imaging in guiding cancer immunotherapy


Jiani Zhang†, Bulin Du†, Yuxiang Wang†, Yan Cui, Shu Wang, Yuxuan Zhao, Yaming Li* and Xuena Li*


Department of Nuclear Medicine, The First Hospital of China Medical University, Shenyang, Liaoning, China




Edited by: 

Kelsey P. Kubelick, University of Virginia, United States

Reviewed by: 

Xinpei Deng, Sun Yat-sen University Cancer Center (SYSUCC), China

Ajay Kumar Sharma, Johns Hopkins University, United States

*Correspondence: 

Yaming Li
 ymli2001@163.com 

Xuena Li
 lixuenacmunm@163.com

†These authors have contributed equally to this work


Received: 06 May 2024

Accepted: 27 June 2024

Published: 12 July 2024

Citation:
Zhang J, Du B, Wang Y, Cui Y, Wang S, Zhao Y, Li Y and Li X (2024) The role of CD8 PET imaging in guiding cancer immunotherapy. Front. Immunol. 15:1428541. doi: 10.3389/fimmu.2024.1428541



Currently, immunotherapy is being widely used for treating cancers. However, the significant heterogeneity in patient responses is a major challenge for its successful application. CD8-positive T cells (CD8+ T cells) play a critical role in immunotherapy. Both their infiltration and functional status in tumors contribute to treatment outcomes. Therefore, accurate monitoring of CD8+ T cells, a potential biomarker, may improve therapeutic strategy. Positron emission tomography (PET) is an optimal option which can provide molecular imaging with enhanced specificity. This review summarizes the mechanism of action of CD8+ T cells in immunotherapy, and highlights the recent advancements in PET-based tracers that can visualize CD8+ T cells and discusses their clinical applications to elucidate their potential role in cancer immunotherapy.
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1 Introduction

Immunotherapy has advanced rapidly in the recent past (1–3). Key methods involving immune checkpoint inhibitors (ICIs) and adoptive cell therapy (ACT) have achieved notable success in the clinical management of various cancers (4, 5). However, durable and effective responses are only observed in a section of patients (6). Efforts have been made to further optimize immunotherapeutic strategies and several studies have attempted to identify potential biomarkers for improving the therapeutic efficacy (7–9).

CD8+ T lymphocytes, critical immune effector cells, play a vital role in cancer immunotherapy (10, 11). Studies have shown that improved outcomes correlate positively with CD8+ T cell infiltration in several types of tumors (12–14), including melanoma (15), non-small cell lung cancer (NSCLC) (16), breast cancer (17), and cervical cancer (18). In addition to the quantity of infiltration, the functional status of CD8+ T cells within the tumor microenvironment (TME), which is influenced by interactions with cells and may change with time, also significantly affect response to therapy (19, 20). Both infiltration and functional status greatly contribute to the heterogeneity in response to immunotherapy (6, 8, 9). Therefore, monitoring of CD8+ T cells in vivo is crucial for improving patient understanding and implementation of precision medicine.

Tumor biopsy, a conventional invasive method, is used in clinical practice to analyze CD8+ T cells. However, due to its inherent limitations, this invasive approach poses several challenges, including difficulty in re-assessment and the inability to provide spatial and dynamic information (21). In contrast, non-invasive methods using various imaging modalities and direct/indirect labeling of target cells or construction of radiolabeled agents play significant roles in monitoring the immune response in vivo (22, 23). Positron emission tomography (PET) is a promising molecular technique that can provide whole-body images with considerable specificity and sensitivity (24). The binding of targeted vectors to specific radionuclides forms the foundation of PET radiotracers, and PET enables non-invasive real-time monitoring of the target cells by detecting radionuclide decay emissions (25, 26). PET radiotracers have been extensively used to characterize CD8+ T cells, and thus effectively quantify early therapy-induced alterations in immune status (27).

Currently, existing PET radiotracers for visualizing CD8+ T cells can be generally divided into two categories: 1) those directly targeting CD8, a dimeric co-receptor, indicating the presence of CD8+ cells, and 2) those indirectly reflecting the functionality or status of CD8+ T cells by targeting potential biomarkers. This review offers an overview of the development of PET imaging of CD8+ T cells, briefly summarizes current information on relevant CD8+ T cell biology and innovative PET tracers and discusses the future potential applications of PET in the field of cancer immunotherapy.




2 Mechanisms of action of CD8+ T cells



2.1 CD8+ T cells in immunology

Common T cells originate from lymphoid progenitor cells in the red bone marrow. These immature precursor T cells then migrate to the thymus (28). CD8+ T cells gradually mature via several specific processes, including the development of the T cell receptor’s (TCR’s) affinity for major histocompatibility complex class-1 (MHC-1), positive selection, and negative selection (28, 29).

The direct interaction between CD8+ T cells and corresponding antigens is pivotal for CD8+ T cell activation. MHC-1, presented by malignant cells or antigen-presenting cells (APCs), is recognized by the TCR of CD8+ T cells (30). Following activation of the TCR signal, additional signals from co-receptors such as CD28 complexed with B7 molecules (CD80/86), along with the influence of cytokines or chemokines, further facilitate the activation of CD8+ T cells (31, 32). Consequently, CD8+ T cells can identify and target tumor sites. Upon reaching the site, CD8+ T cells begin to infiltrate and combat tumor cells.




2.2 CD8+ T cells in anti-tumor immunity

Several studies have established the critical function of CD8+ T cells in anti-tumor immunity (33, 34). The mechanisms via which CD8+ T cells contribute to tumor-killing activity are complex and involve multiple factors. A primary pathway involves the release of granules containing perforin and granzymes by CD8+ T cells, directly leading to the apoptosis of malignant cells (34). Perforin creates pores in tumor cell membranes, allowing granzymes to enter the TME and exert cytotoxic effect (35). The FAS ligand (FASL) pathway is another crucial pathway, which is cytotoxic for tumor cells (36). The interaction between FAS on malignant cells and FASL on CD8+ T cells triggers a signal that activates the FAS-associated death domain protein, resulting in caspase activation and subsequent apoptosis of tumor cells. Additionally, CD8+ T lymphocytes contribute to the destruction of tumor cells by secreting cytokines, including interferon-γ (IFN-γ) and tumor necrosis factor-alpha (37, 38). Various mechanisms collaborate to achieve tumor cell elimination, with several factors playing integral roles, including effector cytokines that impact the CD8+ T cells and the dynamic metabolic state of these cells (39, 40) (Figure 1).
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Figure 1 | CD8+ T cells within TME. (A) With the interaction with APC/tumor cells, CD8+ T cells get activated and (B) subsequently excrete cytotoxic effect to eliminate tumor cells through various mechanisms. (C) Under long time exposure to tumor, activated CD8+ T cells gradually become exhausted.




2.3 CD8+ T cells in cancer immunotherapy

CD8+ T lymphocytes possess the potent ability to kill malignant cells. However, owing to prolonged exposure in the TME, many CD8+ T cells gradually exhibit characteristics of “exhaustion” (41, 42). In this state, the proliferation, effector cytokine production, and cytolytic activity of the CD8+ T cells tend to decrease, while cell surface expression of inhibitory receptors, including programmed death-1 receptor (PD-1) and cytotoxic T lymphocyte antigen-4 (CTLA-4), increase concurrently (43, 44). Tumor cells exploit this by overexpressing inhibitory immune checkpoints, thereby achieving immune escape and diminishing the effectiveness of the immune response against tumors (45).

Immunotherapy, which leverages natural immune function to eliminate tumor cells, can be generally categorized into ICIs, ACT, cancer vaccines, oncolytic virus therapies, and cytokine therapies (46). ICIs block immune checkpoint pathways, aiding in the reversal of the exhausted state of CD8+ T cells (47, 48). In recent years, ICIs have been shown to improve anti-tumor effects and exhibit excellent results (49, 50). A global study (KEYNOTE-042, NCT02220894) compared first-line monotherapy with pembrolizumab (a representative of ICIs) with platinum-based chemotherapy in patients with locally advanced/metastatic NSCLC without epidermal growth factor receptor/anaplastic lymphoma kinase alterations and programmed death-ligand 1 (PD-L1) tumor proportion score of ≥ 1%. Durable benefit was observed in pembrolizumab groups, in which higher 5-year overall survival (OS) rates were evident (51). Moreover, immunotherapy-based combinations demonstrated promise in further improving outcomes (52). The use of a combination of nivolumab, ipilimumab, and chemotherapy confirmed a significant improvement in OS compared with chemotherapy alone in a phase 3 trial (CheckMate 9LA, NCT03215706) involving patients with NSCLC (53). In addition to ICIs, ACT is a promising option for cancer therapy. Chimeric antigen receptor T cell therapy (CAR-T), based on gene editing in CD8+ T cells and reinfusion into the human body, enhances the effectiveness of immune cells (54). These engineered cells can target malignant cells better than other cells and exert cytotoxic effects (55). Moreover, oncolytic virus therapies selectively replicate in tumor cells while promoting the anti-tumor immunity of CD8+ T cells (56). Cancer vaccines activate APCs loaded with tumor antigens, inducing efficient CD8+ T cell responses (57). To some extent, various immunotherapy methods directly or indirectly boost the anti-tumor effect of CD8+ T lymphocytes, aiding in the eradication of tumor cells (58). Furthermore, novel combination therapies with radiotherapy aim to overcome immune resistance and increase CD8+ T cell infiltration, thereby enhancing efficacy (59). Consequently, CD8+ T lymphocytes play an indispensable part in immunotherapy (Figure 2).

[image: Diagram illustrating four cancer immunotherapy strategies: A) ICIs therapy showing interactions between a tumor cell and CD8+ T cell, highlighting inhibition pathways. B) CAR-T therapy describing how engineered CD8+ T cells target tumor cells and proliferate after transplantation. C) Oncolytic virus therapy depicting virus reproduction in the tumor microenvironment (TME) and subsequent tumor cell destruction by CD8+ T cells. D) Cancer vaccine showing tumor antigen presentation to CD8+ T cells, leading to an oncolysis effect on tumor cells.]
Figure 2 | CD8+ T cells in (A) ICIs therapy; (B) CAR-T therapy; (C) Oncolytic virus therapy and (D) Cancer vaccine. CD8+ T cells play a vital role in cancer immunotherapies.





3 CD8+ T cell imaging tracers

PET is a powerful clinical technique (60) utilized for non-invasively and dynamically visualizing CD8+ T cells in cancer immunotherapy. Currently, the design and development of tracers for CD8+ T cells have improved considerably. Ideal radiotracers should possess high specificity, sensitivity, and a relatively low radiation burden. Both the choice of radionuclides and vectors are critical considerations in this process (27).

Previously, zirconium-89 (89Zr) was a popular choice. Owing to its relatively long half-life, this radionuclide pairs well with intact antibodies that also have long serum half-lives, potentially providing reliable information several hours or days after injection (61, 62). Copper-64 (64Cu) is another promising candidate for a long-lasting imaging agent that can be used in the human body (63). However, its high signal intensity in the liver and intestines may limit the clinical application of 64Cu-labeled probes (27). In contrast, gallium-68 (68Ga) and fluorine-18 (18F) are better options for obtaining sequential images in clinical settings due to their shorter half-lives (64).

Studies utilizing full-sized antibodies, which are relatively easy to produce as imaging agents, have been successfully used in immuno-PET (27). However, their use is challenging, because their size exceeds the renal filtration cutoff, which may impede diffusion and penetration (65). With the advancement of radiotracers, current choices for targeting vectors extend beyond full-length antibodies, with options such as minibodies, cys-diabodies, and nanobodies emerging. Smaller antibody fragments, particularly nanobodies, which consist solely of a heavy chain structure, are preferred in many studies for their rapid pharmacokinetics, better tissue penetration, and low immunogenicity (66, 67). When combined with radionuclides with short half-lives such as 68Ga and 18F, nanobodies can facilitate the creation of high-quality images with lower radiation doses, aiding their translation into clinical practice. The currently developed radiotracers used for visualizing CD8+ T cells are summarized in the Table 1.

Table 1 | PET tracers visualizing CD8+ T cells.
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4 Quantitative visualization of CD8+ T cells

The immune status within TME is dynamic, with CD8+ T cells, other immune cells, and effector molecules being constantly in flux (93, 94). Therefore, real-time monitoring of CD8+ T cell infiltration can provide accurate and significant information for personalized therapy. Due to its unique advantages, the PET tracer has emerged as an attractive tool, and many studies have investigated its potential clinical applications.



4.1 Feasibility of using CD8 PET tracers



4.1.1 Minibody

CD8-targeted tracers, primarily derived from antibodies, minibodies, cys-diabodies, and nanobodies, have shown promising results. The feasibility of using two 64Cu-labeled engineered minibodies, 64Cu-NOTA-2.43 and 64Cu-NOTA-YTS169, for monitoring CD8+ T cells has been confirmed in non-tumor murine models (68). The interaction between murine CD8α (one of the isoforms of CD8) and these tracers was verified without diminishing CD8+ T cell populations. Both tracers accumulated in the lymph nodes and spleen in antigen-positive mouse models, with notably decreased uptake in immunodeficient or antigen-depleted models (68). To delineate the TME more accurately in clinical patients, 64Cu-DOTA-IAB22M2C, a CD8-targeted minibody, has been effectively used in a xenograft model of orthotopic glioblastoma, demonstrating its ability to monitor both peripheral and intratumoral CD8+ T cells (79). Notably, tracer accumulation in the brain indicated that 64Cu-DOTA-IAB22M2C could potentially complement 18F-FDG, particularly in addressing its limitations in brain tumor imaging.

Building upon these animal studies, clinical trials using tracers with high affinity to human CD8 have been designed. Research on 89Zr-Df-IAB22M2C, a 89Zr-labeled anti-CD8 minibody, has progressed considerably (77, 95–97). Preclinical studies have demonstrated its uptake in targeted lesions with an ideal target-to-background ratio in mouse models. Subsequently, a phase I first-in-human study (NCT03107663) assessed the optimal mass doses (1.5 mg) and imaging timings (24 hours post-injection) among 15 patients in varying treatment states using 89Zr-Df-IAB22M2C (97). The optimal conditions for its clinical application are being investigated in an ongoing phase II clinical trial (NCT03802123).




4.1.2 Nanobody

Existing CD8-targeted minibody-based PET tracers are mainly labeled with 89Zr or 64Cu which has long half-live. Consequently, these tracers require a long time (usually several hours or days after injection) before the image acquisition and which may cause difficulties for clinical practice. In contrast, nanobodies have emerged as highly potent alternatives, offering rapid targeting, high signal-to-background ratios, and other superior characteristics (98).

Considering the advantages of 68Ga over 89Zr, a novel CD8-targeted nanobody, 68Ga-NOTA-SNA006a, was developed to monitor human CD8 antigen using PET (80). In vitro binding assays was conducted to assess the binding capacity of vectors to human CD8 protein and results demonstrated strong binding affinity with positive binding rate constant. In vivo studies assessing specificity and stability in humanized mouse models demonstrated its significant uptake in CD8-positive tumors and organs (lung, spleen and liver). An optimized variant with reduced kidney uptake, 68Ga-NODAGA-SNA006, was obtained by removing the His6 tag from 68Ga-NOTA-SNA006a (81). This nanobody’s ability to quantify CD8+ T lymphocytes has been shown not only in preclinical models but also in three lung cancer volunteers (NCT05126927). Notably, a patient who underwent immunotherapy displayed comparably high uptake in tumor lesions, suggesting the potential of this tracer to evaluate therapy-induced changes (81).





4.2 Patient stratification for immunotherapy

Immunotherapy has been successfully applied in various clinical settings, particularly in cancer treatment. However, its wider clinical application is hindered by the generally low patient response rate, with immune heterogeneity being a key deterrent. Therefore, visualization of CD8+ T cells may be a potent strategy for detecting immune heterogeneity and guiding patient stratification.

Kristensen developed 89Zr-DFO-CD8a, which was created from the F(ab’)2 fragments of a rat-anti-mouse CD8a antibody conjugated to the p-SCN-Bn-desferrioxamine chelator (72). This preclinical study investigated the correlation between baseline PET imaging of CD8 levels (tumor-to-heart ratios) and tumor suppression induced by a PD-1 checkpoint inhibitor. Groups with higher numbers of baseline CD8+ T lymphocytes exhibited significant tumor suppression, while the efficacy in groups with fewer CD8+ T lymphocytes was less pronounced. This finding suggests the potential for stratifying patients from responders to non-responders before starting immunotherapy (72). Notably, significant difference in the maximum 89Zr-DFO-CD8a tumor-to-heart ratio between responding and non-responding groups was not observed, highlighting the necessity of understanding the relationship between specific quantitative parameters and the patient population suitable for immunotherapy.




4.3 Evaluating the efficacy of immunotherapy

Owing to its unique mechanism, atypical patterns of response may emerge during immunotherapy (99, 100). Pseudoprogression, for example, is an atypical phenomenon that differs from actual progression, characterized by increasing tumor size due to therapy-induced immune cell infiltration (101). The existence of atypical patterns brings great challenges to the evaluation of efficacy in clinical practice (102). CD8 PET tracers can directly monitor the immune alterations caused by immunotherapy unaffected by atypical phenomenon, which may provide accurate evaluation at an early stage and thus favor follow-up decision making.

The use of 89Zr-malDFO-169cDb, an 89Zr-desferrioxamine-labeled anti-CD8 cys-diabody, enabled tracking of endogenous CD8+ T cells and assessment of changes induced by three different immunotherapies in murine models (70). The study compared tumor-to-blood ratios between responders and non-responders in each of the three models, noting that the difference in the anti-PD-L1 therapy group was less significant (70). In addition to monotherapy, Kristensen has evaluated the efficacy of combination therapy. The use of 64Cu-NOTA-CD8a for evaluating the response to combination therapy, external radiation therapy with anti-CTLA-4 therapy, has been validated demonstrating the tracer’s utility (74). This finding suggests a potential for using CD8-targeted probes for evaluating therapeutic efficacy and providing valuable information for clinical decision-making.

In clinical settings, a study involving patients with metastatic melanoma undergoing immunotherapy showed that CD8 PET tracer (89Zr-Df-IAB22M2C, performed 28 days after immunotherapy) was noticeably incorporated during metastases, indicating infiltration of CD8+ T cells. This positive indication was consistent with conventional computed tomography (CT) imaging (performed 3 months after immunotherapy) which suggested a complete response to therapy (Figure 3) (97). This study demonstrated the promising potential of CD8 PET in evaluating immunotherapeutic efficacy at rather early stage. Additionally, another clinical study suggested the feasibility of using 89Zr-Df-IAB22M2C PET/MRI in assessing CD8+ T cells infiltration for efficacy evaluation in a retrospective cohort of eight patients (78). However, future studies involving larger prospective cohorts are required to strengthen these findings.
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Figure 3 | A 71 years old patient (locally advanced stage III melanoma) with immunotherapy (pembrolizumab). CD8 PET/CT images, which performed 28 days after pembrolizumab, show evident uptake in metastases indicating significant infiltration of CD8+ T cells. CT images performed 3 months after treatment confirmed the efficacy of immunotherapy. Reproduced from Farwell MD et al. (97).




4.4 Dynamic surveillance of ICI therapy

For more effective and precise immunotherapy, dynamic and non-invasive surveillance of the therapeutic process is urgently required. Rashidian used 89Zr-PEGylated camelid single-domain antibody fragments to successfully visualize the dynamic increase in CD8+ T lymphocytes within tumors during ICI therapy. They observed a significant trend of CD8+ T lymphocytes migrating from the periphery to the central position in tumor sites in murine models (73). This finding underscores the unique advantages of dynamic surveillance in this context.

Additionally, the occurrence of adverse events during immunotherapy, which are crucial factors in dynamic surveillance, should not be overlooked. Based on the results of a phase 1/2 trial (NCT04029181), the potential of ZED88082A in detecting inflammation in non-malignant areas has been investigated. The results suggest its ability to characterize CD8-related immune-related adverse events (irAEs) (76). This study investigated the potential applications of CD8-targeted PET tracers and provided practical directions for further clinical translation. However, irAEs may also be induced by other factors, such as B cells, indicating a potential limitation of CD8 PET tracers in obtaining comprehensive information on irAEs. More datasets in the future are required to confirm these findings.




4.5 Predicting the prognosis of ICI therapy

ZED88082A, based on a monoclonal antibody, was used to visualize CD8 infiltration in patients with solid tumors during ICI therapy (75, 76, 103). Thirty-nine patients (excluding one because of tracer extravasation) were used to assess tracer uptake both at baseline and during therapy (Figure 4) (76).
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Figure 4 | Several examples showing uptake of 89ZED88082A in tumor sites and metastases. (A) High uptake in bone metastasis of a patient with melanoma. (B) Uptake in a brain metastasis of a patient with melanoma. (C) Evident uptake in multiple cervical lymph node metastases in a patient with cutaneous squamous cell carcinoma. (D) Several liver metastases showing no uptake in a patient with ovarian clear cell carcinoma. (E) Uptake in a liver metastasis in a patient with squamous cell oesophageal cancer. (F) Liver metastases with rim uptake in a patient with colorectal cancer. (G) Uptake in bone lesion of a patient with squamous cell vulvar cancer. (H) Rim uptake in lung metastasis of a patient with cervical cancer. Reproduced from Kist de Ruijter L et al (76).

In an average follow-up of 5.6 months, baseline tracer uptake correlated positively with the best overall response per the Response Evaluation Criteria in Solid Tumors. The tracer accumulation in patients with no progressive disease, which included one showing complete response, eight showing partial responses, and four cases of stable disease, was 40% higher than that in patients with progressive disease. The study also found that patients with above-median baseline geometric mean maximum standardized uptake values (SUVmax) (> 5.2) tended to have better progression-free survival (PFS) and superior OS than others (76). This demonstrates the potential of ZED88082A in predicting prognosis for ICI therapy.

Studies focusing on CD8-targeted PET imaging have made significant advancements, and current developments demonstrate the feasibility of using CD8-targeted radiotracers in the field of immunotherapy. To a certain extent, these tracers have improved the efficacy of immunotherapies and may be used to assess the efficacy of newly developed treatments.





5 Functional visualization of CD8+ T cells

CD8-targeted PET tracers not only reveal the number of effector CD8+ T cells but also that of naïve and exhausted CD8+ T cells. However, the effector CD8+ T cells are the primary subtype contributing to anti-tumor immunity (104). Therefore, targeting of effector CD8+ T cells results in a functional representation of all CD8+ T cells, offering a comprehensive and accurate assessment of their status after combining both quantitative and functional visualization.

CD8 has been identified to be a reliable target for monitoring immunotherapy in numerous studies. Considering the variable functional states of CD8+ T lymphocytes (such as exhausted T cells), and the diverse impacts of various factors on these cells, several researchers have focused on the cytokines produced during the tumor-killing process and throughout T cell activation, which can indicate the activation of cytotoxic T lymphocytes (105).



5.1 Granzyme B

Granzyme B, released by activated effector CD8+ T lymphocytes, participates in the direct tumor-killing mechanism. As a potent representative of the anti-tumor immune response, granzyme B is considered a potential predictive biomarker for cancer therapy (106, 107). Larimer designed a novel peptide-based imaging probe, 68Ga-NOTA-GZP, which specifically represents granzyme B expression. They demonstrated a correlation between tracer uptake and therapeutic efficacy, verifying the granzyme B tracer’s potential as an immunotherapy predictive biomarker (85, 108). Another granzyme B-targeted tracer, 68Ga-grazytracer, showed comparably higher uptake at tumor sites than 68Ga-NOTA-GZP (87). This novel radiotracer, designed by Zhou, has demonstrated the ability to monitor granzyme B levels and the potential to evaluate the efficacy of ICIs and ACT therapy. Furthermore, it can assess intrinsically-induced immune responses, as shown by its ability to distinguish true progression from pseudoprogression in mouse models, potentially complementing the results obtained using 18F-FDG. This study also investigated the feasibility of clinical translation in five patients, obtaining positive results consistent with preclinical findings (Figure 5) (87).
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Figure 5 | (A) A 66 years old patient (lung adenocarcinoma, cT2bN2M0 IIIa) with combination therapy (pemetrexed disodium + cisplatin + toripalimab). 68Ga-grazytracer PET/CT images, which performed 3 circles after treatment, demonstrate uptake in tumor lesions indicating the cytotoxic effect against tumor cells (SUVmax 4.1). Follow-up evaluation confirmed a positive prognosis for this patient. (B, C) Immunohistochemistry (IHC) staining of granzyme B and PD-L1 of corresponding patient. (D) A 70 years old patient (pulmonary sarcomatoid carcinoma, cT4N3M1c IVb) with immunotherapy (pembrolizumab). 68Ga-grazytracer PET/CT images, which performed 1 circle after treatment, reveal relatively fewer uptake (SUVmax 2.0) with follow-up evaluation suggesting a negative prognosis for this patient. (E, F) IHC staining of granzyme B and PD-L1 of corresponding patient. Reproduced from Zhou H et al. (87).

Evidence suggests that the granzyme B tracer is a valuable tool for characterizing the tumor-killing function in the context of immunotherapy. However, control of the imaging time point remains a hurdle to be overcome due to the variable time window between granzyme B secretion from cytotoxic CD8+ T cells and its arrival at malignant cells, which can be influenced by several factors (109).




5.2 IFN-γ

IFN-γ, which partially reflects the function of CD8+ T cells, may act as a promising biomarker for immuno-PET considering its significant role in the anti-tumor response. Studies have also investigated the feasibility of using IFN-γ as a therapeutic agent in immunotherapy (110, 111). 89Zr-anti-IFNγ, developed by Gibson, can be used to assess IFN-γ levels and may be potentially used as a probe for assessing active anti-tumor T cell activity and predicting treatment outcomes in animal models (88). Unlike CD8-targeted tracers, 89Zr-anti-IFNγ can directly represent effector function, addressing the limitation that CD8+ T cells might become dysfunctional despite the presence of tumor-infiltrating lymphocytes. However, CD8+ T cells are not the only subset capable of secreting this cytokine. Depending on the cell subset, IFN-γ might not only exert an anti-tumor effect but also potentially promote tumor progression (112). Therefore, the feasibility and practical value of targeting IFN-γ for immuno-PET has to be verified. Further investigation on IFN-γ-targeted tracers is required not only to evaluate the efficacy of immunotherapy but also to promote the development of IFN-γ-based therapeutic methods.




5.3 Arabinofuranosyl guanine

An 18F-labeled analog of AraG, which acts as a substrate for deoxyguanosine kinase (dGK), significantly influences T cell activation and functionality, particularly from a metabolic perspective, and can be used to elucidate the status of immune cells (113, 114). 18F-AraG can be used to detect the immune response to immunotherapy, as it shows pronounced accumulation in human immune cells (92, 115–116). In contrast, macrophages and dendritic cells negligibly affected the tracer uptake, while a significant increase in 18F-AraG uptake correlated with the activation of CD8+ T lymphocytes. Unlike 18F-FDG, which reflects tumor metabolism, 18F-AraG can directly illustrate the course of the immune response, overcoming a major limitation of 18F-FDG in immuno-PET applications (92). Levi and colleagues have demonstrated the significant value of 18F-AraG in evaluating anti-PD-1 therapy and chemotherapy. However, the variability in individual response kinetics may challenge its clinical translation. Further investigation is required to determine whether this tracer is sufficiently sensitive to detect authentic clinical changes and to optimize its use in the future.




5.4 Interleukin-2 receptor

IL-2 plays an active role in both differentiation and activation of T lymphocytes and induces cytotoxic effects by binding to their receptors on target cells (117, 118). IL-2 receptors can be categorized into monomeric, dimeric, and trimeric IL-2Rs. The high-affinity IL-2R consists of CD25, CD122, and CD132 subunits, all of which exist on activated T cells (119). A PET-based tracer, N-(4-18F-fluorobenzoyl) interleukin-2 (18F-FB-IL2), can be used to visualize activated T cells in animal models (90, 120). A clinical study (NCT02922283) involving 19 melanoma patients was conducted to investigate the biodistribution and kinetics in human subjects and assess its translational feasibility (91). Furthermore, 11 patients underwent 18F-FB-IL2 scans both at baseline and after receiving immunotherapy. Results indicated that the tracer could identify tumor lesions; however, uptake was generally low, and significant correlation was not observed between tracer uptake and therapy-induced changes (91). Therefore, related tracers have to be optimized further to determine whether IL-2R is a suitable target that can accurately and authentically reflect changes induced by ICIs. It is noteworthy that IL-2 has been approved by the Food and Drug Administration of USA for cancer immunotherapy; however, the subsequent results did not meet the initial expectations (121). IL-2R-based PET tracers may be used to develop innovative IL-2 therapeutic strategies.





6 Conclusion and future prospects

While immunotherapy is recognized as a groundbreaking advancement in oncology, questions regarding the varying immunogenic statuses of tumors, especially in terms of CD8+ T lymphocyte infiltration and their diverse responses to immunotherapy, remain. CD8+ T cells play a pivotal role in immune-mediated tumor killing, and hence, CD8-targeted PET radiotracers have become research hotspots. They can be used to track alterations in CD8+ T lymphocytes, contributing to the generation of a comprehensive immune profile. A series of preclinical and clinical studies have investigated the potential applications of such radiotracers, demonstrating their capacity to stratify patients, predict outcomes, and evaluate the efficacy of immunotherapies. Notably, baseline CD8 imaging has shown a correlation with better overall responses, indicating its potential as an early predictive biomarker. Furthermore, the emergence of PET tracers that depict the functional status of CD8+ T cells, distinguishing activated effector cells, offers the possibility of guiding individualized immunotherapy in a precise manner.

It is noteworthy that the patient numbers and tumor types in most clinical trials are relatively limited. For a more comprehensive investigation on the feasibility of clinical translation and standardized applications, future studies using larger cohorts, multidisciplinary integration, and long-term longitudinal design are required. The current tracers that visualize activated CD8+ T cells are limited, and additional biomarkers reflecting the function of CD8+ T cells remain underexplored. Some emerging PET imaging parameters require further validation in preclinical studies and multi-center collaborations. A large number of the existing PET tracers based on antibodies have yielded positive results in preclinical studies; however, their radiation burden and long serum half-lives will hinder their subsequent clinical application. Low molecular weight/peptide-based PET tracers coupled with short half-life radioisotopes such as 68Ga and 18F, which possess the advantages of low radiation burden and shorter image acquisition time, are required for clinical translation. In clinical strategies for tackling malignancies, the trend is shifting toward the use of combination therapy. The dynamic evaluation of such therapies using PET tracers still warrants further investigations.

In conclusion, in vivo, systematic, quantifiable, and visual molecular imaging technology may significantly aid clinicians in devising optimal regimens for immunotherapy in precision oncology.
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Gastrointestinal mucosal surface is frequently under challenge due to it’s the large surface area and most common entry of microbes. IL-37, an anti-inflammatory cytokine, regulates local and systemic host immunity. H. pylori infection leads to the inhibition of IL-37 in the gastric mucosa, contributing to heightened mucosal inflammation and destruction, thereby facilitating increased proliferation of H. pylori. Food allergy, due to immune dysregulation, also contribute to GI injury. On the other hand, elevated levels of IL-37 observed in gastric cancer patients align with reduced host immunity at the cellular and humoral levels, indicating that IL-37 may contribute to the development of gastric cancer via suppressing pro-inflammatory responses. While IL-37 provides protection in an IBD animal model, the detection of highly produced IL-37 in IBD patients suggests a stage-dependent role, being protective in acute inflammation but potentially exacerbates the development of IBD in chronic conditions. Moreover, elevated colonic IL-37 in CRC correlates with overall survival time and disease time, indicating a protective role for IL-37 in CRC. The differential regulation and expression of IL-37 between upper- and lower-GI organs may be attributed to variations in the microbial flora. This information suggests that IL-37 could be a potential therapeutic agent, depending on the stage and location.
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Introduction




Intestinal mucosal immunity and GI defense

The gastrointestinal (GI) system, encompassing the largest mucosal surface area in the body (1), is highly susceptible to both specific and non-specific microbial invasion (2). Gut-associated lymphoid tissues (GALT) within the GI system protects against such threats, and consists of lamina propria lymphocytes, intraepithelial lymphocytes (3), in addition to mesenteric lymph nodes. Any compromise or hyperactivity in GALT immunity can lead to severe consequences. For instance, a deficiency in IFNγ compromises host intestinal immunity at the cellular and humoral levels by impairing macrophage function in response to Salmonella challenge, resulting in salmonellosis and septicemia (4). On the other hand, exogenous IFNγ has been shown to protect the host against lethal salmonellosis in vivo in mice (5). Conversely, TNF, a pro-inflammatory cytokine, plays a crucial protective role in acute inflammatory bowel disease within the GI tract. Studies indicate that a deficiency in TNF could exacerbate colitis in a DSS-induced colitis murine model (6), maybe via upregulating IL-1β production, which is supported by their testing, using bone marrow derived dendritic cells from TNF KO mice (7), highlighting the protective function of TNF during acute inflammation. On the other hand, TNF is significantly upregulated, both circulating and within local affected intestinal tissues, indicating its pro-inflammatory role during chronic intestinal inflammation, which is supported by clinical findings, showing that anti-TNF antibody therapy significantly improves the condition of IBD patients at both the macroscopic and microscopic levels (8). Furthermore, if chronic inflammation persists without proper management in the intestine, it may lead to the induction of malignancy (9). This underscores the delicate balance required to maintain optimal GI health, with both excessive and insufficient immune responses posing significant risks. This review focuses on the role of IL-37 in both upper and lower GI infection/inflammation, as well as malignancies, which could provide a useful perspective for both basic scientists and clinicians.






IL-37

IL-37, also known as interleukin-1 family member 7 (IL-1F7), exists in five different splice variants (a-e) (10). The IL-37 protein ranges in size from 17 to 26 kDa, corresponding to a gene size of 3.617 kb (11). It has been identified in various tissues, including lymph nodes, thymus, lung, intestine, uterus, as well as in leucocytes such as NK cells, activated B cells, and monocytes. Additionally, IL-37 has been detected in epithelial cells, suggesting a potential role in regulating intestinal mucosal immunity (12). The involvement of IL-37 in host immunity has demonstrated that IL-37 acts as an anti-inflammatory cytokine by inhibiting pro-inflammatory responses (12), and is able to attenuate both innate (13) and adaptive immunity (14). Additionally, dysregulated expression of IL-37 has been observed in autoimmune diseases such as psoriasis, Graves’ disease, and systemic lupus erythematosus (15), highlighting its crucial role in maintaining host homeostasis. Additionally, inflammatory bowel disease (IBD) involves, in part, an effector T cell response against commensal microbiota, which contributes towards disease severity, since ongoing inflammation in IBD leads to the loss of tolerance toward commensals and subsequent worsened disease outcomes. Specifically, the intestinal mucosal immune response is dependent on the differentiation of pro-inflammatory commensal antigen-specific T cells (e.g. against CBir1-bacterium) prior to intestinal damage (16). Thus, the role of IL-37 in regulating gastrointestinal mucosal immunity may also depend on the local immune response to various stimuli, leading to diverse outcomes.





IL-37 in H. pylori gastric infection/inflammation

The ground-breaking discovery of the critical role played by H. pylori infection in contributing to gastric ulceration, and subsequent gastric cancer was elegantly demonstrated by Nobel laureates Drs Marshall and Warren (17). This revelation revolutionized the management of H. pylori infected gastritis patients, leading to fundamental improvements in their outcomes. The Nobel Committee commented on the significance of this discovery, stating, “Thanks to the pioneering discovery by Marshall and Warren, peptic ulcer disease is no longer a chronic, frequently disabling condition but a disease that can be cured by a short regimen of antibiotics and acid secretion inhibitors” (18).

Thus, the first research focus has been on the relationship between H. pylori gastric infection and IL-37 expression. A notable decrease in IL-37 expression was identified in the ulcerated gastric mucosa of biopsy samples from patients with H. pylori infection, in comparison to those without H. pylori infection (19). Furthermore, diminished IL-37 levels were also noted in the mucosa affected by gastritis with H. pylori infection, even in the absence of stomach ulceration (19). Surprisingly, no significant disparity in suppressed mucosal IL-37 levels was observed between H. pylori-infected patients with and without stomach ulceration.

These data imply that H. pylori promotes local inflammation via inhibiting the production of IL-37 in gastric mucosa, which in turn enhances the production of pro-inflammatory cytokines and chemokines (13), such as IFN-γ and TNF (20). Although pro-inflammatory responses provide defense, if the inflammation persists too long, particularly among susceptible individuals without proper management, local inflammation may not be sufficiently efficient to eradicate H. pylori infection, but rather will contribute to more severe disturbance in the stomach mucosa, resulting in persistent chronic infection. The severely inflamed tissues in the stomach mucosa may not then respond well to either pro and/or anti-inflammatory cytokine/chemokine signaling, which may promote further H. pylori infection. Thus, as stated above, these data highlight the role of pro-inflammatory mediators (e.g., IFN-γ (4) and TNF (6)) in providing protection against the severity of pathogenic challenges in the gastrointestinal mucosa, highlighting the pivotal role of pro-inflammatory mediators in preventing overwhelming inflammation.

The source of gastric mucosal IL-37 production remains unclear, but IL-37 is likely produced by immune and non-immune cells, including epithelial cells (21) in response to H. pylori challenge in an autocrine and paracrine fashion.

The discovery of a reduction in IL-37 in stomach tissue infected with H. pylori in vivo is consistent with findings in vitro (20), showing that reduction in mucosal IL-37 in the microenvironment may contribute to elevated levels of pro-inflammatory mediators, including chemokines, in vivo, and also in challenged GI epithelial cells in vitro (22). This is supported by findings indicating substantial IL-37-modulated chemokine production in vitro by GI epithelial cells, potentially leading to the persistence of chronic inflammation in the stomach. There are consistent findings of the function of IL-37 between in vivo and in vitro systems, supporting the view that gastric mucosal IL-37 might contribute to chronicity via suppressing local inflammation/immunity.

Overall, the suppressed IL-37 levels observed in patients with H. pylori infection may lead to a decrease in local anti-inflammatory responses and an increase in maladaptive damaging pro-inflammatory responses. While an enhanced pro-inflammatory response is typically crucial for defense against H. pylori infection, susceptible individuals may experience a disturbance in their host immunity. This disturbance could result in severe ulceration and inflammation of the gastric mucosa, potentially further promoting H. pylori infection and progressing to precancerous and/or gastric cancer stages. This aligns with the notion that chronic inflammation plays a critical role in the development of gastric cancer in infected individuals (23), and in some cases, a smaller number of patients may even develop extra-gastric mucosa-associated lymphoid tissue (MALT) lymphoma (24).





Food allergy and coeliac disease

Food allergy and coeliac disease still lead to substantial morbidity in humans, despite extensive clinical and basic research over the last few decades (25). Following an extensive literature search, no published data on the role of IL-37 in food allergy or coeliac disease has been found. However, it has been reported that IL-37 is substantially reduced in asthmatic children (26), suggesting the important role of IL-37 in asthma. Additionally, exogenous IL-37 ameliorates allergic inflammation in asthmatic animal models, by suppressing pro-inflammatory cytokines, e.g. IL-1 and IL-33 (27), which is supported by findings in IL-37 transgenic mice. Considering that both intestinal and respiratory mucosal surfaces belong to mucosal-associated lymphoid tissues (MALT) (28), it is reasonable to speculate that IL-37, acting as an anti-inflammatory cytokine, could inhibit food allergy by upregulating CD35+ Treg cells (29), thereby dampening hyperactive MALT responses (30). Consequently, IL-37 could serve as a therapeutic target for managing food allergy, similar to the role described for IL-33 (31), which requires verification in future studies. The precise underlying mechanism of IL-37 in regulating allergic response remains to be clarified. A recent report finds that IL-37 ameliorates local inflammation in atopic dermatitis by regulating gut microbiota through the AMPK-mTOR signaling pathway (32), further supporting the concept that IL-37 may act on both local and systemic responses via manipulating intestinal mucosal microbiota, an idea that requires further investigation.

Coeliac disease, an autoimmune disorder primarily affecting the small intestine, results from the ingestion of gluten-containing foods by genetically susceptible individuals with specific HLA alleles (33). Histopathological examination of coeliac disease reveals varying degrees of mucosal inflammation, characterized by cellular and humoral immune responses, including leukocyte infiltration, swelling, and neovascularization (34). Elevated levels of pro-inflammatory cytokines and reports of anti-inflammatory cytokines in coeliac disease patients correlate with clinical severity (35), suggesting a close association between coeliac disease and heightened pro-inflammatory cytokine production. However, attempts to mitigate inflammation in this setting, through anti-inflammatory cytokines, may be insufficiently effective. Recent studies have clarified the gluten-specific host response, demonstrating a strong correlation between gluten intake and clinical symptoms and signs in coeliac patients compared to controls (36). This observation aligns with significantly increased levels of pro-inflammatory cytokines, such as IL-2, IL-6, CCL20, CXCL8, CXCL9, IFN-γ, alongside elevated anti-inflammatory cytokines including IL-10 and IL-22. Because there is no direct evidence of the relationship between IL-37 and coeliac disease, based on the above data, it is also reasonable to speculate that IL-37, acting as an anti-inflammatory cytokine, would be enhanced among coeliac disease patients, particularly acutely following the ingestion of gluten contained food. This speculation is purely based on indirect evidence and consequently requires further verification.





IL-37 in gastric cancer

Persistent chronic stomach ulceration, particularly in the presence of H. pylori infection, substantially boosts the incidence of gastric cancer (37). Notably, circulating IL-37 is significantly higher in gastric cancer patients, compared to sex and age matched healthy controls (38), suggesting a possible pro-tumor effect of IL-37, since elevated IL-37 promotes an anti-inflammatory response via suppressing both innate (13) and adaptive immunity (14), resulting in compromised host immune surveillance against malignancy (39). These data are supported by the finding that IL-37 inhibits the immune response at both the cellular and humoral levels (40), which likely promotes gastric cancer development via inhibiting host gastric mucosal immunity against the development of gastric cancer. These data are further consistent with the finding that there is an inverse correlation between circulating IL-37 expression and 5-year survival (38). The pro-cancer role of IL-37 in gastric cancer is further sustained from multivariate analysis, which provides a more reliable prediction than univariate, showing that while the depth of invasion (T1-2 vs T3-4) and stage (I-II vs III-IV) were significant under univariate analysis, IL-37 expression (low vs high) remained significant under multivariate analysis and was the most reliable predictor for overall survival and progression free survival using multi-variate analysis. Interestingly, only high circulating IL-37 expression is a reliable predictive factor for low progression-free survival. Additionally, an elevated level of circulating IL-37 was correlating with poor differentiation. Surprisingly, there is no evidence in the literature about the specific underlying mechanism concerning the pro-cancer activity of IL-37 in gastric cancer, which warrants further investigation. There is at least a partial explanation that IL-37 inhibits immunosurveillance, although these data are not specific for gastric cancer, they are a more general immunological observation (13, 39–41). The underlying mechanism in gastric cancer has not been specifically examined.

Interestingly, in most other cancers examined to date, elevated levels of IL-37 have correlated with anti-tumor activity and with improved survival (12). IL-37 has been shown to be protective during the development of a number of cancers, including hepatocellular carcinoma (42, 43), colorectal cancer (44), non-small cell lung cancer (45), renal cell carcinoma and oral and cervical squamous cell carcinoma (46). Possible anti-tumor mechanisms of IL-37 include inhibition of both angiogenesis and tumor-promoting inflammation, and promotion of anti-tumor immunity (47). Paradoxically, high circulating levels of IL-37 have been shown to associated with decreased survival in patients with metastatic epithelial ovarian cancer (48).

However, the detailed data within the literature are very variable, as some studies investigated circulating IL-37, while others have measured cancer vs normal tissue levels of IL-37. Data derived from other cancers suggest that the best indicator of IL-37 activity is likely to be the level of the IL-37 in cancer tissue as a function of severity/survival.

Such speculation is aligned with our previous findings, showing that there is an inverse correlation between IL-31, -32, -33 (49) and IL-34 (50) in gastric cancer survival, suggesting a pro-cancer role of these cytokines. Taken together, these data align with the concept that host immunity plays a critical role in immune surveillance against the development of gastric cancer, i.e. both mucosal and systemic immunity may be compromised among gastric cancer patients due to significantly upregulated IL-37, which inhibits potentially protective pro-inflammatory responses (51).

Interestingly, a recent report shows that IL-37 can play a dual role in malignancy, i.e. IL-37 possesses both anti-inflammatory and pro-inflammatory functions (52), depending on which subset units of IL-37 are activated. A protective role of IL-37 during the development of gastric cancer has been demonstrated, where the processed form of IL-37 binds to SMAD-3, relocates to the nucleus, and hinders the transcription of various pro-inflammatory genes. Both the precursor and cleaved versions of IL-37 are actively secreted. They associate with the IL-18Rα chain, shared by IL-18 as a receptor subunit, and recruit Toll/IL-1R (TIR)-8 to facilitate intracellular signaling. IL-37 suppresses the activation of NF-κB and MAPK while activating the Mer-PTEN-DOK pathway. It exerts negative regulation on signaling induced by TLR agonists, proinflammatory cytokines, and IL-1RF ligands. Additionally, IL-37 influences cell metabolism by inhibiting mTOR and GSK-3α/β, and activating AMPK (53).

By contrast to gastric cancer, it has been reported that IL-37 suppresses hepatocellular carcinoma (HCC) growth through inhibiting tumor-associated macrophages (TAM) (54), by promoting TAM polarization from the pro-tumorigenic M2 subtype to the anti-tumorigenic M1 subtype (55). A possible explanation for this discrepancy is that the exposure of the epithelial cells of the liver and stomach to microbiological flora are completely different, although both belong to the GI system. Thus, GI mucosal immunity may play different regulatory roles in maintaining homeostasis in these two different organs. This is in line with a report showing that the anti-inflammatory role of IL-37 contributes to the suppression of chronic inflammation, particularly among patients with non-alcoholic fatty liver disease (NAFLD), and subsequently reduces the risk of malignancy (56).

Surprisingly, no studies have examined local gastric mucosal expression of IL-37 amongst either GC patients or HCC up to date. It is understandable that there are ethical challenges to obtaining gastric mucosa or hepatic tissue from HCC cohorts, but certainly the detection of IL-37 in GC tumor and adjacent normal gastric mucosa warrants further clarification. Importantly, recent research indicates that IL-37 could serve as a novel therapeutic tool for cancer patients (53), and there is growing evidence suggesting its potential role as a prognostic marker across various human cancers (56).





IL-37 in IBD

Inflammatory bowel disease (IBD) serves as an umbrella term encompassing chronic gastrointestinal inflammation, which includes conditions such as ulcerative colitis and Crohn’s Disease (57). The etiology of IBD is intricate, involving factors such as environmental influences, genetics, and infections (57). The global incidence of IBD is 6.8 million (58). Notably, IBD is a lifelong condition currently lacking a cure, making it a significant focus of attention (58).

The protective role IL-37 during the development of experimental colitis has been demonstrated in IL-37 transgenic mice following DSS challenge, showing substantially reduced clinical signs and symptoms and histopathology severity from IL-37 overexpression transgenic mice, compared to that of wildtype counterparts (59). Importantly the induced IL-37 mRNA inversely correlates with intestinal barrier breakdown (59). The reduced intestinal mucosal inflammation in the IL-37 transgenic mice was found to be consistent with suppressed pro-inflammatory mediators (TNF and IL-1β, IL-17, IL-6 and CXCL1), but enhanced anti-inflammatory mediator (IL-10) production, and reduced recruitment of leucocytes (neutrophils, dendritic cells, macrophages, eosinophils) in the lamina propria (59). It has been elegantly demonstrated that hemopoietic-derived IL-37 provides an essential protective role from DSS colitis, by adoptive transfer of bone marrow from IL-37 transgenic mice, compared to that of the control bone marrow. Additionally, correlating with improved histopathology, increased Ki67 demonstrated proliferation and regeneration of intestinal mucosa. Furthermore, there was no significant difference in the group receiving anti-IL-10 receptor blocking antibody, possibly because IL-10 did not exhibit a syngeneic role with IL-37. Alternatively, the antibody may not have maintained a therapeutic effect for sufficient time.

Interestingly, conflicting results have emerged from IL-37 transgenic mice following DSS stimulation, revealing that IL-37 transgenic mice exhibited more severe colitis under conventional conditions compared to wildtype mice (60). Conversely, under SPF conditions, IL-37 transgenic mice displayed less severe colitis. This implies that the protective role of IL-37 is contingent upon the gut microbiota, specifically whether dysbiosis is present. This observation suggests a potential link between environmental factors and the pathogenesis of colitis, in conjunction with the integrity of the intestinal mucosal epithelial barrier. This barrier plays a pivotal role in recruiting neutrophils and NK cells, as well as preventing the invasion of pathogenic bacteria into the colon lamina propria and its draining lymph nodes (16), because intestinal damage is required for the pro-inflammatory differentiation of commensal antigen-specific T cells, for example against the CBir1-bacterium.

Therefore, the roles of intestinal mucosal IL-37, influenced by the state of the intestinal microbiota, may contribute to either the exacerbation or alleviation of IBD occurrences. The regulation of host cellular and/or humoral immunities based on gut pathogenic bacteria, or the maintenance of intestinal microbial and immune homeostasis, emerges as a promising therapeutic strategy for IBD (60).

The findings in the animal model of IBD are aligned with observations in patients with IBD, showing that significantly higher expression of IL-37β is observed in biopsies from inflamed mucosa from active ulcerative colitis patient (61), but there is no obvious expression of IL-37β in the normal intestinal mucosa. The upregulation of IL-37β is consistent with and likely a consequence of a high level of proinflammatory mediators, particularly TNF (61). These findings indicate that heightened levels of intestinal mucosal IL-37β in individuals with ulcerative colitis may play a protective or immunosuppressive role in response to local inflammation. However, persistent chronic inflammation in susceptible cohorts, potentially due to either inadequate activation of downstream pathways and/or ineffective receptors for IL-37 (61), compromise IL-37 action and subsequently disrupt the local immunological balance.

Eventually irreversible permanent damage occurs within the intestinal mucosa, despite the application of different approaches, e.g. NSAIDs, steroids, the anti-TNF monoclonal antibody biologics (infliximab, golimumab, certolizumab and adalimumab, and the fusion protein etanercept). There is no literature concerning the involvement of other subsets of IL-37 in IBD, which warrants further exploration. In particular, the role of specific subsets of IL-37, i.e. IL-37α and γ in patients with IBD remains to be explored in future.

The crucial role of IL-37 in the development of IBD is highlighted by findings in a pediatric patient (62), who developed infantile ulcerative colitis, as a consequence of the over-expression of an inactivated homozygous IL-37 variant that was functionally unable to suppress pro-inflammatory cytokine production. The patient’s mother was identified as heterozygous for the inactivating IL-37 variant mutation. This genetic variant may contribute to the destabilization of the protein structure of IL-37, leading to increased solvent accessibility of the substituted polar residue (62). These clinical findings offer insights into the role of IL-37 during IBD development and suggest it could be a potential therapeutic target for managing patients with IBD in the future.

Further mechanistic investigation from this study illustrates that the mutant Ile177Thr IL-37 exhibits lower stability than wild-type IL-37, rendering the mutant IL-37 more susceptible to eradication, determined using cycloheximide chase assays, despite the elevated protein expression of I177T IL-37 (62). This insight is supported by in vitro studies, demonstrating that primary monocyte-derived dendritic cells from this IL-37 variant patient produce higher levels of TNF and IFN-γ compared to wild-type cells. Furthermore, these cells are unable to effectively inhibit pro-inflammatory responses in vitro, confirming the underlying mechanism of the IL-37 variant in response to pro-inflammatory stimulation.

It is important to highlight the substantial differences between IBD in humans and animal models. For instance, the duration of IBD often exceeds 10 years in humans, whereas in animal models, it typically spans only a few weeks. Consequently, there are significant variations in host immunity between chronic and acute conditions.





IL-37 in colorectal cancer

Colorectal cancer (CRC) remains a formidable global health challenge, despite extensive research efforts spanning both basic and clinical domains over several decades (63). CRC is still ranked as one of the leading prevalent malignancies worldwide, with an annual incidence of 1.93 million new cases (64). Effectively managing CRC continues to prove to be a significant struggle for clinicians and patients alike. Consequently, patients often experience unfavorable outcomes and a low five-year survival rate (65), primarily due to a substantial proportion being diagnosed at advanced stages characterized by deep bowel wall invasion and/or distant metastasis, with palliative care being the only option for these patients. It is well known that host immunity plays a critical role in tumorigenesis, especially in CRC, consistent with reports showing that there is a positive correlation between pro-inflammatory mediators and the severity of CRC (66), especially in the majority of CRC that are associated with MMR/MSI incompetent tumors (67).

The precise role of IL-37, an anti-inflammatory cytokine, during the development of CRC remains to be explored in detail. However, it has been hypothesized that IL-37 may provide protection via regulating host MALT immunity during the development of CRC, based partly on the observation that colonic IL-37 is significantly diminished in CRC tissues, evident at both the mRNA and protein levels, when compared to non-cancerous tissues (66).

The proposed protective role of IL-37 in CRC is supported by the observation that an inverse correlation occurs between colonic IL-37 and CRC invasion and differentiation (66). Additionally, a positive correlation occurs between IL-37 expression levels and both disease-free survival and overall survival (66), further supporting our hypothesis. Another study has revealed that IL-37 is localized in the cytoplasm of colonic epithelial cells, and the expression of colonic IL-37 in CRC tissue is consistently reduced compared to that in non-CRC colonic epithelial cells (68). Notably, in this study, colonic tumor IL-37 expression exhibits an inverse correlation with the depth of CRC invasion, consistent with CRC progression (68). Surprisingly, no significant correlation was observed between colonic tumor IL-37 expression and differentiation of CRC by the second research team (68). This discrepancy, i.e. the correlation between IL-37 and differentiation of CRC, reported by these two groups, may be due to different patient demographics, such as different regional, genetic and/or environmental backgrounds, which should be further verified. No differences have been observed in the role and expression of IL-37 in CRC as a function of the location of the CRC (right vs left colon) (69), or patient sex (70) or age (71).

In contrast to the aforementioned findings, increased IL-37 levels appear to promote CRC tumorigenesis in the context of chronic inflammatory bowel disease, revealing a more intricate mechanism (72). To investigate how IL-37 contributes to CRC promotion, researchers utilized IL-37 transgenic mice to induce CRC in the presence of chemically-induced colitis (72). Compared to wild-type (WT) mice with colitis, the IL-37 over-expression transgenic mice showed more severe colitis and a greater number of tumors. Notably, IL-37 transgenic mice exhibited compromised CD8+ T cell function, leading to enhanced evasion of immune surveillance. Moreover, dysfunctional CD8+ T cells mediated IL-37’s inhibition of IL-18-induced proliferation and effector function, a process dependent on SIGIRR (single immunoglobulin interleukin-1 receptor-related protein) (72). These findings underscore that the overall impact of IL-37 expression heavily relies on the pre-existing inflammatory status of the mucosa.

At the molecular and signaling levels, IL-37, recognized as an anti-inflammatory cytokine (13), plays a critical role in maintaining the integrity of intestinal mucosal homeostasis. When the mucosa faces various pathological stimuli or challenges, including exacerbations of IBD, colonic IL-37 is released to alleviate inflammation (73). This process can help prevent the transformation of colonic epithelial cells into a malignancy by suppressing the pro-proliferative stimulus of pro-inflammatory cytokines. However, if the underlying pathological stimuli are not effectively addressed or halted, chronic inflammation persists, for example, chronic inflammation associated with IBD, disrupting tissue homeostasis (67), despite ongoing efforts by colonic IL-37 to suppress local inflammation. As mentioned earlier, immune surveillance against malignancies relies on host immunity and inflammation; therefore, prolonged and excessive suppression of pro-inflammatory responses may potentially promote tumorigenesis by hindering the local inflammation necessary for tumor cell destruction (74). This aligns with previous research demonstrating a positive correlation between pro-inflammatory mediators and CRC histopathology (67) (Figure 1).

[image: Diagram depicting the progression of inflammation and cancer in gastric and colonic mucosa. Panels A and D show balanced pro- and anti-inflammatory states in normal gastric and colonic mucosa, respectively. Panels B and E illustrate ulcerated mucosa with increased inflammatory cytokines. Panel C shows gastric cancer development with disturbed MALT, while panel G demonstrates colorectal cancer with mucosal destruction. Inflammatory cytokine levels are highlighted, indicating the transition from normal to diseased states, involving genetic and environmental factors.]
Figure 1 | Schematic that summarizes the involvement of inflammatory cytokines in mucosal ulceration and cancer formation in the stomach and the colon. Homeostasis between pro- and anti-inflammatory cytokines exists within the normal gastric mucosa (A); chronic H. pylori infection results in an increase in pro-inflammatory cytokines, with a reduction in anti-inflammatory cytokines, including IL-37, leading to gastric ulceration (B); following prolonged ulceration, anti-inflammatory cytokine expression rises, but is unable to suppress a continued rise in pro-inflammatory/pro-carcinogenic cytokines, ultimately leading to gastric cancer (C). Homeostasis between pro- and anti-inflammatory cytokines exists within the normal colonic mucosa (D); both pro- and anti-inflammatory mucosal cytokines are increased within a cancer-susceptible cohort (E), +/- the presence of IBD (F), in an attempt to maintain homeostasis; prolonged pro-inflammatory/pro-carcinogenic cytokine stimulation leads to neoplastic transformation of colonic mucosal epithelial cells that reduce their production of anti-inflammatory cytokines, including IL-37, resulting in the formation of CRC (G).





Comparison between up and low GI cancers

Moreover, the regulatory role of IL-37 varies between gastric cancer and colorectal cancer, promoting carcinogenesis through the up-regulation of IL-37 in gastric cancer or the down-regulation of IL-37 expression in colorectal cancer within the local mucosa. This difference can be attributed to the substantial variations between these two gastrointestinal organs. A significant factor is the distinction in the microenvironments of the colon and stomach, despite both being part of the MALT system (28). In addition, genetic contributions to tumorigenesis in both gastric cancer and colorectal cancer, local microenvironments also play a role in carcinogenesis, such as H. pylori in gastric cancer (37) and ultra-processed rich food in colorectal cancer (75). These differences necessitate distinct host mucosal regulatory responses to maintain homeostasis. Consequently, the signaling pathways for gastric cancer and colon cancer differ, suggesting the induction of different immune-regulatory mechanisms, particularly on IL-37 during tumorigenesis.

The above observations invite speculation that development of gastric cancer and CRC is partially due to substantially impaired/disturbed local and possible systemic host immunity among susceptible individuals, for example intestinal mucosal IL-37 production. Dramatic impaired host immunity compromised immune surveillance against the development of malignancy, resulting in initiation of cancers (51).

Interestingly, IL-37 has been shown to exert protective effects in various cancer types. For instance, in hepatocellular carcinoma (76), it may operate through the inhibition of M2 macrophages (54). In lung cancer (77), IL-37 demonstrates protective effects by inhibiting angiogenesis, as illustrated in an animal model study (78). From a mechanistic standpoint, elevated levels of IL-37 have been associated with increased infiltration of CD1a+ dendritic cells, which notably correlates with the overall survival rate in hepatocellular carcinoma (79). The implications of enhanced dendritic cells in anti-tumor immunity may involve heightened professional antigen presentation, leading to a subsequent increase in the differential polarization of macrophages (79). This phenomenon could elucidate the varying roles of macrophages in the development of malignancies, potentially exhibiting diverse mechanisms of carcinogenesis or microenvironments. The differential role of IL-37 in the GI tract and among different cancers may be due to the host differential immunological response(s) to various challenges, with different outcomes.





Conclusion

H. pylori infection leads to the inhibition of IL-37 in the gastric mucosa, contributing to heightened mucosal inflammation and destruction, thereby facilitating increased proliferation of H. pylori. Elevated levels of IL-37 observed in gastric cancer patients align with reduced host immunity at the cellular and humoral levels, indicating that IL-37 may not play a protective role in gastric cancer. It is speculated that IL-37 may protect individuals from food allergy and/or coeliac disease. While IL-37 provides protection in an IBD animal model, the detection of highly produced IL-37 in IBD patients suggests a stage-dependent role, being protective in acute inflammation but potentially promoting IBD in chronic conditions. Moreover, elevated colonic IL-37 in CRC correlates with overall survival time and disease time, indicating a protective role for IL-37 in CRC, except possibly in IBD-associated CRC. The differential regulation and expression of IL-37 between upper- and lower-GI organs may be attributed to variations in the microbial flora. This information suggests that IL-37 could be a potential therapeutic agent, acting as a key suppressor of innate immunity and allergic immune responses mediated by leucocytes.
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Purpose

Human OX40 (hOX40/CD134), a member of the TNF receptor superfamily, is mainly expressed on activated T lymphocytes. Triggered by its ligand OX40L (CD252), it provides costimulatory signals that support the differentiation, proliferation and long-term survival of T cells. Besides being a relevant therapeutic target, hOX40 is also an important biomarker for monitoring the presence or infiltration of activated T cells within the tumor microenvironment (TME), the inflammatory microenvironment (IME) in immune-mediated diseases (IMIDs) and the lymphatic organs. Here, we developed novel single domain antibodies (nanobodies, Nbs) targeting hOX40 to monitor the activation status of T cells by in vivo molecular imaging.





Methods

Nbs against hOX40 (hOX40-Nbs) were selected from an immunized Nb-library by phage display. The identified hOX40-Nbs were characterized in vitro, including determination of their specificity, affinity, stability, epitope recognition and their impact on OX40 signaling and T cell function. A lead candidate was site-specifically conjugated with a fluorophore via sortagging and applied for noninvasive in vivo optical imaging (OI) of hOX40-expressing cells in a xenograft mouse model.





Results

Our selection campaign revealed four unique Nbs that exhibit strong binding affinities and high stabilities under physiological conditions. Epitope binning and domain mapping indicated the targeting of at least two different epitopes on hOX40. When analyzing their impact on OX40 signaling, an agonistic effect was excluded for all validated Nbs. Incubation of activated T cells with hOX40-Nbs did not affect cell viability or proliferation patterns, whereas differences in cytokine release were observed. In vivo OI with a fluorophore-conjugated lead candidate in experimental mice with hOX40-expressing xenografts demonstrated its specificity and functionality as an imaging probe.





Conclusion

Considering the need for advanced probes for noninvasive in vivo monitoring of T cell activation dynamics, we propose, that our hOX40-Nbs have a great potential as imaging probes for noninvasive and longitudinal in vivo diagnostics. Quantification of OX40+ T cells in TME or IME will provide crucial insights into the activation state of infiltrating T cells, offering a valuable biomarker for assessing immune responses, predicting treatment efficacy, and guiding personalized immunotherapy strategies in patients with cancer or IMIDs.





Keywords: OX40, nanobody, T cell activation, tumor microenvironment (TME), monitoring immunotherapies, in vivo imaging





Introduction

Immunotherapies that specifically modulate the patient’s immune system, e.g. to fight malignant tumor cells or attenuate autoimmune reactions, have opened a new chapter in personalized medicine (1–4). Although such therapies have shown remarkable success in some cases, the reasons why patients respond differently need to be understood. It is generally accepted that treatment outcomes are highly dependent on the individual immune system and the composition of the tumor (TME) or inflammatory microenvironment (IME), which is why sophisticated diagnostic approaches are required. To overcome the limitations of invasive procedures including histopathology or liquid biopsies (5, 6), noninvasive techniques such as in vivo imaging have been implemented in diagnostics and therapy monitoring. This has led to an increasing interest in the development of novel probes, that recognize specific immune cell populations and are capable of visualizing their infiltration into the TME, IME as well as primary and secondary lymphatic organs (7). Considering cytotoxic CD8+ T cells as one of the most relevant immune cells in the context of immunotherapies, a growing number of different antibody-derived imaging probes for preclinical and also clinical in vivo imaging of CD8+ T cells have recently been reported (7–13). In addition, comparable probes have been developed to visualize other populations such as CD4+ T cells, which increasingly gained importance in the context of tumor immunotherapy (14–17). Furthermore, also probes targeting myeloid cells including tumor-associated macrophages (18, 19) or detecting immune checkpoints expressed on antigen-presenting cells (APCs) and/or tumor cells have been reported (reviewed in (20, 21). Since the presence or absence of specific cell populations alone does not give information about their functional states, visualizing of particularly activation, could enable more precise patient stratification and monitoring of therapeutic responses. This was demonstrated by visualization of the inducible T cell costimulatory receptor (ICOS) (22), the early T cell activation marker CD69 (23), or soluble factors such as granzyme B (24, 25) or interferon-γ (IFN-γ) (67) which both are released by activated cytotoxic T cells.

OX40 (CD134/TNFRSF4), has been described as a surface marker for T cell activation (26–30). It is mainly expressed on activated CD8+ and CD4+ T cells, but also on activated regulatory T cells (Tregs), natural killer T cells (NKTs) and neutrophils (27, 31–33). OX40 binds to the OX40 ligand (OX40L, CD252) presented by activated APCs including B cells, dendritic cells and macrophages (34–36). OX40-OX40L engagement is key to potentiate T cell responses, including differentiation, proliferation, long-term survival, and enhancement of T cell effector functions, such as cytokine production (37). Recently, mouse-specific OX40 monoclonal antibodies (mAbs) were developed and applied for immune positron emission tomography (immunoPET) imaging in proof-of-principle studies to predict responses to cancer vaccines (38) or T cell response to glioblastoma (39) in preclinical mouse models. Beside cancer, OX40-specific immunoPET has also been applied to follow the development of acute graft-versus-host disease (40) or rheumatoid arthritis (41). However, the long systemic half-life of mAbs (up to seven days after injection), which is due to a reduced renal clearance, binding to Fc gamma receptor (FcγRs)-presenting cells and slow tissue penetration, delays prompt immunoPET imaging and leads to high radiation exposure. Moreover, this leads to a high tissue and blood background, which limits its sensitivity in detecting small populations of activated T cells (42). Consequently, there is a high demand for advanced molecules targeting human OX40 (hOX40) for diagnostic immunoPET imaging (43).

Antibody fragments derived from heavy-chain-only antibodies of camelids, referred to as VHHs or nanobodies (Nbs) (44), have emerged as versatile medical in vivo imaging probes [reviewed in (45–47)]. Nbs are characterized by a high stability in hydrophilic environments, small size (~15 kDa) and lack of the Fc moiety and thus show a fast renal clearance. In combination with highly sensitive and/or quantitative whole-body molecular imaging techniques based on optical or radionuclide-based modalities, in vivo binding of Nbs to their targets could be detected within minutes after systemic application (46, 48). Here, we describe the first set of hOX40-specific Nbs to monitor the activation status of human T cells and demonstrate the capability of a lead candidate for whole-body in vivo optical imaging (OI) of hOX40-expressing tumor cells in a mouse xenograft model.





Results




Identification and characterization of hOX40 specific Nbs

For the generation of hOX40-specific Nbs, two alpacas (Vicugna pacos) were immunized with the extracellular domain of hOX40, which contains the amino acid residues from Leu29 to Ala216. A positive immune response in both animals was confirmed on day 63 by serum ELISA (Supplementary Figure S1). Starting from peripheral blood lymphocytes (PBLs), we established a Nb-phagemid library representing the VHH repertoire of both animals (size: ~3 x 107 clones), from which hOX40-Nbs were enriched against recombinant hOX40 in two consecutive rounds of phage display. The selective binding of individual clones was tested in a whole-cell phage ELISA with U2OS cells stably expressing hOX40 (U2OS-hOX40). Subsequent sequencing revealed four unique hOX40-Nbs, namely O7, O12, O18 and O19, which exhibited highly diverse complementarity determining regions (CDRs) 3 (Figure 1A, Supplementary Table S1). All selected Nbs were expressed in Escherichia coli (E. coli) and purified by immobilized metal ion affinity chromatography (IMAC) followed by size exclusion chromatography (SEC), yielding high purity binding molecules (Figure 1B). To initially assess their binding affinities, we performed biolayer interferometry (BLI) and determined KD values in the pico- to low nanomolar range (0.2 - 3.4 nM), while O7 showed a substantially weaker affinity as reflected by a KD of ~ 150 nM (Figure 1C, Supplementary Figure S2A). In addition, we determined the folding stability of the selected candidates using differential scanning fluorimetry (nanoDSF). All Nbs showed high thermal stabilities with melting temperatures (TM) between 50°C and 74°C without aggregation. Notably, this was not affected by an accelerated aging period of 10 days at 37°C (Figure 1D, Supplementary Figure S2B).

[image: This is a multifaceted scientific image with four sections. Section A shows a sequence alignment of nanobodies Nb 07, Nb 012, Nb 018, and Nb 019 with conserved regions marked. Section B is a gel electrophoresis image indicating molecular weight markers and bands for the nanobodies. Section C displays a graph of binding kinetics over time for Nb O18 with calculated dissociation constant (KD), and a table with KD, kon, and koff values for various nanobodies. Section D includes two graphs showing stability measurements of Nb O18 at varying temperatures, with corresponding data tables for melting and aggregation temperatures.]
Figure 1 | Biochemical characterization of hOX40-Nbs. (A) Amino acid (aa) sequences of the complementarity determining region (CDR) 3 from 4 unique hOX40-Nbs identified by two consecutive rounds of bio panning (full sequences are displayed in Supplementary Table S1). (B) Coomassie-stained SDS-PAGE of 2 µg purified hOX40-Nbs after purification using immobilized metal affinity chromatography (IMAC) and size exclusion chromatography (SEC). (C) Biolayer interferometry (BLI)-based affinity measurements exemplarily shown for Nb O18. Biotinylated Nb was immobilized on streptavidin biosensors. Kinetic measurements were performed using four concentrations of recombinant hOX40 ranging from 2.5 nM - 20 nM (displayed with gradually lighter shades of color; left). Summary table (right) shows affinities (KD), association constants (kon), and dissociation constants (koff) determined by BLI using four concentrations of purified Nbs as mean ± SD. (D) Stability analysis using nano scale differential scanning fluorimetry (nanoDSF) displaying fluorescence ratio (350 nm/330 nm) (red) and light scattering (gray) shown as first derivative for day 0 (dark shade) and after an accelerated aging period of 10 days at 37°C (light shade), exemplary shown for Nb O18 (left) and summarized for all hOX40-Nbs in the table (right). Data are shown as mean value of three technical replicates.

For the fluorescent functionalization of hOX40-Nbs, we took advantage of a sortase-based approach to selectively attach an azide-group to the C-termini of the Nbs, which served as chemical handle for the addition of a AlexaFluor647(AF647)-conjugated dibenzocyclooctyne (DBCO-AF647) group utilizing click chemistry (16). As a result, we obtained Nbs comprising a C-terminal fluorophore with a defined labeling ratio of 1:1. The fluorescent Nbs were used to determine corresponding KD (half-maximum binding at equilibrium) values on U2OS-hOX40 cells by flow cytometry. In accordance with the BLI-determined affinities, a strong functional binding for O12 and O18 with KD values in the subnanomolar range (~ 0.1 nM for O12; ~ 0.3 nM for O18) was determined, whereas O7 and O19 displayed slightly weaker affinities (Figure 2A, Supplementary Figure S3A). To further confirm specific binding of the selected Nbs to hOX40 localized at the plasma membrane of mammalian cells, we used the fluorescent Nbs for live cell staining of U2OS-hOX40 cells in comparison to wild-type U2OS (U2OS-WT) cells. The images displayed intense signals localized at the cellular surface for all tested binders, which was comparable to the staining with a commercially available anti-hOX40 mAb, while none of the tested Nbs showed non-specific binding to U2OS-WT cells (Figure 2B). In addition, we used this approach to test a potential cross-reactivity of the Nbs to murine OX40 (mOX40) which has a ~63% sequence homology and performed live cell imaging on U2OS cells transiently expressing mOX40. Only O7 bound to mOX40, while all other candidates showed no staining of mOX40 expressing U2OS cells (Supplementary Figure S3B). In summary, we identified four hOX40-Nbs that bind recombinant as well as cell-resident hOX40. With respect to O12, O18 and O19 we selected high-affinity binders with KD values in the pico- to low nanomolar range that exhibited strong specific binding to membrane-exposed hOX40. Notably, only O7 was less affine to recombinant hOX40 but showed additional cross-reactivity towards mOX40.
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Figure 2 | Characterization of cellular binding of hOX40-Nbs. (A) Determination of hOX40-Nb binding to cellular expressed hOX40 by flow cytometry (n=3), exemplary shown for Nb O18 labeled with AlexaFluor647 (AF647; left). The percentage of positively stained U2OS-hOX40 (frequency of parent) was plotted against indicated concentrations of AF647-labeled hOX40-Nbs and KD values shown in table (right) were calculated from a four-parametric sigmoidal model based on the mean ± SD of three replicates. (B) Representative images of U2OS-hOX40 cells (upper panel) and U2OS-WT cells (lower panel) stained with 1000 nM AF647-labeled hOX40-Nbs (left) as well as non-binding AF647-labeled PEP-Nb (Nb Ctrl.) as negative and phycoerythrin (PE)-labeled anti-hOX40 mAb as positive control (right). Shown are individual Nb staining (red), nuclei staining (Hoechst, blue) and merged signals; scale bar: 50 µm.





Characterization of binding epitopes on hOX40

To localize the binding sites of the selected hOX40-Nbs within the natively folded hOX40, we generated cellular expression constructs comprising domain-deletion mutants of hOX40 domains 1-3, which we transiently expressed in U2OS cells. Nb binding to truncated versions of hOX40 was visualized by immunofluorescence imaging of live cells. An anti-hOX40 mAb directed against domain 4 was used as a positive control (Figure 3A). Based on these results, we allocated binding of O7 and O19 to domain 3 and of O12 and O18 to domain 1 of hOX40 (Figure 3B). To examine a potential combinatorial binding of the different hOX40-Nbs, we further performed epitope binning analysis by BLI (Figure 3C). As expected from the domain mapping, O12 and O18, both targeting domain 1, simultaneously bound hOX40 in complex with O7 or O19, each targeting domain 3. However, only weak combinatorial binding was observed for Nbs addressing the same domain, suggesting that O12 and O18, as well as O7 and O19 address identical or at least overlapping epitopes (Figure 3D, Supplementary Figure S4).

[image: Panel A shows fluorescence microscopy images of U2OS-WT, hOX40 domain deletion mutants, with red fluorescence indicating Cy5 labeling across various conditions. Panel B illustrates a 3D model of HOX40 domains, highlighting the binding sites of different nanobodies (Nb) and monoclonal antibody (mAb). Panel C presents a binding curve graph displaying interactions of Nb O12 with hOX40 and premixes of other Nbs. Panel D is a heatmap table depicting competition and combinatorial binding results among the nanobodies.]
Figure 3 | Characterization of binding epitopes of hOX40-Nbs. (A) Domain mapping by immunofluorescence staining with hOX40-Nbs on U2OS cells displaying either surface exposed hOX40 full length (D1-4), or domain deletion mutants as indicated. Shown are representative images of living cells stained with individual AF647-labeled Nbs or anti-hOX40 mAb; scale bar: 50 µm. (B) Schematic overview summarizing the results of domain mapping analysis (crystal structure OX40 PDB: 2HEV). (C) Epitope binning analysis of hOX40-Nbs by BLI. Representative sensograms of combinatorial Nb binding to recombinant hOX40 on sharing/overlapping epitopes or on different epitopes are shown. (D) Graphical summary of epitope binning analysis.





hOX40-Nbs bind to activated human T lymphocytes

Having demonstrated that all selected Nbs recognize recombinant and exogenously overexpressed cellular hOX40, we next investigated their specificity for binding to endogenous hOX40 on activated T cells. Therefore, human peripheral blood mononuclear cells (hPBMCs) from three healthy donors (K025, K029 and K034) were either left untreated or incubated for 24 h with phytohaemagglutinin L (PHA-L) as a pan T cell stimulus and interleukin 2 (IL-2) to induce expression of OX40 (49) (Figure 4A). Subsequently, hPBMCs were double-stained with fluorescently labeled hOX40-Nbs, the non-binding PEP-Nb (50) (Nb Ctrl.) or a phycoerythrin (PE)-labeled anti-hOX40 mAb in combination with a T cell-specific anti-CD3 mAb, and the percentage of OX40+ positive T cells (CD3+) was analyzed by flow cytometry (Figure 4C, gating: Supplementary Figure S5A). The obtained data show that all hOX40-Nbs except O7 bound specifically to T cells upon PHA-L-/IL-2 mediated activation, comparable to the anti-hOX40 mAb. Notably, no binding prior to stimulation was observed (Figures 4B, C, Supplementary Figure S5B). Determination of mean fluorescence intensities (MFI) normalized to the negative control (PEP-Nb) revealed differences that reflect the affinities of the Nbs previously determined with BLI (Supplementary Figure S5C). To further investigate the binding of hOX40-Nbs to different T cell subpopulations, we performed flow cytometry analysis of activated hPBMCs with Nbs O12, O18, O19, non-binding PEP-Nb or the anti-hOX40-mAb in combination with antibodies indicative for main T cell populations including anti-CD4, anti-CD8 as well as anti-CD25 and anti-FoxP3 antibodies for the assessment of Tregs (Supplementary Figure S6A). As shown in Figure 4D, the results indicated that the selected hOX40-Nbs bind to OX40 on all three analyzed T cell subpopulations upon activation, comparable to the anti-hOX40 mAb. Furthermore, differences in OX40 expression were found for the various T cell populations and the donors analyzed. While we observed a higher percentage of OX40-expressing cells in non Treg CD4+ T cells and Tregs, lower expression of OX40 on CD8+ T cells was observed for all three tested donors (Figure 4D). In summary, the flow cytometric analysis confirmed the specificity of three of the selected hOX40 Nbs for their antigen and their functionality to bind endogenous hOX40 exclusively on activated T cells.

[image: Flow cytometry analysis of PBMC activation and OX40 binding. (A) Illustration showing OX40 stimulation of PBMCs with PHA-L/IL-2. (B) Bar graph displaying the percentage of Nb+ T cells after 24 hours. (C) Scatter plots showing flow cytometry data for different nanobodies and controls at 24 and 0 hours. (D) Four bar graphs displaying percentages of different T cell populations, including non Treg CD4+, CD8+, and Tregs, after 24 hours of stimulation. Various nanobodies and controls are compared across different experimental conditions.]
Figure 4 | Validation of hOX40-Nb binding to activated T cells. (A) Schematic outline of activation of human peripheral blood mononuclear cells (hPBMCs) by phytohaemagglutinin L (PHA-L) and IL-2. (B) Flow cytometry analysis of hOX40-Nbs staining on CD3+ hPBMCs from three different donors (K025, K029 and K034) after 24 h of PHA-L and IL-2 stimulation shown as bar graph. Data are presented as mean ± SD of three replicate stains. (C) Exemplary results of flow cytometry analysis of CD3+ hPBMCs derived from donor K034 stained with AF647-labeled hOX40-Nbs, a non-binding PEP-Nb (Nb. Ctrl.) or a PE-labeled anti-hOX40 mAb before (0 h, lower panel) and after (24 h, upper panel) stimulation. (D) Flow cytometry analysis of hOX40-Nb staining on non Treg CD4+, CD8+ and regulatory (Treg) T cells from the three same donors after 24 h of PHA-L and IL-2 stimulation. Bar graphs summarizing the percentages of the different T cell subpopulations for each donor (upper left), Nb binding to non Treg CD4+ T cells (upper right), Nb binding to CD8+ T cells (lower left) and Nb binding to Tregs (lower right) in comparison to non-binding PEP-Nb (Nb. Ctrl.) or a PE-labeled anti-hOX40 mAb. Data are presented as mean ± SD of three replicate stains.





Agonistic and antagonistic effects of Nbs on OX40 signaling

Targeting OX40, can trigger strong immune responses (51). Therefore, we next investigated whether binding of the Nbs exerts agonistic or antagonistic effects on OX40-mediated signaling by using a genetically engineered Jurkat T cell-based bioassay. These effector cells express hOX40 and contain a luciferase reporter driven by a response element downstream of the OX40 signaling axis. Non-stimulated OX40 effector cells exhibited a weak luminescent signal, which was not further enhanced by addition of increasing concentrations of Nbs O12, O18, and O19. However, when using OX40L as positive control, we observed a strong concentration-dependent induction of NF-kB promotor activity, reflected by an increasing luminescence signal, as expected (Figure 5A). Next, we used this assay to analyze a possible competition between OX40L and Nbs for hOX40 binding. Therefore, we preincubated the OX40 effector cells with serial dilutions of Nbs ranging from 0.13 µM to 0.002 nM before adding OX40L at the saturation concentration of 0.12 µM. In this setting, we observed a reduction in luminescence in the presence of Nb O12 and, to a minor extent, of O18, whereas pre-incubation with O19 did not have any effect on OX40L-mediated induction of OX40 signaling (Figure 5B). These results were consistent with a BLI-based competition assay in which we monitored the binding of OX40L to recombinant hOX40 in the presence or absence of Nbs (Supplementary Figure S7). From these findings, we concluded that none of the Nbs augment OX40-mediated signaling. However, O12 and, to a minor degree, O18, which both target domain 1 of hOX40, competed with the binding of the natural ligand OX40L and could therefore potentially exert an antagonistic effect.

[image: Graphs and diagrams illustrate OX40 activation and competition. Panel A shows luminescence versus concentration for different nanobodies and controls. Panel B depicts similar data for competition assays. Panel C outlines experimental workflow involving PBMCs. Panel D displays flow cytometry histograms for different nanobodies across three samples (K025, K029, K034). Panel E shows a heat map of cytokine fold change over 24 hours, with a proliferation line graph tracking percentage of proliferated cells over days for different conditions.]
Figure 5 | Analysis of hOX40-Nbs on OX40 signaling. (A, B) Assessment of agonistic or antagonistic activities of hOX40-Nbs on OX40 signaling in a cell-based OX40 bioassay. (A) For determining agonistic effects OX40 effector cells were treated for 5 h with serial dilutions of Nbs O12, O18, O19 or OX40L as positive control (pos. Ctrl.) followed by luminescence detection. Data are shown as a three-parameter logistic regression dose-response curve based on the mean ± SD of three replicates (n = 3), with EC50 value of ~ 2.4 nM for OX40L. (B) For analysis of a potential OX40L competition, OX40 effector cells were preincubated with serial dilutions of Nbs ranging from 0.13 µM to 0.002 nM before adding OX40L at the saturation concentration of 0.12 µM followed by luminescence detection. Three-parameter logistic regression dose-response curves based on the mean ± SD of three replicates showed an antagonistic effect of Nb O12 and O18 with IC50 values of ~ 5.0 nM or 26.3 nM, respectively. (C) Schematic workflow for testing the impact of Nbs on T cell proliferation and cytokine release. hPBMCs of three donors (K025, K029, K034) were CFSE-labeled and stimulated with PHA-L/IL-2. After 24 h, hPBMCs were treated with 0.5 µM hOX40-Nbs, non-binding PEP-Nb (Nb Ctrl.), OX40L or left untreated (u.t.). Proliferation at days 4, 6, 8 and 12 after stimulation and cytokine release after 24, 72 and 168 hours of Nb treatment were monitored. (D) Proliferation was analyzed by flow cytometry (CFSE-low/negative fraction), exemplary shown for day 8 (D8, upper panel). Mean percentages of all three donors are shown as plain or dotted lines (lower panel). (E) Determination of cytokines secreted after treatment with hOX40-Nbs displayed as a heat map, exemplary shown for 24 hours (24 h) after Nb treatment. Values are shown as fold change compared to the untreated control based on the mean of three technical replicates.





Impact of hOX40-Nbs on proliferation and cytokine release of immune cells

To further explore possible effects of hOX40-Nb binding on T cells, we next investigated its influence on proliferation and cytokine release in hPBMCs. Therefore, hPBMCs from three donors (K025, K029 and K034) were labeled with carboxyfluorescein succinimidyl ester (CFSE) followed by induction of hOX40 expression by PHA-L and IL-2 stimulation for 24 h. After confirming successful activation and hOX40 expression by flow cytometry (Supplementary Figures S8A, B), hPBMCs were either left untreated or incubated with Nbs O12, O18, O19 or the non-binding PEP-Nb as a negative control (each 0.5 µM). For targeted hOX40 stimulation 0.5 µM OX40L was used (Figure 5C). Cell proliferation was monitored on days 4, 6, 8 and 12 by flow cytometry (Figure 5D). The results revealed similar proliferation profiles in the hPBMC samples from the same donor upon Nb treatment compared to the untreated samples, while treatment with OX40L induced a ~10% increase at day 6 and 8 in proliferation (Figure 5D, Supplementary Figures S8C, D). In addition, we investigated effects of hOX40-Nbs on the release of cytokines. Therefore, we determined the concentration of a panel of pro- and anti-inflammatory cytokines (Supplementary Table S2) in the supernatant of samples collected after 24, 72 and 168 hours post Nb treatment using a previously reported microsphere-based sandwich immunoassay (16). While Nb O18 and O19 showed only minor effects on cytokine release compared to the untreated control or samples incubated with a non-binding PEP-Nb, a significant increase of the NFκ-driven cytokines TNF and IL-6 and of the Th2 cytokines IL-4, and IL-10 upon treatment with O12 was observed. Interestingly, the cytokine release of O12-treated samples differed from samples treated with OX40L, in which only elevated levels of IL-13 were observed (Figure 5E, Supplementary Figure S9).





hOX40-Nb for in vivo imaging

For in vivo OI, we chose the fluorescently-labeled Nb O18 (O18AF647) as it showed the strongest binding to cellular exposed hOX40 with only minor blocking effect on OX40L and did not modulate T cell function or cytokine expression. CD1 nude mice with subcutaneous HT1080-hOX40 or HT1080-WT tumors were intravenously (i.v.) injected with 5 μg of O18AF647 and non-invasively in vivo investigated by OI over 6 h. The signal intensity (SI) of O18AF647 in both the HT1080-hOX40 and the HT1080-WT tumors peaked within 5 min after injection. While the SI continuously decreased over time in the HT1080-WT tumors, it remained stable in the HT1080-hOX40 tumors between 3 h and 6 h post injection, indicating target-specific accumulation after the initial clearing phase of O18AF647. Importantly, we determined an increased O18AF647-related SI in the HT1080-hOX40 tumors compared to HT1080-WT tumors at all imaging time points with the greatest difference 6 h post injections of ~7-fold (Figures 6A, B). Finally, mice were sacrificed, and the presence of O18AF647 within the explanted tumors was analyzed by ex vivo OI. Consistent with the in vivo data, HT1080-hOX40 tumors exhibited a significantly higher uptake (SI) when compared to HT1080-WT control tumors, indicating a specific binding of the Nb O18 to its target antigen and a favorable signal-to-background ratio for this Nb-derived immunoprobe (Figure 6C). These findings demonstrated a specific binding for O18AF647 in vivo, highlighting its potential as a promising tool for noninvasive monitoring of OX40 expression in immune diagnostics.

[image: Panel A shows bioluminescent imaging of mice over time with HT1080-hOX40 and HT1080-WT cell lines. Panel B presents a graph of average radiant efficiency over time for both cell lines, with HT1080-hOX40 showing higher values. Panel C includes images comparing the two cell lines' radiant efficiencies, with a bar graph indicating significantly higher efficiency in HT1080-hOX40. Color scales indicate radiant efficiency levels.]
Figure 6 | In vivo optical imaging (OI) with O18AF647 in HT1080-hOX40 and HT1080-WT tumor bearing mice. 5 µg of O18AF647 were administered intravenously (i.v.) to CD1 nude mice which previously were subcutaneously injected with human HT1080-hOX40 or HT1080-WT cells at the right upper flank for tumor formation. Tumor biodistribution of O18AF647 was monitored by repetitive OI measurements over the course of 6 h. (A) Acquired images of different measurement time points of one representative O18AF647-injected mouse with HT1080-hOX40 tumor (top) or HT1080-WT tumor (bottom, control). Red arrows indicate the tumor localization at the right upper flank. The kidney is marked with a white arrow at the 5 min time point. (B) Quantification of the fluorescence signal from the tumors (n = 3 per group, arithmetic mean of the average radiant efficiency ± SD, unpaired t test, corrected for multiple comparisons using the Holm-Sidak method revealing a significance of p = 0,00004 indicated by ****) determined at indicated time points. (C) Representative ex vivo OI of harvested tumor (left) and organ quantification of O18AF647 in HT1080-hOX40 and HT1080-WT tumors. After the last imaging time point, tumors were harvested for ex vivo OI, confirming significantly increased accumulation of O18AF647 in HT1080-hOX40 tumors (n = 3 per group, arithmetic mean ± SD; unpaired t test revealing a significance of p = 0,0017 indicated by **). Data are shown as individual and mean value of three technical replicates. p < 0.05 was considered statistically significant (*) and marked as ** for p < 0.01 and **** for p < 0.0001.






Discussion

hOX40 is a recognized theranostic marker that is relevant for both diagnostic and therapeutic applications in the emerging field of immunotherapies (52). On tumor infiltrating T cells, expression of hOX40 correlates with a beneficial outcome and overall survival of patients with solid tumors such as colorectal cancer, cutaneous melanoma, non-small cell lung cancer and ovarian cancer (53–57). In the context of IMIDs such as rheumatoid arthritis, systemic lupus erythematosus or ulcerative colitis, increased expression of hOX40 often correlates with disease activity and severity (51, 58). Building on this potential, anti-OX40-specific mAbs were developed to monitor OX40 expression on activated T cells in preclinical mouse models and used in noninvasive medical imaging of OX40 in cancer vaccination (38), T cell response to glioblastoma (39), acute graft-versus-host disease (40), and rheumatoid arthritis (41).

Due to their unique properties, including specific binding, rapid and deep tissue penetration, short systemic half-life and low immunogenicity, Nbs have emerged as promising building blocks for the development of next-generation imaging probes (46) evidenced by an increasing number of preclinical and first in-human clinical trials (59–62). Here, we developed the first hOX40-specific Nbs as novel probes to specifically address activated T cells. As we focused on developing these binders as potential in vivo imaging probes, we aimed for Nbs that have minimal to no effects on OX40 signaling. In total, we identified four hOX40-Nbs with high binding affinity and long-term stability. Epitope mapping categorized the Nbs into two groups addressing either domain 1 or domain 3 of hOX40. However, a precise molecular insight into the recognized structural epitopes remains to be investigated. A more detailed analysis, e.g. by hydrogen-deuterium exchange mass spectrometry (HDX-MS), as already described for other Nbs (16, 19, 63), could facilitate the identification of Nbs that can be used for combinatorial binding, e.g., with OX40 antibodies currently in therapeutic development (64, 65). Three of the selected hOX40-Nbs (O12, O18 and O19) specifically bound to physiologically expressed hOX40 on the surface of activated T cells. A detailed analysis of the main T cell subpopulations further revealed comparable Nb binding to OX40 when expressed on activated CD8+, non Treg CD4+ and also Treg CD4+ T cells. Regarding the surveillance of activated T cells that infiltrate the tumor after immunotherapy, for example, binding to OX40 on activated Tregs could be considered a potential limitation, since not only anti-tumor effector T cells are visualized by hOX40-Nb. However, the specific binding of the hOX40-Nbs demonstrates the potential to provide a comprehensive picture of the activation status of T cells in the TME.

In vitro assessment of potential biological effects revealed that none of the selected hOX40 Nbs triggered OX40 signaling, while binding of O12 and to a lesser extent O18, both targeting domain 1 of hOX40, seems to compete with the natural ligand OX40L. Interestingly, although no agonistic effect was observed, treatment with O12 resulted in an increased release of NFκB induced cytokines and Th2 cytokines, which may be caused by a cross-reactivity of this Nb with other members of the tumor necrosis factor receptor superfamily (TNFRSF) or induction of an immune response by an unknown mechanism. For in vivo imaging applications, we chose Nb O18 as a lead candidate due to its strong affinity for recombinant and cellularly-exposed hOX40. Bearing in mind that only very small amounts of tracer are needed for imaging, we considered the observed weak competition with OX40L to be acceptable especially since binding of O18 showed no obvious effects on proliferation and cytokine release of T cells. Apparently, site-directed functionalization employing C-terminal sortagging and DBCO-mediated click chemical conjugation to AF647 (16, 66) did not affect its binding properties. OI of HT1080-hOX40 tumors in a mouse xenograft model designed as the first in vivo “proof-of-concept” analysis, showed rapid target-specific accumulation of fluorescently labeled O18 on antigen-expressing cells and sustained binding over a prolonged period indicating a high in vivo binding functionality with a low off-rate. Even though demonstrated in a rather artificial model, which at this stage does not yet provide information on the visualization of activated T cells or their dynamic distribution within the TME, we envisage that O18 has the potential to be further developed into a radiolabeled immunoprobe for non-invasive monitoring of OX40 expression in immunodiagnostics.

In summary, several probes for visualizing T cell activation markers have been developed to date, including imaging probes based on peptides that bind granzyme B (24), mAbs against ICOS (22), IFN-y (67), murine OX40 (38), or a CD69 antibody as an early phenotypic activation marker (23, 68). Perspectively, diagnostic imaging using these probes can support therapy monitoring and patient selection for personalized immunotherapies such as immune checkpoint inhibitor therapies, where a high number of activated T cells within the TME is advantageous. Our first hOX40-specific Nbs described here now expand this list. Because of their high binding functionality, their unique properties in terms of tissue penetration and their improved signal-to-noise ratio without unwanted modulation of OX40 signaling, we expect that our hOX40-Nbs, once further engineered e.g. with suitable radionuclides, will facilitate the visualization of even small amounts of activated OX40+ T cells. Due to beneficial pharmacokinetics, it is conceivable that these Nbs further will enable earlier imaging timepoints and therefore, the usage of shorter-lived isotopes, e.g., 18F, thereby reducing patients’ radiation exposure and allowing more longitudinal imaging to assess dynamic changes in the T cell composition within the TME, IME and the lymphatic organs. In perspective, the hOX40-Nbs can not only be used to detect activated T cells in cancer lesions, but also for the applications in the diagnosis of IMIDs like rheumatoid arthritis (41) or graft-versus-host disease (40).





Materials and methods




Expression constructs

hOX40-encoding DNA (GenBank accession: NM_003327.3) was synthesized and cloned into NheI and EcoRI site of pcDNA3.1(+) by GenScript Biotech. The vector backbone was changed by cutting with the restriction enzymes EcoRI and BstBI into a backbone comprising an internal ribosomal entry site (IRES) and genes for eGFP as reporter and Blasticidin S deaminase for antibiotics resistance from the expression construct as described previously (16). For the generation of hOX40 domain deletion mutant expression constructs hOX40ΔD1 (aa 66-277), hOX40ΔD1-2 (aa 108-277), hOX40ΔD1-3 (aa 127-277) of UniProtKB P43489, respective fragments were amplified (Supplementary Table S3) and genetically fused N-terminally to a SPOT-Tag (69). DNA encoding for murine OX40 (mOX40) was purchased from Sino Biological (Catalog Number MG50808-NM).





Stable cell line generation and culturing

U2OS cells (ATCC) were cultured according to standard protocols in Dulbecco’s modified Eagle’s medium (DMEM), supplemented with 10% (v/v) FCS and 1% (v/v) penicillin/streptomycin (all Thermo Fisher Scientific). Cultivation conditions were 37°C and 5% CO2 atmosphere in a humidified incubator and passaged using 0.05% trypsin-EDTA (Thermo Fisher Scientific). Transfection of plasmid DNA (0.8 µg per 24 well plate well) was performed using Lipofectamine 2000 (Thermo Fisher Scientific) according to the manufacturer’s protocol. To generate U2OS cells stably overexpressing hOX40 on their surface (U2OS-hOX40), 24 h after transfection, selection pressure by 5 µg/mL Blasticidine S (Sigma Aldrich) was applied for a period of two weeks. After single cell separation, monoclonal cells were analyzed for hOX40 expression using live-cell fluorescence microscopy.





Animal immunization and hOX40-Nb library generation

The alpaca immunization was performed with the approval of the Government of Upper Bavaria (approval number: 55.2-1-54-2532.0-80-14). Two alpacas (Vicugna pacos) were immunized using the extracellular part of recombinant hOX40 (hOX40 AA Leu 29 – Ala 216) produced in human HEK293 cells (Acrobiosystems). During a period of 91 days, the animals were vaccinated six times at day 0, 21, 28, 35, 49, 87. The initial vaccination was performed with 560 µg followed by five booster injections each consisting of 280 µg hOX40 with Adjuvant F (Gebru). After the 91-day period, lymphocytes were isolated from ~200 mL of blood performing Ficoll gradient centrifugation with lymphocyte separation medium (Carl Roth) and total RNA was extracted by NucleoSpin® RNA II (Macherey&Nagel). The mRNA was subsequently transcribed into cDNA by the First Strand cDNA Synthesis Kit (GE Healthcare). The Nb repertoire was isolated as described in three subsequent PCR reactions using the following primer combinations: (1) CALL001 and CALL002, (2) forward primers FR1-1, FR1-2, FR1-3, FR1-4, and reverse primer CALL002, and (3) forward primers FR1-ext1 and FR1-ext2 and reverse primers FR4-1, FR4-2, FR4-3, FR4-4, FR4-5, and FR4-6 introducing SfiI and NotI restriction sites (16) (Supplementary Table S3). This enables subcloning of Nb library into the pHEN4 phagemid vector (70).





Nb screening

The selection of hOX40-specific Nbs was performed by two consecutive rounds of phage display against immobilized recombinant antigen. For this purpose, electrocompetent TG1 E. coli bacteria were transformed with the hOX40-Nb library in pHEN4 and infected with M13K07 helper phages leading to the generation of hOX40-Nb presenting phages. 1 x 1011 phages were enriched by adsorption to streptavidin or neutravidin plates (Thermo Fisher Scientific) coated with hOX40 (5 µg/mL), biotinylated by Sulfo-NHS-LC-LC-Biotin (Thermo Fisher Scientific) in 5 molar excess at ambient temperature for 30 min and purified using Zeba™ Spin Desalting Columns 7 K MWCo 0.5 mL (Thermo Fisher Scientific) according to manufacturer’s protocol. Antigen and phage blocking was performed with 5% milk in PBS-T during the first round or BSA in the second. Washing stringency was increased with each panning round and elution of bound phages was performed by 100 mM triethylamine pH 10 (TEA, Roth), followed by neutralization with 1 M Tris/HCl pH 7.4. For phage rescue, TG1 bacteria were infected with the eluted phages during their exponential growth phase, spread on selection plates for subsequent selection rounds and incubated at 37°C overnight. Enrichment of antigen-specific phages was monitored by counting colony forming units (CFUs).





Whole-cell phage ELISA

Monoclonal phage ELISA was executed in a whole cell setting. Individual clones were picked, and phage production was induced as described above. For antigen presentation U2OS-hOX40 cells or wild type (wt) U2OS for background determination were seeded in a density of 2 × 104 cells per well in 100 µL in 96-well cell culture plates (Corning) coated with poly-L-lysine (Sigma Aldrich) and grown overnight. The next day, 70 µL of phage supernatant was added to each cell type and incubated at 4°C for 3 h. Cells were washed 5 × with 5% FCS in PBS, followed by incubation with M13-HRP-labeled detection antibody (Progen, 1:2000 Dilution) for 1 h and washed again 3 × with 5% FCS in PBS. For the final detection, Onestep ultra TMB 32048 ELISA substrate (Thermo Fisher Scientific) was added to each well and incubated until the color changed. The reaction was stopped with 100 µL of 1 M H2SO4 and the signal was detected with the Pherastar plate reader at 450 nm. Phage ELISA-positive clones were defined by a 2-fold signal above U2OS-WT control cells.





Protein expression and purification

For production, hOX40-Nbs were cloned into pHEN6 vector (70), expressed in XL-1 and purified using immobilized metal affinity chromatography (IMAC) and size exclusion chromatography according to standard procedures as previously described (16). Sortase A pentamutant (eSrtA) in pET29 was a gift from David Liu (Addgene plasmid # 75144) and expressed and purified as published (71). The quality of all purified proteins was analyzed via standard SDS-PAGE under denaturizing and reducing conditions (5 min, 95°C in 2x SDS-sample buffer containing 100 mM Tris/HCl, pH 6.8; 2% (w/v) SDS; 5% (v/v) 2-mercaptoethanol, 10% (v/v) glycerol, 0.02% bromphenole blue). Proteins were visualized by InstantBlue Coomassie (Expedeon) staining or alternatively by immunoblotting transferring proteins to nitrocellulose membrane (GE Healthcare, Chicago, IL, USA) and detection using a primary anti-Penta-His antibody (Qiagen) and secondary donkey anti-mouse AF647 antibody (Invitrogen) on a Typhoon Trio scanner (GE-Healthcare, excitation 633 nm, emission filter settings 670 nm BP30).





Biolayer interferometry

The binding kinetics analysis of hOX40-Nbs was performed using the Octet RED96e system (Sartorius) applying manufacturer’s recommendations. Therefore, 5 µg/mL of biotinylated hOX40-Nbs diluted in Octet buffer (PBS, 0.1% BSA, 0.02% Tween20) were immobilized on streptavidin coated biosensor tips (SA, Sartorius) for 30 s and unbound Nb was washed away. For the association step, a dilution series of hOX40 ranging from 0.2 nM – 320 nM were applied for 300 s followed by dissociation in Octet buffer for 720 s. Each concentration was normalized to a reference applying Octet buffer only for association. Data were analyzed using the Octet Data Analysis HT 12.0 software applying the 1:1 ligand-binding model and global fitting. For epitope binning 5 µg/mL of each Nb, except O7 due to its inappropriate dissociation behavior, was immobilized to SA tips and the association was performed with a premixture of OX40 (100 nM) and an excess of unbiotinylated second Nb (1000 nM). By analyzing the binding behavior of the premixture, conclusions about shared epitopes were drawn. To determine a potential competition of Nbs with the natural OX40 ligand OX40L, OX40L was biotinylated and 10 µg/mL were immobilized to the SA tips. Premixture of hOX40 with a ten-time molar excess of each Nb was applied for the association step.





Live-cell immunofluorescence

U2OS-hOX40 cells, U2OS-WT or U2OS cells transiently expressing hOX40 domain deletion mutants or murine OX40 were plated at a density of 1 x 104 cells per well in 100 µL of a µClear 96-well plate (Greiner Bio One, cat. #655090) and cultivated overnight at standard conditions. The next day, cells were stained with 2 µg/mL Hoechst33258 (Sigma Aldrich) for nuclear staining in live-cell visualization medium DMEMgfp-2 (Evrogen, cat. #MC102) supplemented with 10% FCS for 30 min at 37°C. Afterwards 10 -1000 nM fluorescently labeled hOX40-Nbs, a non-binding PEP-Nb (Nb Ctrl.) or an OX40 antibody (positive control) were added and incubated for 30 min at 4°C. Staining solution was replaced by live-cell visualization medium DMEMgfp-2 with 10% FCS and images were acquired with a MetaXpress Micro XL system (Molecular Devices) at 20 x magnification.





Affinity determination by flow cytometry

For cell-based affinity determination, U2OS-hOX40 cells were detached using enzyme-free cell dissociation buffer (Gibco) and resuspended in FACS buffer (PBS containing 0.02% sodium azide, 2 mM EDTA, 2% FBS). For each staining condition, 200,000 cells were incubated with suitable dilution series (O12 and O18: starting from 2.5 µM; O7 and O19 starting from 10 µM) of AF647-labeled hOX40-Nbs at 4°C for 30 min. After two washing steps, samples were resuspended in 200 μL FACS buffer and analyzed on the same day using a LSRFortessa™ flow cytometer (Becton Dickinson) equipped with the DIVA Software (Becton Dickinson). Final data analysis was performed using the FlowJo10® software (Becton Dickinson).





Stability analysis

To assess the thermal stability of the Nbs, nanoscale differential scanning fluorimetry (nanoDSF) with the Prometheus NT.48 device (Nanotemper) was performed. Freshly thawed hOX40-Nbs were diluted to 0.25 mg/mL in PBS and measured at time point d0 and after an incubation period of ten days at 37°C (d10) using standard capillaries. A thermal gradient ramping from 20°C to 95°C was applied while measuring fluorescence ratios (F350/F330) and light scattering. Using PR. ThermControl v2.0.4 the melting (TM) and aggregation (TAgg) temperatures were determined.





Fluorescent labeling of nanobodies

For sortase A based coupling of 50 μM Nb were added to 250 μM sortase peptide (H-Gly-Gly-Gly-propyl-azide synthesized by Intavis AG) and 10 μM sortase A both dissolved in sortase buffer (50 mM Tris, and 150 mM NaCl, pH 7.4 at 4°C) and reaction was started by adding 10 mM CaCl2 for 4 h at 4°C. To avoid reverse sortase reaction, sortase A and uncoupled Nb were removed by Ni-NTA affinity chromatography. The coupled Nbs were concentrated and residual peptide was depleted using Amicon ultra-centrifugal filters MWCO 3 kDa. Taking advantage of SPAAC (strain-promoted azide-alkyne cycloaddition) click chemistry reaction fluorescent labeling was performed by incubating azide-coupled Nbs with 2-fold molar excess of DBCO-AF647 (Jena Bioscience) for 2 h at room temperature. Subsequent dialysis (GeBAflex-tube, 6-8 kDa, Scienova) led to removal of excess of DBCO-AF647. As final polishing step a hydrophobic interaction chromatography (HIC, HiTrap Butyl-S FF, Cytiva) was performed to deplete unlabeled Nb. The final products were analyzed via SDS-PAGE and spectrophotometry.





OX40 bioassay

The OX40 bioassay kit (Promega) was used to determine a potential agonistic activity of Nbs O12, O18 and O19 according to manufacturer´s instructions. On the day before assay, thaw-and-use OX40 effector cells (Promega) were thawed and seeded into the inner 60 wells of two white 96 well assay plates cultured in assay buffer (RPMI1640 with 5% FBS) at standard conditions overnight. The next day OX40L and Nbs were serially diluted (OX40L: 50 – 0.0008 nM; Nbs: 2000-0.3 nM) in assay buffer, and 20 μL of the diluted recombinant proteins were added to the assay plate. The assay plate was incubated at 37°C, 5% CO2 for 5 h. Afterwards, the assay plate was equilibrated to ambient temperature for 10 min. For detection of agonistic function, 75 µL of Bio-GloReagent was added to all wells. The assay plate was incubated at room temperature for 5 min, and luminescence was measured using a Tecan M2000 plate reader. The average relative luminescence unit (RLU) was calculated for each dilution. The average RLU data were plotted against the different concentrations of OX40L and hOX40-Nbs Nbs. To test antagonistic properties of the Nbs, the OX40 bioassay was transformed into a competition assay. For this purpose, the cells were pre-incubated with a serial dilution of hOX40-Nbs (0.13 µM to 0.002 nM) for one hour, followed by a 5 h incubation period with 0.12 µM OX40L. All experiments were performed in three independent replicates.





Peripheral blood mononuclear cells isolation and start of culture

Human peripheral blood mononuclear cells (hPBMCs) were isolated as described in (16). In brief, fresh mononuclear blood cell concentrates were obtained from healthy volunteers at the ZKT Tübingen gGmbH. Participants gave informed written consent and the studies were approved by the ethical review committee of the University of Tübingen, projects 156/2012BO1 and 713/2018BO2. Blood products were diluted with PBS 1x (homemade from 10x stock solution, Lonza, Switzerland) and PBMCs were isolated by density gradient centrifugation with Biocoll separation solution (Biochrom, Germany). PBMCs were washed twice with PBS 1x, counted with a NC-250 cell counter (Chemometec, Denmark), resuspended in heat-inactivated (h.i.) fetal bovine serum (FBS) (Capricorn Scientific, Germany) containing 10% DMSO (Merck) and frozen in aliquots using a freezing container before transfer to nitrogen for long term storage. For the experiments, cells were thawed in Iscove´s Modified Dulbecco´s Medium (IMDM + L-Glutamin + 25 mM HEPES; Thermo Fisher Scientific) supplemented with 2.5% h.i. FBS (Thermo Fisher Scientific), 1% P/S (Sigma-Aldrich), and 50 μM β-mercaptoethanol (β-ME; Merck), washed once, counted, and rested for 1 h at 37°C 5% CO2 in T cell medium (TCM, IMDM + 2% h.i. FBS + 1x P/S + 50 µM β-ME) supplemented with 1 µg/mL DNase I (Sigma-Aldrich). After resting, cells were washed once again, counted and used for subsequent analysis.





Validation of hOX40-Nb binding to activated T cells

For the validation of Nb binding to activated T cells, hPBMCs were stained before and after stimulation for 24 h with 5 µg/mL PHA-L and 50 U/mL IL-2 in TCM at 37°C 5% CO2. For flow cytometry analysis 2x105 cells per staining condition in FACS buffer (PBS containing 0.02% sodium azide, 2 mM EDTA, 2% h.i. FBS) were used. Extracellular staining was performed with AF647-labeled hOX40-Nbs or the non-binding PEP-Nb [Nb Ctrl (50)] (each 200 nM), phycoerythrin (PE)-labeled anti-hOX40 mAb (Ber-Act35, BioLegend), CD3 Ab APC-Cy7 (HIT3a, BioLegend), dead cell marker Zombie Violet (BioLegend) and isotype control Abs (BioLegend) each in pretested optimal concentrations by incubation for 30 min at 4°C. Cells were washed twice with FACS buffer and acquired on the same day using a LSRFortessa™ flow cytometer (Becton Dickinson) equipped with the DIVA Software (Becton Dickinson). Final data analysis was performed using the FlowJo10® software (Becton Dickinson). Geometric mean fluorescence intensity (MFI) for the four Nbs was determined using the FlowJo10® software (Becton Dickinson) and normalized to the non-binding PEP-Nb control.





hOX40-Nb binding to distinct T cell populations

To assess Nb binding to T cell subpopulations, hPBMCs were stained after stimulation for 24 h with 5 μg/mL PHA-L and 50 U/mL IL-2 in TCM at 37°C 5% CO2. For flow cytometry analysis, 4x105 cells per staining condition in FACS buffer were used. Extracellular staining was performed with AF647-labeled hOX40-Nbs or the non-binding PEP-Nb [Nb Ctrl (50)] (each 400 nM), phycoerythrin (PE)-labeled anti-hOX40 mAb (Ber-Act35, BioLegend), CD3 Ab PE-Cy5.5 (SK7, eBioscience), CD4 Ab APC-Cy7 (RPA-T4, BD), CD8 Ab BV605 (RPA-T8, BioLegend), CD25 Ab or isotype control PE-Cy7 (BC96 or MOPC-21, BioLegend), dead cell marker Zombie aqua (BioLegend) each at pretested optimal concentrations by incubation for 20 min at 4°C and washed. Afterwards, cells were fixed and permeabilized (Intracellular Fixation & Permeabilization Buffer Set, eBioscience) and intracellular staining with anti-FoxP3 Ab FITC or isotype control Ab (PCH101 or eBR2a, respectively, both from eBioscience) was performed according to the manufacturer´s instructions for 20 min at RT. Cells were washed twice with permeabilization buffer, resuspended in FACS buffer and acquired on the same day using a LSRFortessa™ flow cytometer (Becton Dickinson) equipped with the DIVA Software (Becton Dickinson). Final data analysis was performed using the FlowJo10® software (Becton Dickinson).





T cell proliferation assay

The proliferation behavior of T cells was assessed using a carboxyfluorescein succinimidyl ester (CFSE) based approach. Up to 1×108 cells were labeled with 2.5 µM CFSE (BioLegend) in 1 ml PBS for 20 min according to the manufacturer’s protocol. The cells were washed twice in medium containing 10% h.i. FBS to stop CFSE labeling and stimulated for 24 h with 5 µg/mL PHA-L in TCM at 37°C 5% CO2 in a 48-well cell culture plate with 1.6–2.5×106 cells/well. Induced OX40 expression was validated via flow cytometry. Subsequent to the stimulation, hPBMCs were treated with 0.5 µM of OX40 specific Nbs O12, O18 and O19, a non-binding PEP-Nb (Ctrl. Nb), OX40L or left untreated and cultured at 37°C and 5% CO2. Concentrations were chosen in a large excess than the expected concentration during clinical application. On days 3, 5 and 7, 2 ng/mL recombinant human IL-2 (R&D, USA) were added. One-third of the culture on day 4, one half of the culture on days 6 and 8, and the remaining cells on day 12 were harvested and counted. Cells from each condition were washed twice with FACS buffer (PBS containing 0.02% sodium azide, 2 mM EDTA, 5% h.i. FBS). Extracellular staining was performed with CD3 Ab APC-Cy7 (HIT3a, BioLegend), dead cell marker Zombie Violet (BioLegend) and isotype control Abs (BioLegend) each in pretested optimal concentrations by incubation for 30 min at 4°C. Cells were washed two times with FACS buffer and acquired on the same day using a LSRFortessaTM flow cytometer (Becton Dickinson) equipped with the DIVA Software (Becton Dickinson). Final data analysis was performed using the FlowJo10® software (Becton Dickinson). The percentage of proliferating T cells was determined by assessment of CFSE negative cells.





Cytokine release assay

For cytokine release analysis, a set of in-house developed Luminex-based sandwich immunoassays was used. Supernatants after 24, 72 and 168 hours post Nb treatment of the proliferation assay were frozen at -80°C until cytokine measurements. Levels of IL-1b, IL-1Rα, IL-4, IL-6, IL-8, IL-10, IL-12p70, IL-13, granulocyte-macrophage colony-stimulating factor (GM-CSF), IFN-γ, macrophage chemotactic protein (MCP)-1, macrophage inflammatory protein (MIP)-1b, TNFα, and vascular endothelial growth factor (VEGF) were determined using a those immunoassays each consisting of commercially available capture and detection antibodies and calibrator proteins. All assays were thoroughly validated ahead of the study with respect to accuracy, precision, parallelism, robustness, specificity, and sensitivity (72, 73). Samples were diluted at least 1:4 or higher. After incubation of the prediluted samples or calibrator protein with the capture coated microspheres, beads were washed and incubated with biotinylated detection antibodies. Streptavidin-phycoerythrin was added after an additional washing step for visualization. For control purposes, calibrators and quality control samples were included on each microtiter plate. All measurements were performed on a Luminex FlexMap® 3D analyzer system using Luminex xPONENT® 4.2 software (Luminex, USA). For data analysis, MasterPlex QT, version 5.0, was employed. Standard curve and quality control samples were evaluated according to internal criteria adapted to the Westgard Rules (74) to ensure proper assay performance.





hOX40-Nbs for in vivo optical imaging

For optical in vivo imaging, we labeled the Nb O18 with the fluorophore AlexaFluor647 (O18AF647) by sortase-mediated attachment of an azide group followed by click-chemistry addition of DBCO-AF647. To establish hOX40+ expressing tumors, 5 x 106 HT1080 cells stably expressing human OX40 (HT1080-hOX40) or 5 x 106 wild type HT1080 (HT1080-WT) cells serving as negative control were resuspended in 50% Matrigel (BD) and 50% PBS and subcutaneously injected into the right upper flank of 7-week-old CD1 nude mice (Charles River Laboratories). When the tumors reached a size of 50 - 100 mm³, HT1080-hOX40 (n=3) or HT1080-WT (n=3) bearing mice were i.v. injected with 5 µg of Nb O18AF647 and noninvasively in vivo investigated by optical imaging (OI). For the in vivo measurements, the mice were anaesthetized with 1.5% isoflurane and the body temperature was kept constant at 37°C using a heating mat. The mice were imaged over the course of 6 h and were sacrificed after the last imaging time point before tumors were explanted for ex vivo OI analysis. A bright field image and an image of the fluorescence signal (excitation 640 nm/emission 680 nm) were recorded using an IVIS Spectrum OI System (PerkinElmer, Waltham, MA, USA). The fluorescence intensities were quantified by drawing regions of interest around the tumor borders and were expressed as average radiant efficiency (photons/s)/(μW/cm2) subtracted by the background fluorescence signal using the Living Image software 4.4 (Perkin Elmer). Statistical analyses using an unpaired t-test, corrected for multiple comparisons using the Holm-Sidak method, were conducted with graph pad prism, Version 10. All mouse experiments were performed according to the German Animal Protection Law and were approved by the local authorities (Regierungspräsidium Tübingen).
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Background

Low-grade endometrial stromal sarcoma (LG-ESS) is a rare uterine malignancy characterized by its complex tumor microenvironment (TME) and high recurrence rates, posing challenges to accurate prognosis and effective treatment. Identifying prognostic biomarkers is essential for improving patient stratification and guiding therapeutic strategies.





Methods

Using single-cell transcriptome analysis combined with H&E and multiplex immunofluorescence staining, we identified a subpopulation of tumor cells in LG-ESS and further validated the association of this subpopulation and its characteristic genes with LG-ESS prognosis by molecular characterization and bulk transcriptome data.





Results

Our analysis reveals multiple cellular subpopulations within the tumor tissue, particularly a tumor cell subpopulation among them which is associated with poor prognosis. Originating from normal stromal fibroblasts, this subpopulation appears to play a crucial role in TME remodeling, smooth muscle cell behavior, and potentially in tumorigenesis and metastasis. Of particular interest in this subpopulation is the highly expressed FGF12 gene, which is significantly associated with a shortened survival in ESS, highlighting its potential as a prognostic biomarker.





Conclusion

Our study reveals the complexity of TME within the LG-ESS and highlights the role that tumor cell subpopulations play in disease progression and patient prognosis. The identification of FGF12 as a prognostic biomarker suggests a new approach for the personalized treatment and prognosis monitoring of patients.





Keywords: scRNA-seq, FGF12, low-grade endometrial stromal sarcoma, tumor microenvironments, prognostic biomarker





Introduction

Endometrial stromal sarcoma (ESS) is a rare uterine malignancy originating from endometrial mesenchymal cells (1), accounting for less than 1% of all uterine tumors (2). ESS was classified by the World Health Organization into four types in 2020 based on clinical and pathologic features and progress in molecular genetic studies: endometrial stromal nodule (ESN), low-grade ESS (LG-ESS), high-grade ESS (HG-ESS), and undifferentiated uterine sarcoma (UUS) (3). Although LG-ESS is usually slow-growing and has a relatively good prognosis (5-year overall survival rate of more than 80%) (4, 5), its recurrence and late mortality rates are still not negligible, approximately 60% and 15%-25%, respectively (6, 7). Due to its variable behavior and limited understanding of its pathobiology, LG-ESS represents a significant therapeutic challenge (4, 8, 9). In addition, the lack of distinctive clinical manifestations makes preoperative imaging difficult to diagnose, necessitating reliance on postoperative pathologic assessments (10, 11). However, this reliance inadvertently increases the risk of misdiagnosis and underdiagnosis, potentially impacting patient management and prognostic outcomes.

Current therapeutic strategies for LG-ESS generally follow the approaches used for other sarcomas, including surgery, hormonal therapy, radiotherapy, and chemotherapy (4, 12, 13). However, despite the generally favorable prognosis in early-stage cases, LG-ESS tends to recur, and advanced or recurrent disease remains difficult to treat with the current therapeutic options (14–16). The rarity of LG-ESS, coupled with the dearth of detailed insights into its molecular foundations and comprehensive molecular profiling, has impeded the advancement of innovative therapeutic strategies, including targeted therapies that are pivotal in modern precision medicine (17).

Despite advances in the understanding of uterine malignancies, the precise molecular and cellular mechanisms driving LG-ESS remain elusive. While hormone receptor expression (18–20) and the presence of chromosomal rearrangements, such as JAZF1-SUZ12 and JAZF1-PHF1 fusions (21), have been implicated in the pathogenesis of LG-ESS, the specific cellular subpopulations responsible for tumor initiation, progression, and recurrence have not been comprehensively characterized. As a result, there is a critical need to delineate the molecular characterization of LG-ESS to identify potential therapeutic vulnerabilities and improve treatment outcomes for patients.

In addition, predicting the clinical course of LG-ESS remains challenging, and the risk of recurrence is high. Currently, prognostic biomarkers for LG-ESS are largely based on clinical and pathological characteristics such as tumor size, stage at diagnosis, and hormone receptor status. While these factors provide some predictive value, they are insufficient for accurately identifying patients at high risk for recurrence or poor prognosis. Identifying molecular markers that can accurately predict patient outcomes will not only improve treatment planning but also enhance the overall management of this rare and challenging malignancy. A reliable prognostic biomarker for LG-ESS would allow clinicians to stratify patients into different risk categories, guiding treatment decisions accordingly. Patients with a higher risk of recurrence or poor survival outcomes could benefit from more aggressive treatment strategies, such as adjuvant therapy or closer post-surgical monitoring, while those with a lower risk could avoid unnecessary interventions.

Tumors are not homogenous entities but rather complex ecosystems composed of diverse cell types, with each contributing differently to tumor progression, immune evasion, and therapeutic resistance. For LG-ESS, exploring this heterogeneity is especially critical given the limited understanding of its stromal origin and how the tumor microenvironment may influence its behavior. Advances in single-cell transcriptomics have provided unprecedented insights into the heterogeneity of cellular populations within the tumor immune microenvironment (TME), enabling the identification of subpopulations that may contribute to tumorigenesis, disease progression, and therapeutic resistance (22). The application of these technologies to LG-ESS research holds promise for unveiling the intricate cellular composition and deepening our understanding of the molecular drivers of tumor behavior. The identification of unique molecular signatures in tumor cell subpopulations could lead to the discovery of novel biomarkers and therapeutic targets, potentially revolutionizing the treatment landscape for LG-ESS.

This study aims to characterize LG-ESS using single-cell transcriptomics to describe the cellular composition, molecular characteristics and identify potential prognostic biomarkers. The insights gained from this study are expected to lay the cornerstone for a new paradigm in the personalized treatment of endometrial stromal sarcomas.





Methods




Sample collection and sequencing

A sample of LG-ESS was collected immediately after surgery, some of which were fixed with 10% formalin fixation, and some were snap frozen. The formalin fixed sample was further embedded in paraffin for immunohistochemical staining. The snap frozen sample was digested and dispersed to form a single-cell suspension. Single cell capture, reverse transcription, amplification, and library construction were performed using the 10X Genomics platform according to the manufacturer’s instructions. Libraries were then sequenced, and data was processed using CellRanger software to generate a single cell transcriptome data matrix. The study was approved by the Ethics Committee of Zunyi Medical University (No. 2020-1-013), with informed consent obtained from all participants.





Data collection

Single-cell transcriptome sequencing data for five healthy control (HC) endometrial samples (raw fastq files) were downloaded from the NCBI SRA database, accession number SRP349751 (23). Bulk transcriptomic datasets used for validation were sourced from the GEO database (GSE128630, GSE119041, and GSE85383). The GSE128630 dataset encompasses 75 ESS cases (24). GSE119041 includes 13 leiomyosarcoma (LMS), 16 ESS, 26 UUS, and three YWHAE-FAM22 endometrial stromal sarcomas (YFAM) samples, along with 14 benign leiomyoma controls (LM) (25). GSE85383 contains 9 LG-ESS, 4 HG-ESS, 8 UUS, and 4 uterine LMS (26). The clinical characteristics of these samples were extracted from the corresponding publications.





Identification and removal of doublets

DoubletFinder (version 2.0.3) (27) was used for each sample to identify and remove doublets, with the doublet rate set to 0.03 for 10x genomic sequencing.





Data preprocessing

Data integration of Seurat objects after doublet removal was performed using the Seurat (R package,version 4.4.0) (28), filtering out abnormal cells (mito_percent < 15% & nFeature > 200 & nFeature < 6000) and logarithmizing the UMIcount matrix. In order to eliminate experimental batch effects, the harmony package (version 1.0.3) was used for the integration of the data (29).





Cell type identification

The top 2000 highly variable genes were selected for principal component analysis (PCA), with principal components determined through the JackStraw procedure. After determining the selected number of principal components (dims = 1:30) during the integration process, we clustered the cells with a resolution of 1 and performed dimensionality reduction with t-SNE for visualization. Cell subpopulations were named based on SingleR (version 2.2.0) annotation and classic marker expression (23, 30).





RNA velocity analysis

We performed RNA velocity analysis based on bam files generated from CellRanger Count (version 7.2.0) analysis using the scVelo software (version 0.2.5) (31). scVelo infers temporal dynamic changes in gene expression by estimating splicing dynamics and unspliced/spliced ratios of individual cells. Finally, based on the RNA velocity results, we can reveal the dynamic changes in cell status and their potential differentiation pathways in the LG-ESS tumor sample.





Trajectory analysis

For trajectory analysis, Monocle 2 (version 2.18.0) (32) was used to investigate dynamic changes in cell states based on the expression of variable genes in the target population (cells expressing ≥10 genes with an average expression >0.5). Genes with significant temporal variation were identified using the differentialGeneTest function. Dimensionality reduction was performed with the DDRTree algorithm, and a minimum spanning tree was constructed using the plot_cell_trajectory function. To visualize gene expression changes along pseudotime, the top 100 dynamically expressed genes were clustered using the plot_pseudotime_heatmap function. Functional enrichment analysis for each gene cluster was conducted using KOBAS 3.0.





Analysis of intercellular communication

In order to investigate the interactions between different cell types in the tumor microenvironment of LG-ESS, we performed intercellular communication analysis using CellPhoneDB2 (database version v2.0.0) (33), a Python-based computational analysis tool, to identify interaction networks.





Estimation of cell proportions in samples of bulk transcriptome

To quantify the cell type composition within our bulk transcriptome samples, we utilized the BisqueRNA (version 1.0.5) algorithm (34). This tool allowed us to leverage the gene expression profiles derived from identified subpopulations in single-cell RNA sequencing data. Through this deconvolution approach, we were able to infer the relative abundances of different cell types present in the mixed tissue samples.





Enrichment analysis

We performed gene set enrichment analysis (GSEA) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis on the differential gene expression results using the clusterProfiler (version 4.8.3) (35) and kobas (version 3.0) software, respectively.





Survival analysis and Cox regression analysis

Survival analysis: We used the cutoff values (median expression or best cutoff value) of the expression of specific genes in the GSE128630 cohort and the GSE119041 cohort to divide the cohort into two groups and used the survival package to compare the differences in survival rates between the groups and to plot Kaplan-Meier (KM) curves.

Univariate Cox regression analysis: Cox regression modeling was performed using the survival package of the R software, and one-way Cox regression was performed with the expression of the gene of interest as a covariate.

Multivariate Cox regression analysis: Cox regression modeling was performed using the survival package in R software, incorporating relevant clinical factors such as age at diagnosis, tumor grade, and BMI, alongside the expression levels of FGF12 and KLHL29 as covariates. This approach allowed us to assess the independent prognostic significance of FGF12 and KLHL29 while adjusting for the effects of these clinical variables.





H&E staining

The paraffin-embedded tissue samples (FFPE) are cut into 3-5 micron sections. For H&E staining, the sections are stained in an acid hematoxylin solution for about 8 minutes and then in an eosin solution for about 2.5 minutes using a slide stainer.





Multiplex immunofluorescence (mIF) staining

A 7-color multiplex immunofluorescence staining was performed using the OPAL™ multiplexing method. The staining protocol for FFPE tissue sections was optimized for the simultaneous detection of 6 antibodies and DAPI as a nuclear stain. The fixed tissues were cut into 4µm sections by Rotary Microtome (Leica RM2255, Germany). The sections were deparaffinized, rehydrated, subjected to heat-induced epitope retrieval and incubated with primary and secondary antibodies. The antibodies were visualized using the fluorescent tyramide from the Opal 6-Plex Manual Detection Kit (NEL861001KT, Akoya Biosciences). The process of epitope retrieval and staining was repeated sequentially for different primary antibodies and fluorescent tyramide combinations. The following primary antibodies with different dilutions were used: CD10 (#110M-16, Cell Marque) with 1:40 dilution, Desmin (#243M-14, Cell Marque) with 1:50 dilution, CD4 (#104R-14, Cell Marque) with 1:100 dilution, CD8 (#108R-14, Cell Marque) with 1:75 dilution, CD68 (#168M-94, Cell Marque) with 1:75 dilution, FOX-P3 (#14-4777-82, eBioscience). Antibodies were visualized with the following tyramide dyes from the Opal Detection kit (NEL861001KT, Akoya Biosciences): Opal Polaris 480, Opal 520, Opal 570, Opal 620, Opal 690, and DIG-Opal 780. Sections were mounted with ProLong® Diamond Antifade Mountant (P36961, Thermo Fisher Scientific). Multiplex-stained slides were imaged using a PhenoImager Fusion system (Akoya Biosciences).





Statistical analysis

The log-rank test was used for survival analysis. For other intergroup comparisons, the Wilcoxon rank-sum test was used. P<0.05 is considered to be statistically significant.






Result




Altered gene expression profiles in multiple subpopulations of LG-ESS

To investigate the cellular composition of LG-ESS, we collected a fresh tissue sample from an LG-ESS patient during surgery and performed single-cell transcriptomic sequencing. Concurrently, we rigorously curated and integrated this dataset with single-cell transcriptomic data from five healthy controls (HCs) sourced from a public database, ensuring stringent quality control throughout the analysis (Figure 1A).
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Figure 1 | Single-cell transcriptome analysis reveals altered gene expression profiles in multiple cellular subpopulations in LG-ESS. (A) Scatterplot showing the overall distribution of cell subpopulations in HC and LG-ESS. (B) t-SNE plot showing the major cell types identified from HC and LG-ESS groups in different colors. (C) Scatterplot showing the expression of representative marker genes in different cell types. (D) Differential genes between different cell subpopulations of HC and LG-ESS, red color indicates genes up-regulated in LG-ESS, blue color indicates genes down-regulated in LG-ESS, and the bar graph on the right side shows the number of differential genes.

Following batch correction (Supplementary Figure S1A), we dimensionally reduced and clustered 38,288 cells, identifying 12 primary cell subpopulations (Figure 1B): non-ciliated epithelial cells (Epi, EPCAM+ SNTN-), ciliated epithelial cells (Cili_Epi, EPCAM+ SNTN+), Str (stromal fibroblasts, DCN+ MME+ LUM+), smooth muscle cells (Smooth_muscle_cell, ACTA2+), proliferative stromal cells (pStr, MKI67+), pericytes (Peri, NOTCH3+ RGS5+), endothelial cells (Endo, PECAM1+), lymphatic endothelial cells (Lymph, CCL21+), macrophages (Mac, CD163+), T cells (Tcell, CD3D+), natural killer cells (NK, GNLY+), and mast cells (Mast_cell, TPSB2+) (Figure 1C). Supplementary Figure S1B displays the top five highly expressed genes in each cell subpopulation, and Supplementary Figure S1C shows the quantification of all cell subpopulations from each sample. Furthermore, differential gene analysis of all subpopulations between LG-ESS and HC revealed that multiple subpopulations exhibited significant differences in gene expression, particularly within the Str subpopulation (Figure 1D). We speculate that changes in the gene expression profile of this subpopulation may be intricately linked to the pathogenesis of LG-ESS.





The tumor cell subpopulation, Str1, significantly associated with poor prognosis of LG-ESS

Previous studies have indicated that most LG-ESS exhibit positive expression of CD10 (protein of MME gene) and WT1, with elevated levels of estrogen receptor expression (20, 36, 37). Through H&E staining (Figure 2A) and multiplex immunofluorescence (mIF) staining (Figures 2B, C; Supplementary Figure S2A) of adjacent tissue sections, we found that the tumor cell-rich regions of the LG-ESS sample displayed positive CD10 expression (Figure 2B, right middle) and were located adjacent to smooth muscle cell populations (α-SMA+ DES+) (Figure 2B). Additionally, the tumor sample contained various other cell types, including epithelial cells (EPCAM+), pStr (MKI67+) CD4+T cells (CD4+), CD8+ T cells (CD8A+), macrophages (CD68+), and regulatory T cells (FOXP3+), which were further validated by our single-cell data (Figure 2D). Unlike most epithelial-derived solid tumors (including endometrial carcinoma (22)), LG-ESS originates from mesenchymal fibroblasts rather than endometrial epithelial cells (4). Consistent with this notion, we found that MME+(CD10) was predominantly expressed in the Str subpopulation, with almost no expression in epithelial cells.
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Figure 2 | Characterization and functional analysis of LG-ESS tumor cell subpopulations. (A) H&E staining result of the LG-ESS tissue sample, highlighting the overall tissue architecture at low magnification, with higher magnification images of selected regions showing cellular morphology. (B, C) miF staining result of LG-ESS sample. CD10, desmin, and other markers are used to distinguish different cell populations within the tumor, with magnified views focusing on specific regions of interest. The scale in figure (B) represents 2 mm and 100 µm, while in figure (C) it represents 100 µm and 30 µm. (D). Expression of key marker genes from the single-cell RNA sequencing data corresponding to the same LG-ESS sample. These markers (e.g., ACTA2, MME, DES, FOXP3, CD4, CD8A) help identify distinct cell types within the tumor microenvironment. (E) t-SNE plots showing the clustering of cell subpopulations (left) in the LG-ESS sample and their distribution in HC and LG-ESS tissue (right). (F) Featureplot demonstrating the expression of the CD10 (MME) gene in different subgroups of Str. (G) t-SNE plot highlighting the main cell types present in LG-ESS, identified by distinct colors. (H) MME expression across all cell types in the LG-ESS sample, with Str1 cells showing prominent expression. (I) Results of KEGG enrichment analysis of genes highly expressed in Str1.

To explore the functional roles of tumor cell subpopulations in LG-ESS, we re-clustered the Str subpopulation (Figure 2E), resulting in eight distinct clusters. We observed that Cluster2 and Cluster4 were primarily composed of LG-ESS, and notably, LG-ESS tumor cells (MME+) were mainly located in Cluster4 (Figure 2F). Consequently, we independently clustered the LG-ESS samples and further differentiated the Str subpopulation into two subgroups: Str1, characterized by MME+ tumor cells (predominantly in Cluster4), and Str2, defined by MME- cells (predominantly in Cluster3) (Figures 2G, H). KEGG enrichment analysis indicated that the highly expressed genes in the Str1 tumor cell subgroup were significantly enriched in several classic cancer-related pathways, including focal adhesion, choline metabolism in cancer, Wnt signaling pathway, and PI3K-Akt signaling pathway (Figure 2I). This aligns with previous findings demonstrating significant activation of the Wnt signaling pathway in LG-ESS (38).

Subsequently, we utilized BisqueRNA to estimate the proportions of cells in a large number of transcriptomic samples based on the top 50 most highly expressed genes across all LG-ESS cell subpopulations, and we explored the relationship between subpopulation proportions and the prognosis of LG-ESS. We found that an increased proportion of Str1 in LG-ESS was significantly associated with shorter overall survival and progression-free survival of patients (Supplementary Figure S2B). At the same time, we observed no significant differences in the proportion of Str1 across different sarcoma types (Supplementary Figure S2C).





Tumor cells in LG-ESS derive from normal stromal fibroblasts rather than MME- Str subpopulation

To further elucidate the origins of the Str1 tumor cell subpopulation in LG-ESS, we conducted RNA velocity analysis on both Str1 and Str2 subpopulations to determine their lineage relationships. Surprisingly, our findings indicated that Str1 and Str2 may share a common ancestral origin, contradicting our initial hypothesis that Str1 arose from Str2 (Figure 3A).
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Figure 3 | Origin of Str1 tumor cell subpopulations in LG-ESS. (A) RNA velocity analysis of Str1 and Str2 subpopulations in LG-ESS, illustrating their potential shared ancestral origin. (B) RNA velocity analysis of Str subpopulations from HC and LG-ESS samples, showing lineage relationships between clusters. (C) Pseudotime analysis of Cluster3, 4, and 6, demonstrating differentiation paths in Str cell subpopulations. (D) Heatmap of gene expression changes during the differentiation of normal stromal fibroblasts to malignant cells. (E) Results of KEGG enrichment analysis of significantly upregulated (top) and downregulated (below)pathways during tumor cell differentiation.

To validate this finding, we utilized the Str subpopulation from HC as a normal reference and performed RNA velocity analysis on all Str cells from both HC and LG-ESS samples. We discovered that Str1 (predominantly corresponding to Cluster4) and Str2 (primarily corresponding to Cluster2) indeed originated from the same ancestral cluster, Cluster3. Moreover, Cluster4 originating from Cluster3 through the intermediate Cluster6 (Figure 3B). Simultaneously, we conducted pseudo-time analysis on Clusters3, Clusters4, and Clusters6 using Monocle2. Consistent with the RNA velocity analysis, our results confirmed that Cluster4, which primarily comprises the Str1 tumor cell subpopulation in LG-ESS, predominantly develops from Cluster3 and Cluster6 (Figure 3C).

To explore the characteristic changes occurring during the differentiation of tumor cells, we clustered the genes that exhibited significant changes throughout the differentiation process (Figure 3D). KEGG enrichment analysis revealed that genes that were significantly upregulated during differentiation were primarily associated with common cancer-related pathways, such as focal adhesion, proteoglycans in cancer, Wnt signaling pathway, and Jak-STAT signaling pathway. Conversely, genes that were significantly downregulated during differentiation were predominantly linked to metabolic processes and oxidative phosphorylation pathways (Figure 3E).





High expression of FGF12 is significantly associated with poor prognosis of LG-ESS

Upon investigating the biological alterations within tumor cell subpopulations of ESS as compared to HC, our enrichment analyses of differentially expressed genes (LG-ESS vs. HC) within the Str-Cluster4 subpopulation (Figure 2E) indicated significant gene expression modifications. These modifications predominantly clustered around pathways integral to oncogenesis and tumor progression, including growth hormone synthesis, secretion, and action, along with cell cycle regulation, focal adhesion, Wnt, and MAPK signaling pathways (Figure 4A). To investigate the underlying drivers of these pathways, we performed Cox regression and survival analysis on these significantly differentially expressed genes based on the gene expression data of ESS patients from the GEO database, focusing on genes uniquely expressed in Str1 (Figure 4B). Notably, high expression of FGF12 and KLHL29 in ESS was significantly associated with shorter overall and progression-free survival (Figures 4C-E). Through multivariate cox regression analysis, we found that FGF12 and KLHL29 remain important independent prognostic factors affecting overall survival (Supplementary Figure S3A) and progression-free survival (Supplementary Figure S3B). In addition, an independent cohort of patients further validated the association between high FGF12 gene expression and shortened overall survival (OS) in uterine sarcoma patients (Supplementary Figure S3C), suggesting that FGF12 could potentially be a prognostic biomarker for ESS.
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Figure 4 | FGF12 and KLHL29 expression correlates with poor prognosis and tumor progression in ESS. (A) Scatterplot demonstrating the results of KEGG enrichment analysis of differentially expressed genes of Str1 between LG-ESS and HC. (B) Heatmap demonstrating the results of Cox regression analysis and survival analysis for specific genes based on bulk transcriptome data of ESS patients. (C) Featureplot demonstrating the expression of FGF12 and KLHL29 genes in different cellular subpopulations of LG-ESS. (D, E) Results of survival analysis based on FGF12 (D) and KLHL29 (E) expression in ESS patients, with overall survival on the left and progression-free survival on the right (GSE128630). (F, G) Results of GSEA enrichment analysis after differentiating patients into high and low expression groups based on FGF12 (F) and KLHL29 (G) gene expression in ESS patients, with significantly activated pathways in the high expression group on the left and significantly inhibited pathways on the right.

Moreover, a comparative analysis of FGF12 and KLHL29 expression across different sarcoma subtypes and leiomyosarcomas (LMS) revealed a significant difference in KLHL29 expression between HG-ESS and LG-ESS and LMS. In contrast, FGF12 expression showed no significant difference. This indicates that KLHL29 may serve as a potential biomarker for distinguishing HG-ESS from LG-ESS (Supplementary Figure S3D).

To further elucidate the biological functions of FGF12 and KLHL29 in ESS, we categorized ESS samples into high- and low-expression groups based on their gene expression levels and conducted GSEA enrichment analysis. We observed that the MYOGENESIS pathway was significantly activated in both the FGF12high and KLHL29high groups. Conversely, immune-related pathways, such as the INFLAMMATORY RESPONSE and INTERFERON GAMMA RESPONSE, were notably suppressed in the FGF12high group, while the ESTROGEN RESPONSE EARLY pathway was significantly suppressed in the KLHL29high group (Figures 4F, G).





Functional aberrations in cell subpopulations influenced by tumor cells in LG-ESS

Previous studies have shown that in epithelial-derived tumors, fibroblasts within the tumor microenvironment may be induced into cancer-associated fibroblasts (CAFs) through interactions with tumor cells (39, 40), and macrophages may undergo M2 polarization under the influence of tumor-derived factors (41). These phenotypic and functional changes in stromal and immune cells within the tumor microenvironment, in turn, contribute to tumor progression.

Through intercellular communication analysis, we identified a strong interaction between Str1 and Str2 as well as smooth muscle cell subpopulations in LG-ESS, particularly mediated by secreted growth factors (Figures 5A, B). We hypothesize that these interactions may lead to functional alterations in the subpopulations, thereby promoting tumor progression. To further explore these potential functional changes, we performed KEGG enrichment analysis on the highly expressed genes in the Str2 and smooth muscle cell subpopulations in LG-ESS. Interestingly, the genes predominantly clustered in pathways associated with tumorigenesis and metastasis, such as focal adhesion, proteoglycans in cancer, PI3K-Akt signaling, and ECM-receptor interactions (Figures 5C, D). Differential gene expression analysis between LG-ESS and healthy controls further supported these findings, indicating that the functions of Str2 and smooth muscle cells in LG-ESS are altered under the influence of tumor cells (Figures 5E, F).
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Figure 5 | The functions of the Str2 and smooth muscle cells in the LG-ESS were altered. (A) Intercellular communication capacity between different cell types in LG-ESS. The color and thickness of the lines are used to distinguish the cellular origin and number of interacting ligands, and the circular lines indicate autocrine circuits. (B) Scatterplot indicating the interaction between Str1 and other cell subpopulations in LG-ESS via growth factor ligand-receptors. (C, D) Results of KEGG enrichment analysis of genes highly expressed in Str2 (C) and smooth muscle cells (D) in LG-ESS. (E, F) Scatter plots showing the results of KEGG enrichment analysis of differentially expressed genes in Str2 (E) and smooth muscle cells (F) in LG-ESS and compared to HC.






Discussion

LG-ESS is a rare uterine malignancy with a high recurrence rate, posing significant challenges for prognosis and treatment. Understanding the molecular characteristics and identifying prognostic biomarkers for LG-ESS is crucial for improving patient stratification and guiding personalized treatment. In this study, we used scRNA-seq to uncover the molecular characterization of tumor cell subpopulations within LG-ESS and their association with clinical outcomes. Our primary goal was to explore potential biomarkers linked to poor prognosis, offering new insights into disease progression.

Through the integration of single-cell transcriptomic data from LG-ESS patients and HC, we delineated 12 major cell subpopulations, highlighting the complexity of the tumor microenvironment and its potential role in the pathogenesis of LG-ESS. Among these subpopulations, the Str in particular displayed substantial gene expression changes, underscoring their involvement in LG-ESS tumorigenesis. The identification of two distinct stromal subgroups, Str1 (MME+ tumor cells) and Str2 (MME- stromal fibroblasts), through reclustering of the Str subpopulation, has shed light on their divergent roles in LG-ESS. Our KEGG enrichment analysis revealed that Str1 is significantly enriched in pathways associated with oncogenesis, including Wnt signaling, focal adhesion, and PI3K-Akt signaling. The association between the abundance of Str1 and poor patient prognosis further accentuates the clinical relevance of this subpopulation. This suggests that Str1, characterized by their expression of MME, may play a central role in the malignant transformation and progression of LG-ESS.

Using RNA velocity analysis, we demonstrated that Str1 and Str2 cells share a common ancestral origin, suggesting that the differentiation of Str1 from normal stromal fibroblasts may be a key event in LG-ESS pathogenesis. This finding contradicts our initial hypothesis that Str1 arose directly from Str2, instead indicating a more complex tumorigenic process. Our pseudo-time analysis further confirmed that Str1 cells develop from an ancestral fibroblast population, highlighting the dynamic nature of tumor evolution in LG-ESS. Functional analysis of the gene expression changes during the differentiation of Str1 tumor cells further demonstrated the activation of key oncogenic pathways. Genes that were upregulated during the progression from normal fibroblasts to Str1 cells were enriched in pathways linked to cancer cell migration, proliferation, and extracellular matrix remodeling, all of which are hallmarks of tumor progression. Conversely, the downregulation of metabolic pathways, such as oxidative phosphorylation, suggests that tumor cells may undergo metabolic reprogramming as they acquire malignant characteristics. These observations are consistent with the metabolic changes often seen in cancer cells, which shift from oxidative phosphorylation to glycolysis to support rapid proliferation and survival in hypoxic environments.

Previous studies have indicated that the Wnt signaling pathway is significantly activated in LG-ESS (21, 38). Additionally, other research has found that FGF signaling plays a crucial role in Wnt-regulated cell proliferation (42), with FGF inhibition negating Wnt-mediated cell proliferation (43). In our study, FGF12 and KLHL29 were found to be significantly overexpressed in Str1 cells, and their high expression levels were associated with shorter overall survival and progression-free survival. It is worth noting that the overexpression of FGF12 was also observed in an independent cohort of uterine sarcoma patients and was significantly associated with a decrease in patient survival, further confirming its prognostic significance.

While FGF12 serves as a prognostic biomarker associated with poor outcomes in LG-ESS, KLHL29 also emerged as a potentially significant marker in this context. Our analysis revealed that KLHL29 expression levels vary across different sarcoma subtypes, which may help distinguish between high-grade and low-grade ESS and LMS. This differential expression suggests that KLHL29 could be valuable for clinical stratification of ESS patients, providing insights into tumor behavior and treatment responses. While FGF12 may reflect the aggressiveness of the tumor microenvironment, KLHL29’s varying expression levels among different sarcoma types highlight its potential as a biomarker for distinguishing tumor subtypes. The synergistic evaluation of both FGF12 and KLHL29 may enhance our understanding of LG-ESS progression and guide more tailored therapeutic strategies.

In tumors, FGF is essential for maintaining endothelial integrity, promoting angiogenesis, and supporting tumor proliferation, survival, and metastasis (44, 45). Abnormal FGF signaling accelerates tumor growth by enhancing the formation of new blood vessels, which makes FGF inhibitors a promising therapeutic strategy (46–48). The association between the tumor cell subpopulation Str1 and its marker FGF12 with poor prognosis in ESS suggests that targeting the FGF signaling pathway could be a promising therapeutic approach. Furthermore, their abundance/expression levels show no significant differences across different ESS subtypes, indicating that despite the clinical variations among ESS subtypes, they may share some key molecular characteristics that lead to similar prognostic outcomes. The relative stability of Str1 and FGF12 may reflect their importance within the tumor microenvironment, particularly in promoting tumor cell survival and proliferation. Therefore, specific FGF12-targeted therapies, including selective FGFR inhibitors and neutralizing antibodies, could potentially be developed to inhibit FGF-mediated cell proliferation across all ESS subtypes. FGF receptor inhibitors, such as FGFR tyrosine kinase inhibitors (49), have shown efficacy in various cancers with aberrant FGF signaling and may represent a potential treatment avenue for ESS patients with high FGF12 expression. However, developing FGF inhibitors presents certain challenges, as the FGF/FGFR signaling axis is vital for many normal biological processes, raising concerns about potential toxicity and necessitating careful dosage management (48). Furthermore, overcoming resistance may require combining FGF inhibitors with other therapeutic agents to enhance treatment efficacy (50).

The functional consequences of FGF12 and KLHL29 overexpression were further explored through gene set enrichment analysis (GSEA). Our results showed that high expression of both genes was associated with the activation of the MYOGENESIS pathway, a process often linked to tissue remodeling and cancer progression. In contrast, immune-related pathways such as the inflammatory response and interferon-gamma response were suppressed in the FGF12high group, implying that FGF12 may contribute to immune evasion in LG-ESS. Similarly, KLHL29high tumors exhibited downregulation of the estrogen response early pathway, which may reflect an altered hormonal milieu in these tumors. This suggests that FGF12 and KLHL29 may play functional roles in promoting LG-ESS progression through different biological pathways.

Our study also emphasizes the broader impact of tumor cells on the surrounding stromal and immune compartments within the LG-ESS microenvironment. We observed strong intercellular interactions between Str1 tumor cells and smooth muscle cell subpopulations, particularly through growth factor-mediated signaling. These interactions are likely to drive functional changes in both stromal and smooth muscle cells, as evidenced by our KEGG analysis, which revealed enrichment of genes related to tumorigenesis and metastasis in these cell types. This indicates that stromal fibroblasts and smooth muscle cells within the tumor microenvironment can undergo phenotypic and functional alterations that promote tumor growth and invasion. The activation of CAFs and M2 macrophage polarization in epithelial tumors serves as a parallel example of how tumor cells can reshape their surrounding microenvironment to facilitate malignancy. Our findings suggest that a similar mechanism may be at play in LG-ESS, where tumor-derived factors drive the reprogramming of stromal and immune cells, ultimately contributing to disease progression.

While our study provides valuable insights into the biology of LG-ESS, several limitations should be acknowledged. First, given the rarity of LG-ESS, our single-cell RNA sequencing analysis was conducted on a sample from one LG-ESS patient. Although this single-sample design constrains generalizability, we addressed this limitation by integrating publicly available transcriptomic datasets and validating key findings—such as the prognostic significance of FGF12—within independent cohorts. These steps strengthen the reliability of our observations, yet additional studies with larger patient cohorts are essential to validate our findings and to capture the full spectrum of LG-ESS heterogeneity. Additionally, our study identified the tumor cell subgroup Str1, characterized by MME+ (gene of CD10 protein) expression, through a combination of H&E and miF staining. A minor population of cells in the Str2 subgroup also exhibited diffuse CD10 expression. However, since CD10 is expressed in both normal endometrial stromal cells and LG-ESS tumor cells (36, 37), CD10 alone cannot reliably distinguish malignant cells. This suggests that while some Str2 cells may have undergone malignant transformation, further marker studies are required to confirm their tumorigenic nature. Moreover, while we focused on stromal fibroblasts and their role in tumor progression, other cellular components of the tumor microenvironment, such as immune cells, were not analyzed in depth. Given the importance of immune-stromal crosstalk in tumor biology, further exploration of the interactions between tumor cells, stromal fibroblasts, and immune cells will be critical.

In conclusion, our study highlights the heterogeneity of stromal fibroblasts in LG-ESS and their critical role in tumor progression. The identification of Str1 as a poor prognostic factor and the discovery of FGF12 as a prognostic biomarker opens new avenues for understanding and treating this rare form of uterine sarcoma.
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Supplementary Figure 1 | Results of removing batch effects for data from different sources and number of cells in all subpopulations. (A) Scatterplot plot showing the well-corrected batch effect (harmony) of different sources of HC and LG-ESS patient data. (B) Heatmap showing the expression levels of highly expressed top5 genes in all subpopulations. (C) The table shows the number of cells from all samples in each subpopulation.

Supplementary Figure 2 | Elevated Proportion of Str1 in ESS Correlates with Reduced Survival. (A) miF staining result of LG-ESS sample. CD10, desmin,α-SMA, and other markers are used to distinguish different cell populations within the tumor, with magnified views focusing on specific regions of interest. The scale bars represent 100µm and 30µm. (B) Survival analysis results of the proportion of Str1 in ESS patients, with the left panel representing overall survival and the right panel depicting progression-free survival (GSE128630). (C) Variations in the proportion of Str1 among different subtypes of uterine sarcoma patients (GSE85383). (Wilcoxon rank-sum test; ns, non-significant)

Supplementary Figure 3 | FGF12 has potential as a prognostic biomarker for sarcoma. (A, B) Multivariate Cox regression analysis for overall survival (A) and progression-free survival (B) in LG-ESS patients. The analysis included relevant clinical factors, such as age at diagnosis, tumor grade, and BMI, alongside the expression levels of FGF12 and KLHL29. Hazard ratios (HR) and 95% confidence intervals (CI) are shown for each factor. (C) Survival analysis outcomes based on the expression of FGF12 (left) and KLHL29 (right) genes in uterine sarcoma patients (GSE119041), focusing on overall survival. (D) Differential expression of FGF12 and KLHL29 genes among various subtypes of uterine sarcoma patients. (Wilcoxon rank-sum test; *P < 0.05; **P < 0.01; ns, non-significant)
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Background

Disulfidptosis and ferroptosis are two different programmed cell death pathways, and their potential therapeutic targets have important clinical prospects. Although there is an association between the two, the role of genes associated with these two forms of cell death in the development of endometrial cancer remains unclear.





Methods

In this study, RNA sequencing (RNA-seq) and clinical data were obtained from public databases, and comprehensive analysis methods, including difference analysis, univariate Cox regression, and Least Absolute Shrinkage and Selection Operator (LASSO) analysis were used to construct a disulfidptosis/ferroptosis-related genes (DFRGs) prognostic signature. To further explore this new feature, pathway and functional analyses were performed, and the differences in gene mutation frequency and the level of immune cell infiltration between the high- and low-risk groups were studied. Finally, we validated the prognostic gene expression profile in clinical samples.





Results

We identified five optimal DFRGs that were differentially expressed and associated with the prognosis of uterine corpus endometrial carcinoma (UCEC). These genes include CDKN2A, FZD7, LCN2, ACTN4, and MYH10. Based on these DFRGs, we constructed a robust prognostic model with significantly lower overall survival in the high-risk group than in the low-risk group, with differences in tumor burden and immune invasion between the different risk groups. The expression of two key genes, ACTN4 and LCN2, was verified by immunohistochemistry and RT-qPCR.





Conclusion

This study established a clinical prognostic model associated with disulfidptosis/ferroptosis-related genes, and the expression characteristics of key genes were validated in clinical samples. The comprehensive assessment of disulfidptosis and ferroptosis provides new insights to further guide patient clinical management and personalized treatment.
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1 Introduction

Uterine corpus endometrial carcinoma (UCEC) is a common malignant gynecological disease, and the prevalence rate of UCEC has increased by 132% in the past three decades (1). Currently, the key to the diagnosis of endometrial cancer is the pathological evaluation of endometrial tissue, but this invasive test is only useful for patients who have undergone endometrial biopsy or ultrasound and who exhibit endometrial thickening. Despite treatment guidelines from the European Society of Gynecologic Oncology, which are based on clinical staging and molecular subtyping, there are differences in the prognoses of patients with endometrial cancer according to risk group (2). Approximately 15% of patients with urothelial carcinoma (UCEC) are at an advanced stage at the time of diagnosis. In addition, approximately 15 to 20% of patients are at risk of recurrence after initial surgical treatment (3, 4), and the prognosis for this subset of patients remains poor (5). Research on the early diagnosis of endometrial cancer and its prognostic risk factors is still in its infancy. Currently, no feasible clinical prognostic model has been developed, which limits the effective formulation of personalized treatment strategies. Disulfidptosis is a unique type of cell death pathway identified in recent biological studies (6). Excessive cystine induces rapid apoptosis due to the increase in disulfide bond pressure, which has extraordinary potential value in predicting the end of cells and the effectiveness of immunotherapy. Ferroptosis, a specific form related to iron-dependent cell death, has received extensive attention in the treatment of drug-resistant endometrial cancer in recent years (7–9)and some articles have reported that some ferroptosis-related genes have important value in predicting the prognostic status of endometrial cancer patients (10, 11).

Although disulfidptosis and ferroptosis are two different forms of cell death, they share a common regulator plasma carrier family 7 member11 (SLC7A11). Cancer cells rely on SLC7A11 cystine input to maintain redox balance and cell survival, which can inhibit the occurrence of ferroptosis, and SLC7A11 downregulation and methylation can induce ferroptosis in endometrial cancer cells (12, 13), however, when the SLC7A11 gene is overexpressed and glucose deprivation occurs, disulfidptosis death is triggered. Therefore, this exploratory work is the first to link disulfidptosis with ferroptosis. By analyzing large-scale public data resources, we screened genes related to these two phenomena (disulfidptosis/ferroptosis-related genes, (DFRGs)) and established a prognostic model of their coexistence. This model provides a comprehensive perspective for understanding the composite effects of DFRGs on UCEC. After careful screening, we identified five genes associated with survival probability (CDKN2A, FZD7, LCN2, ACTN4, and MYH10) as useful biomarkers for disease identification and prognostic assessment. Based on the risk ratings of these genes, we subdivided UCEC patients into several different prognostic classes. We subsequently compared the differences between the higher- and lower-risk categories in terms of immune score, and immune cell penetration, and initially confirmed them in actual clinical tissue samples. The aim of this study was to determine the feasibility of a personalized medical protocol for UCEC patients, with the expectation of optimizing their postoperative recovery prospects.




2 Materials and methods



2.1 Dataset information

RNA sequencing data (HTSeq-FPKM) and clinical prognostic information on UCEC patients were obtained from the TGCA database (https://portal.gdc.cancer.gov/). A total of 589 cases were included in the analysis, including 554 endometrial cancer samples and 35 normal tissue samples. (Supplementary Figure S1). Out of these, 560 cases included clinical information. we implemented the following preprocessing steps to ensure data quality: (1) Cases with a reported survival time of zero or those lacking survival time information were excluded from our analysis, resulting in the removal of 16 cases. (2) In instances of missing clinical data other than survival time, we applied appropriate imputation methods where feasible or documented exclusions to maintain data integrity and transparency.

We screened 512 ferroptosis-associated genes (FAGs) through a comprehensive review of the FerrDb database (14) (http://zhounan.org/ferrdb/legacy/index.html, July 1, 2023), which is a curated resource focused on genes and molecules associated with ferroptosis. The identification of the disulfidptosis-related genes mainly referenced the protein-protein interaction network of the proteins with disulfide bonds, reported by Liu et al. (15). We applied a filter to include only those genes that had at least two supporting studies cited in the literature. This led to the inclusion of the following key genes: NADPH, INF2, SLC7A11, CD2AP, DLIM1, MYH9, ACTN4, IQGAP1, MYH10, FLNB, FLNA, MYL6, TLN1, DSTN, CAPZB and ACTB.




2.2 Differential analysis of disulfidptosis-related and ferroptosis-associated genes

In this study, a preliminary collation of the RNA-seq dataset and associated clinical information was performed to eliminate incomplete records. First, the “Limma” R software package was used to screen the differentially expressed disulfidptosis/ferroptosis-related genes (DE-DFRGs) using the criteria of |log2FC| > 0.5 and FDR < 0.05. This selection was made to capture potential candidate genes that may play a role in cancer prognosis to the greatest extent possible, balancing sensitivity and specificity. The correlation between disulfidptosis and ferroptosis was calculated via the Spearman method using the “psych” R software, and a Holm-adjusted significance test was performed with P value correction to generate a network showing the association between the two.




2.3 Construction of the DFRG prognostic model and validation

To explore the DE-DFRGs associated with disease prognosis, we first partitioned the dataset into a training set (70%) and a validation set (30%). In the training set, we performed Cox proportional hazard model analysis on the independent variables and identified differentially expressed genes that were considered significantly associated with the survival period. Subsequently, Least Absolute Shrinkage and Selection Operator (LASSO)-Cox regression analysis was performed to filter out genes with strong collinearity, aiming to identify genes that are critical for prognosis. Specifically, we performed variance inflation factor (VIF) analysis prior to applying LASSO-Cox regression, predictors with VIF values greater than 5 were considered indicative of multicollinearity and were either removed or combined where appropriate. Additionally, we have included details on the optimization of the regularization parameter using 10-fold cross-validation, which helps to minimize the overfitting risk and determine the most appropriate lambda value. The predictive models were established using the “GLMnet” and “Survival” packages in R software. The prognostic risk score of the TCGA-UCEC cohort was estimated using the “Model Predictions” R package, and patients were classified into different prognostic classes according to the median risk score (low -risk or high -risk). The Kaplan-Meier method, stratified Cox regression, multivariate Cox regression, and ROC curve analysis were used to confirm the validity and reliability of the prognostic model. Calibration curves were generated via a canonical graph model to produce a prognostic graph depicting the survival of patients with endometrial cancer at 1-, 3-, and 5- years. Additionally, we conducted external validation using two independent transcriptomic datasets from the GEO database (GSE21882 and GSE115810). Applying our prognostic model to these cohorts, we compared risk factors associated with different 5-year survival outcomes and tumor differentiation levels.




2.4 GO, KEGG and mi-RNA regulatory relationship

Gene ontology (GO) and Kyoto Encyclopedia (KEGG) enrichment analyses were used to further explore the biological processes and pathways associated with the DFRGs, via ‘Cluster Profiler’ R software (version 3.14.3). Due to the high number of tests performed in enrichment analysis, we utilized the Benjamini-Hochberg (BH) method to control the false discovery rate (FDR), thereby improving the reliability of the findings. In addition, the UCEC miRNA sequence data were obtained from the TCGA database. The “Limma” package of R was used to explore the differences in miRNA expression. Prognostic miRNAs were screened via a univariate Cox regression model. We employed Pearson or Spearman correlation coefficients to assess the relationships between miRNAs and their target genes, depending on the distribution of the data.




2.5 Tumor mutational burden analysis

After the analysis, single nucleotide polymorphism (SNP) information for UCEC was extracted from the TCGA database, which is helpful for exploring the associations between prognosis and cancer. Through the “maftools” R software package, the TMB value of each patient was calculated. Only non-synonymous variants in coding regions were considered for the TMB calculation, as these are more likely to have functional implications in tumor biology. Previous studies have shown that using the median is a common practice in TMB analysis, ensuring that our approach aligns with established conventions in the field. Accordingly, all patients were subsequently divided into two groups based on the median TMB value: one group included samples with high TMB values, and the other included samples with low TMB values. We identified the top variant genes with significant differences when high and low -risk categories were compared and explored the correlation between the TMB and risk score.




2.6 Immune infiltration of the disulfidptosis/ferroptosis-related prognostic model

We obtained the abundance of infiltrating immune cells through various algorithms adopted by the TIMER 2.0 (http://timer.cistrome.Org/) database. To account for potential batch effects and noise in the immune infiltration data, we utilized the ComBat method from the “sva” package in R, which adjusts for batch effects in the data. Twenty-two immune cell infiltrates between different risk groups were evaluated via the CIBERSORT algorithm, and the results were visualized via the “vioplot” R package. The prognostic differences between different immune infiltration profiles were subsequently analyzed.




2.7 Expression levels of key prognostic genes in biological samples

In this study, we collected postoperative biological samples and paraffin-fixed sections from patients treated at Guangdong Women and Children’s Hospital from January 2023 to August 2023. The patients signed a consent form before surgery for the donation of their excised tissue, which was stored in our pathology laboratory, for scientific research. After the model was constructed, this study submitted a clinical sample use application to the Ethics Committee of Guangdong Women and Children Hospital according to standard procedures and received ethical approval (Approval No. 202301078). Five endometrial cancer tissue samples and sections were approved for key gene validation, one of which was used for preexperiments (clinical information is detailed in Appendix File 2).

During the sample application process, the samples were reviewed by pathology experts and labeled as tumor tissue or adjacent tissue. Fresh tissue indicated a sample retained for rapid pathological testing during surgery and was stored in liquid nitrogen, a -80°C environment or a dry ice transport box until it was used for detection. The mRNA expression levels of CDKN2A, FZD7, LCN2, ACTN4 and MYH10 were quantitatively analyzed via real-time quantitative polymerase chain reaction (RT−qPCR). We specified that all experiments were performed in triplicate and included information on the assessment of technical variability. Each sample was analyzed in at least three independent biological replicates to account for biological variability. we employed the ΔΔCt method for relative quantification of gene expression. The statistical methods used to analyze the RT-qPCR results included a paired t-test for comparing expression levels between tumor and adjacent normal tissues when analyzing matched samples.

RNA was extracted from the tumor samples and normal tissues via TRIzol reagent (Ambion, USA). A quantitative reverse transcription kit (Promega, USA) was subsequently used to reverse transcribe the products into cDNA. Quantitative PCR (qPCR) is a technique for measuring the DNA content of a sample in real time. The SYBR-Green reagent of the Vazyme Company was used to carry out real-time fluorescence quantitative qPCR detection, and the expression level of each sample was corrected and standardized to the expression level of actin. The primers used are detailed in Appendix S3.

All the slides were processed by first incubating them at 60°C for 20 minutes, deparaffinizing them in xylene, and rehydrating them in gradient ethanol. After incubation with 3% hydrogen peroxide for 10 min, the slides were soaked in 0.01 M citrate buffer (pH 6.0) to recover the antigen for 30 min. The slides were incubated overnight at 4°C with their corresponding antibodies after being blocked with 5% bovine serum albumin. Then, another biotinylated antibody was added at room temperature for one hour. The progress of immunohistochemical staining was monitored by using diaminobenzidine as the reaction medium, and restraining was performed with hematoxylin.




2.8 Statistical analysis

In this study, we adopted a series of analytical validation methods for bioinformatics and statistical analysis. Differentially expressed gene screening and model construction are primarily performed using R software (4.2.0), which is derived from publicly available versions in CRAN and Bioconductor. For differential expression analysis, we utilized the DESeq2 package, using the DESeq() function to normalize and analyze RNA-seq data. For survival analysis, the survival package was used, specifically the coxph() function to fit Cox proportional hazards models, and analysis of survival curves was conducted using the survfit() function. For LASSO-Cox regression, we implemented the glmnet package, utilizing the cv.glmnet() function for cross-validation and lambda optimization. For immune infiltration analysis with CIBERSORT, we utilized custom R scripts compatible with the CIBERSORT algorithm to process RNA-seq data. Enrichment analysis for GO and KEGG was performed using the clusterProfiler package with functions such as enrichGO and enrichKEGG. The t test and Wilcoxon rank sum test were performed to analyze the differences between two sample groups, whereas the Kruskal−Wallis test was used to analyze the differences between two or more sample groups. We set the threshold for statistical significance to p<0.05, and all data analysis was performed via R software.





3 Results



3.1 Differential expression of disulfidptosis-related and ferroptosis-associated genes in UCEC

We analyzed the differential expression of 16 disulfidptosis-related genes and 512 ferroptosis-related genes in the TCGA-UCEC cohort (Supplementary Figure S1). DE-DFRGs were identified via the “limma” R package, and expression heatmaps were generated for normal versus tumor tissues (Figures 1A, B). Finally, 10 genes associated with disulfidptosis (Figure 1C) and 41 genes associated with ferroptosis (Figure 1D) were screened and mapped to volcanoes. In addition, we explored the correlation between the differential genes related to disulfidptosis and ferroptosis and found that there was a significant positive correlation between the expression of disulfidptosis genes and the expression of most ferroptosis genes (Figure 1E, Appendix File 4).
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Figure 1 | Differential expression of disulfidptosis- and ferroptosis-related genes. (A, B) Heatmap showing the disulfidptosis- and ferroptosis-related genes in tumor and normal adjacent tissues. Green represents downregulation, and red represents upregulation of the gene. (C, D) Volcano map of 9 differential disulfidptosis-related genes and 178 differential ferroptosis-related genes. (E) Interactive correlation heatmap between differential disulfidptosis-related genes and ferroptosis-related genes (p <0.01 = **, and p < 0.05 = *).




3.2 Establishment of the DFRG model

To further screen DFRG genes related to survival prognosis, we first performed univariate Cox regression on the differential genes associated with disulfidptosis and ferroptosis, calculated the relationships between the changes in the expression of individual genes and the prognostic characteristics of patients (Supplementary Figure S2), followed by further screening of the common differential genes via a LASSO regression model (Figures 2A, B). Finally, a prognostic risk model based on five genes was constructed with the following formula: risk score = [CDKN2A expression × (1.3412)] + [FZD7 expression × (0.7441)] + [LCN2 expression × (-0.5069)] + [ACTN4 × (0.7265)] + [MYH10 expression × (-0.7140)]. Using the median risk score as a criterion for differentiation, we subdivided UCEC patients into high- and low-risk groups (Figure 2C). The statistical distributions of the five different DE-DFRG expression patterns are illustrated below (Figure 2D). The data from the KM curve revealed that overall survival was significantly lower in the high-risk group than in the low-risk group (Figure 2E).
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Figure 2 | Development of prognostic features of the DE-DFRG model. (A, B) Lasso-Cox regression analysis revealed 5 DE-DFRGs. (C) Risk score curve graph. The green curves indicate the low-risk group, and the red curves indicate the high-risk group. (D) Expression of 5 DE-DFRGs between the UCEC samples and normal samples ( ***p < 0.001). (E) Kaplan-Meier survival curves. Survival time was shorter in the high-risk group in the TCGA-UCEC cohort.




3.3 Validation of model accuracy

Time-based ROC curve analysis was performed to determine the predictive efficacy of the signal, and the area under the operating characteristic curve (AUC) of the observed object was 0.689 at 365 days; at 1905 and 1825 days, the values were 0.652 and 0.727, respectively (Figure 3A). We then constructed a model for predicting one-, three-, and five-year survival in patients with UCEC based on relevant prognostic indicators, which showed significant accuracy in predicting the outcome (Figure 3B). We evaluated the risk signature regard to pathological features (tumor stage), high risk was significantly associated with more severe stages (Figures 3C, D). We included two additional analyses to further validate our prognostic model. we compared the risk scores for patients those who survived to five years with those who did not (GSE21882 from GEO dataset), and the risk scores between normal/G1 stage tumors with G2/G3 stage tumors (GSE115810 from GEO dataset). The results indicated that patients with poorer 5-year survival outcomes (Figure 3E) and lower tumor differentiation (Figure 3F) had significantly higher risk scores.
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Figure 3 | Internal validation of the DE-DFRG model by TCGA-UCEC. (A) Time-dependent ROC curve and AUC of the prognostic signature in UCEC patients from TCGA. (B) Nomogram for the prediction of 1-, 3-, and 5-year overall survival. (C, D) Kaplan-Meier survival curves of patients with clinical stage I-II and III-IV disease. (E) Violin plot of risk scores between patients who survived for five years and those who did not. (F) Violin plot of risk scores between normal/G1 stage tumors to G2/G3 stage tumors.




3.4 Functional enrichment analysis and correlation analysis of microRNA

To explore the hidden biological attributes related to risk assessment indicators, this study analyzed the KEGG and GO functions of differentially expressed genes (DEGs) in high- and low-risk categories. The results revealed that the pathways involved in glycosphingolipid biosynthesis, extracellular mechanism interactions, and signaling are diverse and complex (Figures 4A, B). In addition, through deep mining of the TCGA-UCEC RNA-Seq sequence data, we identified a total of 16,877 microRNAs (miRNAs) and analyzed them via univariate Cox regression models to confirm whether these miRNAs are associated with the survival risk of patients with UCEC (Supplementary Figure S3). An exploration of the associations between the expression of key genes and miRNAs associated with survival revealed that hsa−mir−4758 was significantly associated with five key genes (Figures 4C–G).
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Figure 4 | GO/KEGG enrichment analysis of DE-DFRGs and miRNA correlation analysis. (A, B) GO and KEGG functional enrichment analyses of the differentially expressed genes. (C–G) Relationships between miRNAs and the expression of 5 DE-DFRGs in the model.




3.5 Relationship between the tumor mutational burden and the risk model

The genetic variant density of a tumor, defined as the number of variants found per megabase (MutS per MB), has been associated with the quality of life and prognosis of cancer patients. High levels of tumor genetic variant density (TMB-H) indicate that patients may benefit more from immunotherapy. To more thoroughly explore the role of the risk-prognosis model in predicting the extent of tumor progression, this study explored the association between the model and TMB. First, we performed a Kaplan-Meier analysis on survival data from patients with varying TMB levels and found that patients with higher TMB exhibited better survival rates (Figure 5A), which aligns with current perspectives in the field. Subsequently, we analyzed the correlation between TMB and risk scores, revealing that lower risk scores were associated with higher mutation rates (Figure 5B), indicating a better prognosis. Figure 5C illustrates the differences in gene mutation characteristics between low-risk and high-risk groups, suggesting that variations at the gene level may be key factors contributing to differing prognoses:PTEN (65%), PIK3CA (49%), ARID1A (46%), TP53 (38%) and TTN (38%) were the top five mutated genes.

[image: Composite image with three panels: A) Kaplan-Meier survival plot showing significant survival differences for high and low tumor mutation burden (TMB) groups over 20 years. B) Scatter plot correlating risk scores with total mutations per megabase, showing a negative trend with R² = 0.02. C) Oncoprint depicting genetic alterations in 511 of 518 samples, highlighting mutations in various genes and their respective frequencies. A color legend indicates mutation types and cancer stages.]
Figure 5 | Relationships between the tumor mutational burden (TMB) and the risk model. (A) K−M analysis showing the difference in overall survival between the low- and high-TMB groups. In addition, patients with a high TMB had a better prognosis (p < 0.05). (B) Relationships between TMB and the risk score. TMB was negatively associated with the risk score (R = −12.9, R2 = 0.02). (C) Waterfall plot showing the mutation information on the top 20 genes in each UCEC sample.




3.6 Signaling-related immune infiltration and LMRG-FAG based immune response

Recent studies have revealed two key structural changes in the tumor microenvironment, the dissociation of disulfidptosis and ferroptosis, which are closely related to the immune response of tumors. Using the CIBERSORT algorithm tool, we aimed to estimate the distribution of twenty-two immune cell classes in patients with UCEC (Figure 6A), and the Violin plot revealed significant differences in the expression levels of regulatory T cells (Tregs), monocytes, macrophages, and neutrophils in different risk classes (Figure 6B). Thereafter, we calculated the infiltration scores for 22 types of immune cells and grouped the UCEC patients based on the median scores. A Kaplan-Meier analysis was performed in conjunction with survival data, and the results indicated that higher immune infiltration scores were associated with better patient prognosis (Figures 6C–E). Significant heterogeneity in patient survival was observed in the infiltration of several types of immune cells (NK cells, CD8+ T cells, regulatory T cells and highly invasive cells).
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Figure 6 | Immune cell infiltration associated with the DE-DFRG model. (A) Heatmap showing the comparison of immune-related functions in the high- and low-risk groups. (B) The differences in 22 infiltrating immune cells in the TCGA-UCEC cohort between the high- and low-risk groups were analyzed via the Wilcoxon test (p < 0.05). (C-E) Kaplan-Meier survival curves illustrating the differences in overall survival between the low and high immune cell infiltration groups.




3.7 Immunohistochemistry and RT-qPCR validation of key prognostic genes

We subsequently confirmed the expression of prognostically relevant genes in clinical samples via real-time quantitative reverse transcription polymerase chain reaction (RT−qPCR) and immunohistochemistry. The experimental data revealed the expression levels of several genes in tumor samples via real-time quantitative polymerase chain reaction (RT−qPCR). Specifically, ACTN4, FZD7, and MYH10 were expressed at low levels in these tumors, whereas LCN2 and CDKN2A were expressed at high levels (Figures 7A–E). This finding is in accordance with transcriptional data from The Cancer Genome Atlas (TCGA) based on urothelial cancer (UCEC) samples. The results revealed that the expression of ACTN4 and LCN2 was positive in the cytoplasm and partly in the nucleus and that the expression level of ACTN4 was low (Figure 7F), whereas the expression level of LCN2 was high in tumor tissue (Figure 7G). This finding was also confirmed by real-time quantitative polymerase chain reaction (RT−qPCR) data. (Photos with higher magnification are detailed in Appendix File 5).
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Figure 7 | RT−qPCR (N=4) validation and immunohistochemical validation (N=4, x10) of key prognostic genes. (A-E) RT−qPCR results revealed that ACTN4, FZD7 and MYH10 were expressed at low levels in cancer tissues and that LCN2 and CDKN2A were highly expressed in cancer tissues (*p < 0.05,  and ***p < 0.001). (F, G) Immunohistochemical results revealed that ACTN4 was expressed at low levels in cancer tissues and that LCN2 was highly expressed in cancer tissues.





4 Discussion

UCEC is a common malignant disease of female reproductive organs, and its prevalence has increased in recent years. For patients, the precise determination of disease stage has a significant effect on the treatment efficacy and patient prognosis. For the first time, the International Federation of Gynecology and Obstetrics (FIGO) has included molecular subtypes in its revised staging guidelines for endometrial cancer in 2023, aiming to provide a more accurate assessment of the prognosis of patients with UCEC. Therefore, the study of new molecular markers and cell communication pathways will provide key theoretical support for interdisciplinary treatment strategies for endometrial cancer. Currently, several ferroptosis-related models have been developed to predict the prognosis of UCEC patients, which are based on a single variable and do not fully consider the complexity of the tumor microenvironment (16, 17). Recent findings indicate a close relationship between ferroptosis and disulfidptosis. Disulfidptosis and ferroptosis are two forms of regulated cell death that share some biochemical pathways and mechanisms. Both processes involve the accumulation of reactive oxygen species (ROS) and perturbations in cellular redox homeostasis, leading to oxidative damage. Recent studies suggest that disulfidptosis may act in concert with ferroptosis, where the oxidative stress from disulfide accumulation can potentially promote ferroptosis (18). In our exploration, we comprehensively considered the correlation between disulfidptosis and ferroptosis. First, we revealed ferroptosis-disulfidptosis differential genes by dissecting gene transcription in tumor and normal tissues. The Lasso algorithm was subsequently applied to filter out the most influential predictor variables, and we constructed a prognostic assessment model consisting of five key genes. Through the analysis of Kaplan−Meier curves, ROC curves and calibration curves the stability, accuracy and reliability of the model were verified.

Recent studies have revealed a strong association between disulfide metabolism and tumor development. In fact, many tumor cells are subjected to oxidative stress, which causes abnormalities in disulfide metabolism, thereby significantly affecting the survival and proliferation of cancer cells (19, 20). The metabolic activity of tumor cells, especially the formation of disulfide bonds, is associated with various biological characteristics of tumors, such as resistance to antibiotics, tumor spread, and immune system evasion (21, 22). Recent studies have shown that specific long noncoding RNAs associated with disulfide dysregulation can provide significant prognostic information for UCEC patients (23). Ferroptosis is caused by the combined effects of intracellular oxidative stress and membrane lipid peroxidation, which leads to the destruction of cells and the termination of life activities. Ferroptosis-related genes and long noncoding RNA coding genes in endometrial carcinomatous tissues are often mutated and epigenetically modulated in contrast to those in conventional tissues (9), resulting in their differential expression in regulating the viability, migration, and invasion of endometrial cancer cells (7, 12). Although a direct association between these genes and endometrial cancer has not yet been established, ferroptosis gene markers play a key role in assessing the prognosis of endometrial cancer patients and formulating targeted treatments. To deepen the research in the field of cancer therapy, explore the interaction between disulfidptosis and ferroptosis signal transduction pathways, reveal the internal relationship between them, and translate this insight into innovative strategies for anticancer therapy, we must build a closer bridge between them.

A recent study revealed that UCEC is one of the two cancer types with the highest mutation rates in disulfidptosis-related genes, whereas mutations in the ACTN4 and MYH10 genes are closely linked to poor survival (18). In the actin-binding protein family, the ACTN4 protein, which was described by Honda and other researchers in the early stage and is considered a nonmuscle α-actinin closely linked to the migration ability of tumor cells, has attracted much attention (24). ACTN4 influences the cell cycle and cell motility and plays a key role in the development and spread of cancer (25), and some studies have shown that ACTN4 behaves differently in endometriotic lesions than in the normal endometrium (26). The MYH10 gene is responsible for the production of nonmuscle myosin IIB (NMIIB), a protein that plays a crucial role in cell adhesion. It also plays a key role in many tumor processes, including promoting cancer cell migration, invasion of surrounding tissues, synthesis of the extracellular matrix (ECM), and triggering the transformation of epithelial cells into mesenchymal cells. CDKN2A is considered to play a key clinical role in assessing various prognostic mechanisms of endometrial cancer (16, 27, 28), possibly related to cell cycle dysregulation caused by CDKN2A deletion (29). Lipocarin 2 (LCN2), a new member of the lipocarin family, is closely related to immune function. Studies have shown that the expression level of LCN2 is increased in many malignant tumors. including lung cancer, breast cancer, prostate cancer, pancreatic cancer and esophageal cancer. Moreover, studies indicate that LCN2 induced ferroptosis is closely related to tumor progression (30). LCN2 serum levels play an important role in the diagnosis of endometrial cancer (31), and upregulation of LCN2 expression promotes drug resistance in endometrial cancer cells and inhibits the ferroptosis process (32). One of the receptors of Wnt signaling, Frizzled 7 (FZD7), plays a key role in the canonical and atypical Wnt pathways. Abnormal activation of the Wnt/β-catenin signaling pathway is closely related to endometrial hyperplasia and its related carcinogenesis (33), and plays a vital role in promoting the spread and migration of tumor cells. Studies have revealed that FZD7 gene expression often increases when ovarian cancer tissues are resistant to platinum-based drugs (34). This increased gene expression increases the sensitivity of tumor cells to ferroptosis.

MicroRNAs(miRNAs) have been shown to coordinate various biological processes and diseases, including the occurrence and progression of cancer (35). Research has shown that miRNAs not only control mRNA expression but also target long noncoding RNAs (36). In recent years, abnormal expression of miRNAs has been reported to be associated with the occurrence of various cancers, and abnormal expression of miRNAs can also induce different epigenetic changes. After screening key prognostic genes, our study further identified hsa-mir-4758 as co-associated with disulfidptosis/ferroptosis-related genes. A comprehensive transcriptome analysis revealed that hsa-mir-4758 is associated with hormone-dependent cancer risk (37). A miRNA-based prognostic model for endometrial cancer also suggested that high expression of hsa-mir-4758 in EC tissue is associated with poor prognosis and a lower survival rate in patients with endometrial cancer (38). This finding may suggest the significant potential value of hsa-mir-4758 in the occurrence and prognosis of endometrial cancer (39).

The characteristic of disulfidptosis is the accumulation of disulfide bonds and the subsequent cellular stress. Cancer cells undergoing disulfidptosis can release a variety of cytoplasmic contents and inflammatory factors, triggering a robust immune response by promoting immune cell infiltration and reprogramming the immunosuppressive tumor microenvironment (TME). This process can activate immune cells and facilitate the occurrence of inflammatory responses (40). On the other hand, ferroptosis is primarily induced by lipid peroxidation caused by iron overload, during which reactive oxygen species (ROS) are generated that can also influence immune cell function. This may alter the recruitment and activation of immune cells within the tumor microenvironment (41). Different forms of regulated cell death can modulate immune infiltration in the tumor microenvironment, thereby affecting therapeutic efficacy against tumors and the overall progression of cancer (42). Immune cells play crucial roles in the stroma of tumors, and they have a significant impact on tumor progression and prognosis (43). Therefore, we performed an in-depth analysis of the immune cell composition in patients with different prognostic grades. The performance of regulatory T cells (Tregs), monocytes, macrophages, and neutrophils varies significantly across risk classes. These observations suggest that patients at lower risk may be more sensitive to immunotherapy, suggesting that they may benefit more from immunotherapy.

However, it must be recognized that our study has inherent limitations. First, our data are based on transcriptome data, so there remains a considerable journey ahead from our research conclusions to their application in a clinical setting. Specifically, understanding how risk stratification derived from our signature could influence the selection between standard therapies and novel treatments requires substantial evidence-based research. Follow-up studies (both prospective and retrospective) are essential to confirm the accuracy of our model. In addition, we need to pay attention to the consistency of samples of various ethnic groups. Moreover, the results of the analysis of the tumor mutation burden and immune invasion profile were only from the TCGA, and more prospective experimental data are needed to confirm these conclusions. Finally, further exploration of the molecular mechanism of UCEC-related risk genes is necessary to explore effective therapeutic targets.

Nonetheless, we believe that our study holds significant value in the exploration of prognosis in endometrial cancer. It underscores the importance of collaboration among oncologists, pathologists, and bioinformaticians to effectively implement our prognostic features in clinical practice. To this end, we are committed to conducting further research at both the foundational and clinical levels to validate our findings and enhance their applicability in real-world settings.




5 Conclusions

In summary, by selecting five genes associated with disulfidptosis/ferroptosis-related genes, we created a predictive model of the clinical outcome for UCEC patients based on the TCGA database and validated it internally. In addition, this study explored the mutation burden and immune cell infiltration level of tumors in different prognostic risk groups, which provided possible biomarkers and preliminary evidence for the development of personalized treatment.
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Introduction

Tertiary Lymphoid Structures (TLS) in cancer tissue are potential sites for the organisation of immune responses to cancer, and correlate positively with improved clinical outcomes for patients including in colorectal cancer (CRC). However it has proven challenging to standardise assessment of TLS due to the highly variable appearances of circumscribed domains of TLS within tissue sections. A recent three-dimensional reconstruction of TLS in CRC tissue showed that TLS are often large, multi-lobular structures, suggesting that assessing TLS across whole sections may be necessary to provide an accurate view of TLS activity in a patient’s tumour.





Methods

We used whole-section scans of multiplexed immunofluorescence images to characterise TLS from 22 subjects with CRC. Multiplexed staining for CD20, CD3, CD8, Foxp3 and Ki-67 enabled us to identify B-cells, CD8+ T-cells, Foxp3– CD4 T-cells, and Foxp3+ CD4 Tcells in all sections, and quantify both the presence of these cell subsets in lymphocytic clusters and their degree of proliferation within those clusters.





Results

In total we identified 524 lymphocytic clusters with morphology consistent with TLS. TLS domains varied substantially between samples in size, morphology, cellular constituents, count (from 4 to 100), and proportion of total section area they occupied (0.2%-7.8%). We quantified proliferation of B-cells and T-cell subsets within TLS domains across entire sections and compared data to the canonical approach of counting and phenotyping individual TLS domains. The whole-slide approach proved simpler, generating digital summaries that readily identified patients with strikingly different levels of immune activity within their TLS. Strong correlations were observed between the proliferation of B-cells and T-cell subsets. The presence of non-proliferating Foxp3+ CD4 T-cells within TLS showed no correlation with the level of proliferation of other lymphocyte subsets.





Discussion

Whole-section digital quantification of immune cell activity within TLS has advantages over canonical approaches, and could accelerate research into correlations between TLS status and clinical outcomes, with potential to enable a standardised assay for clinical use.
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Introduction

Tertiary Lymphoid Structures (TLS) are structured organisations of immune cells that develop in non-lymphoid tissues following persistent pathogen infection, or in inflammatory conditions associated with autoimmune disorders, allograft rejection, and cancer (1, 2). TLS are closely related to other organised collections of lymphoid cells within normal tissues such as Peyer’s patches, and share many structural and organisational features with lymph nodes (LN). In sections of human tissue, TLS classically appear as circumscribed ovoid aggregates of lymphoid cells, centred around a B-cell follicle that may or may not contain a germinal centre (GC) comprising actively replicating B-cells. High endothelial venules (HEV) may be present within TLS, as well as peripheral T-cell zones with intercalating dendritic cells (1), though TLS lack other structural features of LN such as a capsule, with its connected hilum and trabeculae, or lymphatic sinuses.

In studies of cancer patients, correlations between TLS features and prognosis have been observed for several cancer types (1, 2) including colorectal cancer (CRC) (3, 4). The presence and characteristics of TLS in or around tumours have also been correlated with responses to immune therapy targeting the PD-1 pathway (5, 6), suggesting that TLS activity strongly influences the ability of T-cells to recognise and attack cancer cells.

Previous literature examining TLS features in cancer patients has typically sought to identify and characterise individual circumscribed zones within tissue sections that have features of TLS. Three classes of parameters have been extracted: the number and density of TLS within the section (7, 8); their location within the tumour with respect to cancer cells (9); and their cellular composition and functional state, especially their “maturity” (10). The manner in which all these parameters have been calculated and reported has been highly variable, making it challenging to compare TLS analysis in different clinical contexts.

Several previous studies set a threshold for the number of cells within a cluster needed to qualify as a TLS, though this threshold has varied (11–13). Other criteria for defining TLS have included cellular composition and architecture, such as the relative proportion of B-cells and T-cells within a cluster, and whether clear B- and T-cell zones are visible (4, 10, 11, 14, 15).

The location of TLS within tumours has also been variably reported. TLS are mostly found in peri-tumoural areas. In different human tumours, statistically significant correlations with prognosis have been found with both intra-tumoural TLS (16–18) and peri-tumoural/invasive margin TLS (10, 19). Hence, it remains unclear how TLS locations within tumours might impact prognosis.

Different criteria have been applied to classify the functional state of TLS. The presence of GCs and proliferating B-cells within B-cell follicles has often been used to describe TLS as “mature” and has been associated with improved prognosis (10, 20, 21). Some studies have also sought to sub-classify TLS according to the presence and density of particular cell types, such as follicular dendritic cells (FDC), CD8+ T-cells (22), and CD4+ T-cell subsets (23), including Foxp3+ CD4+ T-cells that are often regarded as “Tregs” (24), or the presence of HEVs (25). However, there is considerable heterogeneity in the cellular composition of TLS, even within a single tissue section (10, 23), and consensus has yet to emerge on how cellular composition might alter TLS function.

A large part of the variability in classifying TLS relates to the difficulty in assessing a dynamic three-dimensional (3D) structure from a single tissue section that effectively represents only a two-dimensional (2D) view. Recent 3D studies have begun to reveal human TLS as multi-lobular and interconnected (26) rather than discrete spheroidal entities. The appearance of TLS in a tissue section therefore depends on both the 3D shape of the TLS transected and the sectional plane, as illustrated in Figure 1. The sectional plane alters the shape and size of a circumscribed TLS domain in a tissue section (hereafter we use the term “TLS domain” to refer to this appearance in 2D). The sectional plane also changes the measurable cellular composition within a TLS domain, depending on whether it transects particular sub-structures such as GCs (Figure 1). Hence, the shape, size, and cellular composition of individual TLS domains within a tissue section are subject to the random interplay between the sectioning plane and TLS structures that might have highly variable multi-lobular shapes. This multi-lobular nature of human TLS (26) raises the possibility that instead of counting and classifying individual TLS domains, it might be preferable to characterise and summarise the totality of all these 2D cross-sections together. We therefore used multiplexed immunofluorescence (mIF) to image TLS across entire sections of tissue from 22 patients with colorectal cancer (CRC). As well as staining for B-cells and T-cell subsets, we stained for Ki-67 to quantify their proliferation. We first used a canonical approach to quantification, counting individual TLS domains within each sample, and quantifying the cell subsets and their proliferation within each individual TLS domain. We then tested an alternative global approach: measuring the total area of TLS domains across the tissue section, and quantifying B- and T- cell parameters across this combined total area. This simple whole-section approach was more efficient than the conventional method, yet still generated a similar ranking of patients for TLS activity. Our results suggest whole-section approaches to the digital characterisation of TLS will prove useful for comparative studies of large groups of cancer patients, and for future clinical applications.

[image: Diagram showing four sequential layered images of immune cell zones, labeled i to iv. Each layer consists of B-cell zone (red), germinal center (yellow), and T-cell zone (blue) elements. The diagram explains the spatial relationships among these regions, highlighting overlap and distinct areas.]
Figure 1 | Challenges in extrapolating TLS structures from 2-dimensional sections. This pictorial representation shows how different a multi-GC TLS can appear in different 2-dimensional section planes. Section i shows only a T cell zone; sections ii & iii show differing relationships between T-cells, B-cells and the GC; section iv fails to capture a GC, and seems to show two TLS when the second is simply a protrusion from the same 3D structure.





Materials and methods




Patient selection

Formalin-fixed paraffin-embedded (FFPE) tissue blocks were obtained from 22 patients from the Dunedin Colorectal Cohort under ethical approval from the NZ Health and Disability Ethics Committee (HDEC 14/NTA/033). All samples were surgical samples excised prior to any adjuvant treatment. Previous H&E staining of these tissue blocks had revealed at least 3 highly-defined immune aggregates in each sample. Patient characteristics are shown in Table 1.

Table 1 | List of patient characteristics.


[image: Table presenting clinical data. Age at resection: range 46 to 99, median 71. Sex: 13 females, 9 males. Tumour site occurrences: ascending 4, descending 1, caecum 2, hepatic flexure 1, recto-sigmoid 4, rectum 6, sigmoid 2, splenic flexure 1, transverse 1. AJCC stages: I and IV have 4 and 1 cases respectively, II and III each have 8 cases. AJCC stands for American Joint Committee on Cancer.]




Tissue processing and imaging

5µm sections were derived from these blocks by the Histology Services Unit at the University of Otago. Sections were deparaffinised, antigen retrieved (AR6 solution, Akoya Bioscience) and blocked with 10% human serum (ThermoFisher). Slides were stained for markers using the 7-plex Opal Polaris kit (Akoya Biosciences) according to the manufacturer’s instructions, using the primary antibodies and Opal dyes listed in Table 2; Foxp3 was stained with a cocktail of two antibodies as shown. Slides were mounted and imaged with the PhenoImager HT instrument (Akoya Biosciences).

Table 2 | List of antibodies used in this experiment and the Opal dyes assigned to them.


[image: Table listing antibodies with their manufacturers, catalogue numbers, and assigned OPAL dyes. CD20 and CD3 by Cell Marque with Opal 480 and 520. Foxp3 by Biolegend and Abcam with Opal 570. CD4 by Novus with Opal 620. Ki-67 by Cell Marque with Opal 690. CD8 by Cell Marque with Opal 780. DAPI is used for nuclei. The order reflects the cyclical staining procedure.]
Due to the variable staining patterns of CD4, observed across a range of cell types including myeloid and epithelial cells that express varying levels of CD4, we did not quantify CD4 expression. In CRC, double positive or negative T-cells are present in low frequencies (27), which include NKT cells (~0.7%) (28) and γδ T-cells [~0.5% of all CD3+ cells (29)] in cancer-associated TLS. In the absence of confirmation of CD4 positivity, we defined CD3+CD8- cells as ‘most likely’ representing CD4+ T cells. Hence our analysis utilised 5 markers in addition to the nuclear stain DAPI: CD3, CD8, Foxp3, CD20, Ki-67.

For H&E images, slides were deparaffinised and stained with Gills haematoxylin (Merck/Sigma Aldrich) counterstained with Eosin Y, aqueous (Merck/Sigma Aldrich) before dehydration and mounting with Eukitt Quick-hardening mounting medium (Merck/Sigma Aldrich).





Image analysis

Image unmixing, cell segmentation and positive channel marker thresholding were undertaken using the InForm (version 2.6 AKOYA BioSciences) program. Phenotyping and analysis of InForm-derived data was undertaken using R (version 4.0.4) in conjunction with custom analysis pipelines and the phenoptr package (version 0.3.2).

To improve comprehension of our results, we classified CD3+ CD8- cells as CD4 T-cells, since almost all T-cells present in CRC are single positive for either CD8 or CD4 (27, 28). Lymphocytes were therefore classified into 4 groups: B cells (CD20+ CD3–); CD8 T-cells (CD3+ CD8+); Foxp3– CD4 cells (CD3+ CD8– Foxp3–); Foxp3+ CD4 cells (CD3+ CD8– Foxp3+). Each of these 4 cell subsets were then sub-classified as Ki-67+ or Ki-67– to generate counts of 8 cell classifications for each TLS. A ninth category of cells shown in some analyses is “undefined” – cells that did not fall into the aforementioned categories, the vast majority of which were negative for all markers with the exception of their DAPI+ status.





TLS quantification

Our strategy to determine TLS from other non-TLS lymphoid aggregates for downstream analyses is outlined in Supplementary Figure S1. Lymphoid aggregates were initially identified in images by two researchers; where B-cell aggregates were close to each other and were connected by strands of lymphocytes (e.g. Figure 2J; Supplementary Figure S2E) these were considered as a single aggregate. The two researchers then re-assessed each other’s selections to determine which aggregates met defined criteria for classification as TLS domains. Cellular composition of each aggregate was phenotyped as described above, and only aggregates of ≥250 cells comprising >50% B-cells and/or T-cells were included as TLS domains.

[image: Microscopic images of tissue samples stained with immunofluorescence markers. Each panel (A-K) displays varying distributions of CD20, CD3, CD8, Ki67, and DAPI, evident by different colors: blue, green, yellow, magenta, and gray. Arrows in some panels highlight specific areas. The images show different cellular organizations and marker expressions within the tissue samples, indicating diverse cellular environments and activity levels. Each panel has a scale bar for reference.]
Figure 2 | Diverse appearances of TLS in CRC. (A-K) Selected microscopic images of TLS imaged in the 22-patient cohort, highlighting the different visual appearances. Slides were stained for CD3, CD20, Ki-67, CD8, DAPI and Foxp3 (not shown), imaged on the Akoya PhenoImager HT instrument. Scale bars are 200μm. Arrows are used to highlight (C) non-lymphocytic regions (E, F) epithelial crypts (G, H) channels (J) lymphocytic strands connecting discrete B-cell follicles (K) a Ki-67+ non-lymphocyte region encased by TLS.

Given the lack of consistency in the literature in how the peri-tumoural region is defined (1), TLS domains were not further sub-classified according to their distance from tumour margins, although all TLS domains analysed were either intra-tumoural or within ≈10mm of cancer cells.





Area measurement

Total tissue area measurements were made on Qupath (30) (version, 0.4.2) using the pixel classifier thresholder function. Briefly, the average of all channels were prefiltered (Gaussian) and a threshold was chosen that coved the tissue region. Tumour area measurements were made manually, aided by H&E stained sections from the same tumour annotated by a pathologist (T. Jeon). TLS tissue measurements used the pixel classifier thresholder function using CD3 and CD20 channels. Manual adjustments were made to the region where required.





Statistical analyses

Statistical analysis on individual TLS data was performed in R using the R package lme4 (v1.1-29) to apply a generalised linear mixed model with REML/residual maximum likelihood to account for grouping effects. The p-values were calculated with lmerTest (v3.1-3) using Satterthawite’s method. For the whole TLS tissue analysis, a linear regression with Spearmann’s correlation test was implemented using the stats package on R (v4.0.4). Values scaled in log10.

TLS with fewer than 50 cells of the assessed phenotypes were removed from analysis when performing correlation analyses, to ensure each datapoint was based on robust sample sizes.






Results




TLS domains in tissue sections from patients with CRC show highly diverse morphology

We examined FFPE tissue sections from the tumours of 22 patients with CRC; patient characteristics are described in Table 1. We used the criteria shown in Methods to identify 524 TLS domains in these combined tissue sections (Supplementary Figure S1).

TLS domains stained for the B-cell marker CD20, with variable staining for the T-cell markers CD3, CD8 (Figure 2) and Foxp3 (Supplementary Figures S2A–D). Subsets of both B-cells and T-cells stained for Ki-67 (Figure 2). Most TLS domains were outside the tumour zones, with a minority in the peri-tumoural zones within 1mm from the invasive margin, and even fewer within the tumours (data not shown); however, in this study we did not quantify location of TLS domains with respect to cancer cells.

In images of these TLS domains, some resembled the canonical descriptions of mature TLS (1), with a well-defined GC surrounded by a compact, mostly ovoid-shaped B-cell zone and an associated T-cell zone (Figure 2A). However, many TLS domains displayed other geometries. TLS domains were not always ovoid (Figures 2B, D) and both the B-cell zones (Figure 2B) and T-cell zones (Figure 2C) adjacent to GCs varied in shape, with non-lymphoid cells and ECM often intercalated (Figure 2C, arrows). Local tissue architecture such as epithelial crypts also impacted TLS domain morphology (Figures 2D–F), while channels and holes sometimes led to perforated appearances, probably due to blood or lymphatic vasculature (Figures 2G, H).

Some TLS domains were large and contained multiple B-cell regions (Figure 2I), consistent with the section plane passing through large multi-lobular TLS (26). Other TLS domains appeared in close proximity, connected by strands of lymphocytes (Figure 2J, arrows and Supplementary Figure S2E), raising the possibility that they might be part of the same TLS in 3D. Occasional TLS domains surrounded Ki-67+ proliferating cells that were negative for CD3 and CD20 (Figure 2K, highlighted by arrow).

Collectively, our results show that TLS domains do not usually appear as classical ovoid structures and often lack well defined T-cell zones within the sectioning plane, even when GCs are clearly present (Figures 2B, C, E, F, H).





TLS domains show significant heterogeneity between and within CRC patients

We sought to quantify and classify individual TLS domains within each CRC tissue sample, by counting circumscribed TLS domains and phenotyping their cellular constituents. The counts of TLS domains within each tissue sample varied greatly (Figure 3A). The lowest and highest TLS domain counts were 4 and 100, respectively, with a mean of 24.

[image: Bar charts displaying lymphocyte subset phenotypes within hybrid (A) and all (B) tumor lymphoid structures (TLS) as percentages of total lymphocytes. Charts are labeled with patient IDs (P001-P023). A legend identifies bars representing various T-cell and B-cell phenotypes with distinct colors.]
Figure 3 | Variation within and between patients in lymphocyte composition of TLS domains. (A, B) 524 TLS domains across 22 patients with CRC were segmented and phenotyped, and lymphocyte subsets counted in each TLS. Data shown represent % of total lymphocytes occupied by each of the 4 lymphocyte types shown, with each lymphocyte subset sub-plotted for expression of Ki-67 (pale colours Ki-67+, dark colour Ki-67-). Patient identity codes are shown on the x-axis, and patients are ranked left to right according to average B-cell Ki-67+ % across all TLS within each patient. (A) Data from all individual TLS domains, grouped by patient. (B) Averages across all TLS domains in each patient.

The cellular composition of each TLS domain was analysed by digitally quantifying four different lymphocyte subsets, and the proportions of each of these subsets that expressed Ki-67 (Figure 3A). The proportion of B-cells expressing Ki-67 within TLS domains ranged from 0% to 94% (Figure 3A). Within each patient’s sample, the Ki-67+ proportion of B-cells also varied considerably (Figure 3A). However, when comparing the results between patients across their TLS domains, differences between patients become apparent. Some patients had higher proportions of Ki-67+ B-cells in most B-cell zones (Figure 3A, upper row), while others had consistently low proportions of Ki-67+ B-cells (Figure 3A, lower row). Hence, despite the variation in Ki-67 expression by B-cells in different TLS domains within individual patient samples, patients clearly differed in their B-cell proliferation once all their TLS domains were taken into account. Averaging the proportion of proliferating B-cells within all TLS domains in a tissue section allowed patients to be ranked for B-cell proliferation within their tissue sample (Figure 3B; Supplementary Figure S4A; this ranking was also used to order patients in Figure 3A).

Previous studies have suggested CRC patients with higher TLS numbers as well as those with a higher proportion of mature TLS have a better prognosis compared with patients with lower proportions (10, 23, 31). The numbers of TLS domains varied substantially even within the patients with the highest levels of B-cell proliferation (Figure 3A, top row). Additionally, patients among those with the lowest B-cell activation also had some of highest TLS domain counts (such as P007, P010 and P021). Taken together, these observations confirm that counts of TLS domains from 2D sections do not adequately summarise TLS activity.





Ki-67+ status of B-cells is correlated with Ki-67+ status of T-cells, including Foxp3+ CD4+ T cells

Patients that ranked highest for the proportion of Ki-67+ B-cells also exhibited high Ki-67 expression in T-cell subsets (Figure 3B), suggesting a potential correlation between B-cell proliferation and that of certain T-cell subsets. We therefore compared the Ki-67 expression in B-cells with that in different T-cell subsets within individual TLS domains across all patients (Figure 4A). This analysis confirmed a correlation between the proportion of B-cells expressing Ki-67 within each TLS domain and the Ki-67 expression of both Foxp3– CD4 T-cells and CD8+ T-cells (Figure 4A).

[image: Scatter plots labeled A, B, and C show correlations between the percentage of various T-cells expressing Ki67 and CD20+ B-cells expressing Ki67. In A and B, strong positive correlations are noted with R-squared values above 0.3 and significant p-values under 0.001, while C shows negligible correlation with low R-squared values and non-significant p-values.]
Figure 4 | (A–C) Correlation of Ki-67 expression between lymphocyte subsets. Scatterplots showing the correlation between Ki-67 expression in different lymphocyte subsets within individual TLS domains. (A) Ki-67 expression in B-cells (y-axes) plotted against that in Foxp3– CD4 T-cells and CD8+ T-cells (x-axes) (B) Ki-67 expression in Foxp3+ CD4 T-cells (x-axes) plotted against that in B-cells, Foxp3- CD4 T-cells and CD8+ T-cells (y-axes) (C) Presence of Foxp3+ CD4 T-cells that are not proliferating (Ki-67–) in each TLS domain (x-axes) plotted against Ki-67 expression in CD20+ B-cells, Foxp3– CD4 T-cells and CD8+ T-cells. Note log scaling of all scatterplots.

Foxp3+ CD4 T cells also expressed Ki-67 frequently, and this expression correlated with that in B-cells, CD8+ T-cells and Foxp3– CD4 T-cells (Figure 4B). Hence individual TLS domains with high proportions of Ki-67+ B-cells also had higher proportions of proliferation in all T-cell subpopulations, including Foxp3+ CD4 cells.

To test whether non-proliferating (Ki-67–) Foxp3+ CD4 T-cells might suppress T-cell proliferation, we plotted the correlation between the presence of this population (represented by their proportion of all lymphocytes within the TLS domain) and the Ki-67 expression in the other T-cell subsets (Figure 4C). The proportion of non-proliferating Foxp3+ CD4 cells per TLS domain did not show an inverse correlation with the presence of Ki-67 on other T-cell populations (nor B-cells) suggesting they were not suppressing T-cell proliferation within TLS.





Assessing TLS area across entire tissue sections

Accurate measures of the total quantity of TLS within tumour sections might generate clinically-informative parameters, given that parameters such as T-cell counts within CRC tissue correlate with increased survival (32). The striking variation in the area of individual TLS domains (e.g. Figure 2), and the multi-lobular nature of TLS in at least some CRC samples (e.g. Figure 2J), suggested that TLS count would poorly represent the total area of the TLS domains within a complete section. We therefore measured the total area of TLS within each section and compared this parameter with the canonical approach of counting the number of TLS domains.

Our data show that the count of TLS domains (Figure 5A) does not always reflect total TLS area within the section (Figure 5B). When the two parameters are compared against each other in a scatterplot, a weak correlation is observed with notable outliers (Figure 5C). For example, although P006, P013 and P004 are very similar in terms of TLS count (Figure 5A, highlighted samples) they have very dissimilar total TLS area (Figure 5B) due to different average TLS domain areas, as is clearly evident in images from these subjects (Supplementary Figure S3). Hence measuring total TLS area across an entire section provides an alternative measure of the total quantity of TLS domains that accounts for the substantial variation in area of individual TLS domains, which TLS domain counts alone do not.

[image: A grid of eight graphs labeled A to H analyzing TLS (tertiary lymphoid structures) metrics across various patients. Graph A shows TLS domain count with bars for 24 patients, while graph B displays total TLS area for the same patients. Graphs C to E depict scatter plots with lines of best fit for total TLS area versus TLS domain count, total tissue area, and total tumor area, showing moderate to weak correlations. Graph F and G show total TLS area against total tumor area and proportion of tissue occupied by the tumor, yielding low correlation. Graph H presents the percentage of CD20+ B-cells expressing Ki67 against total TLS area to tissue ratio with a weak correlation.]
Figure 5 | TLS domain density and correlation with other spatial measures. (A) Counts of circumscribed TLS domains in each tissue section (B) Total area of TLS domains in each tissue section (C) A scatterplot of total TLS area against TLS domain counts (D) and a bar graph demonstrating proportion of total tissue area occupied by TLS domains. (E–G) Correlations of total TLS area across all tissue samples to (E) total tissue area (F) total tumour area (G) proportion of total tissue area occupied by tumour. (H) Correlation of B-cell Ki-67 expression (averaged across TLS domains within each sample) with the proportion of tissue section occupied by TLS in that tissue section. Selected samples are highlighted by coloured arrows in (A–C) corresponding to P006 (green), P013 (blue) and P004 (red).

Assessing total TLS area within a section needs to take account of total section size, and the proportion of the section that is occupied by tumour. Within our 22 samples, the proportion of the total tissue area occupied by TLS varied substantially (Figure 5D) and there was no correlation between total section area and the area occupied by TLS (Figure 5E). Total TLS area did not correlate with total tumour area (Figure 5F) nor the proportion of the total section occupied by tumour (Figure 5G). Hence total TLS area varied independently of tissue section size and the degree of tumour infiltration.

To compare whether the area of TLS within a section might correlate with TLS activation, we plotted the proportion of total section area occupied by TLS against the average proportion of B-cells expressing Ki-67 in each TLS domain (Figure 5H). No correlation was observed suggesting that the level of TLS activation represented by B-cell proliferation is not dependent on TLS area.





Assessing sum of B- and T-cell proliferation vs averaged individual TLS composition

Measurement of activation or proliferation of B- and T-cells across entire tissue sections may help correct for the failure of the section plane to transect structures such as GCs, while also simplifying analysis. We therefore re-analysed our data by combining data from all TLS domains identified within each section, and then ranking patients by the proportion of cell subsets across all TLS. When compared with the previous method based on identifying individual circumscribed TLS (Figures 3A, B), this whole-section approach led to broadly similar rankings of patient TLS activity (Figure 6A), with the same 8 subjects top-ranked, but with significant re-positioning of some patients with low to moderate levels of B-cell proliferation (Supplementary Figure S4). Plotting the proportions of B-cells expressing Ki-67 against the Ki-67+ proportions of T-cell subsets showed improved correlations based on this whole-section aggregated data compared with the previous method based on individual TLS zones (Figure 6B compared with Figures 4A, B). This simpler whole-section analysis confirmed that proliferation of B-cells is highly correlated with proliferation of all T-cell subsets.

[image: Chart A shows a stacked bar graph representing the phenotype distribution of lymphocytes in tissue sections. Each color represents a different type of lymphocyte. Chart B consists of three scatter plots displaying positive correlations between the percentage of CD20+ B-cells expressing Ki67 and various T-cell subtypes expressing Ki67. The R-squared values indicate strong correlations, all with significance (p < 0.001).]
Figure 6 | Compositions of total TLS area within each tissue section. (A) Lymphocyte phenotype data from all TLS domains within each tissue section were pooled before plotting % of each phenotype across the entire section. Patients were ranked by the proportion of B-cells expressing Ki-67. (B) Scatterplots showing the correlations between % of B-cells expressing Ki67+ with the Ki-67+ % for Foxp3– CD4 T-cells (green), Foxp3+ CD4 T-cells (blue) and CD8+ T-cells (orange). Spearman’s correlation test on all slopes were p<0.001.






Discussion

The goal of this study was to create and evaluate a simple workflow to study TLS composition across entire sections of CRC tissue. We used multiplexed immunofluorescence to stain CRC tissue, then digitally quantified the major lymphocyte populations in each TLS domain. These quantitative data differed substantially between individual TLS domains within each sample, consistent with the wide range of appearances in our images. Aggregating data from the cellular phenotypes within all TLS prior to analysis enabled facile comparison between specimens, such as ranking patients according to lymphocyte proliferation, without needing to laboriously compare the constituents of individual TLS.

We stained for Ki-67 to identify proliferating lymphocytes. B-cells within GCs frequently expressed Ki-67, so the quantification of B-cell Ki-67 across whole tissue sections we performed might prove a much simpler measure of total GC formation within TLS than counting individual GCs. However we did note that in some TLS domains with high proportions of proliferating B-cells, the cells were not clustered into GCs (data not shown). Digital detection of B-cell clustering as well as B-cell proliferation might be necessary to accurately quantify GCs, though co-staining for other GC features, such as the presence of FDCs, may also prove useful in future.

We found Ki-67 staining to be particularly informative because it simultaneously reads out both B- and T-cell proliferation. When assessed across entire sections, proliferation of all T-cell subsets correlated with B-cell proliferation, despite the highly variable T-cell content observed within individual TLS domains. This raises that possibility that quantifying T-cell parameters as well as B-cell parameters within any structure that might be part of a TLS may add to predictive power for clinical outcomes, compared with approaches where analysis is restricted to only those lymphocyte clusters that contain both cell types juxtaposed.

Foxp3+ CD4 T-cells are sometimes considered to be regulatory T-cells with potential to suppress activation and proliferation of other T-cell subsets. To check whether the non-proliferating Foxp3+ CD4 T-cells might exert a negative effect on the proliferation of the other subsets, we tested the correlation between the presence of these cells in TLS and the Ki-67 signal in all T-cell subsets: no correlation – either positive or negative – was found. In contrast, we found a positive correlation between the proportions of Foxp3+ CD4 T-cells expressing Ki-67, and the proliferation of both CD4 and CD8+ T-cells, suggesting Foxp3+ CD4 T-cells had often been activated to proliferate within TLS alongside Foxp3– CD4 T-cells and CD8+ T-cells. These data are consistent with the concept that the presence of Foxp3+ CD4 T cells within CRC tissue does not suppress proliferation of other T-cell subsets. This result might seem inconsistent with the immunosuppressive activity ascribed to Foxp3+ CD4 T-cells in some human cancers, where their presence within tumours has been associated with poor outcomes (33, 34). However while Foxp3 is often used as a marker of Treg cells, in humans, many Foxp3+ T-cells are not Tregs (35, 36) and may even be activated effector/memory cells (37, 38). Indeed the presence of CD4+ CD45RA– effector/memory T-cells expressing low levels of Foxp3+ has been associated with improved prognosis in CRC (36). Hence our data reinforce the concept that the expression of Foxp3 by CD4 T-cells does not necessarily correlate with immunosuppressive activity.

Our study suggests measures of total TLS area are likely to better represent the quantity of TLS within a patient sample than counts of individual TLS domains. The average area of individual TLS domains varied substantially between patients, so that the number of discrete TLS domains did not accurately reflect the proportion of the total section occupied by TLS. Our study also showed no correlation between this TLS area and the presence of proliferating lymphocytes within the TLS, suggesting TLS area and activation are independent. In future clinical studies it would therefore be valuable to report TLS area parameters separately from activation parameters in order to tease out correlations with clinical features.

We can already envisage several potential improvements to whole slide analysis of TLS that are worthy of further investigation:

Firstly we suggest that whole-slide approaches incorporating cancer cell markers might give a better index of overall proximity of TLS to cancer cells than merely marking tumour boundaries in 2D, given the complexity of the 3D spatial relationship between TLS and tumours. We did not formally assess the spatial relationships of TLS to cancer cells, but in addition to occasional intra-tumoural TLS we did note some TLS domains wrapped around isolated tumour buds (e.g. Figure 2K). Such TLS may be functionally similar to intra-tumoural TLS given the direct access TLS-resident immune cells will have to cancer cell macromolecules (14). It may therefore be useful to quantify the area of TLS that is in contact with any cancer cells, no matter where they are located with respect to the main tumour body.

Secondly we recognise that further investigation of the constituents of immune cell clusters within CRC tissue may enable new classifications of clusters that could be independently quantified across entire sections. In this study we took a relatively broad view of immune cell clusters that might comprise parts of TLS within the tissue section, consistent with the 3D structure of human TLS (26). However use of additional markers that can distinguish other cell types, such as myeloid cell subsets, might reveal distinctive subtypes of clusters. We did not attempt to distinguish between TLS and other gut-associated lymphoid tissue (GALT), in the absence of markers that can distinguish pre-existing GALT structures from induced TLS (39). Should such specific markers emerge it would be useful to include these in future whole slide analysis.

In conclusion, we have shown that whole section analysis of TLS activity in aggregate efficiently averages the highly variable appearance of complex TLS structures within a single 2D section plane. Quantification of molecular markers such as Ki-67 in TLS lymphocytes across entire sections greatly reduced the complexity of canonical approaches based on counting and characterising individual TLS domains, and may potentially improve accuracy. These novel methods can now be tested against clinical parameters in large cohorts of patients, potentially with automated detection of TLS domains, and inclusion of cancer cell markers to enable quantification of TLS proximity to cancer cell zones.
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Although the immune checkpoint inhibitors (ICIs) have demonstrated remarkable anti-tumor efficacy in solid tumors, the proportion of ESCC patients who benefit from ICIs remains limited. Current biomarkers have assisted in identifying potential responders to immunotherapy, yet they all have inherent limitations. In this study, two ESCC cohorts were established from the Third Affiliated Hospital of Soochow University in China. One cohort included 220 patients with PD-L1 expression levels determined by immunohistochemistry, and the other cohort included 75 patients who underwent immunotherapy. For each patient in both cohorts, we curated multimodal data encompassing Hematoxylin and Eosin-stained pathology images, longitudinal computed tomography (CT) scans, and pertinent clinical variables. Next, we introduced a novel multimodal deep learning model that integrated pathological features, radiomic features, and clinical information to predict PD-L1 levels, immunotherapy response, and overall survival. Our model achieved an AUC value of 0.836 for PD-L1 biomarker prediction, and 0.809 for immunotherapy response prediction. Furthermore, our model also achieved an AUC value of 0.8 in predicting overall survival beyond one or three years. Our findings confirmed that the multimodal integration of pathological, radiomic, and clinical features offers a powerful means to predict PD-L1 biomarker levels and immunotherapy response in esophageal cancer.




Keywords: esophageal squamous cell carcinoma, PD-L1 biomarker, multi-modal deep learning, immunotherapy response, pathology image, CT imaging




1 Introduction

Esophageal cancer is one of the most prevalent cancers and a leading cause of cancer-related mortality worldwide (1), accounting for more than 500,000 deaths each year (2). Esophageal squamous cell carcinoma (ESCC) is the main histological subtype that has distinct epidemiological and clinical characteristics. It is prone to lymphatic spread and associated with poor prognosis (3). Immune checkpoint inhibitors (ICIs) have demonstrated remarkable anti-tumor efficacy in ESCC patients. However, the proportion of ESCC patients who benefit from ICIs remains limited.

In current clinical practice, the choice of immunotherapy is mainly guided by the levels of PD-L1 biomarker within tumor tissue (4). Elevated levels of PD-L1 are often indicative of favorable response to immunotherapy (5). Nonetheless, the assessment of PD-L1 biomarker via immunohistochemistry (IHC), commonly quantified as the combined positive score (CPS) or tumor proportion score (TPS) (6), is both resource-intensive and time-consuming (7). The variability in PD-L1 quantification is also substantial, influenced by the staining method and antibody employed (8). Some studies have reported a low rate of reproducibility for PD-L1 assessment by certified pathologists (9, 10). Besides, its nontrivial interpretation, coupled with the absence of a universal expert consensus, exacerbates the challenges in clinical decision-making (11).

Hematoxylin and eosin (H&E) staining is a routine examination of clinical specimens, facilitating the visual inspection of malignant cells (12). Pathologists rely on H&E staining for tumor diagnosis, including the determination of tumor subtype and grade. Recent advancements in computational pathology have achieved performance on par with that of pathologists in tasks such as tumor diagnosis and grade classification (13). Deep learning methodologies can capture information from H&E images beyond human visual capability, thereby offering new potential for pathology slides. For instance, Shamai et al. demonstrated that the expression levels of molecular biomarkers could be predicted from H&E whole slide images of breast cancer (7). Jin et al. introduced a multiple instance learning method for pan-cancer PD-L1 level prediction from histopathology slides, highlighting its potential to identify diverse histological patterns indicative of molecular levels (14). Despite these advancements, there is currently no evidence supporting the use of H&E slide analysis for predicting PD-L1 levels in esophageal cancer.

Moreover, radiomic features derived from regions of interest (ROIs) of radiographic imaging, such as lesion shape, size, voxel intensity, and texture, have demonstrated strong correlations with transcriptional and protein expression of clinical biomarkers in solid tumors (4, 15–18). For instance, Tian et al. proposed a deep learning framework based on CT images to non-invasively assess PD-L1 expression and immunotherapy response in NSCLC patients (15). Mu et al. developed a residual deep network utilizing pre-treatment PET/CT images to predict PD-L1 expression, as well as the durable clinical benefit, progression-free survival (PFS), and overall survival (OS) in advanced-stage NSCLC patients (4). However, radiomic features have not yet been explored for predicting the immunotherapy response of ESCC patients.

Currently, ESCC cohorts containing both H&E-stained slides and CT images with corresponding PD-L1 levels remain limited. In this paper, we invested our effort to construct two multimodal datasets in this retrospective study: a PD-L1 cohort and an immunotherapy cohort. For each patient, we manually collected the H&E whole-slide images, pre-treatment and early on-treatment CT images, as well as clinical variables. With the joint efforts of expert pathologists and computerized tools designed for rapid annotation, we successfully annotated the H&E slides and regions of interest (ROIs) in CT images. We think the esophageal cancer cohorts with manually curated immunotherapy response and multimodal data are valuable to the biomedical community. Next, we introduced a multimodal deep learning model to predict PD-L1 biomarker level and immunotherapy response. For H&E-stained slides, we employed deep convolutional networks to extract pathological tissue features. For CT images, we extracted radiomic features from the ROIs. When combined with clinical variables, these features demonstrated high predictive power for both PD-L1 levels and immunotherapy outcomes.




2 Materials and methods



2.1 Ethical review approval

This study was approved by the Institutional Review Boards of the Third Affiliated Hospital of Soochow University (Approval number: 2024-KD139) and was performed in accordance with the Declaration of Helsinki.




2.2 Patient cohorts

For the task of PD-L1 level prediction, we retrospectively curated a PD-L1 cohort of ESCC patients who underwent esophagectomy. The inclusion criteria were: (a) histologically confirmed ESCC; (b) treatment by surgery; (c) availability of complete clinical records. The exclusion criteria were: (a) receipt of neoadjuvant therapy before surgery; (b) baseline contrast-enhanced chest CT images of poor quality or with unmeasurable lesions; (c) poor-quality H&E images. The clinical variables include: age, sex, BMI, smoking history, drinking history, hypertension, tumor node metastasis (TNM) stage, grade, neurovascular invasion, tumor size, adjuvant radiotherapy and chemotherapy. The clinical endpoint of interest was overall survival, defined as the time from the treatment of esophagectomy to death from any cause or the latest follow-up. The latest follow-up period ended on 1 January 2024. As a result, the PD-L1 cohort included 220 patients, and the detailed summary is presented in Table 1. The PD-L1 levels were examined by immunohistochemistry assay on formalin-fixed, paraffin-embedded samples, using PD-L1 22C3 antibody on the Dako Link 48 platform (RRID: AB 2889976). The PD-L1 levels were reported in the form of combined positive scores (CPS) that fall in [0–100]. Two pathologists independently evaluated the ESCC slides to determine the PD-L1 expression in both tumor cells and immune cells, including lymphocytes and macrophages.

Table 1 | Demographic and clinical variables of ESCC PD-L1 cohort.


[image: Table showing clinical characteristics of an ESCC PD-L1 cohort divided into PD-L1 less than 50% (188 patients) and PD-L1 greater than or equal to 50% (32 patients). Variables include age, gender, smoking and drinking history, hypertension, TNM stage, grade, neurovascular invasion, tumor size, adjuvant radiotherapy and chemotherapy, and overall survival. Mean age is around sixty-six years. Most are male. Common TNM stages are I and III. Grade G2 is most prevalent. Tumor size mean is twelve centimeters and adjuvant therapy is given in about forty percent of cases. Median overall survival is approximately twenty-five months.]
For immunotherapy response prediction, we built an immunotherapy cohort of patients who received immune checkpoint inhibitors (Tislelizumab, Camrelizumab, and Sintilimab) alone or in combination with chemotherapy. The inclusion criteria were: (a) histologically confirmed ESCC via endoscope; (b) stage III/IV; (c) receipt of immunotherapy alone or in combination with chemotherapy; (d) availability of contrast-enhanced chest CT within 2 months before the start of immunotherapy; and (e) completion of 2-4 cycles of treatment with follow-up CT images available for response evaluation. The exclusion criteria were: (a) receipt of surgery or radiotherapy during immunotherapy; (b) incomplete clinical records; and (c) poor-quality CT and H&E images. Immunotherapy response was independently evaluated by two experienced radiologists and one oncologist according to RECIST version 1.1 (19, 20). The immunotherapy cohort included 75 patients, and the clinical variables are presented in Table 2. We also provided the clinical and radiomics features collected before treatment for both the PD-L1 and immunotherapy cohorts (Supplementary Table S6), and the radiomics features after treatment for the immunotherapy cohort (Supplementary Table S7).

Table 2 | Demographic and clinical variables of ESCC immunotherapy response cohort.


[image: Table showing ESCC immunotherapy cohort data for non-responders and responders. Categories include age, gender, BMI, smoking, and drinking history, hypertension, TNM stage, treatment strategy, PD-L1/PD-1 inhibitor use, and progression-free survival. Mean age for non-responders is 68.23 years, for responders 65.75 years. Most are male, with a higher mean BMI for responders. Smoking and drinking history percentages are similar. Hypertension shows 34.67% for the overall cohort. Majority are TNM stage III. Nearly all received immunotherapy with chemotherapy. Sintilimab is the main inhibitor used. Median progression-free survival is 14.27 months.]



2.3 Multimodal learning framework

Our learning framework leveraged self-supervised contrastive learning and multimodal fusion techniques. Unlike previous studies that utilized only WSIs or CT images, our method integrated multimodal features across multiple prediction tasks, thereby achieving better performance. Overall, the framework consisted of three stages (Figure 1). First, the WSIs were segmented and tessellated into patches, which were labeled as tumor or non-tumor based on pathologist annotations. All CT images were delineated to identify regions of interest (ROI), from which radiomic features were extracted. Second, we trained a contrastive learning model on a large number of unlabeled patches, thereby extracting expressive patch-level features for downstream tasks. Finally, we used LASSO to select important features from the radiomic features and clinical variables. These selected features were then aggregated with the pathological features of tumor patches through an attention mechanism. The multimodal features were used for downstream tasks, including PD-L1 level assessment, immunotherapy response prediction, and prognosis evaluation.

[image: Flowchart illustrating a process for extracting and using multimodal features for prediction tasks. Step 1 involves preprocessing and annotating whole slide images (WSI). Step 2 uses contrastive learning via ResNet50 for feature extraction. Step 3 involves fusing features from WSI, clinical data, and CT scans using an attention mechanism for prediction tasks. Two cohorts are analyzed: ESCC PD-L1 and ESCC Immunotherapy, for predictions like PD-L1 status and immunotherapy response. Various graphs and feature fusion techniques are shown.]
Figure 1 | Overview of the proposed multimodal deep learning framework. The framework involved three steps: preprocessing and annotation of whole slide images (WSIs) and CT images, pretraining of a contrastive learning model to extract patch-level features, and integration of multimodal features by attention mechanism. The multimodal features were applied for PD-L1 level and immunotherapy response prediction, as well as prognosis.




2.4 Data preprocessing and annotation

The preprocessing of WSIs involved tissue segmentation and tiling. For each slide, we used OpenSlide to read it into memory and then converted it from RGB to HSV color space (21). To identify tissue regions (foreground), a binary mask was generated by thresholding the saturation channel in HSV space. The edges were smoothed, and morphological closure was applied to fill small gaps and holes, effectively segmenting the slide into tissue and non-tissue regions. Following segmentation, each WSI was split into 256×256 pixel patches within the foreground region at 20x magnification. As a result, we obtained 742,978 patches, with an average of 3,377 patches per WSI.

Patches were filtered to exclude those with insufficient tissue content, using a threshold where pixel values greater than 210 were considered white. Two pathologists with more than 10 years of clinical experience independently annotated the tumor regions on each slide. Patches overlapping the annotated tumor regions were labeled as tumor, and non-tumor otherwise.

All preoperative contrast-enhanced chest CT images from both cohorts were independently reviewed by 2 cardiothoracic surgeons who had 10 years of clinical experience. They manually delineated the region of interest (ROI) using the open-source software 3D Slicer (https://www.slicer.org/) to perform image segmentation.




2.5 Contrastive learning for pathological feature extraction

Given a large number of unlabeled patches, we leveraged contrastive learning to train an encoder to extract the intrinsic features of each patch (22, 23). The main idea of contrastive learning is to bring positive samples close to each other in the latent space and push negative samples to be far apart, by setting a pretext task. In our practice, we generated two views of a patch via image augmentation as positive pairs, while the augmentations of other patches in a mini-batch were regarded as negative samples. We employed a diverse range of image augmentations, including random proportion cropping and scaling, random color jittering, random Gaussian blurring, and random flipping. The ResNet50 CNN network pre-trained on ImageNet (24) was used as the encoder backbone f, which yields a 1024-dimensional latent representation [image: The image shows the lowercase letter "h" with an italic subscript "i".]  for an input patch [image: Mathematical notation showing \( x_i \), where \( x \) is a variable and \( i \) is a subscript, often used to denote elements of a sequence or array.] , namely, [image: Mathematical equation: \( h_i = f(x_i) \).] . Next, a projection head g transforms the latent representation into embedding [image: Mathematical expression displaying the variable "z" with a subscript "i".] . Formally, we have [image: The mathematical equation \(z_i = g(h_i)\) is depicted, where \(z_i\) is expressed as a function \(g\) of \(h_i\).] , and the contrastive loss of the input patch [image: The image appears to depict the mathematical notation "x" with a subscript "i", which is commonly used in equations or formulas to represent a specific element in a sequence or set.]  is defined as:

[image: The formula represents a mathematical expression for the loss function \( L \). It is defined as the negative logarithm of a fraction. The numerator is \( \exp(\text{sim}(z_i, z_i')/\tau) \), and the denominator is the sum of \( \exp(\text{sim}(z_i, z_i')/\tau) \) and the sum from \( j=1 \) to \( N \) of \( \exp(\text{sim}(z_i, z_j)/\tau) \).]	

where [image: The image shows a mathematical notation with a lowercase "z" and a subscript "i".]  and [image: A mathematical notation displaying "z subscript i superscript prime."]  represent the embeddings of a pair of positive samples regarding the input patch xi, sim() is the cosine similarity obtained by dot product of two embeddings after L2 normalization. N is the size of the negative sample queue, [image: It seems there was an error in providing the image. Please upload the image file or provide a URL, and I will be glad to help with the alt text.]  refers to the embedding of a negative sample and τ is the temperature parameter. The size and the quality of negative samples greatly affect the performance of contrastive learning. Inspired by our previous work (22), we adopted the adversarial contrastive learning method AdCo (25) to pre-train the encoder. It treats negative samples as learnable weights and alternately updates adversarial samples to generate the most challenging negative samples.

After the contrastive learning finished, the encoder was used to extract the patchlevel features. To extend the applicability of our model, we used the features of the labeled patches (tumor vs. non-tumor) to train a classifier with only one fullyconnected layer to identify tumor patches. The classifier achieved an AUC value of 0.903.




2.6 Multimodal feature fusion

Following the extraction of pathological features, we used the Python package PyRa-diomics (26) to extract radiomics features from the ROIs that were manually annotated by physicians. For each CT image, 118 features were extracted, including first-order statistical features, as well as shape and texture features. The clinical variables listed in Tables 1 and 2 were also taken into account.

Next, we employed the Least Absolute Shrinkage and Selection Operator (LASSO) algorithm (27) to select important radiomic and clinical features for prediction tasks. The selected features were then concatenated with the pathological features of tumor patches, resulting in a comprehensive set of fused features. These fused features were input into a self-attention module to adjust their weights according to the prediction tasks. Finally, average pooling was applied to yield patient-level features for downstream prediction tasks.




2.7 Prediction task for PD-L1 level

Given the fused multimodal features, a network with two fully-connected layers was used to predict PD-L1 levels. Based on the PD-L1 levels measured by immunohisto-chemistry, we divided the 220 patients into two groups: a high-level group (PD-L1≥50, n=32) and a low-level group (PD-L1<50, n=188). The patients in the high-level group were labeled as 1, and 0 otherwise. As a result, we formulated the prediction task as a binary classification problem. The cross-entropy loss function was used:

[image: Loss function formula for binary cross-entropy: L equals negative sum from i of y sub i log p sub i plus one minus y sub i log one minus p sub i.]	

where [image: Lowercase letter "y" with a subscript letter "i" in italics, typically used in mathematical or scientific notation to represent indexed elements.]  is the ground-truth label of PD-L1, [image: The image shows the mathematical symbol for the lowercase letter "p" with a subscript "i", often used to denote a specific element in a sequence or series, such as a probability value in statistical contexts.]  is the predicted probability. In this task, we excluded the clinical variables during the feature fusion stage, as clinical information contributed less to predicting PD-L1 levels.

We trained our model using the Adam optimizer for a total of 50 epochs. The initial learning rate was set to 1e-5, with the learning rate multiplied by 0.1 every 15 epochs. The weight decay was set to 1e-2. We employed five-fold cross-validation to verify the performance of our model and reported the average AUC value.




2.8 Prediction task for overall survival

For overall survival (OS) prediction, the patients in the PD-L1 cohort were divided into two groups based on their OS using a threshold of 12 months or 36 months. With the 12-month threshold, patients were categorized into a high-risk group (OS<12 months, n=24) and a low-risk group (OS≥12 months, n=196). Using the 36-month threshold, patients were also categorized into a high-risk group (OS<36 months, n=67) and a low-risk group (OS≥36 months, n=153). The patients in the high-risk group were labeled as 1, and 0 otherwise. Similarly, the binary cross-entropy loss function was used for the OS prediction task.




2.9 Prediction task for immunotherapy response

For the 75 patients in the immunotherapy cohort, we categorized patients with partial response (PR) and complete response (CR) as responders (n=36, labeled as 1), and those with stable disease (SD) as non-responders (n=39, labeled as 0). We were also interested in the prediction of progression-free survival (PFS). For this task, the patients with PFS less than 12 months were classified into a low-PFS group (n=27, PFS<12 months), and others were classified into a high-PFS group (n=48, PFS≥12 months). The prediction task was formulated as a binary classification task, utilizing the cross-entropy loss function.

Since the expression level of PD-L1 is closely related to immunotherapy response (28, 29), with high PD-L1 levels generally indicating a favorable response to immunotherapy, we incorporated the features derived from the PD-L1 level prediction model into the immunotherapy response prediction task. Specifically, the 512-dimensional features, transferred from the final layer of the trained PD-L1 prediction model, were concatenated with 8-dimensional radiomic features and 8-dimensional clinical variables selected by the Lasso algorithm. The combined features were fed into a single fully-connected layer to predict immunotherapy response.




2.10 Integration of longitudinal CT images

To further enhance the predictive performance for immunotherapy response, we introduced a recurrent neural network (RNN) module (30) into the multimodal framework to effectively exploit the longitudinal CT images. First, we used the Pyradiomics package to extract radiomic features from the baseline and the early on-treatment CT images. These radiomic features were then converted into 64-dimensional embeddings through a fully-connected network. The embeddings were stacked over time to form a sequence of input features for the RNN module. Finally, we concatenated the pathological features, longitudinal CT features, and clinical variables into a 128-dimensional fused feature, which was subsequently used to predict the immunotherapy response.




2.11 Feature importance assessment

We used the Shapley Additive Explanations (SHAP) method to evaluate the importance of features (31–33). The SHAP value measures the impact of each feature on the predictions of a machine learning model for a single input. The average SHAP value across a dataset quantifies the overall importance of an input feature. The Kernel Explainer function of SHAP was used to assess the importance of clinical variables and deep learning-derived features. Bar plots were utilized to depict the average SHAP value magnitudes of top variables for each class. For each variable group, total importance is defined as the sum of the importance across all variables in that group (e.g., all clinical variables or deep learning features). To enhance interpretability for deep learning features, the class activation map (CAM) (34) was employed to visualize the most important features.





3 Results



3.1 Multimodal fusion enhanced PD-L1 level prediction

For PD-L1 level prediction, our multimodal model achieves superior performance in distinguishing high-level and low-level cases at the threshold 50 CPS (AUC=0.836 ± 0.0003, Figure 2a). To further demonstrate the effectiveness of the multimodal model, we built a few variant models that used only H&E images or CT images. The results showed that the multimodal model surpassed the H&E-only model (AUC=0.81 ± 0.0051) and the CT-only model (AUC=0.678 ± 0.0105). Also, we compared our H&E-only model to previously published methods that are also built solely on H&E slides (Figure 2b), including ResNet50 (35), CLAM (36), and TransMIL (37). We found that our H&E-only model remarkably outperformed ResNet50 (AUC=0.66 ± 0.0086), CLAM (AUC=0.61 ± 0.0009), and TransMIL (AUC=0.74 ± 0.0150).

[image: Graphs and images showcase diagnostic analysis. Panels a and b display ROC curves for different methods with AUC scores. Panel c is a scatter plot comparing predicted and real values. Panels d and f show histology images with highlighted regions. Panels e and g are heatmaps indicating high and low values. Panel h presents a SHAP analysis of feature impacts with color gradients.]
Figure 2 | Multimodal prediction of PD-L1 levels in ESCC cohort. (a, b) ROC curves for the prediction of PD-L1 level (high: CPS≥50 vs low: CPS<50) using the multimodal and ablated models. (b) ROC curves for performance comparison between our image-only model and comparative methods. (c) Scatter plots of the predicted and actual expression levels of PD-L1. (d-g) Representative H&E slides associated to the specimens with low and high PD-L1 levels assessed by immunohistochemistry (upper: low PD-L1 and bottom: high PD-L1), as well as the heatmaps generated by predicted scores and exemplar patches. (h) SHAP values of top predictive features for PD-L1 levels. The features are ranked by the sum of SHAP value magnitudes over all samples.

Furthermore, we used the multimodal model to perform regression analysis on PD-L1 levels. For this regression task, the PD-L1 levels were normalized into the [0, 1] range, and the Pearson correlation coefficient (r) (38) was reported as a performance metric. As a result, our multimodal model showed notable performance (Figure 2c), and we observed a significant positive correlation between the actual and predicted values across five-fold cross-validation (r=0.52, p-value=1.55e-12).

To explore the impact of patch-level features on the PD-L1 prediction, we evaluated the importance of each patch by calculating the ratio of the predicted probabilities with and without the inclusion of each patch’s feature. This ratio reflected the importance of each patch and enabled us to generate a heatmap for each slide. We presented two representative H&E slides randomly selected from the PD-L1 cohort, along with the corresponding heatmaps and several patches with high and low importance scores (Figure 2d–g). Visual inspection of these patches revealed significant differences, suggesting close association between the PD-L1 levels and histological morphology. Furthermore, we highlighted the important radiomic features evaluated by SHapley Additive exPlanation (SHAP) (31–33) values (Figure 2h) that contribute significantly to PD-L1 prediction.




3.2 Multimodal prediction of overall survival

We further evaluated the multimodal model in predicting overall survival. For the high-and low-risk groups defined by a 1-year threshold, we compared the multimodal model with variant models built on different subsets of features (Figure 3a). Although the model using only clinical variables (AUC=0.785 ± 0.0103) performed better than the H&E-only model (AUC=0.761 ± 0.014) or the CT-only model (AUC=0.705 ± 0.015), the multimodal fusion achieved the highest performance (AUC=0.802 ± 0.014), which also outperformed the clinical+CT model (AUC=0.756 ± 0.015), the clinical+H&E model (AUC=0.751 ± 0.023), and the H&E+CT model (AUC=0.766 ± 0.005). Furthermore, based on the multimodal model predicted scores, we categorized the patients into low-risk and high-risk groups and conducted survival analysis (Figure 3b, Supplementary Figure S1). The Kaplan–Meier curves showed that the high-risk group had a poorer prognosis compared to the low-risk group (HR=2.10, p-value=0.055), where HR represents the hazard ratio between the high-risk and low-risk groups, indicating the relative risk of an event occurring in the high-risk group. However, the stratification by H&E-only model and other ablated models did not show statistical significance (Figure 3c, Supplementary Figure S1).

[image: Boxplots and Kaplan-Meier survival curves are displayed. Panels a, d, and g show boxplots comparing different combinations of CT, clinical, and H&E data. Panels b, e, h, and c, f, i present survival curves for high-risk and low-risk groups with hazard ratios and significance levels provided.]
Figure 3 | Multimodal features for prediction of overall survival (OS) and progression-free survival (PFS). (a) AUC values in prediction of high-risk (OS<12 months) and low-risk (OS≥12 months) patients of the PD-L1 cohort. Note that statistical significance has been conduced by two-sided t-test and the results are presented in the Supplementary Table S1. (b, c) Kaplan-Meier curves for hig-hand low-risk (cutoff=12m) patients predicted by the multimodal and H&E-only models, respectively. (d) AUC values in prediction of high-risk (OS<36 months) and low-risk (OS≥36 months) patients of the PD-L1 cohort. Statistical significance (two-sided t-test) has been presented in the Supplementary Table S2. (e, f) Kaplan-Meier curves for high- and low-risk (cutoff=36m) patients predicted by the multimodal and H&E-only models, respectively. (g) AUC values in prediction of high- and low-PFS (cutoff=12m) patients of immunotherapy cohort. Statistical significance (two-sided t-test) has been presented in the Supplementary Table S3. (h, i) Kaplan-Meier curves for high- and low-PFS (cutoff=12m) patients of immunotherapy cohort, predicted by the multimodal model and pre-trained model on PD-L1 cohort, respectively.

Using the 3-year threshold, the H&E-only model (AUC=0.741 ± 0.004) outperformed the model using only clinical variables (AUC=0.735 ± 0.008) or the model using radiomics features (AUC=0.670 ± 0.008) (Figure 3d). The multimodal model demonstrated superior performance (AUC=0.802 ± 0.004), compared to the clinical+CT model (AUC=0.758 ± 0.007), H&E+clinical model (AUC=0.774 ± 0.097), and H&E+CT model (AUC=0.782 ± 0.098). Similarly, the survival analysis based on the predicted scores by the multimodal model showed that the high-risk group had a poorer prognosis than the low-risk group (HR=2.460, p-value=0.045), while all other ablated models did not yield statistical significance (Figures 3e, f, Supplementary Figure S2).

Furthermore, the multimodal model also demonstrated superior performance in the PFS prediction task (Figures 3g–i). The patients were classified into high- and low-PFS groups using a threshold of 12 months. As a result, the clinical-only model achieved better performance (AUC=0.820 ± 0.004) than the H&E-only model (AUC=0.713 ± 0.021) and the CT-only model (AUC=0.698 ± 0.028). The multimodal model showed the best performance (AUC=0.875 ± 0.010), which is better than the clinical+CT model (AUC=0.857 ± 0.009), H&E+clinical model (AUC=0.856 ± 0.006), and H&E+CT model (AUC=0.757 ± 0.027).

To reveal key features with prognostic values, we computed SHAP values of multi-modal features in prediction of OS (Supplementary Figure S3). Some radiomic features associated with tumor shape and first-order statistics contributed significantly to OS. Quite a few clinical variables, such as hypertension, hemoglobin, and stage, played a key role in OS prediction. Moreover, we presented four representative H&E slides, which were randomly selected from the low-risk and high-risk patients for 1-year OS and 3-year OS. For visual inspection, we generated their corresponding heatmaps and presented a few representative patches for each slide (Figures 4a–d). After careful examination, pathologists concluded that the high-risk slides were characterized by lack of keratin pearls, numerous mitotic figures, increased tumor cellularity and intensity. In contrast, the slides from the low-risk group exhibited formation of keratin pearls and intercellular bridges.

[image: Four-panel image displaying tissue samples with corresponding heat maps and detailed views. Panels (a) through (d) each show a stained tissue sample on the left, a heat map indicating activity levels with a red-to-yellow gradient from low to high in the middle, and multiple magnified views of the sample on the right. Each panel highlights different structures and color intensities, suggesting varying activity levels across the samples.]
Figure 4 | Representative H&E slides from PD-L1 cohort, and corresponding heatmaps generated using patch-level attention scores, as well as exemplar patches. (a, b) H&E slides, heatmaps and exemplar patches randomly selected from patients with high- and low-risk prognosis by threshold 12 months, respectively. (c, d) H&E slides, heatmaps and exemplar patches randomly selected from patients with high- and low-risk prognosis by threshold 36 months, respectively.




3.3 Multimodal prediction of immunotherapy response

To highlight the significance of multimodal data in predicting immune therapy response, we initially developed predictive models using basic features and assessed their performance. We then progressively fused features from diverse modalities to improve model performance. Specifically, we initially predicted immunotherapy response using only H&E and CT feature, achieving a suboptimal performance with an AUC of 0.65. After integrating the pathological features extracted from H&E for predicting PD-L1 level, the AUC improved to 0.70. When these fused features were further combined with clinical variables, the AUC increased to 0.75. Finally, the incorporation of radiomics features resulted in a further improvement, achieving an AUC of 0.80 (Figure 5a).

[image: A composite image featuring several panels: (a) A box plot comparing different clinical and imaging data combinations. (b) A SHAP plot showing feature importance for various clinical and imaging factors. (c) A violin plot comparing original_ngtdm_Strength between responders and non-responders, with a p-value of 0.01. (d) and (e) CT scans labeled with patient numbers 47 and 70, highlighting specific regions with red and blue contours. (f) and (g) Histological images with corresponding heatmaps indicating high and low regions, alongside multiple smaller histological images.]
Figure 5 | Multimodal prediction of immunotherapy response. (a) AUC values in prediction of responsive and non-responsive to immunotherapy by multimodal and ablated models. The models marked with an asterisk use the pathological features learned in PD-L1 prediction task. Statistically significant differences are detailed in theSupplementary Table S4. (b) Top 20 multimodal features ranked by SHAP values for predicting immunotherapy response. (c) Violin plot of the radiomic feature original ngtdm Strength in responders and non-responders. (d, e) CT images with annotated tumor regions came from two patients having low and high original ngtdm Strength feature values. (f, g) Representative H&E slides came from responders and non-responders to immunotherapy (left column: responsive, right column: non-responsive), as well as the corresponding heatmaps and exemplar patches.

To investigate the interpretability of our model, we computed SHAP values to assess the contribution of the clinical variables, H&E features, and radiomic features to the final prediction (Figure 5b). Several clinical variables, such as smoking history, age, and hemoglobin (Hb) levels, significantly contributed to the prediction of immunotherapy response. Importantly, some radiomic features, originally transferred from the PD-L1 prediction task, also played a significant role in influencing the immunotherapy response. For example, the GLSZM LAHGLE feature, which quantifies the proportion of the joint distribution of larger zones with higher grey-level values within the tumor, often reflects the tumor intratumoural heterogeneity associated with the response to treatment. Moreover, the NGTDM strength feature was notably related to the treatment response. The responders exhibited significantly lower NGTDM strength values compared to non-responders (Figure 5c, p-value=0.01). Further analysis of two representative cases (Figures 5d, e) revealed that the case with high NGTDM strength (right, non-responder) showed well-defined boundaries and a uniform internal structure, in contrast to the case with low NGTDM strength (left, responder). Examination of corresponding H&E slides (Figures 5f, g) indicated that the non-responder slide was characterized by a lack of keratin pearl formation, high mitotic figures, increased tumor cellularity, and intensity. In addition, the clinical variables such as smoking history, triglyceride, hemoglobin, and age also contributed significantly to the immunotherapy response prediction.




3.4 Early on-treatment CT enhanced prediction performance

Although the multimodal model achieved an AUC of 0.8 in the prediction of immunotherapy response, there remains a significant gap for clinical practice. We further tested whether the first follow-up CT after treatment could enhance predictive performance. Our findings indicate that by integrating longitudinal CT features with H&E and clinical features, the multimodal model achieved an AUC of 0.937 ± 0.002 (Supplementary Figure S4A). Treatment with immune checkpoint inhibitors typically lasted between 2 and 6 months, with an average duration of 4 months. The first follow-up CT is usually conducted around 1-2 months after the start of treatment. Our study verified that the incorporation of the early on-treatment CT scans remarkably improved the predictive performance, suggesting that longitudinal CT effectively captured the changes in characteristics of lesions induced by immunotherapy.

To explore the important features, we employed the SHAP method to assess the contribution of each clinical and deep learning feature to the model prediction (Supplementary Figure S4B). It was found that the radiomic features extracted from longitudinal CT scans accounted for the top 20 most important features. In contrast, clinical variables such as smoking history, triglyceride, hemoglobin, and age contributed less significantly to the immunotherapy response prediction.





4 Discussion

The PD-L1 level has gained attention as a predictive biomarker for immunotherapy response. Previous deep learning-based studies focus on predicting PD-L1 biomarker from H&E-stained slides across several cancer types. For instance, one study achieved a weighted average AUC of 0.74 on formalin-fixed specimens across nine types of tumors where PD-L1 is an established biomarker (14). However, the use of CT images for PDL1 level prediction has been less explored. A pioneering study proposed a deep learning model to predict PD-L1 expression using CT images in non-small cell lung cancer (NSCLC) patients, achieving AUCs of 0.71 (95% CI: 0.59-0.81) and 0.76 (95% CI: 0.66-0.85) in the validation and test cohorts (4). Despite these efforts, the performance of such studies has not been satisfactory. In contrast, our multimodal deep learning model achieved 0.836 AUC value in predicting PD-L1 levels of ESCC patients. Our study demonstrated that H&E staining and CT imaging are highly indicative of PD-L1 expression, and these predictive signatures can be effectively learned by an adequately trained deep learning model based on unannotated samples. From a clinical practice perspective, our multimodal model offers a cost-effective and efficient alternative to traditional immunohistochemistry (IHC) techniques.

Our model successfully stratified patients who underwent surgery into low- and high-risk groups in terms of overall survival. For the prediction of 1-year and 3-year survival times, our model achieved AUC values exceeding 0.80, underscoring the robustness of the proposed model. Compared to previous studies that relied primarily on single-modal data, such as the H&E slides (39, 40) or CT images (41), our multimodal model demonstrated superior performance. Previous studies have utilized tumor characteristics (e.g., location, size, differentiation, TNM stage) and pathology features (e.g., lymphovascular invasion), as well as hematology test results (e.g., leukocyte and platelet counts) to predict clinical outcomes of ESCC patients (41). However, CT images or clinical variables alone are insufficient to fully reflect the complexity of clinical outcomes. In contrast, our multimodal model, which integrated diverse data sources, provided complementary information that enhanced predictive capability in a clinical setting.

We also evaluated our multimodal model for predicting immunotherapy response on a separate ESCC immunotherapy cohort, entirely independent from the PD-L1 cohort. Notably, we found that the multimodal features extracted by the encoder, trained on the PD-L1 cohort for PD-L1 level prediction, significantly enhanced the predictive performance for immunotherapy response. This finding aligned with previous reports indicating that higher PD-L1 levels are often associated with a more favorable response to immunotherapy (5). The cross-cohort experiments confirmed that our model captures features pertinent to the prediction tasks, rather than merely memorizing the samples. Consequently, our multimodal model achieved an AUC value exceeding 0.8 in predicting immunotherapy response, demonstrating its efficacy in stratifying patients likely to benefit from immunotherapy.

One limitation of this study is that the current model is restricted to binary classification, whereas immunotherapy response is typically categorized into four distinct types: complete response, partial response, stable disease, and progressive disease. Furthermore, the sample size of ESCC patients in the cohorts is relatively small, which may affect the robustness and generalizability of the model. In addition, incorporating multi-omics data, such as genetic alterations and epigenetic modifications, could potentially enhance the model’s performance in predicting clinical outcomes.




5 Conclusion

We propose a multimodal deep learning model designed to predict PD-L1 biomarker level and immunotherapy response in patients with esophageal squamous cell carcinoma. Our approach integrates multimodal features derived from Hematoxylin and Eosin (H&E) stained slides and CT images, alongside clinical variables. The integrated features are highly indicative of PD-L1 expression levels, immunotherapy response, and overall survival. Furthermore, our findings reveal that extracted features predictive of PD-L1 expression are also significantly associated with immunotherapy response. Notably, the inclusion of longitudinal CT images enhances the predictive accuracy of immunotherapy response.
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1 Introduction: the need for a new paradigm in drug efficacy evaluation

The evaluation of drug efficacy remains a central pillar in the development and clinical application of immunotherapies. Traditionally, therapeutic success has been assessed using static and endpoint-based biomarkers, such as tumor size reduction, survival extension, or changes in a limited set of immune markers (e.g., PD-L1 expression or circulating cytokine levels) (1–3). While these metrics have guided many clinical decisions, they often fail to capture the full complexity and heterogeneity of dynamic immune responses, particularly in the context of immuno-oncology, where therapeutic effects can be delayed, indirect, or spatially restricted (4).

Recent advances in immunotherapy, including immune checkpoint inhibitors, CAR-T cells, and tumor vaccines, demand a new framework for evaluating drug efficacy—one that accounts for the spatiotemporal dynamics of immune responses (5, 6). Immune cells may transiently infiltrate tumors, reorganize spatially, or engage in local interactions that are critical for therapeutic outcomes but remain undetectable using conventional assays. Conventional assays typically employed for immune response assessment include IHC, enzyme-linked immunosorbent assay (ELISA), flow cytometry, and quantitative polymerase chain reaction (qPCR). Although informative, these assays provide endpoint measurements and generally lack the resolution to detect transient, spatially restricted, or dynamic interactions of immune cells within the tumor microenvironment (TME) (4). The immune landscape is not static, and responses can evolve rapidly over time and vary widely between tumor regions (7).

In this evolving therapeutic landscape, emerging imaging technologies—ranging from multiplexed spatial imaging at the tissue level to real-time in vivo imaging platforms—offer a transformative opportunity (6). Emerging imaging technologies that are significantly enhancing our understanding of the tumor-immune microenvironment include Multiplexed Ion Beam Imaging (MIBI), Imaging Mass Cytometry (IMC), Cyclic Immunofluorescence (CycIF), CO-Detection by Indexing (CODEX), Positron Emission Tomography (PET), Single-Photon Emission Computed Tomography (SPECT), Magnetic Resonance Imaging (MRI), and Intravital Microscopy. These advanced methods provide detailed spatial, temporal, and molecular resolution, enabling visualization of immune cell dynamics and interactions within the tumor microenvironment at levels previously unattainable by conventional assays (4, 8, 9). These tools allow researchers and clinicians to visualize immune activity where it happens and as it unfolds. By directly observing how drugs engage their targets, modulate the immune microenvironment, and impact immune cell behavior, imaging can provide a richer and more accurate representation of therapeutic efficacy (9).

This opinion article argues that drug efficacy evaluation must shift beyond static biomarkers toward integrated, image-guided approaches that combine spatial, temporal, and functional insights. Such a paradigm shift could greatly enhance precision medicine and improve therapeutic outcomes in immunotherapy.




2 The rise of multiplex and spatial imaging for tissue-level analysis

Tissue-level drug efficacy evaluation has historically relied on basic histological techniques and immunohistochemistry (IHC), offering limited information on the complex spatial relationships that define immune response (10). While traditional biomarkers like PD-L1 or CD8+ T cell counts remain clinically relevant, they offer a static and often incomplete snapshot (11). As our understanding of tumor–immune dynamics deepens, the ability to analyze immune responses in spatial context has become indispensable.

Multiplexed spatial imaging technologies have emerged as powerful tools to overcome these limitations (8). Techniques such as Imaging Mass Cytometry (IMC), Multiplexed Ion Beam Imaging (MIBI), Cyclic Immunofluorescence (CycIF), and CO-Detection by Indexing (CODEX) allow simultaneous visualization of 30 to over 60 proteins within intact tissue sections, preserving spatial architecture (12–14). The multiplex spatial imaging pipeline is illustrated in Figure 1, which includes both the experimental workflow (top panel) and a representative imaging output (bottom panel). The workflow begins with tissue preparation steps including paraffin removal and antigen retrieval, followed by iterative rounds of antibody staining and image acquisition (4). Each cycle involves the application of a primary antibody and a fluorescently labeled secondary antibody, after which the tissue is imaged and the signal is chemically stripped. This process is repeated multiple times (Cycle 1 to Cycle N), each targeting a distinct set of protein markers.

[image: Diagram illustrating the workflow of immunostaining and imaging. Tissue slides undergo deparaffinization and antigen retrieval. Primary and secondary antibody reactions are followed by antibody stripping and image acquisition. Multiple cycles of image registration are performed, leading to multiplex image visualization and quality check. The lower section displays a sample image with various labeled proteins such as DNA, Pan-cytokeratin, and Collagen1.]
Figure 1 | Cyclic multiplex immunofluorescence imaging workflow and representative results. Top panel: Iterative imaging process begins with formalin-fixed paraffin-embedded (FFPE) tissue slides undergoing deparaffinization and antigen retrieval. Each cycle consists of primary and secondary antibody labeling, image acquisition, and fluorophore stripping. The resulting images from multiple cycles are computationally aligned (registered) to generate a spatially resolved dataset containing dozens of protein markers. Bottom panel: Composite visualization of a multiplex image from tumor tissue, displaying color-coded spatial expression of markers such as DNA (blue), pan-cytokeratin (cyan), αSMA (red), PDGFRβ (green), CD20, CD45, CD4, CD8, vimentin, and collagen. The right side presents selected single-marker images (e.g., ITGA6, CD3, CD8, MHC-II, PD-L1), enabling detailed analysis of immune cell subsets and structural compartments within the tumor microenvironment. Reproduced with permission from ref (4).

Once imaging is complete, all cycle images are computationally registered to produce a high-dimensional, spatially resolved composite image. The bottom panel shows an example of such a multiplex image, highlighting distinct cell types and structures within the TME. Markers such as DNA, pan-cytokeratin, αSMA, PDGFRβ, CD20, CD45, CD4, CD8, vimentin, and collagen reveal a rich tissue architecture that includes epithelial structures, stromal fibroblasts, immune infiltrates, and extracellular matrix components. Additional single-channel panels demonstrate high-resolution staining of over 20 individual markers, facilitating the detailed classification of immune and stromal subtypes and their spatial distribution.

Building upon workflows like the one shown in Figure 1, these technologies offer unprecedented resolution into the tumor immune microenvironment (TIME), revealing how immune cells are distributed relative to tumor cells, vasculature, and each other. For example, the presence of tertiary lymphoid structures (TLS), spatial clustering of CD8+ T cells near tumor nests, or exclusion of effector T cells from tumor cores are spatial features that have all been correlated with response or resistance to immune checkpoint inhibitors (15). Such findings underscore the need to incorporate spatial biomarkers into drug evaluation pipelines. Moreover, spatial imaging enables retrospective evaluation of clinical trial specimens, helping explain heterogeneous responses. In trials where traditional biomarkers fail to predict outcomes, spatial immune phenotypes—such as myeloid-rich immunosuppressive niches or immune deserts—can offer mechanistic insights and support patient stratification strategies (16). Emerging applications also include the study of therapeutic interventions themselves, such as evaluating immune infiltration post-vaccination or CAR-T cell localization after infusion. Multiplex imaging allows researchers to quantify how drugs reshape the TIME, revealing shifts in cell phenotypes, activation states, or the emergence of suppressive cell types (17).

Despite their promise, integration of these technologies into clinical workflows remains limited due to high cost, labor intensity, and analytical complexity. Nonetheless, advances in automation, cloud-based analysis platforms, and machine learning-driven interpretation are making spatial imaging increasingly accessible. When paired with clinical endpoints, spatial imaging offers not only correlative insights but the potential for spatial biomarker-driven patient selection and real-time therapy monitoring.

In sum, multiplex and spatial imaging have redefined how immune activity within tissues can be visualized, quantified, and interpreted. They offer a much-needed bridge between molecular data and tissue-level functional context, laying the foundation for more nuanced and effective immunotherapy evaluation.




3 In vivo and real-time imaging: capturing immune dynamics beyond the slide

​The evaluation of drug efficacy in immunotherapy has traditionally relied on static biomarkers and endpoint assessments, which often fail to capture the dynamic nature of immune responses (18). Recent advancements in in vivo and real-time imaging technologies have revolutionized our ability to monitor immune dynamics, providing deeper insights into therapeutic mechanisms and facilitating the development of more effective treatment strategies (19, 20). ​



3.1 Advancements in in vivo and real-time imaging technologies

In vivo imaging techniques have evolved to allow non-invasive visualization of immune cells within their native environments, enabling the study of cellular behaviors and interactions over time (21, 22). Table 1 provides an overview of key imaging modalities employed in immunotherapy research, highlighting their spatial and temporal resolution, primary applications, as well as their respective advantages and limitations. Key technologies include intravital microscopy, positron emission tomography (PET), single-photon emission computed tomography (SPECT), and magnetic resonance imaging (MRI). These modalities offer unique advantages in tracking immune cell migration, activation, and function in response to immunotherapies. ​

Table 1 | Key imaging modalities for drug efficacy evaluation in immunotherapy.


[image: A comparative table analyzing five imaging modalities: CycIF, IMC, PET, Intravital Microscopy, and MRI. Columns cover spatial and temporal resolution, key applications, strengths, and limitations. Spatial resolution varies from high to moderate, with temporal resolution listed as static or real-time. Applications include immune cell phenotyping and tracking. Strengths range from high multiplexing to whole-body coverage, while limitations include cost and limited sensitivity for some targets.]



3.2 Intravital microscopy

Intravital microscopy provides high-resolution, real-time visualization of cellular processes in live animals (23). This technique has been instrumental in elucidating the dynamics of T cell infiltration into tumors, mechanisms of cancer cell killing, and the role of myeloid cells in tumor progression. For instance, Intravital microscopy uniquely enables direct visualization of dynamic immune cell behaviors such as T-cell migration patterns, stable versus transient interactions with tumor cells, and their real-time cytotoxic effects in vivo. For instance, studies using intravital imaging have illustrated how stable, long-lasting interactions between cytotoxic T lymphocytes (CTLs) and tumor cells correlate with enhanced tumor cell apoptosis, providing mechanistic insights that static assays fail to capture (24, 25). Conversely, transient interactions may indicate ineffective immune responses and tumor evasion strategies (26).




3.3 Positron emission tomography and single-photon emission computed tomography

PET and SPECT generate imaging contrast through the use of radiolabeled probes. In PET imaging, positron-emitting isotopes such as 18F, 68Ga, or 89Zr emit positrons upon decay, which interact with electrons to produce gamma photons detectable by the PET scanner. SPECT imaging utilizes gamma-emitting isotopes like 99mTc or 111In, directly detecting gamma photons via gamma cameras. These radiotracers can be conjugated to antibodies, peptides, or metabolic substrates, enabling the specific visualization of immune cells, tumor markers, or molecular processes non-invasively with high sensitivity (27, 28). PET and SPECT imaging utilize radiolabeled tracers to detect specific molecular targets, offering whole-body insights into immune cell distribution and activity (29). These modalities have been employed to monitor the expression of immune checkpoints, such as PD-1/PD-L1, and to assess the biodistribution of therapeutic antibodies. For example, PET imaging with radiolabeled anti-PD-L1 antibodies has enabled the non-invasive assessment of PD-L1 expression in tumors, providing valuable information for patient stratification and treatment planning (30). ​




3.4 Magnetic resonance imaging and cancer vaccine imaging: tracking immune activation in vivo

MRI offers high-resolution anatomical imaging with excellent soft-tissue contrast, making it suitable for tracking labeled immune cells in vivo (31, 32). Superparamagnetic iron oxide (SPIO) nanoparticles have been used to label various immune cell populations, allowing their migration and accumulation in tumors to be visualized. SPIO nanoparticles label immune cells through ex vivo incubation followed by reinfusion or via antibody-mediated targeting of surface markers in vivo. Upon administration, SPIO-labeled cells disturb local magnetic fields detectable by MRI, producing contrast enhancement in images. However, the inherent limitation is the passive accumulation of SPIO nanoparticles in tumors via the enhanced permeability and retention (EPR) effect, which may obscure the precise identification of specific immune populations. Recent advances involve coupling SPIO nanoparticles with specific antibodies or ligands to improve targeting specificity, reducing nonspecific tumor uptake, and enhancing cellular resolution in MRI (33, 34). This approach has been applied to monitor the recruitment of cytotoxic T lymphocytes (CTLs) and regulatory T cells (Tregs) following immunotherapy, providing insights into the mechanisms underlying therapeutic responses (35).

Moreover, the efficacy of cancer vaccines relies on the activation and recruitment of antigen-specific T cells to tumor sites (36). In vivo imaging has been employed to monitor these processes, providing insights into vaccine-induced immune responses. MRI tracking of SPIO-labeled dendritic cells, used as vaccine adjuvants, has demonstrated successful migration to lymph nodes and subsequent T cell activation, correlating with tumor regression in preclinical models (37). Together, these applications illustrate how MRI serves as a powerful platform to visualize and quantify immune activation triggered by cancer vaccines, complementing conventional biomarker-based evaluation.




3.5 Tracking CAR T-cell therapy

Chimeric antigen receptor (CAR) T-cell therapy has shown promise in treating certain hematologic malignancies (38, 39). In vivo imaging has been pivotal in tracking the migration, expansion, and persistence of CAR T cells post-infusion. For instance, PET imaging using 89Zr-labeled CAR T cells has allowed researchers to monitor the trafficking of these cells to tumor sites, correlating their accumulation with therapeutic outcomes (40). While CAR T cell expansion and persistence can indeed be quantitatively monitored through blood sampling, imaging modalities such as PET, SPECT, or MRI provide complementary insights into spatial biodistribution, trafficking, and infiltration of CAR T cells into solid tumor masses or sanctuary sites not readily accessible via peripheral blood analysis. Imaging approaches thus are invaluable for assessing CAR T cell targeting efficacy, understanding resistance mechanisms, and optimizing therapy regimens, especially in scenarios involving solid tumors or metastatic niches beyond hematologic contexts (41, 42).​




3.6 Assessing immune checkpoint inhibitor therapy

Immune checkpoint inhibitors targeting PD-1/PD-L1 and CTLA-4 have revolutionized cancer treatment. In vivo imaging has facilitated the evaluation of these therapies by enabling the visualization of dynamic changes in immune cell infiltration and activation within the tumor microenvironment (43). For example, PET imaging with radiolabeled PD-1 antibodies has been used to assess PD-1 expression levels in tumors, aiding in the prediction of patient responses to checkpoint blockade therapies (44).




3.7 From technical barriers to imaging innovation

Despite the advancements, several challenges hinder the widespread clinical adoption of in vivo immune imaging. Technical limitations, such as the need for highly specific and sensitive imaging agents, and the potential for tracer-induced alterations in cell behavior, must be addressed (45). Additionally, standardization of imaging protocols and data interpretation is essential to ensure reproducibility and comparability across studies (20). ​

Future research should focus on developing novel imaging probes with enhanced specificity for immune cell subsets and activation states. Combining multiple imaging modalities, such as PET/MRI, could leverage the strengths of each technique, providing comprehensive insights into immune dynamics. Furthermore, integrating in vivo imaging data with other biomarkers and clinical parameters may enhance predictive models for treatment responses, ultimately guiding personalized immunotherapy strategies (46). ​

In summary, in vivo and real-time imaging technologies have significantly advanced our ability to monitor immune dynamics beyond traditional histological methods. By providing spatiotemporal insights into immune responses, these techniques offer valuable tools for evaluating and optimizing immunotherapies, paving the way for more effective and personalized cancer treatments.





4 Challenges and integration into clinical practice

Despite the significant promise of advanced imaging technologies in drug efficacy evaluation, several critical challenges continue to limit their widespread adoption in clinical settings. These challenges span technical, operational, analytical, and regulatory domains (47). One of the foremost technical challenges lies in the development and standardization of imaging agents and protocols. Many imaging platforms, especially in vivo real-time modalities such as PET, SPECT, and intravital microscopy, rely on customized tracers, labeled antibodies, or nanoparticles that require rigorous validation. These reagents often lack regulatory approval for routine human use and may suffer from variability in synthesis, stability, or immunogenicity (45). Additionally, achieving sufficient resolution, sensitivity, and specificity in a clinical setting—while maintaining patient safety—remains an ongoing challenge, particularly in deep-tissue imaging.

From an operational perspective, the infrastructure required for advanced imaging is substantial. High-end platforms such as imaging mass cytometry, multiplexed ion beam imaging, or hybrid PET/MRI systems are costly to install and maintain. Furthermore, the execution of multi-modal imaging studies demands highly skilled personnel, cross-disciplinary coordination (e.g., pathology, radiology, immunology), and extended processing times, all of which strain hospital resources and reduce scalability. Data analysis and interpretation pose further hurdles. Imaging datasets are large, multidimensional, and complex, requiring bioinformatics expertise, machine learning pipelines, and standardized analytic workflows. Currently, there is a lack of consensus on how to translate spatial or dynamic imaging findings into clinical decisions. While some spatial biomarkers have shown predictive power in trials, few have undergone prospective validation or regulatory qualification as companion diagnostics (48).

To successfully integrate these technologies into clinical immunotherapy practice, several steps are needed. These include the development of standardized imaging protocols, harmonization of analysis tools across platforms, and validation of predictive imaging biomarkers in large, multicenter cohorts. Moreover, regulatory frameworks must evolve to accommodate dynamic and spatial biomarkers, with pathways for the approval of imaging-based diagnostics and clinical decision tools. With strategic investment and collaboration, imaging can shift from an academic asset to a routine pillar of personalized cancer care.




5 Outlook and future perspectives

As immunotherapy continues to reshape the oncology landscape, there is a growing consensus that traditional, static methods of drug efficacy assessment are no longer sufficient. The future of immunotherapy evaluation lies in integrating imaging technologies that can provide comprehensive spatial, temporal, and functional information—enabling a more dynamic and nuanced understanding of immune responses at both tissue and whole-body levels. The convergence of tissue-level multiplex imaging and in vivo real-time imaging marks a major step forward. Multiplex platforms like CODEX and IMC offer unprecedented granularity in characterizing the tumor immune microenvironment, while non-invasive modalities such as PET, MRI, and intravital microscopy allow longitudinal monitoring of immune activity and therapeutic impact. Together, these technologies offer the potential to build a unified, high-resolution view of drug–immune system interactions that can guide real-time clinical decisions.

Looking ahead, the integration of these platforms with computational tools—particularly artificial intelligence (AI) and machine learning—will be key. These approaches can help process vast, multidimensional datasets to identify predictive patterns, generate response signatures, and even forecast resistance. Additionally, combining imaging data with other omics layers (e.g., genomics, transcriptomics, proteomics) will further enhance our ability to stratify patients and tailor therapies.

To fully realize this potential, future efforts must focus on standardization, scalability, and clinical validation. Imaging protocols should be harmonized across institutions, and regulatory frameworks must evolve to recognize imaging-based spatial and functional biomarkers as legitimate endpoints in clinical trials. Equally important is the development of user-friendly analytical platforms that can democratize access to high-content imaging, even in resource-limited settings. In conclusion, imaging technologies are poised to transition from passive diagnostic tools to active drivers of precision immunotherapy. Their ability to visualize immune dynamics in space and time offers a powerful avenue to improve therapeutic evaluation, optimize patient selection, and ultimately enhance clinical outcomes in cancer immunotherapy.
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Tertiary lymphoid structures (TLS) are organized ectopic lymphoid clusters of immune cells that develop in non-lymphoid tissue to promote antigen presentation, drive cytotoxic immune responses, and enhance humoral immunity via B cell clonal expansion. Their presence within the tumor microenvironment (TME) correlates with increased patient survival and an improved response to immune checkpoint inhibitors (ICIs), positioning TLS as potential predictive and prognostic biomarkers. Despite the widespread use of ICIs across various cancers, their effectiveness remains limited in gynecological malignancies, including ovarian cancer (OC), a notably challenging disease characterized by poor responses to both single and combination ICI therapies. Interestingly, the infiltration of T cells into the OC TME is linked to enhanced progression-free survival (PFS) and overall survival (OS), yet an immunosuppressive TME frequently impedes therapeutic efficacy, suggesting cell activity within localized immune niches can impact antitumor immunity. This review explores the roles of TLS, their maturity, functionality, identification, and related gene signatures; specific immune cells and cytokines that play a role in TLS formation and antitumor response; and other modifiable elements, including gut microbiota, that may drive improving OC survival by leveraging a TLS-driven antitumor response to bolster immunotherapy outcomes.
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Introduction

Ovarian cancer (OC) represents the most lethal gynecologic malignancy in the United States, underscoring the need for innovative therapeutic strategies (1). OC is predominantly diagnosed at an advanced stage, where cytoreductive surgery and chemotherapy rarely produce curative benefit. The clinical trajectory for most patients is characterized by cycles of remission and relapse, with each remission period becoming progressively shorter until the disease develops resistance to chemotherapy or until significant toxicity arises (2). Given the limited clinical benefits of second line and subsequent therapies, a critical and ongoing need exists to develop novel therapeutic approaches.

Extensive evidence suggests OC is an immunogenic tumor that the host immune system can recognize. A higher infiltration of cytotoxic T cells within OC tumor islets is associated with significantly improved survival rates (3, 4). Tumor-specific T cell responses against multiple antigens overexpressed by OC, including folate receptor alpha (FRα), New York Esophageal Squamous Cell Carcinoma 1 (NY-ESO-1), p53, human epidermal growth factor receptor 2/neu (HER-2/neu), survivin, sperm surface protein 17 (Sp17), Wilms’ tumor 1 (WT1), transmembrane glycoprotein mucin 1 (MUC1), and melanoma-associated antigen-3 (MAGE-3), are quantifiable and highlight the potential for immunotherapy in treating OC (5–12). However, effective immunotherapy depends on the successful homing of functional tumor-specific cytotoxic T lymphocytes (CTLs) into tumors and chemotactic gradients within the tumor microenvironment (TME) (13–15) that support persistent immune cell infiltration or inflammatory function (8).

Even with the immunogenic nature of OC, immune checkpoint inhibitors (ICIs) show limited effectiveness in the relapsed/refractory setting, achieving response rates of only 8-15% (16–18). Currently, ICIs are approved solely for mismatch repair deficient (MMRd) OC or have high microsatellite instability (MSI) due to their inadequate effectiveness as single agents (19). While trials testing single agent antibodies targeting programmed cell death protein 1/program death-ligand 1(PD-1/PD-L1) or other ICIs in OC cancer patients have been disappointing (20), in a recent triple combination therapy clinical trial in advanced OC patients testing pembrolizumab, bevacizumab, and oral cyclophosphamide, one third of patients had a durable clinical benefit (DCB) (21–23). Comprehensive molecular, immunological, microbiome, and metabolic profiling analyses were performed on these patients’ biospecimens to assess response to this regimen. Increased T and B cell clusters and distinct microbial patterns with lipid and amino acid metabolism were linked to these patients with exceptional responses (23), compared to those with limited clinical benefit (LCB). Identifying reliable predictive biomarkers and who may benefit from immunotherapy would greatly contribute to patient selection for future immunotherapy clinical trials (21, 24–26).




Immunosuppression in ovarian cancer

Despite successful CTL infiltration, tumor heterogeneity and an immunosuppressive microenvironment often undermine the antitumor immune response, with increased recruitment of immunosuppressive cells, including regulatory T cells (Tregs), tumor associated macrophages (TAMs) and myeloid derived stem cells (MDSCs), indicative of poor survival outcomes in OC (27–29). Low tumor mutational burden (TMB) and neoantigen (NA) load (30), downregulation of major histocompatibility complex (MHC)-1 in tumor cells (31), lysophosphatidic acid inhibition of type 1 interferon (32), an immunosuppressive environment in the ascites (33–36), immune evasion promoted by cancer driver mutations, including TP53 and phosphatase and tensin homolog deleted on chromosome ten (PTEN) (37), and aberrant oncogenic signaling pathways, all contribute to ICI resistance across various cancers (38). High metabolic demands of rapidly proliferating cancer cells also exhaust key nutrients needed for immune cell function. Elevated glycolysis rates in tumor cells lead to metabolic exhaustion in effector T cells, while lactate accumulation inhibits natural killer (NK) cell activation. Furthermore, increased expression of indoleamine-2,3-dioxygenase in tumor cells depletes tryptophan levels, impairing cytotoxic T cell proliferation, and inducing T cell exhaustion through kynurenine production (39–42).

Tumor-extrinsic factors also play a significant role in dampening antitumor immunity. Inadequate infiltration of lymphocytes into tumor islets is often due to abnormal vasculature and chemokine gradients (43), as well as compensatory mechanisms like upregulating inhibitory immune checkpoint receptor signaling, including cytotoxic T-lymphocyte associated protein 4 (CTLA-4) and lymphocyte activation gene 3 (LAG-3) (44, 45). Most recently, tertiary lymphoid structures (TLS) or organized ectopic lymphoid structures, that serve as hubs at sites of inflammation and support interactions between B and T lymphocytes and antigen-presenting cells (APCs) (46), has proved to be a major area of investigation (47). While the presence of TLS appears to be essential for coordinating robust antitumor responses, their absence impedes the integration of the humoral and cellular components of adaptive immunity, both of which have been deemed to be important for response to therapy. This limits immune activation and T-cell priming, thus underscoring the important role of TLS in effective tumor control. Given the critical role of TLS in enhancing antitumor immunity, this review will focus on presence and maturity of TLS, their significance on ICI efficacy and clinical trial outcomes, and the impact the gut microbiome and other factors have on antitumor immunity and TLS formation, especially in OC.






Tertiary lymphoid structures

TLS support interactions where specialized formations of B cells, CD4+ and CD8+ T cells, and antigen presenting dendritic cells (DC) come together, along with high endothelial venule cells (HEV), in a coordinated manner, supported by a stromal infrastructure (48). TLS were initially described in autoimmune diseases, chronic infections, solid tumors, age-related diseases, and graft rejection (49–52), and have roles in local autoantibody formation, antibody-mediated immune responses in infected organs, and allograft rejection. TLS do not exist under physiological conditions which contrasts with primary (bone marrow and thymus) or secondary lymphoid organs (SLO). SLO are embryonic in nature and involve encapsulated lymph nodes (LN), the spleen, Peyer’s Patches, as well as tonsils, the human appendix, and mucosal-associated lymphoid tissues. SLOs are dependent on specialized Lymphoid Tissue inducer (LTi) cells that help to drive embryonic mesenchymal tissue organizing cells into follicular dendritic cells (FDC) and fibroblast reticular cells (FRC), driven by CXCL13 and CCL19/CCL21, respectively. TLS are generated after birth by specific cells involved in the immune response at sites of inflammation and are not associated with a specific organ. Both SLO and TLS are involved in generation of antigen-specific immune responses, antigen recognition, and activation of B and T cells (46), as well as involvement with HEV, specialized structures which help facilitate movement of lymphocytes from the blood into tissue. Due to TLS being sites or hubs of inflamed tissue without encapsulation, they are exposed to tumor antigens (TA), cytokines, and other inflammatory signals, which prompt a humoral and cellular immune response.

The presence of TLS correlate with favorable disease outcomes in a variety of cancers, while in autoimmune and chronic age-related disease, TLS are associated with worse, more severe outcomes (52). TLS formation has been observed in almost all organ specific human autoimmune diseases including Sjogren syndrome (SjS) (53), lupus nephritis (54), type I Diabetes (55), Crohn’s disease (56) and rheumatoid arthritis (57), however the prevalence of TLS is variable (52). Understanding the involvement of TLS in chronic diseases, including cancer, is therefore important regarding how they are formed and mature to determine potential strategies to aid in disease management.

The autoimmune SjS has been used as a model to derive a spatial and cellular map of key components involved in the formation and function of TLS. Single cell RNA, tissue transcriptomics, and spatial proteomics have been used on salivary glands from SjS patients (58). It has been shown that TLS formation and maturation including a Germinal Center (GC) correlates with autoimmunity, a pathological humoral response, B cell hyperactivity, and development of B cell lymphoma. Results from these studies suggest a complex cellular landscape of TLS, an immunomodulatory pericyte population in SjS, and significant fibroblast diversity, including presence of tissue-resident fibroblasts (immunofibroblasts) that have features like FRC in SLOs. There are different signals involved in the production of CCL21 and CCL19 cytokines in fibroblasts vs. pericytes, as well as distinct properties related to GC in SLO vs TLS. Transcriptomic and proteomic analysis between the SLO and TLS revealed differences in lymphoid structures and enrichment of certain cell types in mature TLS (mTLS), including genes involved in inflammatory cell recruitment, inflammatory pathways, and co-stimulation (58).

These specialized stroma derived fibroblasts have been determined to be crucial for the structure of TLS (59). Fibroblasts have been shown to exhibit plasticity and specialization under inflammatory conditions (48). While TLS are primarily composed of lymphocytes and DC, TLS are also supported by a complex network of additional stromal cells, including endothelial cells, lymphatic vessels, nerves, and immunofibroblasts. Immunofibroblast progenitors have been shown to be present at sites where TLS are established. A mouse model of TLS has shown that under chronic inflammatory conditions, tissue resident fibroblasts can acquire an immunofibroblast phenotype, including expression of lymphoid chemokines, adhesion molecules, and lymphocyte factors which sustain B and T cell survival in tissue. This process includes 1. priming by tumor necrosis factor (TNF) and interferon (INF) family members, interleukin (IL)-13, IL-1 family cytokines, IL-17, and IL-22, resulting in upregulation of intercellular adhesion molecule 1 (ICAM-1), vascular cell adhesion molecule (VCAM1), and podoplanin-posititve (PDPN); 2. expansion (fibroblast proliferation); and 3. maturation (stable expression of lymphoid cytokines CXCL13, CCL19, CCL21, and lymphocyte survival factors, IL-7 or B cell activating factor) of the immunofibroblast network (48). Upregulation of cell adhesion molecules-ICAM1 and VCAM1 also appear to facilitate network interactions.

A variety of cell types are associated with TLS (Figure 1). These organized structures are composed of B cell-containing GCs and DC-lysosome-associated membrane glycoprotein-positive dendritic cells (DC-LAMP)+ for antigen presentation (60). TLS are also marked by peripheral T cell zones with CD4+/CD8+/Tfc cells and peripheral node addressin (PNAd+) HEVs (60–62). B lymphocytes which play an active role, express activation-induced deaminase, an enzyme vital to class switch recombination and somatic hypermutation, which leads to the production of antigen-specific antibodies (63). Inflammatory factors are directly implicated in TLS formation and released from activated T cells, macrophages (MP), and DCs in TLS (64, 65).

[image: Illustration of an immune response in intestinal tissue, showing interactions between epithelial barriers, stromal cells, and immune cells like CD4+ T cells, B cells, and plasma cells. Germinal centers form with involvement of CXCL13, VEGFC, and high endothelial venules (HEVs). The diagram highlights the recruitment of immune cells mediated by chemokines and illustrates the process of cell death and cancer cell presence. Bacterial metabolites and antigens are indicated as factors influencing immune activity.]
Figure 1 | Neogenesis and function of tertiary lymphoid structures with the contribution of the gut microbiome in anti-cancer immunity. Abbreviations: FDC, follicular dendritic cells; Tfh, follicular helper T cells; FRC, fibroblastic reticular cells; GC, Germinal Centers; HEV, high endothelial venules; LTi, lymphoid tissue inducer cells; LTβR, lymphotoxin-β receptor; MAMPs, microbe-associated molecular patterns; PAMPs, pathogen-associated molecular patterns; PC, Plasma Cells; SHM, somatic hypermutation; TLS, tertiary lymphoid structure; VEGFC, vascular endothelial growth factor C.




TLS maturity

TLS maturation stage is a key determinant of TLS function and mTLS have been linked to improved survival and sensitivity to ICI in several cancers. Discussions are ongoing regarding how TLS are defined, their maturity, their increased levels of organization and complexity, and the involvement of immune cells to drive antitumor immunity more effectively, compared to loose immune aggregates of T and B cells observed in immature or “early” TLS. (66–68). As such, the careful classification of TLS and how their presence/location can impact patient outcome or treatment response represents active areas of ongoing investigation. For example, it has been proposed that B cells that accumulate in immature TLS can develop into regulatory B cells with immunosuppressive features that support tumor progression. In contrast, B cells found in mTLS associated with GC are activated and proliferate, undergo affinity maturation, as well as isotype switching, resulting in plasma cells (PC), which produce tumor-specific antibodies, resulting in improved survival and immunotherapy response (66).

At least three levels of organization for TLS have been described: Lymphoid aggregates with minimal organization and occasional DCs; Immature DCs with an organized T and B cell presence, a network of FDCs, no GC, and possibly HEVs; and mTLS with active GC and HEV, and full B and T cell zones for activation of cell proliferation and recruitment of immune cells (69). Vanhersecke has proposed a standardized method to screen mTLS in cancer samples using hematoxylin-eosin-saffron (HES) staining and immunohistochemistry (IHC) that can be applied to all specimens (70). Vanhersecke has previously defined only two TLS categories, including mTLS (secondary follicle-like TLS) with TLSs containing either a visible GC on HES staining or CD23+ FDC or immature TLS (including early aggregation and primary follicle-like TLS) (68, 70). Of note, the clinical specimen used for TLS detection (surgical vs. biopsy vs. metastatic) had an impact, with TLS identification more prevalent in larger tissue samples.

In gynecological cancers, including OC, Zhang et al. (71) classified these heterogenous TLS into 3 different categories: a very diffuse group of lymphoid aggregate cells containing stomal, dendritic, memory B, follicular B and T cells, and CD4+ and CD8+ T cells; an immature TLS, with more organization including follicular B cells and a CD4+ and CD8+ T cell zone surrounding them with HEV at the periphery, and finally, mTLS consisting of mainly B cell follicles with GC in a B cell zone with networks of CD21+FDCs near an adjacent T cell zone of CD4+ and CD8+ cells, surrounded by stromal and fibroblast cells, PC, and HEV (71).

The organization and maturity of TLS also appears to play a significant role in response to ICI in OC. High-grade serous ovarian cancer (HGSOC) have a low density of follicular helper T (Tfh) cells resulting in a limited number of mTLS, with accumulation of TIM3+PD-1+, rather than TCF1+PD1+ CD8+ T cells, which may at least in part promote ICI resistance in HGSOC patients (72). The quality of TLS, i.e., how well they are formed, have also recently been implicated in OC relapse (73). In addition to changes in T cell localization and increased glycoprotein PDPN+ cancer associated fibroblasts (CAF), which help regulate tumor development and activity of immune cells, malformed TLS-like aggregates and some lymphoid aggregates were associated with spatial patterns of early OC relapse, with PC allocated into compartments associated with TLS-like aggregates and CAFs, potentially accounting for context-dependent roles for PC in HGSOC. In addition, PDPN+ CAFs were frequently associated with partially organized immune cells.





TLS formation

It was thought TLS formation was similar to SLO induction involving LTi cells, hematopoietic cells with a critical immune function during embryonic development (74), which express lymphotoxin-α1β2 ligand and interact with the lymphotoxin-β receptor (LTβR) on lymphoid tissue organizer (LTo) cells to form aggregates. LTi cells interact with LTβR-expressing stromal cells, producing homeostatic chemokines, which are essential for an organization phase. TLS-associated cells are regulated during each phase of TLS formation by several categories of cytokines/chemokines that participate in stromal cell activation, LiTi cell aggregation, the loop between LTi and LTo, expansion of HEV and recruitment of lymphocytes, formation of T and B cell compartments, and GC formation with differentiation of B cells (63). These chemokines recruit B cells and T cells (via CXCL13, CCL19, CCL21) to form distinct immunological zones (75, 76). LTβR signaling also induces the production of VCAM-1, mucosal vascular addressin cell adhesion molecule-1, and ICAM-1, which further promote lymphangiogenesis (77).

It is now proposed T and B cells are surrogate LTi cells in TLS attracted to the inflammatory site by CXCL13 and IL-7 which activate LTo cells including stromal or immune cells via the TNF family receptor (78). LTo produce chemokines (CCL19 and CCL21 and CXCL10 and CXCL13) to attract immune cells near the site of immune activation and vascularization by establishing gradients which help guide the cells to the lymphoid structures. Adhesion molecules VCAM-1, ICAM-1, MAdCAM-1, and PNAd help circulating immune cells get from HEV to tissue and survival factors BAFF and IL-7 aid in B and T cell maturation and survival. It is thought that in OC, CD4+ T cells and DCs secrete cytokines as potential LTo cells (79).

In contrast to the pathway mentioned above, an alternative mechanistic pathway of lymphangiogenesis that generates TLS involves TNF superfamily member 14 (TNFSF14)/LIGHT, a cytokine produced by activated T cells (80, 81). LIGHT fused to a vascular targeting peptide has been found to normalize tumor blood vessels, activate CD4+/CD8+ T cells, and triggers TLS formation in immunotherapy-resistant pancreatic adenocarcinoma (64). Here, TLS were also found intratumorally instead of at the conventional tumor periphery, which could be due to vessel stabilization in deep tumor parenchyma and relocation of macrophages and effector T cells into the TME (64). In contrast, Tfh tumor-infiltrating lymphocytes (TILs), which secrete LIGHT, IL-21, and CXCL13, are sufficient to initiate TLS assembly, but at peritoneal tumor beds in OC murine models (82, 83)

Analysis of chemokine profiles in HGSOC supports the role of B cells in recruitment of DC-LAMP+, the latter which function in TA uptake and presentation for effective T cell priming (84). B cell clonal expansion correlates with an immunologic response in OC where CD20+ B cells that infiltrate tumors possess qualities of APCs, including surface expression of MHC class I/II, CD80, and CD86 (85, 86). Nielsen et al. suggested CD20+ TILs could serve as APCs to cytolytic CD8+ TILs, and the simultaneous presence of both B- and T-TIL subsets contribute to improved survival in OC patients (86). Montfort and colleagues demonstrated TLS present in OC omental specimens had an upregulated class-switched, memory B cell phenotype after neoadjuvant chemotherapy, suggesting that chemotherapy can regulate B cell functional status within TLS (84).






Detection of TLS

Several methods, including pathological diagnosis, to detect, characterize, and quantify TLS as a predictive and prognostic biomarker have been used including H&E, multiplex IHC and immunofluorescence, and transcriptomic means, however, a consensus method has not yet been determined. While H&E staining is easy, affordable, and widely accepted, there are some concerns including potential for bias, reproducibility among pathologists, and underrepresentation of TLS structures (71). Several markers have been used to identify and quantify key immunological players in TLS through IHC with mTLS identified by markers of T cells (CD3, CD8), B cells (CD20), CD21(B cell), PNAd (HEV), CD208 (DC), CD79A (B cells), PC (CD138), proliferation (Ki67), and cytokines (CXCL13/BCL6). Early and immature phenotypes include CD20, CD3, CD79A, CD8, and PNAd markers, while aggregates include CD20 and CD3 and CD68 MP (87). Additional methods, including IHC and immunofluorescence, are used to identify TLS through staining methods and spatial detection and visualization, respectively, of target proteins in the TLS.

Newer approaches have been used to automate and detect TLS. Multi-resolution deep learning based on HookNet-TLS, has been shown to automate TLS quantification, and identify GC in H&E- stained digital pathology slides. This approach was recently shown to characterize TLS and their prognostic relevance in lung squamous cell carcinoma, muscle invasive bladder cancer, and clear cell renal cell carcinoma (ccRCC). While TCGA slides for OC were not initially used to develop this tool, its availability may provide opportunities to validate it in the OC patient population (88). Multi-plexed whole specimen tissue imaging, 3D reconstruction, spatial statistics, and machine learning was used in a colorectal cancer (CRC) model to determine relevant morphological features associated with diagnostic and prognostic significance, including TLS (89). TLS were commonly interconnected, formed larger 3D structures or TLS networks, had graded molecular properties, and were found in patients’ samples at various locations.

Identifying new ways to effectively image TLS in the TME will be invaluable in advancing this field of study and may involve the use of multiple spatial -omic technologies including spatial transcriptomics, proteomics, and metabolomics (90) to identify TLS. Imaging-based approaches will also be important for identifying spatial patterns of TLS that may be associated with early relapse, presence of CAFs (73), risk stratification (91) or assessing recurrence of cancers through flow cytometry and co-detection by indexing (CODEX) (92). Li et al. have suggested several biomaterials that may be suitable for monitoring TLS (93), while three-dimensional imaging may also be an option to characterize TLS (94). Positron emission tomography (PET) using18-F-fluoro-2-deoxy-D-glucose (18F-FDG)(PET/FDG) tail vein injections, combined with computed tomography (CT) for anatomical localization and single photon emission computed tomography (SPECT) by intraperitoneal injection of 99mTC labeled Albumin Nanocoll (99mTC-Nanocoll), has been explored in murine models of systemic lupus erythematosus (SLE) to detect early kidney changes and TLS presence. While TLS were detected in pancreas and not kidney, future studies using new PET/SPECT tracer administration sites, together with more specific tracers in combination with magnetic resonance imaging (MRI), may make it possible to detect formation of TLS and LN for pre-clinical studies. This may be relevant in OC due to different sites of origin of OC. Additional opportunities may include CT-based radiomic models to non-invasively predict intratumoral TLS (iTLS) as demonstrated for hepatocellular carcinoma (HCC) (95) and invasive pulmonary adenocarcinoma (96), as well as the transfer learning radiomic model, an MRI-based model to detect iTLS in HCC which was found to correlate with favorable prognosis and responsiveness to combination therapy in the context of higher model scores (97).




Genomic signatures of TLS

Gene expression signatures have been used to identify TLS in a variety of cancers and determine their association to survival. A three-gene expression signature including IL-7, LTB, and CXCL13 was associated with LN neogenesis in human oral cancer, where higher grades of TLS were associated with improved disease-free survival (DFS) and overall survival (OS) (98). A unique 12-chemokine (CK) gene expression signature enriched for immune- and inflammation-related genes in primary CRC (99), identified TLS, and found an association with better patient survival independent of tumor staging. This gene signature has been used to confirm the presence of TLS in a variety of cancers including melanoma (100), breast (101), and bladder (102). A 12-gene signature associated with TLS derived from melanoma patient samples treated with ICI predicted clinical outcomes associated with B cells, immune cells, and CD8+ T cell-specific genes, including CXCL13 (103).

Recent OC studies have determined more involvement of TLS in immunotherapy responses. The presence of TLSs in OC and their potential clinical significance was also determined using the 12-CK signature (CCL2, CCL3, CCL4, CCL5, CCL8, CCL18, CCL19, CCL21, CXCL9, CXCL10, CXCL11, and CXCL13) previously identified (91). A 9-gene signature for TLS using a TCGA dataset was constructed and validated in the GSE140082 dataset (104). High expression of this gene signature (CETP, CCR7, SELL, LAMP3, CCL19, CXCL9, CXCL10, CXCL11, CXCL13) positively correlated with developed immune infiltration, and reduced immune escape with TLS associated with favorable responses to ICI in HGSOC patients. High-TLS clusters were characterized by better clinical prognosis, higher immune infiltration, more biological pathways, a higher TMB score, and higher expression of immune checkpoint (71). TLS strongly correlated with the immune-responsive microenvironment and were a favorable prognostic factor independent of other clinical characteristics. While the 12-gene CK signature associated with OC compares to TLS gene signatures from other cancers, additional genes appeared to be unique in the 9-gene signature, including CETP, CCR7, SELL, and LAMP 3. Using this signature, Lu et al. (105), showed TLS-high HGSOC tumors associated with better PFS, B cell maturation, and cytotoxic tumor-specific T cell activation and proliferation.

Recently, Chen et al. explored relevance of the 12-CK gene signature in gynecologic cancers and found it resonated most with cervical cancer, then endometrial cancer (EC), and finally OC (67). In addressing TLS in EC in biobanked samples from the PORTEC study, TLS associated with prognosis in only 2 of 4 EC subtypes: an excellent prognosis was associated with the ultra-mutated EC with DNA-polymerase epsilon exonuclease domain mutations (POLE mut), and an intermediate prognosis with hypermutated EC with MMRd (103, 106). TLSs were also found to assess recurrence with lower 5-year recurrence risk by 4-fold in EC patients (32.6% without TLS vs. 7.2% with TLS) (106). Mature TLS, presence of naïve-B, cycling/GC B cells, and antibody-secreting cells were also associated with L1CAM expression, a cell adhesion molecule independent of tumor expression, and what appears to be a specific biomarker for GC cells in mTLS. This might be a potential biomarker in OC, as well as EC. Note, in OC, TLS loss/dysfunction was linked to chromosome 4q deletion/DCAF15 amplification, whose copy number loss of IL15 and CXCL10 may limit TLS formation (105).

Overall, TLS related gene signatures may be relevant for OC patient stratification to different immunotherapies or responses. Specific gene signatures may not only predict the presence of TLS, involvement of immune markers, and clinical outcomes in different cancers, but may also select patients for specific immunotherapies based on molecular profiling of intratumoral lymphoid aggregates (65). Additional TLS-cancer-specific gene signatures may be forthcoming with artificial intelligence (AI)-driven assessment of large cancer-based datasets and further validation.






Clinical value of TLS

TLS have been identified in a variety of tumor models with characterizations of pro- and anti-tumorigenicity (46), however, the potential for TLS to serve as predictive ICI-based biomarkers is strengthened through clinical trials of solid tumors assessing TLS in immunological, pathological, and clinically relevant outcomes (Table 1), and serve as a potential model for OC. While there is a limited amount of OC clinical trials performed where TLS has been accessed as a biomarker, several studies have shown promising results (Table 2), including those that also indicate the importance B cells in survival and the anti-tumor response (61, 63, 107, 108). Immune and stromal transcriptomic profiles for melanoma patients who respond to neoadjuvant ICI therapy reveal TLS clusters with the highest B cell signature have significantly longer survival (109, 110). Additionally, co-occurrence of tumor-associated CD8+ T cells and CD20+ B cells improves survival in metastatic melanoma patient samples, where TLS in CD8+CD20+ tumors stained for CXCL13, CXCR5, and CD20, and B cell-enriched tumors had increased TCF-7 naive and/or memory T cell levels (111).

Table 1 | Relevant cancer clinical trials with tertiary lymphoid structure involvement in outcomes.
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Table 2 | Tertiary lymphoid structure involvement in ovarian cancer.
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Pembrolizumab monotherapy was assessed in soft tissue sarcoma where one out of 5 sarcoma immune classes were characterized by high immune, TLS, and B cell lineage expression which significantly improved OS and overall response rate (ORR) (112). Sarcoma patients treated with pembrolizumab with low-dose cyclophosphamide had three times greater PFS in the TLS-enriched populations vs. all-comers (113), while NSCLC tumors from patients treated with either the PD-L1 inhibitor atezolizumab or chemotherapy showed B cells associated with extended OS following PD-L1 blockade. B cells and PC were also associated with TLS and organized lymphoid aggregates, with increased PC signatures predictive of OS in patients treated with atezolizumab only (114).

Combination immunotherapy trials have shown improved outcomes in some solid tumor cancers. Neoadjuvant anti-PD-L1 (durvalumab) plus anti-CTLA-4 (tremelimumab) treatment of cisplatin-ineligible patients with urothelial cancer (UC) had higher density TLS in pretreatment tumor specimens of responders (R) associated with longer recurrence-free survival (RFS) and OS (115). In previous neoadjuvant ipilimumab (anti-CTLA-4) and nivolumab (anti-PD-1) studies prior to surgical resection, while no correlation was observed between TLS quantity, TLS induction was seen in R, with immature TLSs higher in patient tumor specimens that did not have a complete response (CR) (116). Enriched FoxP3+ T cell-low TLS clusters were observed after anti-PD-1/CTLA-4 immunotherapy in unresponsive tumors in another study, while submucosal TLS had more pronounced T-helper cells, enrichment of early TLS, and displayed a lower fraction of secondary follicle-like TLS than TLS located in deeper tissue (117).

Other combination therapy, including immunotherapy, had varied results in smaller trials. Cryoablation plus tremelimumab modulated the immune microenvironment with increased immune cell infiltration in patients with clear cell (CC) metastatic renal cell carcinoma (mRCC); however, TLS were only observed in CC mRCC patients and not non-CC (118). An enhanced immune response was observed in R in a second trial where CC mRCC patients treated with nivolumab were enriched in circulating Tfh cells, TLS, and baseline NSwM B cells, and were also associated with improved OS and PFS (119). In a small single arm phase 1b study in 15 HCC patients testing neoadjuvant cabozantinib, a tyrosine kinases inhibitor, and nivolumab, TLS were found in R, with an enrichment in T effector cells, TLS, and CD138+ PC. Here, a distinctive spatial arrangement of B cells contributed to antitumor immunity in R vs. Non-responders (NR) (120).




Tertiary lymphoid structures in ovarian cancer

Several studies, including data collected through The Cancer Genome Atlas (TCGA), confirm a connection between TLS, B and T cells, and OC (Table 2). Increased patient survival was observed between tumor-infiltrating B cells and CD8+ T cells, offering possible mechanisms for B cell involvement in cellular immunity, including secreting polarized cytokines, serving as APCs, or organizing centers for TLS (121). B cells colocalized to large, well-organized TLS, while dense infiltrates of PC surrounded TLS, which are associated with the highest levels of CD8+, CD4+, and CD20+ TIL, as well as cytotoxicity-related gene products. TLS also correlated with CXCL13 gene expression, infiltration of T cells and B cells, and improved prognosis for HGSOC (79). The coexistence of CD8+ T cells and B cell lineages in the TME significantly improved the prognosis of HGSOC and correlated with the presence of TLS. CXCL13 expression predominantly coincided with CD4+ and CD8+ T cells in TILs, shifting from CD4+ T cells to CD21+ FDCs as TLS matured.

A phase II clinical trial with the hypomethylating agent guadecitabine and the anti-PD1 inhibitor pembrolizumab resulted in a clinical benefit rate (CBR) of 31.4% (8.6% partial responders and 22.9% stable disease) (122). Naive and/or central memory CD4+ T cells and classical monocytes were observed at a higher frequency in patients with a durable CBR, while TLS present in tumors were associated with a durable CBR and higher baseline density of CD8+ T cells and CD20+ B cells. Updated efficacy and OS survival data for an open-label single-arm nonrandomized phase 2 trial (NCT02853318) by Zsiros et al. (21) was presented in 2022 (22) for a triple combination therapy (pembrolizumab, bevacizumab, and oral metronomic cyclophosphamide) conducted in a heavily pre-treated OC patient population. Originally, an ORR of 47.5% was obtained, along with a median PFS of 10 months, which was over 4 times better than ORR (8%) or PFS (2.1 mo.) in single-agent ICI, and better than bevacizumab and cyclophosphamide combination therapy (25). Thirty percent of patients had disease control, with 95% having a clinical benefit, with limited toxicity and good quality of life (QoL) reported. Some exceptional R survived more than three years, and one up to five, with multi-omics performed on collected biospecimens from this study (23) suggesting involvement of TLS, humoral and cellular anti-tumor responses, and metabolomic pathways in DCB vs. LCB patients. These results contributed to changes in NCCN guidelines (123).

Additionally, in studies to predict immunotherapy response to PD-1 blockade, HGSOC samples from two patient cohorts and an HGSOC cohort from TCGA were analyzed to assess the relationship between TME and follicular cytotoxic CXCR5-CD8+ T cells. Again, high expression of CXCL13 was associated with prolonged survival, and, combined with CXCR5 and CD8+ cells, was an independent predictor for survival. CXCL13 also carried prognostic benefit, but only with TLS, and was also associated with CD20+ B cell clusters, predicting better patient survival when both were present (124). Along with the 9-gene and 12-gene CK signatures, the combinations of immune cell markers, as well as CXCL13, are the strongest biomarker front runners for prolonged survival in combination with mTLS.

Recently, MacFawn et al. (125), using spatial transcriptomics and multiplex immunofluorescence, demonstrated TLS in HGSOC differ significantly by anatomical site resulting in altered TLS activity and patient prognosis. Composition, function, activity, and number of TLS are distinct between OC originating in the ovary (OV) compared to the fallopian tube (FT) and omentum (OM) and this directly impacts TLS activity, immune function, and survival. Ovarian tumors originating from the FT and OM had more TLS that are more functionally active compared to OV, which are less mature and fewer in number, as well as have a reduced B to T cell ratio, fewer HEVs, and less GC, thus reduced antitumor immunity. Not only were B cells markedly reduced in OV compared to OM or FT, but there are decreased markers (MZB1+) of antibody production in OV. The TLS 12 CK-gene signature associated with improved survival was observed in FT and OM but indicated poor survival in OV. Another major finding was the impact of stromal cells in the OV TME (126). Cancer educated mesenchymal stem cells (CA-MSC) have been identified in the OV, where the CA-MSC signature appears to override the benefit of the TLS signature (125). These cells previously have been associated with reduced survival and metastasis (127). mTLS differences were also observed in adnexal tumors (PTs) and synchronous omental/peritoneal metastases (pMets) in HGSOC. pMets had more mTLS and immune components (CD8+ cytotoxic T cells, FOXP3+ Tregs and PD-1+ lymphocytes) than PT, but an independent prognostic impact of mTLS could not be obtained. A more immune cell rich outer zone of mTLS was observed in PTs, but not pMets. This suggests the anatomical site, as well as deciphering what is involved in immune response and evasion, are relevant when considering what signals to modulate to improve the antitumor response. TLS have also been assessed in HGSOC progression & early relapses using spatial heterogeneity. Spatial patterns associated with early relapses included changes in T cell location, TLS-like aggregates which appear malformed, and an increased presence of PDPN-CAFs. These poorly formed TLS aggregates are potential indicators of early relapse in HGSOC (73). Figure 2 summarizes factors that impact TLS in OC and identifies potential pathways or strategies that may be manipulated or explored that may increase TLS formation and improve therapeutic outcomes.
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Figure 2 |   Factors contributing to or inhibiting tertiary lymphoid structure formation. Abbreviations: anti-PD-L1, Programmed death ligand 1; CDK 4/6i, cyclin dependent kinase 4/6 inhibitor; CAF, cancer associated fibroblasts; CA-MSC, cancer-educated mesenchymal stem cell; CHR 4, chromosome 4 loss; DC, dendritic cell; FAKi, focal adhesion kinase inhibitor; FDC, follicular dendritic cell; FRC, fibroblastic reticular cell; FT, fallopian tube; GC B-cells, germinal center B cells; HEV, high endothelial venule; ICI, immune checkpoint inhibitor; ICI-R-TIM3, ICI-Resistant TIM3; MP, macrophage; OM, omentum; OC, ovarian cancer; OV, ovary; PC, plasma cell; PT-STOMA, pro-tumorigenic stroma; TIGITi, T cell immunoreceptor with Ig and ITIM domain inhibitor; TIM3, T cell immunoglobulin and mucin domain 3;TLS, tertiary lymphoid structures; VEGF, vascular endothelial growth factor. Figure generated with BioRender.com.

While this review has predominantly focused on the role of TLS in the context of ICI, additional immunotherapeutic approaches and treatment strategies are in development for OC where TLS are likely to also play a functional role. Given that OC is readily infiltrated by T and NK cells, leveraging these cell subsets may represent particularly attractive therapeutic opportunities. This includes adoptive T cell therapies (ACT) or T cell activating modalities, such as the delivery of expanded TILs, or vaccine-primed T cells, infusion of engineered TCR-T or CAR-T cell therapies, as well as treatment with BiTEs to redirect T cells for tumor targeting (128, 129). A major focus of ACT-based modalities hinges on successful target identification, which includes in OC MUC 16, FRα, B7H3, mesothelin, and TAG72 (130), to name a few, as well as strategies to overcome inherent limitations of antitumor T cell responses, including lack of T cell persistence, tumor heterogeneity, loss of functionality, and impaired trafficking towards the TME, all of which may benefit from the presence of TLS. A recent publication from our group addressed some of these barriers to magnify therapeutic responses by using BiTE-secreting T cells targeting FRα present on most OC cells. Engineered T cells secreting FR-alpha engagers (FR-B T cells) not only effectively killed targeted OC cells but also redirected endogenous host T-cells to kill tumor cells (131). Follow up studies are currently underway to understand how TLS may influence the local organization of both transferred FR-B T cells and endogenous immune cells in the TME in orchestrating the antitumor response.

Other ACT strategies include using NK cells, which can kill cancer cells without prior sensitization and are not antigen dependent. Several studies have been conducted using murine models (132–134) to explore improving cytotoxicity and longevity of NK cells. One example, addition of cytokines IL-2, IL-15, and IL-18, promotes activation and proliferation of NK cells, as well as secretion of INF gamma and inhibition of OC cells (135). This strategy generated cytokine-induced memory-like NK cells. Additional IL-15 or IL-15 super agonist complexes (N-803 or ALT-803) also promoted proliferation of NK cells with additional secreted factors including TNFα, CXCL10, and CD107a, which may enhance the function of NK cells (132, 136, 137). Only a limited number of OC patients have been treated clinically with NK ACT (138, 139), with some patients achieving stable disease with mild side effects (139). Several pre-clinical NK studies propose strategies to maximize effects of NK ACT including genetic modifications, combination therapy with ICI, targeted therapies, cytokines, and CAR-NK constructs, which currently are in early phase clinical trials (140)






Therapeutic strategies to induce TLS

Because TLS appears to play a major role in the anti-tumor response, identifying ways to induce TLS appears to be an important strategy. Vaccination contributes to induction of TLS and T cell infiltration as evidenced in pancreatic and cervical cancer. For example, in pancreatic adenocarcinoma patients with GM-CSF secreting allogeneic vaccine (GVAX) +/- a single IV dose of daily oral cyclophosphamide, eighty-five percent of post-vaccination tumor specimens contained histologic evidence of TLS formation not observed pre-vaccination. T cell infiltration and TLS development occurred in TME, with five signaling pathways involved in regulating immune-cell activation and trafficking associated with improved postvaccination responses differentially expressed, including genes encoding integrins, chemokines/chemokine receptors, and members of the ubiquitin-proteasome system and NK-kappa B pathway (141). In cervical cancer patients, intramuscular injection of a vaccine against HPV16E6/E7 induced TLS (142). This suggests that TLS formation may be needed for optimal vaccine response, since cancer vaccines often have limited efficacy, but also vaccination may be a strategy to induce TLS formation.

Oncolytic virotherapy has been proposed to induce TLS especially with immune checkpoint blockade (ICB) to amplify antitumor immune responses to patients with cancer (143). Because many tumors do not form functional TLS structures, “designer LN” have been proposed via injection of genetically modified immune cells in biomaterial scaffolds (65). The success of bioengineered lymph structures may depend on cellular properties for effective migration, hydrostatic fluid pressures for regulation of lymph flow and extravasation, as well as safety for cancer patients (144).




TLS in murine models

Several murine models suggest key players and potential strategies for the induction of TLS or new therapeutic strategies +/- immunotherapy. He et al., 2022 (145) have shown an oncolytic adenovirus carrying mIL-15 effectively facilitated activation and infiltration of DC, T, and NK cells into the TME, and induced TLS and vascular normalization. This mechanism appears to be through induced activation of the STING-TBK1-IRF3 pathway in DCs, and not traditional pathways of TLS induction. IKZF1, a gene related to the development of OC, melanoma, breast, and liver cancer, has been proposed to be a key driver of the formation of immature TLS (146). Using CRISPR/Cas9 gene editing to generate novel ID8 derivatives that harbor single and double suppressor gene mutations (Trp53-/- or Trp53-/-; Brca2-/-) in HGSOC, slower orthotopic tumor growth was observed in the double mutant compared to Trp53-/-, with rich intra-tumoral TLS in CD3+ T cells (146). TGF-Beta mediated silencing of genomic organizer SATB1 promoted Tfh cell differentiation and formation of intra-tumoral TLS, providing additional insight into how TLS are generated within tumors (82). Accumulated tumor antigen-specific LIGHT+CXCL13+IL-21+ Tfh cells and TLS decreased tumor growth in a CD4+ T cell and CXCL13-dependent manner (82).

Finally, two murine studies that are TLS-driven may offer new therapeutic strategies for OC patients. Cdk4/6 inhibitors (CDK4/6i) promoted TLS formation and enhanced the immunotherapeutic effect of anti-PD-1 when used in combination. TLS were associated with a favorable prognosis following CDK4/6i treatment, which may provide a therapeutic option for OC patients when used either alone, or in combination with anti-PD-1 therapy (147). A second study used an oral, small molecule focal adhesion kinase (FAK) inhibitor, FAKi (VS-4718), alone, and in combination with a blocking antibody to the checkpoint protein T cell immunoglobulin and ITIM domain (TIGIT), an inhibitory receptor expressed on lymphocytes that interacts with CD155 expressed on APC or tumor cells to down-regulate T cell and NK cell functions. Using a Kras, Myc, FAK (KMF) syngeneic ovarian tumor mouse model, decreased tumor burden, suppressed ascites KMF-associated CD155/Polio Virus Receptor (PVR) levels, and increased peritoneal TILs were observed with blocked FAK activity. FAKi combined with the 1B4 TIGIT blocking antibody maintained elevated TIL levels, reduced TIGIT+ T reg cell levels, prolonged host survival, increased CXCL13 levels, and led to omental TLS formation. These results provide a rationale, especially considering different anatomical sites of OC origin playing a role in humoral and cellular immunity, conducting a FAKi/TIGIT blocking antibody pilot in HGSOC patients (148).





Influence of the gut microbiome on TLS formation and generation of antitumor immunity

Another inducer of TLS is the gut microbiome, which appears to play a role in modulating the host response to ICI. The microbiome, comprised of trillions of microorganisms lives in a symbiotic relationship with human hosts (149), and actively regulates aspects of host physiology, including immunity (150). The human gut microbiome appears to be associated with TLS, B cells, and the antitumor response (151–153), although the exact mechanism still needs to be elucidated. Advances in identifying potential important bacteria in the microbiome are due to culture-independent genomic sequencing (e.g., 16S rRNA sequencing) at the species and strain level (154). Recently, Helicobacter hepaticus, a single immunogenic commensal bacterium, controlled growth in a carcinogen-induced orthotopic CRC mouse model, challenging the premise multiple immune-potentiating microbes are required to shift the host immune system towards potent antitumor immune responses. Generated bacteria-specific CD4+ Tfh cells stimulated TLS formation within the tumor and surrounding areas, leading to increased tumor immune infiltration and reduced tumor burden (155). This manipulation at a single taxa level was sufficient to generate robust anti-tumor immunity and TLS formation. TLS induction has also been found in a retrospective study of 60 HCC cases which showed that in an intratumoral TLS group, Lachnoclostridium, Hungatella, Blautia, Gusobacterium, and Clostridium were increased (156).

The gut microbiome is also associated with clinical responses to anti-PD-1 immunotherapy in a variety of cancers (155, 157–163), however, no common overall microbial signal or metabolomic profile has been identified, even within cancers, indicating additional factors must be at play. Higher alpha diversity associated with longer PFS (151) (157) (162), and abundance of specific species has been observed. In melanoma, higher microbial community richness is associated with longer PFS, and abundance of specific Bacteroides species (Ruminococcus gnavus), while the Blautia producta strain is related to shorter PFS (162). PFS also correlated to metatranscriptomic expression of risk-associated pathways of L-rhamnose degradation, guanosine nucleotide biosynthesis, and B vitamin biosynthesis. Higher relative abundance of Ruminococcaceae family of bacteria were also found in melanoma R, as well as anabolic pathway enrichment and enhanced systemic and antitumor immunity, mediated by increased antigen presentation and improved effector T-cell function in the periphery and TME (151).

In two NSCLC studies, patients with high microbiome diversity at baseline (and throughout), had significantly prolonged PFS compared to those with low diversity, and also had a greater frequency of unique memory CD8+ T cell and NK cell subsets in the periphery, suggesting a strong association between gut microbiome diversity and specific immune-related systemic populations (157). In clinical response to anti-PD-1/PD-L1 in advanced-stage gastrointestinal (GI) cancer, an elevated Prevotella/Bacteroides ratio was observed in R. A differential abundance of pathways related to nucleoside and nucleotide biosynthesis, lipid biosynthesis, sugar metabolism, and fermentation to short-chain fatty acids (SCFA) was identified in patients’ samples exhibiting differential responses. Gut bacteria associated with SCFA production, including Eubacterium, Lactobacillus, and Streptococcus, were positively associated with anti-PD-1/PD-L1 response across different GI cancer types (161).

The gut microbiome of durable R was enriched for Akkermansia muciniphila and Ruminococcaceae species in HCC patients treated with anti-PD-1 therapy. In hepatobiliary cancers, seventy-four specific taxa, including Lachnospiraceae bacterium-GAM79 and Alistipes sp Marseille-P5997, were significantly enriched in the CBR group, which achieved longer PFS and OS than patients with lower bacterial abundance (158) and the CBR group was associated with energy metabolism. These bacterial, metabolomic, and immune signatures are potential biomarkers to explore in OC patients treated with immunotherapy. Recently, specific bacteria were identified, including Intestinimonas butyriciproducens and Anaerotignum propionicum (Clostridium propionicum), that were highly abundant both before and after treatment for OC patients that achieved DCB following a triple combination therapy (23). These butyrate-producing bacteria have previously been associated with an enhanced response to immunotherapy (164), and increases of these bacteria in the triple combination therapy were also linked to increased immune and TLS changes in the TME. These results may generate signatures for R and NR of specific combination therapies.

While such findings are encouraging, additional studies, including an improved understanding of the microbiome and metabolic pathways, are needed to delineate nuances of a patient’s likelihood to respond to ICI therapy (163), as well as to drive TLS formation. Opportunities exist for immunomodulation through dietary and gut microbial interventions (165). Manipulating the presence of different bacterial species or metabolic pathways/metabolites, with interventions such as fecal transplants, probiotic use, microbial antigens or proteins, and selective antibiotics, may generate TLS and more favorable patient outcomes using immunotherapeutic approaches.






Conclusion and future directions

Understanding the complex roles of TLS within the TME is vital for improving therapeutic outcome for cancer patients, especially for those with limited treatment options at late-stage disease, as is the case with OC patients. Unlike SLO which develop during embryogenesis, TLS develop in response to chronic inflammation and cancer, playing a crucial role in antitumor immunity by enhancing both humoral and cellular responses. Their presence, especially in intratumoral areas, has been linked to better outcomes following immunotherapy, indicating their potential as a predictive biomarker for treatment success. Determining how these biomarkers may be mechanistically linked to therapeutic response likely depends on several factors including the type of therapeutic intervention (chemotherapy, ICI, radiation, vaccine-based, ACT-based, chemokine strategies, etc.), single agent or combination therapies, sequence of combination drug administration, timepoints for biospecimen collection (Baseline, on treatment, end of treatment), TLS location and density, anatomical site, and specific cancer type. Further, these factors may differ between preclinical models and real-world settings, further complicating data interpretation and integration. Therefore, additional studies to validate TLS as a reliable biomarker for therapeutic response in OC will provide additional insights and guide future applications.

In the case of OC, several factors recently have been implicated that contribute to the complexity of the role of TLS. The anatomical site of origin of OC may contribute to not only the role that TLS play, but their potential as a biomarker for response to therapy. Cancers that develop in the OV appear to have less TLS, less B cells, and a reduced antitumor response, while TLS that originate in the FT or OM have increased TLS and more B cells, suggestive that the TME is more supportive of TLS formation and indicative of an antitumor response (125). These results not only suggest the importance of B cells in the antitumor response, but also suggest the OV has a more suppressive TME. In fact, CA-MSC present in the OV negatively impacts adaptive immunity and survival. This poses an important area for future studies to identify ways to mitigate their impact and improve TLS formation, function, and antitumor response.

Research into TLS has highlighted their influence on the balance between promoting and inhibiting tumor growth, driven by factors such as patient demographics, tumor characteristics, environmental exposures, and previous treatments. The dynamic interplay between these factors and therapeutic interventions, as well as the gut microbiome’s impact, points to the complexity of harnessing TLS for cancer therapy. While several means to induce TLS have been proposed, modulation of the microbiome through diet or probiotic efforts may be a low-cost way to affect immunity and response to ICI. Continued studies that assess fecal microbiome transplants may also be a viable option to enhance efficacy of ICI as more potential beneficial bacteria or pathways that contribute to OS in OC are identified (166).

Analysis of patients’ samples who achieved a DCB in a triple combination therapy, which included pembrolizumab, uncovered a tumor-immune-gut axis influencing immunotherapy outcomes in OC (23). Assessment of fecal biospecimens revealed several metabolites were altered in samples from DCB and LCB patients. Metabolic alterations were observed in pathways that impact immune cell function. For example, fatty acids, amino acids, indole, and purine biosynthetic pathways were altered (23). While this study had only 40 patients (21), it suggests the immune milieu and host-microbiome can be leveraged to improve antitumor response in future immunotherapy trials. Omics results identified a target, CD40 (23), that is currently in clinical trial (NCT05231122) using a CD40 agonist in combination with pembrolizumab and bevacizumab. It also suggests that strategically combining different therapies (immunotherapy, chemotherapy, PARP inhibitors, adoptive cell therapies, targeted therapies) may lead to generation of TLS and improved OS. Radiation therapy and chemotherapy have been shown to generate TLS as well. Radiation impacts infiltration of T cells and maturation of DC cells which can help drive TLS formation and reshape the TME (167). A study has shown encouraging results where neoadjuvant chemotherapy (paclitaxel and carboplatin) induced TLS formation in HGSOC suggesting that it may be used in combination with ICI to drive an anti-tumor response with increased TLS formation (168).

Several next step options to drive TLS may be through promising OC murine pre-clinical models such as the combination of cdki with ICI or use of FAK inhibitors +/- ICI. Additionally, combination therapies (ICI, chemotherapy, targeted therapy) that may modulate different components of the immune system may stimulate both the cellular and humoral response and provide a more robust DCB, as well as identify new therapeutic targets or pathways, potentially through multi-omics means. Vaccination strategies that may prime the immune response may also bolster an enhanced response through TLS generation as has been observed for PANC GM-CSF (GVAX) vaccination and HPV vaccination. CXCL13 approaches to introduce this powerful cytokine to drive TLS formation may also be a viable option in combination with ACT approaches. Finally, transcriptional assessment of different genes that may drive TLS formation may also prove to be beneficial in predicting a patient’s response by biospecimen analysis at baseline or over the course of treatment.

Advancing our knowledge of TLS, particularly in OC, and the factors affecting therapeutic response is critical. Future efforts focusing on exploiting TLS to improve immune infiltration, boost anti-tumor responses, and enhance patient responses to treatment, promise significant impact on cancer therapy optimization.
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Background

Replication factor C subunit 4 (RFC4) is crucial for initiating DNA replication via DNA polymerase δ and ϵ and is overexpressed in various cancers. However, its relationship with the tumor immune microenvironment (TIME), and immunotherapy response in lung adenocarcinoma (LUAD) remains unclear. This study aimed to determine whether overexpressed RFC4 impacts survival in patients with LUAD and to explore potential mechanisms of RFC4 in regulating the TIME using integrated bioinformatics.





Methods

LUAD gene expression data were downloaded from the Cancer Genome Atlas (TCGA) database and used for exploratory analysis. Differential expression of RFC4 was validated using gene expression data from the Gene Expression Omnibus (GEO). Clinical data with survival information from TCGA and GEO were use to explore and validate the prognostic value of RFC4. The relationship between RFC4 and TIME was studied by Cell-type identification by estimating relative subsets of RNA transcripts (CIBERSORT) and Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE). Tumor Immune Dysfunction and Exclusion (TIDE) was used to predict the therapeutic response of RFC4 to immune checkpoint inhibitors. We validated the differential expression of RFC4 in LUAD and adjacent tissues using immunohistochemical staining in a real-world cohort from the Second Affiliated Hospital of Fujian Medical University.





Results

RFC4 was significantly over-expressed in LUAD at both the RNA and protein levels. High RFC4 expression levels were associated with poor prognosis in LUAD, both in TCGA and GEO. High RFC4 levels were significantly associated with immunostimulators and immune cells infiltration in LUAD tissues. Correlation analysis revealed a significant relationship between the RFC4 and ESTIMATE scores. A high RFC4 expression level was associated with a lower TIDE score, indicating a stronger therapeutic response to immunotherapy. Functional prediction of RFC4 suggested that RFC4 mainly participated in DNA replication and repair, and reshaped the TIME.





Conclusions

RFC4 proved to be a promising biomarker for tumorigenesis and could effectively predict immunotherapy response in LUAD. RCF4 altered tumor prognosis by reshaping the TIME, and targeted inhibition of RCF4 may be a promising new strategy for treating LUAD.
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1 Introduction

Lung cancer (LC) is the leading cause of cancer-related deaths worldwide (1), with lung adenocarcinoma (LUAD) is the predominant histological subtype, accounting for approximately 40%-50% of all LC cases (2, 3). Most patients with LUAD are diagnosed at an advanced stage or have cancer metastasis, which results in a poor prognosis with a 5-year overall survival (OS) of <20% (4, 5). Recent significant progress has been made in immunotherapy with immune checkpoint inhibitors (ICIs) for LUAD, resulting in significantly reduced mortality rates (6). Owing to significant improvements in the clinical efficacy of immunotherapy for advanced LC, immunotherapy has become the preferred treatment mode for advanced LC (7). Several biomarkers have been widely used to predict immunotherapy response (IMTR) in clinical sets, including programmed death-ligand 1 (PD-L1) expression and tumor mutation burden (8). However, these biomarkers do not fully reflect the heterogeneity of the tumor microenvironment (TME) or the tumor immune microenvironment (TIME), and immunotherapy can only achieve remarkable clinical benefits in a few patients with cancer (9). Therefore, new biomarkers for predicting the prognosis and therapeutic efficacy of immunotherapy need to be identified.

The replication factor C subunit 4 (RFC4) gene encodes a highly conserved protein that is involved in many cellular processes related to DNA repair and DNA replication (10). RFC4 is necessary for DNA polymerase δ and DNA polymerase ϵ to extend primer DNA templates (11, 12). The RFC family (RFCs) plays a clamp loader role in DNA synthesis, loading proliferating cell nuclear antigen (PCNA) onto DNA through adenosine triphosphate (ATP)-dependent processes (13). During the S phase of DNA replication, RFC participates in cell cycle checkpoint control by activating polymerase assembly (14). After DNA damage occurs, they activate their mismatch and excision repair mechanisms by forming complexes with PCNA (15). Therefore, RFCs play a crucial role in DNA repair after DNA damage. RFC4 may play a crucial role in cancer cell survival, and because of its significant ability to regulate cell division and proliferation, it may be a promising target for cancer therapy (16, 17). Although emerging evidence has demonstrated that RFC4 plays an oncogene role in many human cancers, its expression patterns and functions in LUAD remain unclear. In this study, various bioinformatics tools were used to analyze RFC4 as a potential oncogene and therapeutic target in LUAD. The future development direction of this field is also discussed to provide evidence that is more in line with RFC4 as a promising biomarker in immunotherapy for LUAD.




2 Materials and methods



2.1 Data collection of LUAD samples

RNA sequencing (RNA-seq) data and clinical data were downloaded from the Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/) and Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/, GEO). A total of 586 samples were collected in the TCGA database, of which 527 were cancerous tissues and 59 were normal tissues. RNA-seq data was processed using standard bioinformatics procedures and used for subsequent analysis. The study flowchart is shown in Figure 1.

[image: Flowchart depicting the analysis process for studying the RFC4 protein in lung adenocarcinoma (LUAD). Steps include downloading data from TCGA and GEO databases, performing survival analysis, CIBERSORT, and ESTIMATE analyses, examining differential expression between LUAD and normal tissues, analyzing differentially expressed genes, clinical pathological features, and RFC4 expression from the Human Protein Atlas, concluding with TIDE analysis.]
Figure 1 | Flow chart of study design. TCGA, The cancer genome atlas; GEO, Gene expression omnibus; LUAD, lung adenocarcinoma; CIBERSORT, Cell-type identification by estimating relative subsets of RNA transcripts; ESTIMATE, Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data; TIDE, Tumor Immune Dysfunction and Exclusion.

We validated the exploration results of TCGA with the GEO data. The inclusion criteria of the GEO data in our study were as follows: (1) datasets involving LUAD samples; (2) datasets with RNA-seq or gene microarrays from any type of sequencing platform; (3) datasets with normal tissues, which can be used to verify the differential expression of RFC4; and (4) datasets with clinical survival information, which can be used to verify the prognostic value of RFC4. The exclusion criteria for the GEO datasets were as follows: (1) datasets containing non-LUAD samples and (2) datasets without survival data and normal tissues. Finally, three external cohorts downloaded from GEO database were used to further validate the differential expression of RFC4: GSE116959 (18), GSE32863 (19), GSE118370 (20). One external cohort, GSE37745 (21), was used to further validate the prognostic efficacy of RFC4.




2.2 Differential expressions of RFC4 mRNA and protein between LUAD tissues and adjacent tissues or normal lung tissues

The Wilcox test was used to compare differential expression of RFC4 mRNA between LUAD tissues and adjacent tissues or normal lung tissues in TCGA and GEO datasets. Subsequently, we applied the “ggplot2” R package to show the results. The Human Protein Atlas (HPA, http://www.proteinatlas.org) was used to explore the protein expression levels of RFC4.




2.3 Survival analysis and clinical correlation analysis of RFC4

Clinicopathological features and survival data were extracted from the TCGA and GEO datasets (GSE37745). The relationship between RFC4 mRNA and different clinicopathological characteristics, such as survival status, cancer status, age, gender, race, and clinical stage, was explored using an independent sample Wilcox test or one-way analysis of variance. Using the best cutoff value of RFC4 mRNA in cancer tissues, patients with LUAD were divided into high expression (RFC4High) and low expression (RFC4Low) groups. The Kaplan-Meier method was used to plot the OS curves of the two groups, and log-rank test was used to compare difference. Next, survival results were further validated in patients with LUAD and then divided using the same method. Survival was analyzed using the “survival,” “survminer,” and “forestplot” packages.





2.4 Screening and functional analysis of RFC4 related differentially expressed genes in LUAD

Using the median value of RFC4 mRNA in TGCA, the patients were divided into high expression (RFC4High) and low expression (RFC4Low) groups. Subsequently, the “limma” package was used to identify DEGs in cancer tissues between the RFC4High and the RFC4Low groups. The top 50 DEGs closest to RFC4 were selected, and a heatmap was plotted using the “pheatmap” package. RFC4-related DEGs were selected to perform Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis using the R package “clusterProfiler”. GO analysis of cell composition, biological processes, and molecular function was performed using the enrichGO function in the “clusterProfiler” R package. KEGG analysis was performed using the enrichKEGG function in the “clusterProfiler” R package. Pathways with P < 0.05 were considered significantly enriched.




2.5 Immune cell infiltration analysis and gene set variation analysis

The correlation between RFC4 expression and various infiltrating immune cells in the TIME was explored and analyzed by Spearman correlation analysis. Significance was set at P<0.05. Gene sets of immune-regulatory factors, including immunoinhibitors and immunostimulators, were screened from previously reported references (22–24). Correlation analyses between various immunoregulatory factors and RFC4 expression were displayed using lollipop plots. To simplify interpretation, we separately analyzed immunoinhibitors and immunostimulators using the “GSVA” package.

Cell-type identification by estimating relative subsets of RNA transcripts (CIBERSORT) was used to analyze the infiltration of immune cells between the RFC4High and the RFC4Low groups (25). CIBERSORT can obtain the infiltrating characteristics of 22 immune cell types with gene expression profiles and provide changes in characteristics of TIME in different cancer tissues.




2.6 Estimation of stromal and immune scores

The Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) was used to predict tumor purity and stromal/immune cell infiltration (26), which assess levels of stromal and immune cell infiltration using expression profiles by the “estimate” R package. Stromal, immune, ESTIMATE, and tumor purity scores were calculated using RNA sequencing data from TCGA cohort. A Wilcoxon test was then performed to compare scores between the two groups.




2.7 Immunotherapy response prediction

Tumor Immune Dysfunction and Exclusion (TIDE) (http://tide.dfci.harvard.edu/) was used to predict response to immune checkpoint blockade therapy. The Wilcoxon test was performed to compare TIDE scores between the two groups.




2.8 RFC4 protein expression in LUAD

The RFC4 protein expression in LUAD tissues was evaluated by immunohistochemical staining in both cancer tissues and normal tissues, and the data was retrieved and downloaded from the Human Protein Atlas database (HPA, http://www.proteinatlas.org/).

To verify the differential expression of RFC4 protein, we recruited 31 patients with LUAD who underwent surgical treatment at the Second Affiliated Hospital of Fujian Medical University between January 2021 and May 2024. Postoperative cancer tissues were donated by the patient or their family members, and written informed consent was obtained. This study has been approved by the Ethics Committee of the Second Affiliated Hospital of Fujian Medical University (2025-001). RFC4 rabbit polyclonal antibody was purchased from Wuhan Sanying Company. Immunohistochemical (IHC) staining was conducted by Na Lin, and the results were interpreted by two members of the research team (Bingwei Zeng and Jianqing Zheng).




2.9 Statistical analysis

Statistical analysis of the association between RFC4 and clinicopathological parameters was performed using independent sample t-test, Wilcoxon test, chi-square test, or Fisher’s exact test. For survival variables, Kaplan-Meier curves were plotted as well as log-rank tests. The prognostic value of RFC4 was analyzed using the Cox proportional risk model via “survminer” and “survival” R package. Significance was set at P<0.05. The above analyses were performed using the R software (version 4.3.1).





3 Results



3.1 Expression of RFC4 mRNA in LUAD tissues

The differential expression of RFC4 mRNA between LUAD cancer and normal tissue samples is shown in Figures 2A-D. RFC4 expression level was significantly higher in LUAD tissues than normal tissues in TCGA samples(P<0.001). The differential expression of RFC4 in LUAD was further validated using the GEO dataset. Consistent results in the exploration and validation sets indicated that RFC4 mRNA expression was significantly elevated in LUAD samples, suggesting the involvement of RFC4 in LUAD tumorigenesis.

[image: Four violin plots show gene expression across type groups labeled A to D. Each plot compares normal and tumor samples, highlighting significant expression differences with statistical metrics like t-values and p-values. Scatter points are overlaid on the violin plots, indicating sample distribution with box plots showing median values. Each section, A through D, focuses on different data sets or gene expressions, providing a comparative analysis of variations between normal and tumor groups.]
Figure 2 | Expression of RFC4 mRNA in LUAD tissues from TCGA and GEO. (A) Expression of RFC4 mRNA between cancer tissues and normal tissue in TCGA cohort. (B) Expression of RFC4 mRNA between cancer tissues and normal tissue in GSE116959 cohort. (C) Expression of RFC4 mRNA between cancer tissues and normal tissue in GSE32863 cohort. (D) Expression of RFC4 mRNA between cancer tissues and normal tissue in GSE118370 cohort.




3.2 Relationship between RFC4 and clinical characteristics of patients

We divided the TCGA samples into different groups based on the following clinical characteristics, survival status (alive: patients who still lived in the TCGA samples. dead: patients who have died in the TCGA samples.), cancer status (WithTumor: patients who still lived or died with tumor. TumorFree: patients who still lived or died without tumor), gender (males and females), age (younger: <60 years old, older:≥60 years old), race (white and non-white), smoking status (smoker and never smoked), clinical stage (stage I, stage II, stage III, and stage IV). According to the Response Evaluation Criteria in Solid Tumors (RECIST), the samples were divided into complete response, partial response, progressive disease and stable disease groups. The results of the RFC4 expression in LUAD samples from different groups are shown in Figures 3A–K. Only survival status demonstrated a significant relationship with RFC4 expression.

[image: Multiple violin plots display gene expression data across various demographic and clinical groups labeled A to K. Each plot shows the distribution of PCA1 expression with statistical analysis details such as F-values and p-values. The groups include Survival Status, Cancer Status, Gender, Age, Race, Smoking Status, Stage, Tstage, Nstage, Mstage, and RECIST. The plots use different colors to distinguish the categories within each group, with notations for significant mean differences.]
Figure 3 | Relationship between RFC4 mRNA and clinical characteristics of patients. (A) Expression of RFC4 mRNA with different survival status (Alive: Patients who still lived in the TCGA samples. Dead: Patients who have died in the TCGA samples.). (B) Expression of RFC4 mRNA with different cancer status (WithTumor: Patients who still lived or died with tumor. TumorFree: Patients who still lived or died without tumor). (C) Expression of RFC4 mRNA with different gender. (D) Expression of RFC4 mRNA with different survival status. (A) Expression of RFC4 mRNA with different age (Younger: <60 years old, Older:≥60 years old). (E) Expression of RFC4 mRNA with different race (white and non-white). (F) Expression of RFC4 mRNA with different smoking status (smoker and never smoked). (G) Expression of RFC4 mRNA with different clinical stage. (H) Expression of RFC4 mRNA with different T stage. (I) Expression of RFC4 mRNA with different N stage. (J) Expression of RFC4 mRNA with different M stage. (K) Expression of RFC4 mRNA with different RECIST status.




3.3 Relationship between RFC4 and prognosis of patients with LUAD

Using best cutoff value of 7.16, patients with LUAD in the TCGA database were divided into the RFC4High group (n=344) and RFC4Low group (n=136). Kaplan-Meier survival analysis showed that patients with high RFC4 expression levels had significantly worse OS than those with low RFC4 expression levels (hazard ratio [HR] =1.83; 1.25-2.68, P=0.002) (Figure 4A). The 5-year survival rate was 54.95% (42.39%-71.23%) in the RFC4Low group and 41.25% (33.68%-50.51%) in the RFC4 High group, respectively. Using best cutoff value of 9.31, patients with LUAD in the GSE37745 dataset were divided into the RFC4High group (n=112) and RFC4Low group (n=84). Kaplan-Meier survival analysis showed that patients with high RFC4 expression had worse overall survival than those with low RFC4 expression levels had significantly worse OS than those with low RFC4 expression levels (HR = 1.52; 1.09–2.13, P=0.015) (Figure 4B). 5-year survival rate was 50.00% (40.37%-61.92%) in the RFC4Low group, and 35.71% (27.86%-45.79%) in RFC4 High group, respectively.

[image: Two Kaplan-Meier survival plots compare low and high RFC4 expression groups over time in months. Plot A shows a significant difference in survival probability with p = 0.0017, and Plot B shows a p = 0.014. Low expression is represented in blue and high expression in yellow.]
Figure 4 | Kaplan–Meier survival analysis of RFC4 expression on survival in LUAD. (A) Overall survival from TCGA. (B) Validation result of survival from GSE37745 dataset.

To verify whether RFC4 has an independent prognostic value, multivariate analysis was conducted. Univariate analysis showed that the RFC4 expression, clinical stage, cancer status and residual tumor were potential factors for the OS of patients with LUAD (P<0.05), as shown in Table 1. A multivariate COX regression analysis based on the abovementioned four positive variables was performed, and the results were presented in Table 2. In the stepwise regression multivariate model, RFC4.AutoCut significantly affected the OS (HR=1.52, 95%CI: 1.09-2.12, P=0.007), thus suggesting the independent prognostic value of RFC4 in LUAD.


Table 1 | Univariate analysis of the prognostic ability of RFC4 in patients with LUAD.
	Characteristics
	Levels
	Beta
	SE
	HR (95% CI for HR)
	Statistics (Z value)
	P



	RFC4
	 
	0.01
	0.01
	1.01 (1.00, 1.02)
	2.496
	0.013


	RFC4.Median
	Low
	 
	 
	 
	 
	 


	High
	0.27
	0.15
	1.30 (0.97, 1.76)
	1.731
	0.083


	RFC4.AutoCut
	Low
	 
	 
	 
	 
	 


	High
	0.56
	0.17
	1.75 (1.26, 2.43)
	3.360
	<0.001


	CancerStatus
	TumorFree
	 
	 
	 
	 
	 


	WithTumor
	1.45
	0.15
	4.28 (3.16, 5.80)
	9.412
	<0.001


	Gender
	Female
	 
	 
	 
	 
	 


	Male
	0.06
	0.15
	1.06 (0.79, 1.44)
	0.403
	0.687


	Age_group
	Younger
	 
	 
	 
	 
	 


	Older
	0.11
	0.17
	1.12 (0.80, 1.56)
	0.673
	0.501


	SmokingStatus
	Never Smoked
	 
	 
	 
	 
	 


	Smoker
	-0.03
	0.21
	0.97 (0.64, 1.47)
	-0.140
	0.889


	TumorSite
	L-Lower
	 
	 
	 
	 
	 


	L-Upper
	0.08
	0.25
	1.08 (0.67, 1.75)
	0.316
	0.752


	R-Lower
	0.24
	0.25
	1.27 (0.77, 2.08)
	0.949
	0.343


	R-Middle
	0.24
	0.46
	1.27 (0.52, 3.11)
	0.531
	0.595


	R-Upper
	-0.12
	0.24
	0.89 (0.56, 1.42)
	-0.500
	0.617


	ResidualTumor
	R0
	 
	 
	 
	 
	 


	R1/R2
	1.43
	0.26
	4.19 (2.54, 6.93)
	5.593
	<0.001


	Rx
	0.27
	0.37
	1.31 (0.64, 2.68)
	0.736
	0.462


	Stage
	Stage I
	 
	 
	 
	 
	 


	Stage II
	0.96
	0.19
	2.62 (1.79, 3.83)
	4.966
	<0.001


	Stage III
	1.38
	0.20
	3.98 (2.71, 5.85)
	7.024
	<0.001


	Stage IV
	1.50
	0.28
	4.47 (2.56, 7.80)
	5.271
	<0.001








Table 2 | Multivariate analysis of prognostic ability of RFC4 in patients with LUAD.
	Characteristics
	Levels
	Beta
	SE
	HR (95% CI for HR)
	Statistics (Z value)
	P



	RFC4.AutoCut
	Low
	 
	 
	 
	 
	 


	High
	0.42
	0.17
	1.52 (1.09,2.12)
	2.444
	0.015


	CancerStatus
	TumorFree
	 
	 
	 
	 
	 


	WithTumor
	1.16
	0.17
	3.18 (2.28,4.42)
	6.854
	<0.001


	ResidualTumor
	R0
	 
	 
	 
	 
	 


	R1/R2
	0.73
	0.28
	2.07 (1.21,3.56)
	2.650
	0.008


	Rx
	-0.09
	0.37
	0.92 (0.45,1.89)
	0.238
	0.812


	Stage
	Stage I
	 
	 
	 
	 
	 


	Stage II
	0.68
	0.20
	1.96 (1.33,2.90)
	3.399
	0.001


	Stage III
	1.11
	0.20
	3.04 (2.05,4.52)
	5.505
	<0.001


	Stage IV
	0.66
	0.30
	1.93 (1.06,3.50)
	2.166
	0.030










3.4 Analysis of DEGs and functional enrichment related to RFC4

Using the median expression value of RFC4, patients with LUAD in the TCGA database were divided, and a differential expression analysis was conducted. Using the absolute value of log fold change≧1 and P <0.05 as screening criteria, a total of 1346 DEGs were identified, of which 746 genes were highly expressed and 600 genes were lowly expressed. Detailed information of DEGs were listed in Supplementary Table S1. Heatmaps and volcano maps are provided in Figures 5A, B, respectively.

[image: Heatmap and volcano plot side by side. The heatmap (section A) shows gene expression data with a color gradient from blue to yellow. The volcano plot (section B) displays log2 fold changes versus negative log10 P-values, highlighting upregulated genes in red and downregulated genes in blue.]
Figure 5 | Screening of differentially expressed genes in different RFC4 status in LUAD cohort. (A) Heatmap. The figure shows 50 genes with the most significant upregulation, 50 genes with the most significant downregulation. (B) volcano plot. Differentially expressed genes were selected to labelled.

All DEGs that showed significant differences between the RFC4High and RFC4Low groups were screened and selected for functional enrichment analyses. The biological processes were mainly enriched in nuclear division, chromosome segregation, organelle fission, nuclear chromosome segregation, mitotic nuclear division, mitotic sister chromatid segregation, sister chromatid segregation, regulation of mitotic nuclear division, DNA-templated DNA replication, and regulation of nuclear division. The cellular composition was mainly enriched in condensed chromosomes, chromosomal regions, chromosomes, centromeric regions, condensed chromosomes, centromeric regions, kinetochores, outer kinetochores, CMG complexes, DNA replication pre-initiation complexes, spindles, and mitotic spindles. The molecular functions were mainly enriched for microtubule motor activity, microtubule binding, cytoskeletal motor activity, single-stranded DNA helicase activity, hormone activity, tubulin binding, serine-type endopeptidase activity, sodium-ion transmembrane transporter activity, peptidase inhibitor activity, and DNA helicase activity. The KEGG pathways were mainly enriched in the cell cycle, neuroactive ligand–receptor interaction, motor proteins, bile secretion, pancreatic secretion, Fanconi anemia pathway, cytokine–cytokine receptor interaction, drug metabolism-cytochrome P450, oocyte meiosis, and the cAMP signaling pathway. The results of the functional enrichment analysis are shown in Figures 6A–D. Detailed information on the functional enrichment analysis is provided in Supplementary Table S2.

[image: Four scatter plots show pathway enrichment analysis results. Each plot has pathways on the y-axis and p-values on the x-axis. Dot color represents adjusted p-value, and size represents count. Plot A shows GO-BP pathways related to nuclear division. Plot B displays GO-CC pathways like mitotic spindle. Plot C indicates GO-MF pathways such as DNA helicase activity. Plot D highlights KEGG pathways including the cell cycle.]
Figure 6 | Functional annotation and pathway enrichment analysis of differentially expressed genes in LUAD cohort. (A) GO functional annotation (BP, biological processes). (B) GO functional annotation (CC, cellular composition). (C) GO functional annotation (MF, Molecular functions). (D) KEGG pathway enrichment. (GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes).




3.5 Correlation analysis between RFC4 and immunostimulators and immunoinhibitors

The detail results of the correlation analysis between RFC4 and the immunostimulators were listed in Supplementary Table S3 and shown in Figure 7A. In our study, 43 immunostimulators were selected for correlation analysis. RFC4 expression was positively correlated with 14 immunostimulatory factors and negatively correlated with 13 immunostimulatory factors. We used GSVA to evaluate the correlation between RFC4 and immunostimulators and provided a correlation coefficient indicator called GSVA.Meta, which reflects the GSVA results. The GSVA results showed that RFC4 was negatively correlated with GSVA.Meta (rho=−0.164, P<0.001). Based on these results, we inferred that RFC4 mainly altered the TIME by suppressing the expression of immune-stimulatory factors.

[image: Bar graphs show correlation coefficients of various genes with GSVA scores. Chart A has a correlation of 0.16 and significant p-value of 0.000, while chart B has a correlation of 0.07 and p-value of 0.122. Genes are color-coded by p-value significance, with sized circles representing correlation strength.]
Figure 7 | Correlation analysis between RFC4 and immunostimulators and immunoinhibitors. (A) Correlation analysis of 43 immunostimulators with RFC4. (B) Correlation analysis of 23 immunoinhibitors with RFC4. (Correlation analysis was conducted using Pearson’s method. The numbers on the right side of each line represent the statistical significance of the correlation coefficient, that is, the P value. cor1: the abbreviation of the correlation coefficient).

Similarly, 23 immunoinhibitors were selected for the correlation analysis. The detail results were listed in Supplementary Table S4 and shown in Figure 7B. RFC4 expression was positively correlated with the expression of 10 immunosuppressive factors and negatively correlated with the expression of two immunosuppressive factors. The GSVA results showed that RFC4 was negatively correlated with GSVA.Meta, with no statistical significance (rho=−0.068, P=0.122).




3.6 Relationship between RFC4 and immune cell infiltration

To evaluate the discriminative potential of RFC4 for TIME and its applicability in immunotherapy in patients with LUAD, a correlation analysis between 22 immune cells and RFC4 was conducted using CIBERSORT, and results were shown in Figure 8A; Supplementary Table S5. Among them, T cells CD4 memory resting, mast cells resting, dendritic cells resting, monocytes, macrophages M2, and plasma cells were negatively correlated with RFC4 gene with significance, while T cells gamma delta, mast cells activated, T cells CD4 memory activated, macrophages M0, T cells follicular helper, T cells CD8, macrophages M1 were positively correlated with RFC4 gene with significance. The infiltration of 22 types of immune cells between RFC4High group and RFC4Low group was shown in Figure 8B. With median expression value of RFC4, our results showed that NK cells resting, macrophages M0, macrophages M1, mast cells activated, T cells CD4 memory activated, T cells CD8 and T cells follicular helper had more infiltration in the RFC4High group, while plasma cells, dendritic cells resting, mast cells resting, monocytes and T cells CD4 memory resting had more infiltration in the RFC4Low group. Furthermore, we regrouped immune cells into four categories, and dendritic cells, macrophages and mast cells showed the most significant differences between the RFC4High group and RFC4Low group, as shown in Figure 8C. Immune cell infiltration in different RFC4 groups and LUAD samples is shown in Supplementary Figures S1A, S1B.

[image: Panel A displays a lollipop graph showing correlation coefficients of various immune cells, color-coded by p-value and correlation strength. Panel B features boxplots of tumor microenvironment (TME) cell composition comparing low and high groups. Panel C compares cell composition in different groups with individual boxplots for dendritic cells, lymphocytes, macrophages, and mast cells, indicating significant differences with p-values.]
Figure 8 | Analysis of tumor-infiltrating immune cells changes in different RFC4 status in LUAD cohort via CIBERSORT. (A) Correlation analysis of 22 immune cells with RFC4. (B) Differential analysis of immune cell infiltration between RFC4High group and RFC4Low group. (C) Four categories tumor-infiltrating immune cells between RFC4High group and RFC4Low group. (Correlation analysis was conducted using Pearson’s method. The numbers on the right side of each line represent the statistical significance of the correlation coefficient, that is, the P value. cor1: the abbreviation of the correlation coefficient). "*":<0.05, "**":<0.01, "***":<0.001 and "****":<0.0001.

The ESTIMATE analysis revealed that cancer tissues in the RFC4High group had lower stromal scores, lower immune scores, lower ESTIMATE scores, and higher tumor purity than those in the RFC4Low group, as shown in Figures 9A–D. Correlation analyses between RFC4 expression levels and stromal, immune, ESTIMATE, and tumor purity from ESTIMATE are shown in Figure 9E. Among them, stromal, immune and ESTIMATE scores were negatively correlated with RFC4 expression, whereas tumor purity was positively correlated with RFC4 expression.

[image: Six-panel figure illustrating statistical data. Panels A to D show violin plots comparing StromalScore, ImmuneScore, ESTIMATEScore, and Tumor Purity across two groups (Low and High), with statistical details such as T-values and confidence intervals. Panels E(a-d) present scatter plots showing the correlation between these scores and RFC4, displaying negative correlation for Panels E(a-c) and positive correlation for Panel E(d), with significance values indicated.]
Figure 9 | Analysis of tumor-infiltrating immune cells changes between RFC4High group and RFC4Low group in LUAD cohort via ESTIMATE. (A) Stromal scores. (B) immune scores. (C) ESTIMATE scores. (D) Tumor purity. (E) Correlation analysis between RFC4 and stromal scores (a), immune scores (b), ESTIMATE scores (c) and tumor purity (d). Independent sample t-tests were used for the analysis of differences between groups in (A–D). Correlation analysis was conducted using Pearson’s method in (E).




3.7 Potential function prediction of RFC4

We downloaded 14 gene sets with common cancer-related functions from CancerSEA (http://biocc.hrbmu.edu.cn/CancerSEA/goDownload) and used GSVA to predict the RFC4 function (27). Except epithelial-mesenchymal transition (EMT) and metastasis, RFC4 was widely involved in other biological processes, including angiogenesis, apoptosis, cell cycle, differentiation, DNA damage, DNA repair, hypoxia, inflammation, invasion, proliferation, quiescence and stemness, as shown in Figure 10. Among them, RFC4 has the strongest positive relationship with cell cycle, DNA repair and DNA damage, indicating that RFC4 was mainly involved in these biological processes.

[image: Bar chart showing correlations of various biological processes with correlation coefficients on the x-axis. Processes include Cell Cycle, DNA repair, and others. Bars indicate correlation strength by size and color, with p-values represented by color: orange for less than 0.001, blue for less than 0.01, green for less than 0.05, and gray for more than 0.05.]
Figure 10 | Potential Function Prediction of RFC4. (Correlation analysis was conducted using Pearson’s method. The numbers on the right side of each line represent the statistical significance of the correlation coefficient, that is, the P value. cor1: the abbreviation of the correlation coefficient).





3.8 Prediction of immunotherapy efficacy of RFC4 in LUAD

TIDE predicted the efficacy of RFC4 in immunotherapy, as shown in Figures 11A–D. The RFC4High group showed a higher response rate to immune therapy than the RFC4Low group. Lower TIDE scores were observed in the RFC4High group, indicating higher immune sensitivity and increased patient benefit from ICIs treatment. Moreover, high RFC4 expression levels were correlated with lower dysfunction and higher exclusion. Furthermore, high RFC4 expression levels were correlated with higher MDSC, higher CAF, higher CD8 scores and lower TAM.M2 and lower IFNG scores. Thus, high RFC4 expression levels were correlated with better immunotherapy sensitivity in patients with LUAD.

[image: Panel A shows a bar graph of TIDE values for patients, sorted by patient number, with blue and red bars indicating different responses. Panel B is a bar chart comparing responder percentages across low and high groups, with a significant chi-square statistic and p-value. Panel C is a violin plot displaying TIDE values distribution across low and high groups, highlighting box plot details within. Panel D contains multiple box plots and bar charts comparing various metrics such as dysfunction and exclusion across low and high groups, indicating statistical significance with p-values.]
Figure 11 | TIDE method predicted the efficacy of RFC4 in immunotherapy. (A) TIDE value of all TCGA samples. (B) Comparison of immune therapy response rates at different RFC4 expression levels. (C) Comparison of TIDE scores at different RFC4 expression levels. (D) Other immune therapy response prediction scores. "***":<0.001.




3.9 RFC4 protein expression in LUAD

To verify RFC4 protein expression in LUAD tissues, we analyzed IHC images from the HPA database. RFC4 protein exhibited moderate-to-strong expression in 83.33% (25/30) cases of LUAD tissues and 22.22% (2/9) case of normal tissues, and the difference was statistically significant (χ2 = 12.56, P=0.002). The IHC schematic of RFC4 protein in LUAD and normal lung tissues from the HPA database is shown in Figures 12A, B.

[image: Two circular microscope images labeled A and B, each with enlarged insets showing tissue details. Image A shows densely packed brown-stained cells. Image B displays a lighter, more spaced network of cells with minimal brown staining.]
Figure 12 | Interpretation of RFC4 in immunohistochemical staining. (A) High expression of RFC4 in LUAD cancer tissue. (B) Low expression of RFC4 in normal tissue.

In our real-world cohort, among 31 cases of LUAD tissue, 24 cases had a strong positive RFC4 expression, 7 cases had a weak positive expression, and no cases demonstrated a negative expression. In adjacent tissues, only six cases showed strong positive RFC4 expression, 10 cases showed a weak positive expression, and 15 cases showed a negative expression. Thus, the strong positive expression rate of RFC4 in LUAD tissues was 77.42% (24/31), whereas that in adjacent tissues was 19.35% (6/31), and the difference was statistically significant (χ2 = 26.329, P<0.001). An IHC schematic of RFC4 protein in LUAD and normal lung tissues from our real-world cohort is shown in Figures 13A–D.

[image: Four microscopic images labeled A, B, C, and D display tissue samples. Each panel shows varying cellular structures and arrangements, with different densities and textural patterns. The images highlight distinct histological features, possibly under different staining techniques or magnifications.]
Figure 13 | Interpretation of RFC4 in immunohistochemical staining from real-world cohort. (A) High expression of RFC4 in LUAD cancer tissue. (B) Low expression of RFC4 in LUAD cancer tissue. (C) Positive expression of RFC4 in normal lung tissue. (D) Negative expression of RFC4 in normal lung tissue.





4 Discussion

This study has made several important discoveries. First, both RFC4 mRNA and protein are overexpressed in LUAD cancer tissues, indicating a strong correlation between RFC4 and occurrence of LUAD cancer. Second, high RFC4 expression levels were associated with poor prognosis in patients with LUAD. Third, a relationship between the expression status of RFC4 and TIME remodeling was identified. Finally, patients with LUAD with high RFC4 expression levels may be more likely to benefit from immunotherapy.

In the past two decades, cancer research has significantly progressed, with targeted and immunotherapy drugs being constantly updated. The emergence of ICIs, used alone or in combination with chemotherapy, marks a milestone in the treatment of advanced LUAD (28). With the application of an increasing number of ICIs against PD-1, PD-L1, and CTLA-4, more treatment options are available and prognoses in patients with advanced LUAD has significantly improved (29). However, the current effective of immunotherapy for LUAD is still <40% (30). The response of LUAD to these therapies varies greatly, from patients with complete and long-term remission of metastatic diseases to those who rapidly progress and die from cancer despite the use of the latest ICIs. Thus, if patients with LUAD are not effectively selected, many will receive unnecessary and ineffective immunotherapy (31, 32). Unfortunately, biomarkers for predicting the effectiveness of immunotherapy in human cancer are currently lacking. Therefore, new robust markers still need to be explored to guide clinical treatment decisions about ICIs.

RFCs are composed of the following five subunits: RFC1, RFC2, RFC3, RFC4, and RFC5 (16). RFCs not only increase the affinity between DNA polymerase and primer ends, but also reduce the number of PCNAs required to activate DNA polymerase (33). The RFCs exhibit DNA-dependent ATPase activity, which is necessary to activate DNA polymerase (33). The RFC complex contains a new 5′ DNA binding site responsible for transferring the 9-1–1 heterotrimeric clamp onto DNA, playing a role in DNA break repair (34). The role of RFCs in cancer progression has attracted increasing attention (10, 35). RFCs exhibit biological activities in various malignant tumors and may play important roles in the proliferation, progression, invasion, and metastasis of cancer cells (36, 37). Until recently, the role of RFC4 in cancer progression remained underexplored or unclear. Many studies have shown that RFC4 can promote tumor progression and metastasis in lung, nasopharyngeal, hepatocellular and colorectal cancers (16, 17, 36, 37). RFC4 is a regulatory protein that is primarily present in the nucleus (38). RFC4 exists mainly in the RFC complex of DNA and participates in the formation of DNA replication complexes to initiate the replication process of DNA. RFC4 is also involved in various important cellular processes, including DNA strand extension, DNA repair, and the other important signaling pathways (39). To elucidate the mechanism of RFC4 in LUAD, we used a series of bioinformatics methods to comprehensively analyze the gene expression and clinical characteristics of RFC4 in LUAD as well as the relationship between RFC4 expression and survival, microsatellite instability, and immune infiltration.

To the best of our knowledge, this study is the first to investigate the expression levels of RFC4 in cancer and normal tissues using the TCGA, GEO, and HPA databases. RFC4 expression was significantly upregulated in LUAD, which is consistent with its expression in other cancers (10, 16, 36). Thus, RFC4 may be involved in LUAD development and may be an important genetic diagnostic marker for LUAD. Interestingly, the increase in RFC4 expression was highly correlated with the mortality status of patients with LUAD, with RFC4 expression significantly elevated in deceased patients. Further survival analysis suggested that a high RFC4 expression level was an important prognostic factor. Unfortunately, we did not observe any correlation between RFC4 expression levels and tumor staging, nor were they associated with clinical features such as gender, age, and smoking status. Based on these results, RFC4 may be a potential prognostic biomarker of LUAD, providing a new targeted therapy strategy for the treatment of LUAD.

Changes in TIME are important features of tumors, which are highly correlated not only with cancer prognosis but also with tumor response to immunotherapy (40, 41). Several types of immunotherapies, including adoptive cell transfer and ICIs, have achieved long-lasting clinical responses, with the core mechanism of reshaping the TIME, enhancing tumor response to immunotherapy, and promoting tumor cell apoptosis (41). However, the high heterogeneity and dynamism of TIME hinder the precise isolation of immune cells within tumors, making it difficult to comprehensively analyze cancer prognosis. To further investigate the potential value of RFC4 in LUAD, we explored the correlation between RFC4 expression, immune cell infiltration and immunomodulators.

Among the selected immunostimulators, RFC4 expression was positively associated with 14 immunostimulatory factors and negatively correlated with 13 immunostimulatory factors. These results hindered the understanding of the role of RFC4 as an immunostimulator. Therefore, to clarify and summarize the results, we used GSVA to predict the gene set of immunostimulators. The GSVA results showed that RFC4 was negatively correlated with GSVA.Meta (rho=-0.164, P<0.001). The same method was applied to immune inhibitors. The GSVA result showed that RFC4 was negatively correlated with GSVA.Meta with no statistical significance (rho=-0.068, P=0.122). Based on these results, we inferred that RFC4 mainly alters the TIME by suppressing the expression of immune stimulatory factors. The dual positive/negative correlations between RFC4 and immunostimulators (as shown in Figure 7A) suggest that the mechanism by which RFC4 regulates the TIME is very complex. TIME is a complex system with highly precise regulatory mechanisms, and complex crosstalk with stromal components may be key to maintaining the orderly operation of these complex components (42, 43). A focused study on how RFC4 simultaneously suppress and activate immune pathways is required.

In addition, although the bioinformatics results were robust, the biological implications of RFC4 overexpression in LUAD remain unexplored. The present study is an exploratory study; therefore, we cannot yet determine the mechanism by which RFC4 affects the TME, which requires further research. In our preliminary results, RFC4 expression was positively correlated with PD-L1(CD274, as shown in Figure 7B), but not with CTLA-4 expression. We speculated that RFC4 might be related to PD1/PD-L1 pathway. Although the GO/KEGG analyses highlight the association of RFC4 with DNA repair and cell cycle pathways, direct mechanistic links to immune evasion (e.g., via PD-L1 regulation or antigen presentation) remain speculative. Therefore, our future study will verify the effect of RFC4 on PD-L1 expression through overexpression or knockdown, demonstrate the direction of gene regulation, and clarify whether RFC4 is a driver or consequence of immune evasion. The RFC4/NOTCH1 signal feedback loop was identified and revealed the mechanism of RFC4 promoting NSCLC metastasis and stemness, indicating its therapeutic and diagnostic/prognostic potential for NSCLC treatment (17).

With breakthroughs in tumor-related immunosuppressants and immunostimulants, ICIs have been widely used in tumor immunotherapy and have achieved significant and encouraging results. ICIs targeting PD-1/PD-L1 have been approved for the treatment of various malignant tumors, including melanoma, lymphoma, LC, and many other cancers. Therefore, speculating that RFC4 expression may regulate the infiltration level of tumor immune cells and the immune response, ultimately affecting the prognosis of patients with cancer, is reasonable. To verify this hypothesis, we employed two methods to explore the impact of RFC4 expression on immune cell infiltration into the TME. Using the CIBERSORT algorithm, we found that T cells CD4 memory resting, mast cells resting, dendritic cells resting, monocytes, macrophages M2, and plasma cells were negatively correlated with RFC4 gene with significance, whereas T cells gamma delta, mast cells activated, T cells CD4 memory activated, macrophages M0, T cells follicular helper, T cells CD8, macrophages M1 were positively correlated with RFC4 gene. Using the ESTIMATE algorithm, we observed that cancer tissues in the RFC4High group had lower stromal and immune scores, lower ESTIMATE scores, and higher tumor purity. Based on the above analysis results, we confirmed that RFC4 played an important role in reshaping TIME. Therefore, the targeted regulation of RFC4 expression may alter the TIME of patients with LUAD and achieve better immunotherapy outcomes. Immunotherapy predictions further confirmed our hypothesis. In the TIDE algorithm, lower TIDE scores were observed in the RFC4High group, indicating higher immune sensitivity and increased patient benefit from ICI treatment. Moreover, high RFC4 expression levels were correlated with lower dysfunction and higher exclusion. Furthermore, high RFC4 expression levels were correlated with higher MDSC, CAF, and CD8 scores and lower TAM.M2 and IFNG scores. In tumors with a high infiltration of immune cells, dysfunctional effector toxic T cells can effectively kill tumor cells; however, their function is suppressed for some situation. Lower dysfunction and higher exclusion indicated that the cancer environment is more suitable for immunotherapy.

Our study also predicted the impact of RFC4 on 14 biological functions in common cancers. RFC4 is widely involved in other biological processes, including angiogenesis, apoptosis, cell cycle, differentiation, DNA damage, DNA repair, hypoxia, inflammation, invasion, proliferation, quiescence and stemness. According to previous reports, RFC4 is mainly related to DNA replication and repair, and our research yielded similar results, indicating that our prediction results have highly accurate (11, 37, 39). The manner by which RFC4-driven DNA replication/repair processes intersect with immune evasion requires further investigation. In most cancer tissues, the expression of DNA replication/repair genes is high (44), which may reflect the proliferative properties of cancers. High expression of DNA replication/repair genes is commonly a passive physiological state, although it is crucial for maintaining genomic stability. Genomic instability is a hallmark of cancer cell differentiation from normal cells (45). Genomic instability is an important genetic feature of changes in the TIME (46). In the presence of ATP, RFC4 can assemble PCNA and DNA polymerase δ onto a template using primers, thereby effectively extending the DNA replication strand. This process is essential for DNA replication and repair. Therefore, RFC4 expression was highly correlated with DNA repair.

Our findings strengthen the idea that high RFC4 expression levels were associated with poor prognosis in patients with LUAD. From the perspective of bioinformatics analysis, RCF4 alters tumor prognosis by reshaping the TIME, and targeted inhibition of RCF4 may be a promising new strategy for the treatment of LUAD. Our study has some limitations. First, our study was based only on the TCGA and GEO databases and should be validated in clinical cohorts in the future. Second, our study relied on TIDE scores to predict immunotherapy response but lacked experimental validation. In the future, a real-world cohort should be collected to verify whether RFC4 expression correlates with immunotherapy responses. Third, our study identified RFC4 as a potential therapeutic target but did not provide functional validation. In the future, silencing (shRNA/CRISPR) or overexpression of RFC4 in LUAD cell lines could be used to examine its impact on tumor growth, immune evasion, drug sensitivity, and cytokine expression. Fourth, the biological function of RFC4 protein expression in LUAD cells should be experimentally validated. Further exploration of the factors and upstream and downstream signaling pathways that regulate RFC4 in vivo is required. Finally, the biomarkers currently established, such as PD-L1 expression and tumor mutation burden, have shown very optimistic predictive value in immunotherapy (47, 48). It is still unclear whether RFC4 can provide additional predictive value compared with PD-L1 expression and tumor mutation burden. Further exploration is required in real-world cohorts.




5 Conclusion

RFC4 may be a promising biomarker for tumorigenesis and could effectively predict immunotherapy response in LUAD. RCF4 altered tumor prognosis by reshaping the TIME, and targeted inhibition of RCF4 may be a promising new strategy for the treatment of LUAD.
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Novel cellular therapies have shown practice changing results in a range of hematologic malignancies, though success against solid tumors has been limited. Key factors limiting success of these therapies against solid tumors are homing to the site(s) of disease, engraftment, maintenance of function, and persistence. The inhospitable tumor microenvironment appears to provide barriers at every step of this process. The liver, a unique organ with diverse immunoregulatory functions, is a common site for metastatic disease from solid cancers of the gastrointestinal (GI) tract. Although the complex interplay between hepatocytes, circulatory and tissue resident immune cells, and the enterohepatic circulation has been investigated for some time, many unanswered questions about the immunobiology of the liver remain. More so, novel imaging techniques provide unparalleled insight into these interactions and shed light on these complex processes that can lead to an improved understanding of the tumor microenvironment in the liver and opportunities for improving homing of cellular therapy against liver tumors. In this review, we will provide a focused assessment of this burgeoning field and focus on the emerging tools for studying homing of these therapies and how they may be enhanced to better treat liver metastases.
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1 Introduction

The use of autologous chimeric antigen receptor (CAR) T cells has revolutionized the treatment of select hematologic malignancies. The success of CAR T therapy in these B-cell malignancies has sparked investigation into their use in solid tumors. Among gastrointestinal tumors, CAR T cells targeting claudin 18.2 has arisen as one of the most promising therapies against advanced or metastatic disease. Recent long-term results from a Phase I/II clinical trial investigating CAR T cells against claudin 18.2 for advanced GI tumors showed a 39% overall response rate among the 98 patients treated, though there were different cohorts undergoing different treatment sequencing and immunotherapy adjuncts. However, it is notable that the investigators detected significantly worse outcomes in patients with liver metastases (median PFS 3.9 months versus 7.1 months) (1). This observation may highlight unique features of the liver and show how CAR cell therapy may function differently within this organ. Several clinical trials are underway (Table 1) aiming to treat advanced GI malignancies with cellular therapy and with different augmentation strategies.

Table 1 | Ongoing clinical trials investigating cellular therapies for advanced gastrointestinal malignancies.
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The liver contains a diverse repertoire of immune and non-immune cells including liver sinusoid endothelial cells (LSEC), hepatic stellate cells, hepatocytes, Kupffer cells (KCs), monocyte-derived macrophages, myeloid-derived suppressor cells (MDSCs), natural killer (NK) cells, neutrophils, and T lymphocytes. These cell populations have broad and often opposing roles within the context of liver metastases. For example, Kupffer cells and monocyte-derived macrophages can demonstrate anti-tumor effects through direct phagocytosis of cancer cells, the production and pro-inflammatory cytokines such as TNF-a and the recruitment of cytotoxic T lymphocytes and NK cells (2). However, these same cells also demonstrate pro-tumorigenic actions. KCs have been shown to participate in the pre-metastatic niche formation (3), production of various cytokines and tumorigenic growth factors including IL-6, hepatocyte growth factor (HGF), vascular endothelial growth factor (VEGF), and matrix metalloproteinases (MMP) (2, 4), while monocyte-derived macrophages can be polarized to M2 where they also secrete growth factors such as VEGF (5), and induce regulatory T cells which can inhibit cytotoxic T cells via IL-10 and TGF-b (6). This diverse and highly complex environment is further complicated in the context of cellular therapies such as CAR T, where the interplay between these therapeutic cells and the liver milieu are less understood. Given the limited ability of CAR T cell therapy to successfully treat solid tumors metastatic to the liver, further insights into the unique nature of liver metastases and how CAR cells may, or may not, be homing and functioning within the tumor-bearing liver are needed.




2 Liver metastases from gastrointestinal cancers

Malignancies of the GI tract represent some of the most common cancers in the United States and globally (7, 8). These include malignancies of the colon, esophagus, pancreas, rectum, and stomach with the most common histology being adenocarcinoma. Similar across these disease sites is the prevalent rate of liver metastases from the primary tumor (9). Observational data from the SEER database indicate that about 5% of patients present with synchronous liver metastases at the time of their diagnosis. Malignancies with the highest rate of synchronous liver metastases are cancers of the pancreas (36%), colon and rectum (27%), small bowel (15%), stomach (14%), and esophagus (14%) (10). Among all age groups, the highest incidence of liver metastases at diagnosis was among patients with cancers of the pancreas, colon and rectum. Better treatment of liver metastases is therefore a critical and urgent unmet need.

The current approach to treating liver metastases from GI cancers is mainly based on the primary cancer site. Treatment may include systemic therapy, radiation, or resection, though this depends on the extent of disease. In colorectal cancer, management of isolated liver metastases focuses on resection or other regional therapies such as radiofrequency ablation, arterial directed therapies, and selective internal radiation. Results from a large, multi-centered randomized clinical trial showed no improvement in overall survival (OS) when adding systemic chemotherapy to resection compared to resection alone in the management of colorectal liver metastases (median OS 61.3 months vs. 54.3 months) (11). This is in contrast to pancreas cancer where systemic chemotherapy is standard for patients with metastatic disease, and small case series investigating the role of simultaneous pancreas and liver resection in well-selected patients with low volume liver metastases identified no difference in OS compared to patients receiving palliative bypass without curative surgery and adjuvant chemotherapy (12). Apart from systemic therapy, and unique to the management of liver metastases, is the role of liver-directed, regional therapies. This was recently highlighted in the management of pancreatic cancer with limited liver or lung metastases where patients were randomized to chemotherapy or chemotherapy with targeted radiation to the metastatic sites and investigators detected improved PFS in the group receiving metastasis-directed RT (13). More so, these investigators analyzed patient peripheral blood and identified changes in circulating immune cells and cytokines that were positively associated with better PFS, highlighting the role of the immune system as a putative mediator of the anti-tumor effects following regional RT.




3 Liver homing of systemic cellular therapies

In the initial report of the clinical efficacy of the autologous CD19 CAR T therapy, CTL019 (tisaganleucel), for CD19+ lymphoid malignancies (14), responders had a median peak expansion of the cell therapy product at 8 days and 14/16 responders had consistently detectable levels of CTL019 DNA in their peripheral blood between 6 and 24 months after infusion. While peripheral blood is frequently the source for measuring CAR cell persistence in hematologic malignancies, peripheral blood may not be the most representative source for CAR cell persistence and function in the setting of solid tumors. Detecting the presence of CAR cells within a tumor-bearing solid organ is a challenging clinical issue and is either completed using a biopsy or requires investigation at autopsy. An earlier Phase I safety trial evaluating a second-generation CD19 CAR T cell therapy against B-cell leukemias investigated CAR T cell presence in other tissue sites following patient death. In a patient with CLL, researchers evaluated tumor contained within the lymph nodes, liver and bone marrow and identified the presence of these modified cells 44 hours after CAR T infusion (15). These data suggest that CAR T cells can home to sites of disease when given systemically. However, although CAR T cells can traffic to solid organs and tissues, it is not clear what effect infiltration into solid organs and tumors has on CAR T cell function. While there is an association between persistence of the cell therapy product and improved long term clinical outcomes (16), this does not appear necessary to prevent disease relapse. Additionally, relapse can still occur in the presence of persisting CAR T cells. In a recent review investigating long-term outcomes after CAR T therapy for hematologic malignancies, researchers cite various examples where durable responses have occurred in patients with no long-term evidence of CAR T persistence, and the setting where disease recurs while CAR T cells remain detectable (17). Using techniques to maximize homing of the cell therapy to sites of disease may lead to increased function and persistence by placing the CAR in proximity to the intended antigen. While these data show that systemically administered CAR cells can home to the liver, the larger question is whether this represents passive circulation of the CAR T cells through a highly vascular organ, or rather an active process where the CAR T cells preferentially traffic to the liver based on antigen recognition, chemokine or cytokine gradients, or some other pro-infiltrative signal.




4 PET imaging for tracking cellular therapies

Positron emission tomography (PET) is a nuclear medicine imaging technique that utilizes radioactive tracers to track both typical and atypical metabolic activity. PET/CT is commonly used for staging, assessment of therapeutic responses, and surveillance for different cancer types, including GI malignancies (18). The most commonly used PET radiotracer is 2-deoxy-2-[18F] fluorodeoxyglucose ([18F]FDG) which identified tissues with elevated glycolysis by radiotracer uptake. PET imaging can also be used to track cellular therapies in vivo. Techniques for tracking CAR cell therapy have been driven in large part due to advances in novel PET imaging probes. These technologies have allowed researchers to evaluate the variables of time and dose as a function of CAR homing and persistence, however these studies can be limited by the short half-life of these tracers. In one such study, investigators used CD19-tPSMA CAR T cells tagged with 18-fluorinated-DCFPyL against an acute lymphoblastic leukemia (ALL) mouse model to characterize CAR T durability and persistence (19). While the CAR T cells homed to tumor and had a profound anti-tumor effect, CAR T infiltration into tumor did not correlate with the concentration of CAR T cells within the peripheral blood or bone marrow, suggesting that peripheral blood levels may not represent what’s occurring within the sites of disease. These results highlight the challenges in using peripheral blood as a surrogate in solid tumors.

Other PET-based imaging modalities are also being investigated to track cellular therapies in vivo. Immuno-positron emission tomography (ImmunoPET) is increasingly used in cellular therapies by combining the specificity of monoclonal antibodies with the high sensitivity and resolution of PET through utilizing radiolabeled antibodies and antibody fragments. These immunoPET probes such as the 89Zr-DFO anti-ICOS tracer have been used to track human CAR T cells in vivo (20). Other strategies include Immuno-PET/SPECT imaging which combines immunoPET with single-photon emission computed tomography (SPECT) to track CAR T cell therapies within solid tumors. This method has also been demonstrated to detect CAR T distribution, engraftment, and clearance within the setting of solid tumors (21). While these antibody-based imaging strategies have shown to be quite advantageous, the choice of antibody conjugation strategy and radionuclide half-life can determine the effectiveness of these methods and are important considerations when designing these experiments. The goal of these imaging techniques is to further enhance our understanding of cellular therapy in the setting of solid tumors and give insight into how to better improve these therapies. Various avenues have been investigated in order to improve these cellular therapies including route of administration, as well as enhancement with immunomodulatory agents such as radiation therapy and cytokines.




5 Regional administration to enhance liver homing

In clinical practice certain regional therapies have exploited the unique vasculature of the liver. This is most notable with the use of hepatic artery infusion therapy that utilizes high potency chemotherapeutics instilled directly into the hepatic artery to target liver metastases. Since the chemotherapy undergoes rapid first-pass metabolism in the liver, the agents can deliver targeted doses of chemotherapy to the liver before entering the systemic circulation via hepatic venous outflow as an inert chemotherapy byproduct. Several prior studies have clearly demonstrated that liver metastases are preferentially fed by the hepatic arterial system, as compared to the portal venous system. More so, pre-clinical studies have shown that higher concentrations of active chemotherapy are detected within liver tumors when the chemotherapy is administered via the hepatic artery compared to the portal vein (22). While these observations make a clear case for utilizing the hepatic arterial system for infusion of high potency chemotherapy, portal venous infusion appears to be the preferred route of administration for islet cell transplantation for the treatment and prevention of diabetes (23). While the reason for this observation remains unknown, those prior investigators posited that it may be related to relative ischemia at the end arterioles limiting islet cell survival and persistence. Nonetheless, there appears to be relevant differences between these two vascular systems in how the inflow arrives and is metabolized within the liver parenchyma, and this may be especially true when dealing with a cellular therapy.



5.1 Hepatic artery and portal vein delivery

Hepatic artery infusion therapy has been used for decades with favorable results (24). While this platform is most frequently utilized to deliver high-dose chemotherapy directly to liver tumors, new treatment options have arisen with the advent of novel therapies, including immunotherapy and cellular therapy. More recently, CAR T cells targeting the CEA antigen have been administered via the hepatic artery without or with systemic interleukin (IL)-2 support to target GI cancers metastatic to the liver. In a phase I trial of 8 patients, investigators showed the safety and feasibility of CAR T infusion into the hepatic arterial system for unresectable liver metastases from diverse GI malignancies (25). Investigators also collected a targeted and non-targeted liver biopsy at the time of the third CAR T infusion and evaluated the persistence of the product. The authors noted that nearly 1% of the normal liver mononuclear cells were CAR+ and 6.6% of the intratumoral mononuclear cells were CAR+, suggesting at least some preferential homing to the site of disease. Additionally, in four of the patients CAR T cells were not detectable in peripheral blood, suggesting that either the cell therapy product does not consistently enter systemic circulation, or that there is poor persistence of the cells within the periphery.

While most current CAR T or CAR NK studies are not utilizing regional therapy, prior investigators examined the effect of infusing lymphokine activated killer (LAK) cells into the liver for treating metastases from various primary sources. Using peripheral blood mononuclear cells exposed to IL-2 in vitro, LAK cells were generated and administered. Investigators delivered LAK cells into either the portal vein or hepatic arterial system in patients with liver metastases from melanoma (26). In a subset of patients, these LAK cells were radio-labelled and followed in vivo with imaging. In vivo distribution was monitored 24 and 120 hours after infusion and showed that over 80% of the radioactivity remained in the liver while the remainder of the radioactivity was in the spleen. This observation was noted to be similar between portal venous and hepatic arterial administration at both timepoints. The authors did not report a difference in anti-tumor effect between these two routes. While these results do not show a difference in homing between the route of regional delivery, it does support regional delivery as a technique to maximize cellular engraftment into the liver when targeting liver metastases.




5.2 Technique and safety of regional delivery

The dual blood supply to the liver allows administration of regional therapies via either the hepatic arterial or portal venous systems. For both routes, direct and indirect access are possible. Access to the portal vein is commonly performed via either image-guided percutaneous venous access (often trans-hepatic) or direct needle cannulation at the time of surgery. Access to the hepatic arterial system is commonly performed via selective cannulation following peripheral arterial access, image-guided percutaneous arterial access, or through a hepatic arterial infusion device placed during a surgical procedure. For percutaneous portal vein access, most experience is from trans-jugular intrahepatic portosystemic shunt (TIPS) and islet cell transplantation. In a large series from Japan investigating complications after transhepatic portal vein access, the overall complication rate was 16.5% (bleeding, pleural effusion, bile leak, liver dysfunction), highlighting that bleeding is the most common complication (27). In a more contemporary series of surgical portal vein access for islet cell transplantation following total pancreatectomy, investigators measured a post-operative portal vein thrombosis rate of 6.6% (12/183), with most resolving after anti-coagulation therapy (28). This low thrombosis rate may be related to the large size and high flow volumes of the portal vein and support the safety of direct access during surgery.

Hepatic arterial access is most often completed using selective cannulation or through placement of a hepatic arterial infusion (HAI) device. Selective cannulation is a common technique and is most often utilized for trans-arterial embolization (TAE) for primary liver tumors. In one large study of nearly 5000 hepatic artery catheterizations for TAE, the incidence of arterial dissection of the celiac or its major branches was only 1.3% (61/4791) (29). This approach appears safe, but typically only allows for single treatment sessions. HAI therapy, where a permanent catheter is placed into a major hepatic arterial branch, allowing for continuous infusions and has been used for decades. In a large single-center series evaluating complications in HAI pump placement, the overall complication rate was 22% (120/544) with hepatic arterial thrombosis having occurred in 33 patients (6% total rate) (30), Notably, this thrombosis rate is similar to the portal venous thrombosis rate in the prior study. These results highlight the overall safety of these interventions however, it is important to note that these low complication rates were reported in high-volume centers with significant institutional experience in these procedures.





6 Radiation and cytokines to enhance liver homing

Radiation therapy (RT) has well established benefits in the multimodality management of solid tumors. RT has also been shown to demonstrate a variety of immunomodulatory effects on tumors and is now being investigated for its ability to enhance the engraftment and function of CAR therapies (31, 32). While there are currently few clinical studies investigating the combination of RT with CAR therapies, there is good evidence demonstrating the synergistic effects and enhanced antitumor efficacy with other immunotherapies such as PD-1/PD-L1 blockade (33). RT represents an additional locoregional strategy to improve cellular therapy against solid tumors, specifically cancers of the GI tract.

It has recently been shown that RT has a variety of immunomodulatory effects including direct effects on the tumor microenvironment (34, 35). It has also been shown to improve immune cell homing into the tumor via modulation of endothelial adhesion molecules intracellular adhesion molecule 1 (ICAM-1) and vascular-cell adhesion molecule 1 (VCAM-1), facilitating increased adherence and extravasation of lymphocytes out of circulation and into the tumor (36, 37). RT has also been shown to mediate increased T cell infiltration by inducing T cell attracting chemokines such as CXCL9, CXCL11, CCL5, and CCL8 in tumor cells (38, 39). Furthermore, the combination of RT with CAR T therapy has demonstrated increased CAR T infiltration into tumors with increased efficacy in a number of preclinical studies of GI malignancies. Amit and colleagues demonstrated that proton radiation boosts efficacy of CAR T therapy against pancreatic cancer. Using an orthotopic pancreatic cancer model, investigators treated mice with RT and subsequently injected mesothelin targeted CAR T cells (40). Not only did they observe an increase of CAR T infiltration into tumors but also saw an increase in tumor mesothelin expression following RT, further augmenting CAR-mediated antitumor responses. In a similar pancreatic cancer model, investigators showed that RT in combination with CAR T therapy increased CAR T efficacy and increased antigen-negative tumor susceptibility to CAR therapy (41). Jin and colleagues exploited radiation-induced IL-8 expression from tumors by utilizing CAR T cells expressing IL-8 receptors (CXCR1 or CXCR2). This resulted in enhanced migration and persistence of the CAR T cells in the tumor and was accompanied by tumor regression in pre-clinical models of pancreatic cancer (42). These pre-clinical studies demonstrate that combining RT with CAR T could enhance CAR T trafficking and have synergistic antitumor effects. In the context of GI liver metastases, RT can be directed specifically towards the liver and represents a promising modality to enhance the efficacy of cellular therapy towards solid tumors.

Cytokines represent an additional strategy by which to enhance the homing, engraftment, function, and persistence of CAR T therapy within solid GI tumors. While cytokine administration, namely IL-2, has historically been shown to have anti-tumor activity on their own (43), they are becoming increasingly used within the context of cellular immunotherapy, either via systemic administration or encoded within the cellular product to enhance therapeutic efficacy. In the context of CAR T therapy, 4th generation CARs or TRUCKs (T cell Redirected Universal Cytokine-mediated Killing) are being developed that secrete cytokines to signal in an autocrine fashion for increased efficacy and anti-tumor activity (44). Examples of cytokines currently under investigation include IL-2, IL-7, IL-12, IL-15, IL-18, IL-21, among others (45–50). There are also a number of clinical trials that are investigating cytokine-armored CAR T therapies for solid GI malignancies including IL-12, IL-15/IL-21, IL-7, CCL19 (NCT02498912, NCT06198296, NCT05035407). Allen and colleagues engineered CAR T cells with a synthetic Notch receptor which secrets IL-2 upon tumor recognition. In orthotopic PDAC models using immunocompetent mice, these authors demonstrated that the addition of the IL-2 circuit to the CAR T not only enhanced anti-tumor efficacy but specifically increased the infiltration of CAR T cells into the tumors, demonstrating the importance of cytokines in CAR T infiltration into solid tumors (46). Chemokine gradients have also been investigated to enhance the trafficking of CAR T therapies to solid tumors. Wang and colleagues developed an anti-mesothelin CAR T that co-expresses the chemokine receptor CCR2b for treatment of preclinical models of non-small-cell lung carcinoma which demonstrated superior tumor infiltration compared to the Msln-CAR alone (51). This demonstrates translational potential to liver tumors as CCR2 has been shown to be involved in multiple stages of liver pathology including tumor progression (52). Thus, cytokines represent a promising strategy for enhancing the trafficking and function of CAR T therapy to solid tumors, specifically GI malignancies. While combination of CAR T therapy with strategies such as RT and cytokines do represent great promise for enhancing the efficacy of CAR T therapy against solid tumors, it is important to acknowledge the limitations of these strategies, primarily the safety of these methods. CAR T therapy alone has well documented risks of cytokine release syndrome and neurotoxicity and when combined with RT and/or cytokines which also have individual risks of toxicities, it’s important to be cognizant of these risks and develop strategies that aim to mitigate these toxicities.




7 Conclusion

Chimeric antigen receptor therapies have revolutionized the treatment of hematological malignancies, but there is still much work to be done in optimizing these therapies for solid tumors. Several techniques are being investigated to optimize cell therapy function (Figure 1). Fundamental barriers to their success in solid tumors include homing, engraftment and persistence within the organ of disease. The liver is a common site of metastasis of GI malignancies and provides a unique opportunity to investigate the complex interactions between the host immune system, tumor microenvironment and cellular therapies. Novel liver-directed therapies are needed to improve cellular therapies in the context of GI liver metastases. Locoregional delivery of cellular therapies via hepatic arterial infusion or portal venous infusion represent two strategies for enhancing the homing, engraftment, and persistence of cellular therapy in the liver. While these strategies have long been tested in the application of chemotherapy, they represent a promising avenue for use in the setting of cellular therapy, specifically CAR T therapy for liver-directed treatments. Radiation therapy represents a second promising approach to enhancing the engraftment of CAR T therapy into solid tumors, specifically the liver. Studies investigating the combination of RT with CAR T therapy continue to emerge and have demonstrated promising success in the preclinical setting as a method of enhancing CAR T engraftment into solid GI malignancies. Utilizing cytokines in combination with CAR T therapy represents an additional strategy for enhancing homing and function of CAR T therapy into solid tumors. Lastly, tracking cellular therapy in real time is crucial in furthering our understanding of cellular therapy in the setting of solid tumors so that we may improve our approaches. Positron emission tomography, specifically immunoPET, has emerged as an innovative method to track CAR T therapy and has potential to provide vital information regarding the successes and failures of CAR T therapy. These tools can be utilized together to shed light on the complex interactions between host immunity, cellular therapy and the tumor microenvironment thus leading to improved cellular therapy against solid tumors.
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Figure 1 | Strategies and techniques to improve cellular therapy for liver metastases of gastrointestinal (GI) origin. These include liver-directed regional therapies, combinations with external beam radiation therapy, augmenting CAR therapy with cytokines, and tracking CAR therapy using modern imaging modalities and novel probes. CAR, chimeric antigen receptor; PET, positron emission tomography; SPECT, single-photon emission computed tomography; CT, computed tomography; MRI, magnetic resonance imaging; US/PA, ultrasound/photoacoustic imaging. Created in BioRender. Purl, M. (2025) https://BioRender.com/4givi1o.
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The tumor immune microenvironment (TIME) plays a pivotal role in cancer progression, detection, and response to cancer treatments. Current knowledge of the diverse and dynamic cellular components of the TIME underscores how the immune landscape evolves in response to immunotherapy. This review highlights the importance of understanding the TIME for advancing cancer immunotherapy by integrating insights from basic biology and clinical practice with recent advances in science and technology, paving the way for more personalized cancer therapies through modern medical innovations. The cellular and molecular compositions of the TIME and the cellular interactions will be explored. Next, we summarize how the TIME is shaped by immune activation and suppression through various mechanisms of action. Immunotherapies designed to enhance host immune function are discussed in detail to visualize and quantify cellular dynamics within the TIME once treated with immunotherapy. In particular, the integration of artificial intelligence (AI) has significantly enhanced early cancer detection and diagnostics by analyzing patient samples with greater precision. The topics are structured to explore core principles, immune activation and suppression, imaging methods, current and emerging therapies, and the broader influence of the TIME on diagnosis, monitoring, and treatment strategies.
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1 Introduction

The World Health Organization (WHO) has reported roughly 9.7 million cancer-related deaths around the world and nearly 20 million cancer-related incidences in 2022 (1). Globally, lung cancer was reported as the most common cancer type and the leading cause of cancer-related deaths in 2022. Among females, it was followed by breast cancer, colorectal cancer, prostate cancer, and stomach cancer, according to the WHO and the International Agency for Research on Cancer (2). Cancerous tumors arise from mutated cells that divide uncontrollably and can migrate to form new tumors—a process called metastasis that occurs in late-stage tumor development (3–5). Many cancer types form solid tumors, although some cancers, such as leukemias, form liquid tumors (6). Each tumor type has driver genes that promote tumorigenesis by supporting signaling pathways and creating a cancer-friendly environment, posing major challenges for treatment (7). Tumors create and sustain complex pro-tumorigenic environments called tumor immune microenvironments (TIME). TIME comprises host immune cells that can contribute to tumor progression by creating an immunosuppressive environment and facilitating tumor growth and expansion (8). TIME is a continuously evolving environment that best suits the specific tumor type, surrounding cells, and environment (8, 9). Due to the complexity of the TIME, monitoring and diagnostic tests have played an important role in cancer treatment to prevent progression and manage recurrence (10) We will discuss key cell types in the TIME - T lymphocytes (T cells), natural killer (NK cells), macrophages, and dendritic cells (DCs) - that help tumors evade the immune system and the complex interactions within the TIME presenting major challenges for effective cancer treatment (8). Current TIME-targeting treatments boost the immune system or directly attack tumor cells, using approaches like checkpoint inhibitors, adoptive cell therapy, and cancer vaccines (11, 12). Treating the TIME is challenged by its complexity, heterogeneity, and tumor immune evasion, leading to resistance and reduced efficacy, especially in solid tumors (13, 14). We will explore the complex immune landscape of the TIME, highlight key immune cell types and current immunotherapies, while addressing the challenges posed by tumor heterogeneity and immune evasion in cancer treatment.



1.1 Concepts of tumor immune microenvironment

TIME is a dynamic, multifaceted ecosystem composed of tumor cells, diverse immune populations—including tumor-infiltrating lymphocytes (TILs), macrophages, DCs, and myeloid-derived suppressor cells (MDSCs), as well as non-immune stromal components such as fibroblasts and endothelial cells, all of which work together to modulate anti-tumor immunity (15, 16). Tumor-host interactions shape the TIME as tumor-derived factors (tumor-derived cytokines, growth factors, and metabolites) promote tumor survival and remodel the microenvironment, while host immune and stromal cells provide nutrients and support that influence tumor progression (17, 18). Within the TIME, tumor cells mimic the host immune system to evade attacks and shape a specialized environment, while the host immune system continuously remodels the TIME through tumorigenesis and immune evasion, promoting chronic inflammation, a hallmark of cancer progression through the innate and adaptive immune response (8, 19, 20).

During immunosuppression, the immune system limits immune cell recruitment to the TIME by dampening the overall immune response (21). Immunotherapy can reshape the TIME by overcoming immune suppression and restoring the function of anti-tumor immune cells. The TIME is shaped by immunosuppressive cytokines, chemokines, and inflammatory growth factors, along with additional suppressive signals from lymphocytes, myeloid cells, macrophages, neutrophils, fibroblasts, and vascular-associated cells (18, 22, 23). The host immune system is responsible for identifying and neutralizing non-self-materials, such as foreign antigens. However, tumors can manipulate this system to shape the TIME by selectively promoting the survival of cancer cell variants that resist, evade, or suppress the anti-tumor immune response (20, 24). This host action can lead to the “escape phase,” which is mediated by immune cell types such as regulatory T cells (Tregs) and MDSCs that are known to inhibit anti-tumor cells (3, 25). This section of the review will summarize the components of the TIME that contribute to tumor progression, including extracellular matrix (ECM) remodeling, cell recruitment, pH and hypoxic selectivity, immune suppressive environment through cytokine signaling, and shifting immune metabolism.




1.2 Extracellular matrix

Within the TIME, tumor and non-cancerous cells, immune cells, blood vessels, fibroblasts, cytokines, and growth factors all interact with the ECM to drive tumor development and progression (8, 23). The ECM provides a physical barrier for the TIME by preventing the recruitment of host immune cells into the tumor and influencing immune cell activation. The ECM density and stiffness can prevent the movement of T cells and other host immune cells from making contact with tumor cells (26). The polarization of macrophages has been shown to be influenced by the ECM, initiating either the tumor-suppressive (M1) or tumor-promoting (M2) macrophages (27). The ECM can influence cells through cell adhesion molecules (CAMs), such as integrins, which bind to ECM components (e.g., collagen, fibronectin, and laminin). This interaction plays a crucial role in regulating cell adhesion, migration, and signaling (28). Specific CAMs, such as integrins, play a key role in ECM remodeling. Integrins activate various cellular processes through signaling pathways like focal adhesion kinase (FAK), phosphatidylinositol 3-kinase (PI3K), and Rho GTPases (e.g., Rho, Rac, and Cdc42). These pathways are involved in regulating cell motility, proliferation, migration, adhesion dynamics, cellular morphology, and cancer progression (29, 30). While cadherins are calcium-dependent adhesion molecules essential for mainly cell-cell interactions and ECM remodeling (31).

The ECM also contributes to the recruitment of MDSCs primarily through chemokine signaling, including the pathways mentioned above, thereby enhancing ECM-driven suppression of the host immune response (27, 32, 33). Targeting the ECM is promising due to its role in tumor progression. Tumor heterogeneity and signaling pathways in the TIME drive ECM remodeling, hypoxia, angiogenesis, and immune evasion complicating therapies and promoting tumor growth and resistance (34).




1.3 Hypoxia

The high nutrient consumption in the TIME creates hypoxic conditions, leading tumors to shift their metabolism toward elevated glycolysis as their primary energy source, even in the presence of oxygen, a phenomenon known as the Warburg effect (35, 36). Rapid tumor growth and metabolism produce acidic byproducts like lactate and CO2, creating toxic metabolites (ex. lactate, oxidized lipids, and adenosine) that suppress host immunity and promote tumor progression (37, 38). In the hypoxic conditions of the TIME, immune cell recruitment, the accumulation of immunosuppressive cells, and the upregulation of immunosuppressive molecules all contribute to tumor progression (39). Hypoxia-inducible factors (HIFs) are transcription factors that regulate tumor cell responses in a hypoxic environment by activating transcription of genes involved in tumor cell proliferation, angiogenesis, metabolism, and invasion (40, 41). Common HIFs are HIF-1α (HIF1A) and HIF-2α (HIF2A), both of which play key roles in tumor growth, and metastasis (42).




1.4 Abnormal tumor vasculature

One of the defining features of the TIME is its abnormal vasculature, which results from the inadequate oxygen supply to the tumor site (43). Once a tumor grows beyond a few millimeters, it releases growth factors, directing tumor and non-cancerous cells to grow, divide, differentiate, or undergo cell death (44). The tumor compensates for oxygen deprivation by inducing angiogenesis, a process of new blood vessel formation in response to increased oxygen demand (45), which is critical for tumor growth and vascularization (46, 47). The abnormal structure of blood vessels is often referred to as tumor vasculature and is associated with leaky barriers and cancer progression (48, 49). Disorganized vasculature hinders treatment delivery due to reduced blood flow throughout the tumor site and elevated fluid pressure, leading to uneven treatment distribution, creating a physical barrier for treatments, and impacting treatment efficacy (50). Irregular vasculature, acidosis, and high pressure hinder T-cell infiltration, promoting immune escape (49). Angiogenesis is also known to help regulate TIME by providing oxygen and manipulating various host cells, immune cells and nutrients using the irregular vasculature network to evade immune surveillance (51–54).




1.5 Tumor acidosis and immune modulation

The complexity of the TIME relies only on the increased use of host physiological supplies and nutrients and a tightly regulated pH of 6.7-7.1 and, specifically, a pH below 7.2 within the tumor site (55–57). The acidic environment suppresses and disrupts the host immune response by impairing their ability to proliferate, migrate, and produce cytokines (58–60). Acidity, specifically, lactic acid buildup in the TIME in an aerobic and anaerobic environment impairs lymphocytes and macrophages, especially during inflammation (61, 62). Acidosis impairs T cell function by reducing the production of key cytokines such as interferon-gamma (IFN-γ) and tumor necrosis factor-alpha (TNF-α), as well as cytotoxic molecules like perforin and granzyme. An acidic extracellular environment can influence cytotoxicity by modifying cell cycle kinetics, inhibiting cell death, and impairing cytotoxic functions (63, 64). Acidosis can significantly affect immune cell function by inhibiting DC maturation and altering macrophage polarization, specifically promoting M2 polarization, which can contribute to immunosuppression within the TIME (65, 66). A preclinical study showed that an acidic TIME promotes local invasion and metastasis in breast, colorectal, and colon cancers, supporting acid-mediated tumor progression in a colorectal mouse model (66, 67). The change in acidity stems from tumor cell metabolism increases acid production, lowering pH and creating a toxic environment that impairs immune cells, chemokines, and cytokines (60).




1.6 Immunosuppressive role of cytokines

Immune tolerance is maintained by suppressive cytokines that limit inflammation and prevent immune attacks, but tumor cells exploit this mechanism by reducing pro-inflammatory signals and weakening anti-tumor immunity (68, 69). However, dysregulation of immunosuppressive cytokines can lead to excessive or prolonged production of immunosuppressive cytokines, resulting in immunosuppression of the host (21). The immunosuppressive cytokine interleukin-10 (IL-10), produced by macrophages, monocytes, and T cells, can inhibit the production of pro-inflammatory cytokines and suppress the activation of T cells and NK cells (70). The accumulation of IL-10 can reduce the function of antigen-presenting cells, lowering the adaptive immune response (71). Another key cytokine is Interleukin-35 (IL-35), produced by regulatory T cells, inhibits the proliferation and function of effector T cells while promoting the development of immunosuppressive microenvironments (72). IL-35 inhibits pro-inflammatory cells and its cytokines while enhancing the production of anti-inflammatory cytokines such as IL-10 and transforming growth factor-beta (TGF-β). TGF-β, in turn, suppresses T cell proliferation and activation, reduces inflammatory cytokine production, and promotes regulatory T cell differentiation (73). IL-10 and IL-35 play critical roles in the development of TIME due to their significant role in modulating the immune response, suppression of anti-tumor immunity and the promotion of tumor growth (74). Cytokines inhibit immune function in immunosuppression by regulating cell activation, differentiation, and metabolism (75).

Immune metabolism is a critical component that reflects the metabolism effects on the immune response, overall impacting tumor growth and development (76). Specifically, cytokines influence the activity of immune cells and also impact the metabolism by tailoring the energy and nutrients the cells use (77). The activation, differentiation, and function of immune cells are dependent on energy supply and metabolic transformation signaling (78). Tumor-intrinsic signaling fosters the exclusion and dysfunction of effective immune cells. Specifically, oncogenic drivers, including β-catenin, signal transducer and activator of transcription 3 (STAT3), phosphatidylinositol 3-kinase (PI3K), phosphatase and tensin homolog (PTEN), protein kinase B (AKT), mechanistic target of rapamycin (mTOR) (PI3K/PTEN/AKT/mTOR), p53, nuclear factor kappa-light-chain-enhancer of activated B cells (NF-κB), and Ras/Raf/mitogen-activated protein kinase (RAS/RAF/MAPK) signaling, are activated within the TIME and are critical for tumor development and metabolism (79). These oncogenic pathways reduce chemokine production, further hindering the recruitment of DCs, macrophages, T cells, and NK cells to the tumor site and promote the immunosuppression of host immune cells. Tumor-intrinsic signaling induces programmed cell death ligand 1 (PD-L1) expression, promoting T cell dysfunction and immune suppression, hindering tumor control and treatment (80).





2 Critical players for activating the immune system and suppressing tumor formation

The TIME is made up of diverse cell populations consisting of immune cells, cancerous and non-cancerous cells, each requiring optimal conditions to perform its specific function, collectively influencing tumor progression, Figure 1 (9). In early tumor development, dendritic cells (DCs) and macrophages recognize tumor-associated antigens and initiate inflammation by releasing pro-inflammatory cytokines (e.g., IL-6, TNF-α, IL-1β) and chemokines (e.g., CXCL2, CXCL9, CXCL10), which recruit immune cells to the tumor site to help prevent progression (81, 82). Additionally, DCs and macrophages both are antigen-presenting cells (APCs), which process and present tumor antigens through MHC-I molecules by stimulating the proliferation of CD8+ cytotoxic T cells for further tumor cell elimination (83, 84). In response, tumor cells experience immunological stress that temporarily slows their proliferation due to increased antigen expression and immune-mediated cytotoxicity (24). However, tumor cells adapt and evolve new mechanisms to evade immune detection by selecting immune-resistant clones, downregulating highly immunogenic antigens, and upregulating stress response genes, such as HIF-1α and STAT3, to compensate for host immune response (85, 86).
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Figure 1 | Schematic of tumor progression highlighting key physiological features and cell types. The gradient illustrates intrinsic and extrinsic factors driving the shift from anti-tumor immunity to immune evasion, including elimination and escape mechanisms used by tumors to suppress host immune responses.

Stress response genes help tumor cells resist immune-induced apoptosis and survive inflammation by supporting protein refolding and degradation contributing to tumor cell survival from the hosts’ immune system (87). Stress response genes can suppress the host immune system, impairing its ability to attack TIME. In turn, the TIME recruits MDSCs and Tregs, which further inhibit immune responses, promote immune evasion, and support tumor progression (88, 89). The immunosuppressive cells dampen immune activation, creating a tolerant microenvironment that weakens the host anti-tumor response (90). In the late stages of tumor development, the host immune system becomes progressively ineffective as tumor cells upregulate immune checkpoint ligands, such as PD-L1 and cytotoxic T lymphocyte-associated protein 4 (CTLA-4) (89, 91), which inhibit CD8+ T cell-mediated cytotoxicity (21). Continuous activation of Tregs further suppresses effector T cell responses, which can reinforce an immune-tolerant state of the TIME (92). Under these conditions, tumor cells are primed for metastasis, acquiring the ability to invade surrounding tissues, migrate through the bloodstream, and colonize distant organs (92, 93). Here, we highlight key tumor-associated immune cells and their roles in modulating cancer progression Figure 2 and Table 1.
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Figure 2 | Immune cell crosstalk and regulatory mechanisms within the TIME, highlighting key cytokine signaling pathways and cellular functions. The schematic illustrates interactions among immune cells (e.g., T cells, APCs, MDSCs, macrophages, DCs, TAMs, Tregs, Teffs) through cytokines (e.g., IL-2/10/22, GM-CSF, TGF-β), molecules (e.g., perforin, granzyme B, IFN-γ), and receptors/ligands (e.g., TCR, MHC, CD28, CD80/86, LAG-3, CTLA-4), showing how signaling drives activation or suppression in the tumor microenvironment.


Table 1 | Key cell types and receptors in the TIME and their roles.
	Immune cells
	Canonical Function
	Anti-tumor Mechanisms
	Pro-tumor Mechanisms
	Targeted Therapeutic Strategies
	Ref



	Neutrophil
(CD15)
	• Innate responder to infection and inflammation.
	• Tumor killing via ROS, MMP-9, H2O2, TRAIL, FasL/Fas, NETs, ADCC and cytokine production.
	• Promotes angiogenesis (VEGF).
• ECM remodeling.
• Immunosuppression (ARG1).
• Metastasis via NETs.
	• Blocks CXCLR1/2 and C5aR to reduce neutrophil suppression.
• NETosis inhibitors.
	(94–98)


	NK cells
(CD56)
	• Innate cytotoxic lymphocytes.
• Regulate tumors and infections.
• Control cell proliferation and limit tissue damage.
	• Cytotoxicity via IFN-γ and perforin/granzyme, ADCC.
• Promotes cell killing of MHC-presenting cells without prior sensitization.
	• Dysfunction in TME due to hypoxia, TGF-β.
• Reduced cytotoxicity and infiltration.
	• CAR-NK therapies
• Target exhaustion-related receptors (e.g., PD-1, TIM-3).
• Modulate NK cell state to restore tumor-killing activity
	(99–105)


	T cells
(CD3)
(CD4+ Th)
(CD8+ Tc)
	• Adaptive immunity effects in both anti-tumor response and TIME protection.
	• CD8+ Tc cells suppress tumor growth and enhance host immune response.
• CD4+ Th1 cells enhance CTL and DC function.
	• Treg cells promote tumor progression and metastasis.
• Exhausted T cells lose effector function.
	• ICIs (e.g., anti-CTLA4).
• CAR-T cell therapy.
• High T-cell infiltration, such as Fc-enhanced anti-CTLA4 antibodies (BMS-986218 and ONC-392).
• Blocking other Treg markers along with CTLA4, such as CCR7 and TIGIT.
	(106–111)


	MDSCs
(CD11b+Gr1+)
	• Promotes immune evasion
	• (minimal role) Potential antigen presentation
	• Inhibit T cell, DCs and NK cells function via oxidative stress.
• Promote Tregs, M2 macrophages.
	• MDSC depletion, such as anti Gr-1 antibodies, CXCR1/2 or Src inhibitors and chemotherapy.
• Suppress function using PDE5 and Galectin-3 inhibitors.
	(25, 112–116)


	APCs
	DCs
(CD11c)
	• Antigen presentation via MHC I/II
	• Activate CD4+/CD8+ T cells,by producing IL-12, TNF-α, IL-6.
	• Upregulate PD-L1, IL-10, and TGF-β.
• Promoting Treg expansion
	• STING agonists.
• DC vaccines.
• Expand DCs (e.g., Flt3L and CHNPs).
	(84, 117–120)


	Macrophage
(CD68 M1)
(CD163 M2)
	• Phagocytosis
• Both anti-tumor (M1-like) and pro-tumor (M2-like, TAM).
	• M1-like macrophages support immune responses by producing IL12, TNF-α.
	• M2-like TAMs promote angiogenesis, immune suppression, tissue remodeling, Treg expansion, and inhibit cytotoxic T cells.
	• Reprogramming TAMs to M1, via CD40/TLR agonists.
• TAM depletion via CSF1R inhibitors (e.g., Pexidartinib) and CCR2 inhibitors (e.g., PF-04136309).
• CD47-SIRPα blockade enhances phagocytosis.
	(121–125)





ADCC, antibody-dependent cellular cytotoxicity; ARG1, arginase 1; ATRA, all-trans retinoic acid; APCs, antigen presenting cells; CAR-NK, chimeric antigen receptor-natural killer cells; CAR-T, chimeric antigen receptor T cells; CHNP, cytotoxic hybrid neutrophil population; CSF1R, colony-stimulating factor 1 receptor; CTL, cytotoxic T lymphocyte; DCs, dendritic cells; ECM, extracellular matrix; Flt3L, fms-like tyrosine kinase 3 ligand; MDSC, myeloid-derived suppressor cell; NETs, neutrophil extracellular traps; NK cells, natural killer cells; PDE5, phosphodiesterase type 5; ROS, reactive oxygen species; STING, stimulator of interferon genes; TAMs, tumor-associated macrophages; TIM3, T cell immunoglobulin and mucin domain-containing protein 3; TME, tumor microenvironment; TRAIL, TNF-related apoptosis-inducing ligand; Treg, regulatory T cells; VEGF, vascular endothelial growth factor; VISTA, V-domain Ig suppressor of T cell activation.






3 Characterizing immune activation within the TIME

The tumor immune microenvironment (TIME) is a dynamic ecosystem where cancer cells, stromal cells, cancer-associated fibroblasts (CAFs), endothelial cells, and immune cells (including the extracellular matrix, ECM) engage in multifaceted interactions. These interactions contribute to tumor development, progression, and protection, ultimately shaping the tumor’s fate and response to therapies (126, 127). Due to its modifiable immunosuppressive environment and potential to enhance immunotherapy effectiveness, TIME is a promising therapeutic target (128).

RNA sequencing and immunohistochemistry from the ORIENT-11 study to optimize a TIME classification model predicting non-small cell lung cancer (NSCLC) treatment outcomes. The TIME is classified into four types based on PD-L1 and TIL status. Patients with high PD-L1 and TIL benefit from combined chemo-immunotherapy, while those with low levels respond better to chemotherapy alone to avoid unnecessary toxicity. However, this model’s efficacy lacks validation in large-scale randomized trials (129).

Additionally, tumor-associated immune cells can be classified into two categories: anti-tumor and tumor-promoting populations. Anti-tumor immune cells primarily include effector T cells (such as cytotoxic CD8+ T cells and effector CD4+ T cells), NK cells, DCs, and M1-polarized macrophages (127, 130). In contrast, anti-tumor immune cells are predominantly composed of Tregs, MDSCs, M2-polarized macrophages, N2-polarized neutrophils, type 2 natural killer T cells (NKT2), and innate lymphoid cells type 2 (ILC2s) (131). Figure 3 illustrates the dual roles of immune cells in the TIME, highlighting pro-tumoral and anti-tumoral functions in hot and cold tumors with key cellular interactions and cytokine effects. Furthermore, various metabolic and biochemical components within the tumor microenvironment significantly influence immune cell function (108).

[image: Diagram comparing cold and hot tumor microenvironments. The cold tumor microenvironment features immune suppression with cells like regulatory dendritic cells, regulatory T-cells, neutrophils (N2 type), macrophages (M2 type), natural killer cells, MDSC, and ILC2, along with various cytokines and factors. The hot tumor microenvironment shows immune activation with dendritic cells, neutrophils (N1 type), macrophages (M1 type), natural killer cells, MDSC, and ILC1, plus associated cytokines and factors. Central tumor cells are illustrated in both environments.]
Figure 3 | Innate immune cell functions in the TIME of hot vs. cold tumors. In hot tumors (right panel), high immune infiltration supports anti-tumor responses via NK cells, M1 macrophages, ILC1s, and N1 neutrophils through pro-inflammatory cytokines. In cold tumors (left panel), low immune infiltration and immunosuppressive cells, M2 macrophages, ILC2s, regulatory DCs, N2 neutrophils, MDSCs, and Tregs promote tumor growth. Arrows indicate key cellular interactions and cytokine effects.

Immunotherapy-induced changes in the TIME offer insights for improving combination treatments and patient outcomes. Targeting the TIME reveals cancer-specific responses and aids in detecting development and recurrence. Immune activation occurs when immune cells recognize tumor antigens, triggering responses against both tumor cells and the TIME (9). Targeted immunotherapies can utilize not only cell-based treatments but also immune-modulating treatments. These latter treatments consist of nanoparticles decorated with cell-specific ligands, antibodies, or peptides designed to actively bind to the cell surface of targeted cells. In combination with other therapies, nanoplatforms interact with the TIME, modulating tumor associated macrophages (TAMs) and Tregs, and directly activates immune cells, enhancing antigen presentation, and promoting immunological memory formation (132). Antibody-functionalized nanoparticles enable precise targeting. Such as, monoclonal antibody-coated magnetic nanoparticles (MgNPs) loaded with doxorubicin showed 1.8-fold greater accumulation in Met/HGFR-positive tumors than non-functionalized MgNPs, enhancing drug retention, reducing toxicity and demonstrating strong potential for targeted delivery (133).



3.1 Activation of the immune system

Immune activation overcomes the tumor’s immunosuppressive microenvironment, transforming the TIME from resistant to responsive to cancer treatment by modifying its cellular and molecular composition. This enhances the host immune system’s ability to recognize and attack tumors, boosting T cell-mediated destruction, oncolytic viruses, cancer vaccines, and combination therapies (108). One critical route of cell death is immunogenic cell death (ICD), which is maintained and activated by the host’s immune system. ICD is a form of cell death initiated by certain chemotherapeutic drugs, oncolytic viruses, physicochemical therapies, photodynamic therapy, and radiotherapies (134, 135). When ICD occurs in cancer, it promotes dying cells secreting damage-associated molecular patterns (DAMPs), which act as alarm signals that activate the immune system against tumor cells. This process effectively turns dying cancer cells into natural “vaccines,” enhancing anti-tumor immunity. Key DAMPs such as surface-exposed calreticulin, secrete ATP, and the nuclear protein high-mobility group box 1 (HMGB1), increases tumor immunogenicity and attracts immune cells to the TIME (134, 136, 137). ICDs have mediated patterns that reveal immune microenvironment classification and immunotherapeutic responses in bladder cancer and many other cancer types. Fu et al., 2022, revealed a novel paradigm for characterizing the immune microenvironment and immunotherapeutic responses in bladder cancer, identifying two patterns of TIME and responses to immunotherapy of ICD within bladder cancer. The two patterns include an ‘immune-inflamed’ type, characterized by abundant activated immune cells and favorable immunotherapy response, and an ‘immune-excluded’ type, where immune cells are limited or localized to the tumor’s outer regions, associated with less favorable outcomes. These TIME patterns help predict which patients are more likely to benefit from immunotherapeutic strategies like immune checkpoint inhibitors.

The main characterization found distinct clinical features of the TIME, exhibiting unique clinical and immune characteristics of an ICD cluster, despite being linked to a poor prognosis and high ICD score, demonstrated an immune-activated state. This activation was associated with a more favorable response to immunotherapy and ICD-inducing treatments leading to further investigation in ICD-related gene, CALR. CALR was significantly overexpressed in the T24 bladder cancer cell line compared to the control SV-HUC-1 cells. Experimental knockdown of CALR reduced T24 cell viability and triggered endoplasmic reticulum stress, highlighting its potential role in cancer cell survival, stress response, and activation of the immune system (138).

Chemotherapy induces ICD by exposing calreticulin, releasing ATP, and secreting HMGB1, which signals immune cells to recognize dying cancer cells (135). Treating NSCLC cells with 10 µM Crizotinib, an ICD-inducing tyrosine kinase inhibitor, enhances anticancer effects when combined with non-ICD chemotherapy like Cisplatin. This combination boosts tumor T cell infiltration and PD-1/PD-L1 expression, improving response to PD-1 immunotherapy. Removing T cells or blocking interferon-γ negates these effects, highlighting a promising strategy of chemotherapy plus Crizotinib followed by immune checkpoint inhibitors for NSCLC (139). One study compared the treatment method of preoperative neoadjuvant chemoradiotherapy (nCRT), a treatment using chemotherapy and radiation therapy before surgery to shrink a tumor (140). nCRT is used to potentially remove or increase the likelihood of a less invasive surgery which is the primary therapeutic strategy for patients with locally advanced rectal cancer (LARC). A Systematic Review and Meta-analysis revealed nCRT was associated with improved pathologic complete response rates and has a potential disease-free survival advantage compared to the standard CRT plus (140, 141). Huang et al. found that using a novel topoisomerase I inhibitor, Lipotecan (TLC388), induces ICD, leading to the release of damage-associated molecular patterns (DAMPs) such as HMGB1, ANXA1, and exposure of calreticulin. This process increases cancer immunogenicity and stimulates the host’s anti-tumor response, promoting immune cell infiltration in the TIME of colorectal cancer. These findings suggest Lipotecan can reshape the TIME to boost neoCRT effectiveness in LARC patients (142).




3.2 Innate immune recruitment and activation in the TIME

In a healthy system, macrophages are generally of the M2-like subtype and produce anti-inflammatory cytokines such as IL-10 and TGF-β, which contribute to inflammation resolution and tissue regeneration (143, 144). Neutrophils also control tissue homeostasis by producing lipid mediators such as resolvins and lipoxins that tune the immune response (145, 146). Macrophages and neutrophils help maintain immune homeostasis through efferocytosis, the process of clearing apoptotic cells and cellular debris, promoting a controlled immune response essential for tissue repair and normal physiological function (147, 148). Moreover, both cells exhibit functional plasticity in the TIME by either promoting or suppressing tumors. Activated macrophages polarize into M1 and release pro-inflammatory cytokines (e.g. TNF-α and IL-12) and ROS to activate T cells and trigger tumor cell death (149). As tumors progress, the TIME often shifts to favor M2-like TAMs that secrete immunosuppressive factors such as IL-10 and TGF-β and suppress immune responses and support tumor growth (149). Similarly to macrophages, neutrophils in the TIME show plasticity, adopting anti-tumor (N1) or pro-tumor (N2) states based on cytokine signals. N1 neutrophils support anti-tumor immunity by releasing pro-inflammatory cytokines, activating T cells, and recruiting CD8+ T cells to kill tumor cells (150). N2 neutrophils contribute to angiogenesis, immune suppression, and metastasis by the production of VEGF, arginase-1, and MMP9 (151). Neutrophils can influence almost every aspect of cancer progress, primary tumor growth, metastasis, cancer stem cell maintenance and therapeutic resistance (150). Neutrophils recruit macrophages and DCs via chemokines, creating a feedback loop that amplifies immune activation (152). Due to the important participation of innate immunity in TIME, it also influences dynamic neutrophil polarization. Specifically, TGF-β promotes N2 differentiation, while type I interferons or TGF-β blockade shift polarization toward the anti-tumor N1 phenotype (150, 152, 153).




3.3 Modulation of immune checkpoint activation

Immune checkpoints such as PD-1/PD-L1 and CTLA-4 help maintain immune homeostasis by balancing activating and inhibitory signals to prevent excessive immune responses. PD-1, expressed on activated T cells, binds to PD-L1 on antigen-presenting or parenchymal cells, delivering inhibitory signals that suppress T cell proliferation, cytokine production (e.g., IFN-γ, IL-2), and cytotoxic activity (154). This interaction ensures autoreactive T cells do not attack healthy tissues by inducing functional exhaustion or apoptosis of self-reactive clones. Similarly, CTLA-4 competes with the costimulatory receptor CD28 for the ligands CD80/CD86, increases the naive T cell activation threshold and promotes Treg suppressive functions (155). These checkpoints also enforce peripheral tolerance through dual mechanism where PD-1/PD-L1 interactions directly inhibit effector T cell responses in tissues, whereas CTLA-4 modulates early T cell priming in lymph nodes and amplifies Treg-mediated suppression (91). In contrast to healthy cells, which dynamically regulate PD-L1 expression during inflammation to prevent collateral damage, the TIME hijacks this pathway by persistently overexpressing PD-L1 to evade immune responses. This dysregulation disrupts immune balance and promotes immune escape (156).

Immune checkpoint inhibitors (ICIs), for example, anti-PD-1/PD-L1 and anti-CTLA-4 antibodies, have revolutionized cancer therapy by restoring the function of exhausted T cells and renewing anti-tumor immunity. However, their efficacy varies widely across tumor types and is influenced by TIME factors such as T cell infiltration density, PD-L1 expression levels, and tertiary lymphoid structures (131). Despite their recent clinical success, resistance to ICIs remains a major challenge, frequently arising via compensatory upregulation of alternative inhibitory checkpoints (such as LAG-3 and TIM-3) and persistent epigenetic reprogramming of T cells within the TIME. Strategies to overcome this resistance include dual checkpoint blockade (e.g., targeting both PD-1 and LAG-3; see Table 2), as well as combining ICIs with therapies that target immunosuppressive components of the TIME, such as CSF-1R inhibitors that deplete tumor-associated macrophages (157).


Table 2 | Approved and emerging immune checkpoint inhibitors.
	Approved Immune checkpoint inhibitors


	Drug
	Target
	Cells
	Type
	Approved indications



	Atezolizumab (Tecentriq)
	PD-L1
	Tumor, APCs
	mAb
	NSCLC, SCLC, HCC, melanoma, breast cancer, urothelial cancer


	Avelumab (Bavencio)
	PD-L1
	Tumor,
APCs
	mAb
	Merkel cell carcinoma, urothelial carcinoma, renal cell carcinoma


	Durvalumab (Imfinzi)
	PD-L1
	Tumor,
APCs
	mAb
	NSCLC, urothelial carcinoma


	Nivolumab (Opdivo)
	PD-1
	T cells
	mAb
	Melanoma, NSCLC, SCLC, HCC, HL, renal cell carcinoma, HNSCC, urothelial carcinoma, MSI-H/dMMR colorectal cancer.


	Pembrolizumab (Keytruda)
	PD-1
	T cells
	mAb
	NSCLC, SCLC, HNSCC, HL, melanoma, urothelial carcinoma, MSI-H/dMMR CRC, MSI-H/dMMR cancers, gastric cancer, cervical cancer, HCC, Merkel cell carcinoma, renal cell carcinoma, esophageal carcinoma, endometrial cancer


	Cemiplimab (Libtayo)
	PD-1
	T cells
	mAb
	Cutaneous squamous cell carcinoma (CSCC), NSCLC, basal cell carcinoma (BCC).


	Nivolumab (Opdivo)
	PD-1
	T cells
(CD8+)
	mAb
	Melanoma, NSCLC, SCLC, HCC, HL, renal cell carcinoma, HNSCC, urothelial carcinoma, MSI-H/dMMR colorectal cancer.


	Toripalimab (Loqtorzi)
	PD-1
	T cells
	mAb
	Nasopharyngeal carcinoma, Melanoma.


	Sintilimab (Tyvyt)
	PD-1
	T cells
	mAb
	HL, non-squamous and squamous NSCLC, HCC, esophageal squamous cell carcinoma, and gastric cancer.


	Camrelizumab (AiRuiKa)
	PD-1
	T cells
	mAb
	HCC, HL, esophageal squamous cell carcinoma, and nasopharyngeal carcinoma.


	Tislelizumab (Tevimbra)
	PD-1
	T cells
	mAb
	Esophageal squamous cell carcinoma, NSCLC, Gastric or gastroesophageal junction adenocarcinoma, HL.


	Retifanlimab-dlwr (Zynyz)
	PD-1
	T cells
	mAb
	Merkel cell carcinoma.


	Ipilimumab (Yervoy)
	CTLA-4
	Treg cells
	mAb
	Melanoma, metastatic, renal cell carcinoma, MSI-H/dMMR CRC.


	Tremelimumab (Imjudo)
	CTLA-4
	T cells
	mAb
	Unresectable HCC, NSCLC.


	Relatlimab +Nivolu
mab (Opdualag)
	LAG-3
	Exhausted T cells
	mAB
	Melanoma.



	Immune checkpoint inhibitors in advanced clinical trials


	Drug
	Target
(T cells)
	Type
	Combination
	Indications
	Phase
	Reference



	Favezelimab
	LAG-3
	mAb
	Pembrolizumab/lenvatinib
Egorafenib, TAS-102
Pembrolizumab
Pembrolizumab
Pembrolizumab.
	cSCC, Endometrial Cancer
CRC
CRC
cHL
cHL,DLBCL,iNHL.
	3
3
3
2/3
	NCT06036836
NCT05600309
NCT05064059
NCT05508867
NCT03598608


	Eftilagimod alpha (efti)
	LAG-3
	Soluble LAG-3 fusion protein.
	Paclitaxel
Pembrolizumab.
	Breast cancer
cHL, DLBCL,iNH.L.
	2/3
1/2
	NCT05747794
NCT03598608


	Tebotelimab
	PD-1 & LAG-3
	Bispecific mAb.
	Margetuximab/Chemotherapy
	HER2+GC or GEJ.
	2/3
	NCT04082364


	Fianlimab
	LAG-3
	mAb.
	Cemiplimab/Chemotherapy (Pemetrexed, Paclitaxel, Carboplatin, Cisplatin)
Cemiplimab
Cemiplimab.
	NSCLC
Metastatic melanoma
Metastatic Melanoma
Melanoma.
	2/3
3
	NCT05785767/NCT05800015
NCT05352672
NCT06246916
NCT05608291
NCT06190951


	Botensilimab + Balstilimab
	LAG-3 + PD-1
	mAbs
	-
-
	MSI/​dMMR Esogastric Adenocarcinomas (CIME)
dMMR and pMMR solid tumors
	3
3
	NCT06346197
NCT06279130



	Bispecific T-Cell Engagers (BiTEs)


	Drug
	Target
	Type
	Indications
	Year



	Blinatumomab (Blincyto)
	CD19 x CD3
	BITE
	r/r B-cell precursor ALL, MRD-positive B-ALL
	2014


	Mosunetuzumab (Lunsumio)
	CD20 x CD3
	BITE
	FL
	2022


	Teclistamab (Tecvayli)
	BCMA X CD3
	BITE
	MM
	2022


	Glofitamab (Columvi)
	CD20 x CD3
	BITE
	DLBCL
	2023


	Epcoritamab (Epkinly)
	CD20 × CD3
	BITE
	DLBCL
	2023


	Talquetamab (Talvey)
	GPRC5D × CD3
	BITE
	MM.
	2023


	Tebentafusp (Kimmtrak)
	gp100 x CD3
	BITE
	Metastatic uveal melanoma.
	2022


	Tarlatamab (Imdelltra)
	DLL3 x CD3
	BITE
	Extensive-stage SCLC.
	2024





cHL, classical Hodgkin lymphoma; CRC, Colorectal Cancer; cSCC, Cutaneous Squamous Cell Carcinoma; DLBCL, diffuse large B-cell lymphoma; dMMR, Mismatch Repair Deficient; GC, Gastric cancer; GEJ, Gastroesophageal Junction; HCC, Hepatocellular Carcinoma; HL, Hodgkin’s Lymphoma; HNSCC, Head and Neck Squamous Cell Carcinoma; iNHL, indolent non-Hodgkin lymphoma; LAG-3, Lymphocyte Activation Gene-3; mAb, monoclonal antibody; MSI-H, Microsatellite Instability-High; NSCLC, Non-Small Cell Lung Cancer; P, phase; pMMR, proficient mismatch repair; SCLC, Small Cell Lung Cancer.



DCs, key antigen-presenting cells, process tumor antigens via MHC and activate adaptive immunity by detecting pathogens through pattern recognition receptors (PRRs) like Toll-like receptors (TLRs) (158). The DC takes up the pathogen and then displays the antigens to T cells on MHC molecules, resulting in an immune response (159, 160). Activated DCs express moderate levels of costimulatory molecules like CD80 and CD86, enabling effective T cell activation, clonal expansion, and memory formation (161, 162). This maturation process enables T cells to receive the required signals for clonal expansion and the production of potent memory responses. Adaptive immune responses involve tumor-specific neoantigens that are released during immunogenic cell death (ICD). Processes involving DAMPs such as calreticulin, ATP, and HMGB1, also activate dendritic cells (DCs) and T cell priming to enhance anti-tumor immunity (163). This process allows for the recruitment and expansion of polyclonal cytotoxic and memory T cells and the establishment of systemic tumor-specific immunity and long-term immunological memory. In addition, DCs may also possess suppressive properties by inducing the activation of Tregs instead of effector T cells (164).





4 Characterizing immune suppression within the TIME

Tumors can evade the host immune system by creating an immunosuppressive microenvironment (165) One major mechanism involves impaired antigen presentation, typically through the downregulation of MHC molecules or other antigen-presenting proteins, which disrupts T cell recognition and weakens the antitumor immune response (166). Tumor cells may also mask their antigens with protective molecules, further preventing immune recognition, while the TIME releases factors that inhibit immune cells, such as, T cells, NK cells, and dendritic cells which promote immune tolerance and drive an unresponsive, immunosuppressive state (166, 167). Additionally, Tumor cells recruit immunosuppressive regulatory cells such as Tregs and exploit immune checkpoint pathways to suppress effector immune cell function. Cancer cells also develop cytoprotective mechanisms, like resistance to apoptosis, allowing them to evade immune-mediated death and modify the microenvironment to support their survival, growth, and continued immune evasion (68, 168). T cell exhaustion can also occur, leading to immune cell dysfunction and an inability to effectively target the tumor (169). To counteract these suppressive mechanisms, various clinical strategies have been developed to activate the TIME. These include dendritic cell activation, immune checkpoint blockade, therapeutic cancer vaccines, oncolytic virus therapy, vascular normalization, and combination therapies involving chemotherapy or radiotherapy with immune-stimulating agents (128).



4.1 Physical barriers to immune infiltration

Physical barriers in the TIME suppress immune responses by limiting immune cell access through poor vascularization, lack of T cell homing signals, ECM density, and cellular blockades. Tumor-altered ECM, enriched with collagen and fibronectin, becomes stiffer and more fibrotic, further hindering immune cell infiltration (170). CAFs in the TIME stroma promote tumor growth by secreting growth factors, cytokines, and chemokines, and by remodeling the ECM. Tumor-induced activation of CAFs and inflammation increases interstitial pressure and collagen deposition, leading to ECM stiffening and disorganization through elevated collagen-processing enzymes such as lysyl oxidases (127, 171). Tumors also express high levels of matrix metalloproteinases (MMPs) compared to non-cancerous epithelial cells, which can lead to increased ECM remodeling (172). Tumor cells influence the TIME by using CAFs by recruiting and activating them through paracrine signals such as TGFα, TGFβ, platelet-derived growth factor (PDGF), epidermal growth factor (EGF), and fibroblast growth factor 2 (FGF-2) (173, 174). Activated CAFs reorganize the TIME to promote metastasis, therapy resistance, dormancy, and reactivation. They contribute to the formation of physiological barriers by secreting both cellular and acellular components, thereby impeding drug penetration and treatment efficacy (175) In preclinical mouse models, the TIME has shown a decrease in the monitoring effectiveness of drug delivery and treatment (176).




4.2 Reprogramming the immunosuppressive microenvironment

Healthy tissues maintain balanced cytokine levels and lack the hypoxia and acidosis found in the TIME, allowing immune cells to function without metabolic stress (177, 178). Unlike tumors, healthy tissues show a normal distribution of immune cells rather than an accumulation of immunosuppressive cells such as Tregs and MDSCs (179). The TIME contributes significantly to therapeutic resistance, making it a key target for enhancing immunotherapy. Among its key players, Tregs and MDSCs are major contributors to immune suppression. Tregs are characterized by the expression of FOXP3 and CD25, and they suppress effector T cell responses through the secretion of IL-10 and TGF-β, which inhibit T cell proliferation and function (179) Tregs are also highly expressed immune checkpoint molecules that express CTLA-4, PD-1, LAG-3, and TIM-3, and suppress T cell activation through inhibition of DC maturation and co-stimulation (180). Additionally, Tregs disrupt metabolic pathways by expressing CD39 and CD73. This process involves CD39 sequentially breaking down extracellular ATP into ADP and then AMP, while CD73 converts AMP into adenosine, creating an immunosuppressive environment that dampens effector T cell activity (181). Recent studies show activated CD8 T cells can produce adenosine via CD73-containing extracellular vesicles, revealing more complex adenosine pathway regulation than previously understood (182). MDSCs help sustain an immunosuppressive TIME by inhibiting T cells via arginase-1, nitric oxide, and ROS, promoting Treg expansion, and disrupting T cell trafficking through chemokine modulation (176). MDSCs suppress T cells by secreting IL-10, TGF-β, and checkpoint molecules such as PD-L1 and CTLA-4. They expand in response to inflammatory and tumor-derived signals and are divided into two main subtypes: polymorphonuclear (PMN-MDSCs) and monocytic (M-MDSCs), each with distinct mechanisms of action (32). The upregulation of PD-L1 in tumor cells is a hallmark of cancer progression and reflects oncogene-like behavior. This not only enables immune evasion but also supports more aggressive tumor growth and spread (183). Oncogene-driven pathways contribute to this by increasing PD-L1 expression through enhanced transcription, protein stabilization, and gene amplification. These changes help tumor cells avoid immune detection by elevating PD-L1 on their surface, thereby suppressing T cell responses (184).




4.3 Modulation of immune checkpoint suppression

Immune checkpoints serve as critical regulatory mechanisms for preventing excessive immune activation and autoimmunity (176). The PD-1/PD-L1 and CTLA-4 pathways are among the most studied immune checkpoints responsible for suppression of T cell activation within the TIME. However, tumors frequently exploit these pathways to suppress CTLs function and evade immune surveillance, thereby promoting tumor progression (185, 186) This PD-L1 binds to PD-1 on CTLs, inducing T cell exhaustion and impairing effector function (186). Similarly, CTLA-4, expressed on T cells, competes with the co-stimulatory receptor, CD28 for binding to CD80/CD86 on APCs, dampening early T cell activation and promoting immune tolerance (187). The TIME further amplifies checkpoint-mediated immunosuppression through metabolic reprogramming, for example, by inducing hypoxia-driven PD-L1 upregulation and recruiting immunosuppressive cell populations (188).





5 Stimulation of the immune system with immunotherapy therapy

The activation of the host immune system is crucial for effective targeting tumors, improving outcomes, and reducing treatment side effects (20). In cancer immunotherapy, various approaches have been developed to harness the patient’s immune system to recognize and eliminate tumor cells. Some strategies involve extracting and modifying immune cells ex vivo, such as in CAR T cell therapy, to enhance their tumor-killing capacity (189) Other therapies rely on engineered antibodies to target tumor cells, or to stimulate the immune system to recognize and attack tumor cells using other modalities such as vaccines, cytokine or immune checkpoint inhibitors (190–192). Immunotherapies vary by cancer type and patient factors. This section reviews key treatments: monoclonal antibodies, immune checkpoint inhibitors, bispecific T cell engagers, CAR T cells, and cancer vaccines, focusing on their mechanisms and clinical studies (193).



5.1 Monoclonal antibodies

Monoclonal antibodies (mAbs) are immunoglobulins with a high level of specificity (mono-specificity) for a particular antigen or epitope of tumor interest. The mAbs bind to specific antigens or proteins on cell surfaces such as cancer cells and send a signal to the host immune system to destroy tumor cells (190, 194). Upon binding to their targets, mAbs can engage immune effector functions through their Fc region by activating Fc receptors on immune cells such as NK cells and macrophages. This leads to multiple cytotoxic mechanisms, including complement-dependent cytotoxicity (CDC), antibody-dependent cellular phagocytosis (ADCP), and antibody-dependent cellular cytotoxicity (ADCC) (195). MAbs are consist of different classes or origin, using murine, chimeric, humanized or fully human as well as varying in each function being naked conjugate or bispecific which are all dependent on the target (195), see Table 3. Fully human monoclonal antibodies targeting chitinase-3-like-1 (CHI3L1) have shown promise in suppressing tumor growth, fibrosis, angiogenesis, and immune remodeling across various cancers. CHI3L1 contributes to an immunosuppressive tumor microenvironment, supporting cancer progression and highlighting its potential as a therapeutic target (196). Su et al., 2024 developed fully human CHI3L1-neutralizing monoclonal antibodies (nAbs) were developed using phage display technology. These nAbs demonstrated high specificity and affinity for CHI3L1 across multiple cancer cell lines, including lung, pancreatic, and colorectal cancers. Functionally, the antibodies reduced tumor-promoting signals, inhibited cancer cell proliferation and migration, and showed potential as therapeutic agents in an immunosuppressive TIME (196).


Table 3 | Approved monoclonal antibodies (mAbs).
	Drug
	Target
	Type
	Approved indications
	Year



	Brentuximab vedotin (Adcetris)
	CD30
	Chimeric IgG1 mAb (ADC)
	HL, systemic ALCL
	2011


	Blinatumomab (Blincyto)
	CD19
	Bispecific T-cell engager (BITE)
	B-cell precursor ALL
	2014


	Elotuzumab (Empliciti)
	SLAMF7
	Humanized IgG1 mAb
	MM (in combination with lenalidomide and dexamethasone)
	2015


	Daratumumab (Darzalex)
	CD38
	Human IgG1k mAb
	MM
	2015


	Gemtuzumab ozogamicin (Mylotarg)
	CD33
	Humanized IgG4 mAb (ADC)
	AML
	2017


	Inotuzumab ozogamicin (Besponsa)
	CD22
	Humanized IgG4 mAb (ADC)
	r/r B-cell precursor ALL
	2017


	Isatuximab (Sarclisa)
	CD38
	Human IgG1 mAb
	r/r MM
	2020


	Mosunetuzumab (Lunsumio)
	CD20
	Bispecific T-cell engager (BITE)
	r/r FL
	2022


	Teclistamab (Tecvayli)
	BCMA
	Bispecific T-cell engager (BITE)
	r/r MM
	2022


	Epcoritamab (Epkinly)
	CD20
	Bispecific T-cell engager (BITE)
	r/r DLBCL
	2023





ADC, antibody-drug conjugate; ALCL, anaplastic large cell lymphoma; ALL, acute lymphoblastic leukemia; AML, acute myeloid leukemia; BCMA, B-cell maturation antigen; DLBCL, diffuse large B-cell lymphoma; FL, follicular lymphoma; HL, Hodgkin lymphoma; MM, multiple myeloma; r/r, relapsed/refractory.






5.2 Immune checkpoint inhibitors

The TIME supports tumor growth by recruiting immune and stromal cells that supply nutrients to heterogeneous tumor cell populations. Specifically, T-cell activation targets threats, while Tregs suppress harmful immune responses (91). T cells express checkpoint receptors such as PD-1 and CTLA-4, which are targeted by FDA-approved immune checkpoint inhibitors (ICIs) including anti-CTLA-4, anti-PD-1, and anti-PD-L1 antibodies. These therapies harness cytotoxic CD8+ T cells to induce durable anti-tumor responses and long-lasting remissions (91, 197). These immunotherapies block the interaction between immune cell proteins and their partners, called ‘checkpoints,’ which act as brakes on the immune system. ICIs allow the adaptive immune system to respond to tumors more effectively, creating a better treatment for TIME (198, 199). By inhibiting these checkpoints, ICIs enhance the ability of host T cells to more effectively recognize and attack cancer cells within the TIME (200).

Relatlimab is a LAG-3-blocking antibody, a lymphocyte-activation gene 3, and an FDA-approved ICI, see Table 2 for other ICIs. Relatlimab is a third checkpoint inhibitor shown to reduce T cell exhaustion and enhance anti-tumor activity when combined with nivolumab in previously treated melanoma patients (RELATIVITY-047, NCT03470922). ICI are also known for working well as combination therapy, specifically targeting LAG-3 and PD-1 shows greater progression-free survival than PD-1 inhibition alone in untreated metastatic or unresectable melanoma (201). LAG-3 is not cancer specific, although it has been shown to be associated with aggressive tumor progression (202, 203). LAG-3 is a promising immune checkpoint target; its inhibition can enhance anti-tumor immune responses and potentially overcome resistance to existing therapies. In the CheckMate 040 clinical trial, combining dual ICIs (Ipilimumab and Nivolumab) with the chemotherapy drug Sorafenib showed improved therapeutic efficacy in patients with advanced hepatocellular carcinoma. The combination of Ipilimumab (anti-CTLA-4) and Nivolumab (anti-PD-1), administered after prior treatment with Sorafenib, resulted in the most robust responses and the longest median overall survival (204).




5.3 Bispecific T cell engagers

Bispecific T cell engagers (BiTE) are engineered molecules of two single-chain variable fragments (scFv) linked by a flexible connector. Unlike the traditional antibodies that bind to a single antigen, BiTEs are designed to simultaneously target tumor-specific antigens on tumor cells and CD3 on T cells. Clinical-approved BiTEs target CD19 x CD3, BCMA x CD3, or CD20 x CD3 to promote cytotoxicity of T cells. One pair of the targets for BiTEs is scFv, a tumor-associated antigen (TAA) on the tumor cell and CD3 molecule on the T cell (205, 206). Since immune checkpoints and other immunosuppressive factors within the TIME result in a population of anergic T-cells, preventing their redirection to tumor killing and thereby limiting the effectiveness of BiTE therapy (206, 207). Blinatumomab is the first BiTE therapy that has shown to be an effective and long-lasting immunotherapy, blustering the host immune system by taking advantage of the flexibility of targeting multiple antigens simultaneously and potentially being used in a combination therapy (208). Using therapy constructs CD20 × CD3, showed a 37% overall response rate and 19% complete response rate in aggressive non-Hodgkin lymphoma, including CAR T–resistant or relapsed patients, demonstrating activity across multiple treatment lines. The successful clinical trial (NCT02500407) led to the FDA approval of mosunetuzumab-axgb (Lunsumio), see Table 2 for other BiTE therapies. BiTE-induced T-cell activation leads to cytokine release within the immune synapse, which diffuses to nearby cells and upregulates surface molecules, enhancing anti-tumor activity through a ‘bystander effect (209). Despite their therapeutic potential, BiTEs can trigger cytokine storms, leading to cytokine release syndrome (CRS)—a potentially life-threatening condition marked by excessive cytokine release into the bloodstream (207, 210). Resistance to this immunotherapy has been associated with antigen loss and immunosuppressive factors within the TIME, including upregulated immune checkpoints and enhanced host immunosuppression via membrane trafficking (211, 212). BiTEs have a short half-life due to the engineered structure lacks the Fc region, preventing FcRn recycling. This leads to rapid clearance from circulation and necessitates continuous treatment to maintain therapeutic effectiveness (213, 214).




5.4 Chimeric antigen receptor T cell

Chimeric antigen receptor (CAR T) cell therapy is a personalized treatment that modifies patient T cells to help fight cancer. CAR Ts are synthetic receptors that redirect lymphocytes and primarily T cells, to recognize and eliminate cells expressing a specific target antigen (215). Traditionally, antigen-binding domains are constructed from the variable heavy (VH) and light (VL) chains of monoclonal antibodies, which are connected by a flexible peptide linker to form a single-chain variable fragment (scFv). CAR Ts binding to antigens on the cell surface occurs independently of the MHC receptor, resulting in robust T cell activation and potent anti-tumor responses. CAR Ts target the extracellular surface of cancer antigens using MHC-independent T cell activation (216). CAR T cell therapies have received FDA approval, see Table 4. Specifically CAR T cell therapy has been used for improving and treating progression-free survival in multiple myeloma, enhancing overall survival in large B-cell lymphoma, and achieving high remission rates in other hematologic cancers, including acute lymphoblastic leukemia, follicular lymphoma, and mantle cell lymphoma (217). Tisagenlecleucel an anti-CD19 CAR T cell therapy produced high rates of complete remission achieved complete response (CR) rates of 71–81% in multicenter clinical trials involving patients with relapsed or refractory B cell acute lymphoblastic leukemia (R/R B-ALL), and a group with limited treatment options (218, 219).


Table 4 | Approved and emerging CAR T-cell therapies.
	Approved CAR T-Cell Therapies


	Drug
	Target
	Approved indications
	Year



	Tisagenlecleucel (Kymriah)
	CD19
	- B-cell B-ALL
- r/r LBCL
- r/r FL
	2017


	Axicabtagene ciloleucel (Yescarta)
	CD19
	- r/r LBCL
- r/r FL
	2017


	Brexucabtagene autoleucel (Tecartus)
	CD19
	- r/r MCL
- r/r B-ALL
	2020


	Lisocabtagene maraleucel (Breyanzi)
	CD19
	- r/rLBCL
- r/r CLL/SLL
	2021


	Idecabtagene vicleucel (Abecma)
	BCMA
	- r/r multiple myeloma (MM)
	2021


	Ciltacabtagene autoleucel (Carvykti)
	BCMA
	- r/r MM
	2022


	Equecabtagene autoleucel (Fucaso)
	BCMA
	-r/r MM
	2023 (China)


	Afamitresgene autoleucel = afami-cel (Tecelra)
	CD30
	-Synovial sarcoma
	2024


	obecabtagene autoleucel (Aucatzyl)
	CD19
	-B-cell ALL
	2024



	Emerging CAR T-Cell therapies


	Drug/Sponsor
	Type/Target
	Indication
	P
	Reference



	BMS-986393
	GPRC5D
	r/r and Lenalidomide-refractory MM
	3
	NCT06615479


	TanCAR19/20-T
CAR-20/19-T
IMPT-314
MBCART2019.1
	CD19 & CD20
	r/r NHL
r/r B-cell malignancies
r/r Aggressive B-cell NHL
r/r aggressive CD20+ CD19+ B-NHL/CLL/SLL.
r/r DLBCL
	1/2
	NCT03097770
NCT04186520
NCT05826535
NCT03870945
NCT04792489


	PBCAR20A
	CD20
	r/r B-cell NHL or r/r CLL/SLL.
	1/2
	NCT04030195


	bbT369
	CD79a and CD20
	r/r B Cell NHL
	1/2
	NCT05169489


	CAR20(NAP)-T
	CD20 (secrete NAP)
	B-cell malignancies.
	1/2
	NCT06002659


	HER2-CAR T
	HER2
	Metastatic rhabdomyosarcoma.
	1
	NCT00902044


	PSCA-CAR T
	PSCA
	Prostate.
	1/2
	NCT02744287





ALL, acute lymphoblastic leukemia; BCMA, B-cell maturation antigen; CLL, chronic lymphocytic leukemia; FL, follicular lymphoma; LBCL, large B-cell lymphoma; MCL, mantle cell lymphoma; MM, Multiple myeloma; NAP, neutrophil-activating protein; NHL, non-Hodgkin lymphoma; P, phase; PSCA, prostate stem cell antigen; r/r, relapsed/refractory; SLL, small lymphocytic lymphoma.



CAR Ts can have cytokine-related toxicities due to host immune system recognition resulting in the implementation of human or humanized antibody fragments instead of the classical murine-derived CARs to lessen CAR T treatment immunogenicity (215, 220). CAR T therapy faces key challenges in treating solid tumors and blood cancers, including toxic off-target effects, modest anti-tumor efficacy, antigen loss by tumors, and an immunosuppressive TIME that blocks tumor clearance (215, 220). CAR T cell therapy can fail due to changes in tumor-associated antigens (TAAs), such as antigen loss or downregulation, which make cancer cells undetectable to CAR T cells (221). Additionally, poor trafficking and infiltration limit CAR T cell access to tumors, reducing treatment effectiveness. Limited CAR T cell expansion and short-term persistence, often caused by exhaustion from co-inhibitory pathways—also contribute to poor responses, posing a challenge for developing longer-lasting CAR T therapies (13).




5.5 Cancer vaccines

Cancer vaccines represent a vital component of immunotherapy, designed to either prevent or treat cancer using diverse platforms like cells, viruses, peptides, or nucleic acids, see Table 5 (222). The goal of cancer vaccines is to train the host immune system to recognize and attack tumor-associated and tumor cells by exposing them to specific cancer-associated molecules such as, antigens, of the tumor of interest (223). Some of the current cancer vaccines are targeting HPV- related cancers, melanoma and prostate cancer (224, 225), as well as other therapies under development for other cancers such as NSCLC, breast cancer and ovarian cancer (224–227). Each specificized cancer vaccine has different success rates, although, HPV-related vaccines are seen as highly effective, while other cancers vary the response rate and are often below 10% (228, 229).


Table 5 | FDA-approved cancer vaccines.
	Drug
	Target
	Type
	Approved indications
	Year



	Bacillus Calmette Guérin (BCG) (Also TheraCys, branded form of BCG)
	Urothelial carcinoma cells
	Live attenuated bacterial
	Treatment of early-stage non–muscle-invasive bladder cancer (NMIBC)
	1990


	HBV vaccine (Engerix-B, Recombivax HB, Heplisav-B, PreHevbrio)
	Hepatitis B surface antigen (HBsAg)
	Recombinant protein
	Prevents hepatitis B virus and liver cancer
	1989 onwards


	Gardasil
	HPV types 16, 18, 6, and 11
	Virus-like particles
	Prevents cervical cancer, anal cancer, vulvar, vaginal, and penile cancers
	2006


	Cervarix
	HPV types 16 and 18
	Virus-like particles
	Prevents cervical cancers
	2009


	Sipuleucel-T (Provenge)
	Prostatic acid phosphatase (PAP)
	Autologous cellular
	Treatment of asymptomatic or minimally symptomatic metastatic castration-resistant prostate cancer
	2010


	Gardasil-9
	HPV types 6,11, 16, 18, 31, 33, 45, 52, and 58
	Virus-like particles of 16, 18, 31, 33, 45, 52, and 58 proteins
	Prevents cervical cancer, anal cancer, vulvar, vaginal, and penile cancers
	2014


	IMLYGIC (talimogene laherparepvec)
	Herpes simplex virus (HSV-1)
	Oncolytic virus
	Treatment of unresectable melanoma (cutaneous, subcutaneous, and nodal lesions)
	2015





HPV, human papillomavirus.



DC vaccines are loaded with tumor-specific proteins and idiotypes, which target and treat specific cancers. Idiotypes produced by tumor cells help stimulate an immune response from the stimulated DC-based vaccine, which is then aimed at attacking the TIME (230). A study using idiotype protein-pulsed DC vaccines for multiple myeloma showed minimal side effects and boosted host immune responses, with patients exhibiting ID-specific immunity, indicating potential anti-myeloma effects (231). Unfortunately, DC-based vaccines have not achieved the strong clinical results initially expected, despite their promise in enhancing anti-tumor immune responses. However, recent studies suggest that combining DC vaccines with ICI, such as CTLA-4 and PD-1 blockers, may improve T cell responses and lead to better clinical outcomes (232–234).

Peptide-based vaccines stimulate T and B cell immunity by targeting specific epitopes, offering high specificity, improved efficacy, and fewer side effects compared to conventional cancer therapies (235, 236). Peptide-based vaccines are known to treat many cancer types such as, melanoma, lung cancer, breast cancer, pancreatic cancer, and even some brain tumors as FDA approved vaccines and vaccines in clinical trial (237–244). These vaccines offer benefits such as stability, safety, and the ability to elicit robust T cell responses, which enable direct monitoring of immune activity and support repeated booster doses (245, 246). An additional study using a HER-2/neu-derived peptide in combination with a linker peptides and Pan HLA-DR epitopes showed enhanced CD4+ and CD8+ T cell responses as well as a replicative result of increased IFN-γ production (247).

Virus-like particle vaccines, such as the widely used HPV vaccine, help prevent genital warts, respiratory papillomatosis, and cancers including cervical, anal, penile, vulvar, vaginal, and oropharyngeal (248, 249). Clinical trials show that adjuvant HPV vaccination significantly reduces the recurrence of CIN 1+ and CIN 2+ after surgical treatment (250). Repurposed antiviral subunit and mRNA vaccines are being studied to reshape the TIME by inducing cancer cell death, releasing tumor antigens, and enhancing immune cell activation for stronger anti-tumor responses (251).

Nucleic acid vaccines (NAVs) use cancer cell DNA and RNA to stimulate the immune system to target cancer cells and the tumor microenvironment by promoting tumor antigen production (252). DNA vaccines enter the nucleus to produce multiple mRNA copies, boosting antigen levels but risking delays and insertional mutations. mRNA vaccines act faster by translating in the cytoplasm without genome integration risk, though they typically yield fewer antigens (222). The Phase I Lipo-MERIT trial (NCT02410733) of the melanoma vaccine FixVac (BNT111) showed a favorable safety profile (225). Targeting four shared tumor-associated antigens, FixVac—alone or with PD-1 inhibitors—induced durable responses and strong CD4+/CD8+ T-cell immunity in advanced melanoma patients previously treated with ICIs, suggesting its promise as a potent RNA-based immunotherapy (225).





6 Incorporation of AI into TIME monitoring for cancer therapy

Recent advances in cancer therapy have seen AI become directly embedded within cutting edge technologies, from imaging to molecular analysis. AI-powered tools, such as deep learning algorithms integrated into MRI, PET/CT, and mass cytometry imaging, now enable precise detection of tumor-immune interactions, automated identification and quantification of immune cell populations, and improved prediction of treatment outcomes (253, 254). Additionally, machine learning models are driving molecular data interpretation allowing for more rapid analysis of gene mutations, immune marker profiles, and recommendation of optimal personalized therapies for patients (255). Understanding the complex, heterogeneous TIME is crucial for improving cancer diagnostics and treatment, but its spatial and temporal variability challenges characterization and clinical use (15, 256, 257). To address these challenges, recent advancements have integrated cutting-edge imaging technologies, molecular assays, and computational tools, offering a more comprehensive and dynamic assessment of tumor-immune interactions (258). Imaging modalities have played a pivotal role in showing the TIME’s spatial organization and functional dynamics. Fluorescence and bioluminescence imaging enable real-time tracking of immune cell infiltration, spatial distribution, and dynamic change in preclinical models (259–262). Multiplex immunohistochemistry (IHC) and imaging mass cytometry provide high-resolution spatial mapping of protein expression, allowing for precise characterization of immune cell phenotypes and their interactions with cancer cells (248, 263, 264). Multiplex ion beam imaging enables simultaneous detection of multiple biomarkers at subcellular resolution, revealing immune cell heterogeneity and spatial relationships across tumors (265, 266). A commonly used diagnostic scan in the medical field is the positron emission tomography-computed tomography (PET/CT) scan, which combines the PET and CT scans. A PET/CT scan can observe and record detailed body images to diagnose and treat diseases (267). This imaging technique is used to observe CAR T-cell treatment and many other cancerous mass treatments. Using PET/CT can also monitor tissue metabolism which helps provide more inclusive observations of the TIME (268, 269). Intravital microscopy (IVM) is an imaging technique that maps tumor-associated vessels, measures vessel density, and uses vital dyes to locate vessels within tumors (270). IVM has been used in clinical oncology to characterize superficial vessels in human melanoma tumors and to analyze tumor physiology, drug delivery, and immune cell trafficking (271). Aside from diagnostic imaging, MRI has recently been applied to treatment plans for individual cases. MRI uses strong magnetic fields to align protons in the body and measures their interactions, which are computationally processed to produce high-resolution anatomical images. Recently, MRI has been combined with nanoparticles to improve tumor detection, quantify tumor burden, and track the localization and accumulation of therapeutic agents (272). Additionally, photoacoustic imaging has emerged as a powerful, non-invasive technique, bridging optical and ultrasound imaging to provide high-contrast, deep-tissue visualization of tumor vascularization, metabolic activity, and immune cell infiltration (273, 274). Given the TIME’s impact on current cancer therapies, there is a need for more effective screening, prevention, and treatment strategies to benefit patients.

Beyond imaging, molecular techniques like enzyme-linked immunosorbent assay, quantitative polymerase chain reaction, flow cytometry (FC), and IHC are vital for measuring immune markers and tumor-related biomolecules, enabling assessment of immune activation and therapy-induced changes in the TIME. AI integration further enhances accuracy, efficiency, and prediction in oncology diagnostics and treatment.

(143) Machine learning algorithms are increasingly employed for automated image analysis, enabling rapid identification of tumor-infiltrating lymphocytes, classification of histopathological features, and prediction of patient prognosis based on multi-modal data (70, 275, 276). AI-driven computational models also support treatment decision-making by analyzing vast datasets from genomic, transcriptomic, and proteomic studies, thereby identifying potential therapeutic targets and optimizing personalized medicine strategies (277).



6.1 AI-driven insights from biomarkers and liquid biopsies

Liquid biopsies and circulating tumor DNA (ctDNA) from blood samples offer a non-invasive way to assess cancer, monitor treatment response, and detect recurrence earlier than traditional imaging. In non-small cell lung cancer, biomarkers were used to predict immunotherapy outcomes independently of PD-L1 status (278). Biomarkers have become a great tool for screening and monitoring various cancer types and diseases by enabling clinicians to detect cancers at earlier stages, assess the effectiveness of therapies, and adjust treatment strategies based on individual patient responses (279). Many clinical trials have utilized predictive approaches using biomarkers like microsatellite instability (MSI), PD-L1, and tumor mutational burden (TMB) to predict patient response to ICI treatment of tumor types (280, 281). Combining biomarkers in panels offers the advantage of cross-confirmation and can detect changes independent of upregulated pathways, unlike single markers (256). Combining biomarkers like Alpha-Fetoprotein (AFP), a biomarker used to detect liver cancer (hepatocellular carcinoma) and germ cell tumors in the testicles or ovaries with cfDNA improving diagnostic accuracy and variety (282). Additional studies have found that combining different panels of biomarkers for breast cancer diagnosis improved performance over using cancer antigen 15-3 (CA15-3) or carcinoembryonic antigen (CEA) alone (30). Biomarkers detect gene mutations and tumor DNA to predict treatment response and safety, mainly identifying patients likely to benefit from immunotherapy. However, not all patients receive biomarker-based treatments due to tumor-specific factors (283–285).

The incorporation of AI models has successfully predicted patient survival and response to therapies by analyzing patient TIME and clinical data. AI empowers oncologists to develop personalized treatment plans tailored to each patient’s genetic and molecular profile, Figure 4. This approach enhances the likelihood of successful treatment outcomes while reducing the risk of adverse side effects when treating the TIME (286). Integrating AI into monitoring and observing cancer progression has contributed significantly to the ongoing progress in biomedical cancer research, driving innovation and improvement in cancer treatment (287). The development of PERCEPTION (PERsonalized Single-Cell Expression-Based Planning for Treatments In ONcology), a precision oncology computational pipeline, has produced promising results for prediction and diagnosis. This pipeline is based on publicly available matched bulk and single-cell expression profiles from large-scale cell-line drug screens from patients’ single-cell tumor transcriptomics. The goal of PERCEPTION is to predict responses to targeted therapies in cultured and patient-tumor-derived primary cells from two clinical trials for multiple myeloma and breast cancer patients and the development of resistance to kinase inhibitors against lung cancer patients. The single-cell expression profiles have showcased patient stratification using tumor profiles and the available oncology tools to predict patient response and resistance to treatments (288). Biomarkers aid in detection and outcome management, though their clinical use can be complex. Integrating AI with biomarker data, particularly in liver cancer, shows promise in research and potential clinical applications. Studies have shown that using biomarkers using a predictive model for identifying the risk of hepatocellular carcinoma (HCC) one year in advance achieved an area under the receiver operating characteristic curve (AUROC) of 0.94, with a 95% confidence interval of 0.937 to 0.943. This model demonstrated a sensitivity of 0.869 and a specificity of 0.865. For predicting HCC at different time points, the AUROC values were as follows: 0.96 for 7 days, 0.94 for 6 months, 0.94 for 1 year, 0.91 for 2 years, and 0.91 for 3 years in advance (280, 289). Machine learning was used to develop a predictive model for diagnosing HCC, optimized with grid search to select the best hyperparameters. Trained on data from 539 HCC and 1,043 non-HCC patients, the gradient boosting model achieved the highest accuracy (87.34%) and an AUC of 0.940. Compared to single tumor markers, this approach significantly reduced misclassification, demonstrating the value of biomarker-based ML models (290, 291). AI and machine learning enable advanced models for cancer diagnosis and sub-classification using histopathology images, offering improved accuracy by handling population diversity and slide variability, enhancing patient sample analysis.

[image: Two scenarios compare a physician's treatment decisions: one without AI, showing variable effects on three patients; and one with AI, resulting in the expected positive effects for all patients. The AI scenario shows guidance provided by technology on a screen.]
Figure 4 | Comparison of patient outcomes with physician-only care versus integrated physician and AI-guided treatment. The AI-assisted approach leverages biomarkers, sequencing data, environmental factors, and treatment histories to personalize therapy, resulting in more consistent and optimized patient outcomes compared to physician evaluation alone.




6.2 Enhanced tissue analysis: transforming immunohistochemistry and cancer evaluation

IHC is a method that uses tissue samples from patients from biopsy and processed where specific antibodies are selected to identify the presence of the target antigen (292). IHC slides are read by pathologists by analyzing the patient tissue samples by assessing cellular morphology, identifying cancer cells, evaluating treatment responses, and detecting specific cancer markers for tumor recognition and progression (293). AI and machine learning are used alongside pathologists to identify potential patterns and cancerous morphology in patient samples. These technologies help uncover additional findings, enhancing the accuracy of cancer cell identification and diagnosis. This collaborative approach is increasingly being implemented in cancer research and clinical settings. This technology is called the Clinical Histopathology Imaging Evaluation Foundation (CHIEF) model, a general-purpose weakly supervised machine learning framework to extract pathology imaging features for systematic cancer evaluation. This technology uses two pretraining methods to extract diverse pathology representations from sample slides: unsupervised pretraining for tile-level identification and weakly supervised pretraining for whole–slide pattern recognition during training sessions. CHIEF was trained using 60,530 whole slide images using 16 different anatomical sites (294). This research underscores AI’s significant potential to enhance the accuracy and reliability of biomarker detection, particularly in the context of liver cancer diagnosis and treatment.

Immune modulation has also become a focal point for AI integration due to the pivotal role immune therapy can provide for patients by using their immune system. AI is utilized to reveal underlying immune patterns associated with treatment responses, indirectly and directly; this approach predicts how patients will respond to immunotherapy. Including AI in analyzing high-throughput genetic sequences and medical imaging provides crucial insights for managing cancer immunotherapy. This analysis aids in selecting suitable patients, optimizing treatment strategies, and predicting personalized prognoses (295, 296).




6.3 Single-cell based analysis incorporating AI

FC is a widely adopted single-cell-based assay extensively used in cancer diagnostics. FC enables quantitative analysis of immune cells, tumor characterization, and treatment response assessment. It provides high-resolution insights into cell phenotypes and functions, allowing clinicians to monitor circulating tumor cells, cancer stem cells, tumor antigens, and immune subsets in blood, tissue, or bone marrow over time (297). Traditional methods for analyzing the TIME, such as manual assessment of TILs, are labor-intensive and subject to interobserver variability (298). Recent advancements have introduced AI-powered tools that enhance the precision and efficiency of TIME evaluation. For instance, an AI-based spatial analysis system has been developed to classify TIME into immune phenotypes: ‘inflamed,’ ‘immune-excluded,’ and ‘immune-desert’, which correlate with responses to immune checkpoint inhibitors in NSCLC patients (299). Additionally, deep learning frameworks like ImmunoAIzer have been utilized to characterize cell distribution and gene mutations within the tumor, facilitating a more comprehensive understanding of tumor-immune interactions (300). These AI-driven approaches enable high-throughput, objective, and reproducible analyses of the TIME, thereby informing treatment strategies and potentially improving patient outcomes.




6.4 Limitations of using AI in cancer diagnosis and therapy

Utilizing AI for cancer detection and therapy can provide complex multi-omics data, AI-powered models can uncover novel therapeutic targets and guide more precise, personalized treatment strategies. As AI continues to evolve and integrate into healthcare, its limitations and challenges must be carefully addressed, monitored, and managed to ensure safe and effective use. Although AI has potential in cancer diagnosis and therapy, its use also comes with drawbacks, such as the risk of inaccuracy and hallucinations. These issues often arise from outdated or poorly reviewed data, which can lead to misleading recommendations and suboptimal clinical decisions (301, 302). Data bias is a partially due to inaccuracy die to algorithms being trained in unrepresentative datasets that miss populations of patients, resulting in low accuracy of underrepresented groups, increasing the potential for health disparities in marginalized populations (302, 303). The use of AI in oncology raises concerns about patient privacy and data security, especially when handling sensitive genetic information. Additionally, as clinical practices evolve or data distributions shift, AI algorithms may experience performance degradation over time, leading to inconsistent or unreliable outcomes (302, 304). Health care and research can work to overcome these new and constantly evolving limitations by improving accuracy and reducing errors by stringently reinforcing the hybrid approaches that integrate AI predictions with clinician oversight which often referred to as ‘human-in-the-loop’ models. This approach helps reduce errors and build trust in AI-driven recommendations (305, 306). To reduce bias and reduce health disparities, mitigating bias and promoting equity through training AI algorithms on large, diverse, and representative datasets helps minimize bias and improve outcomes for underrepresented populations (307). Federated learning enables models to learn from data across multiple institutions without sharing raw patient information, thereby enhancing both data diversity and privacy (308, 309). In conclusion, overcoming the limitations of AI in cancer therapy requires a combined approach and leveraging technical solutions such as diverse datasets, explainable models, real-time monitoring, and federated learning, alongside systemic measures including workflow integration, regulatory clarity, data privacy, and cross-disciplinary collaboration—to support ethical, equitable, and effective clinical deployment.




6.5 Personalized care for patients

Personalized medicine (PM) refers to a medical approach that tailor’s prevention, diagnosis, and treatment strategies based on an individual’s unique biological characteristics, including genetic, epigenetic, proteomic, and metabolic profiles (310, 311). In oncology, PM uses molecular profiling of the patient and tumor to identify mutations and biomarkers, guiding targeted therapies that maximize efficacy and minimize side effects. For instance, breast cancer patients with HER2 overexpression benefit from HER2-targeted agents such as trastuzumab, while NSCLC patients harboring EGFR mutations or ALK rearrangements are treated with corresponding tyrosine kinase inhibitors. Adoptive Cell Transfer (ACT) therapy, including CAR T and tumor-infiltrating lymphocyte (TIL) therapy, represents a highly personalized approach to cancer treatment using a patient’s immune cells to enhance their anti-tumor response. CAR T-cells therapy involves engineering T cells to express synthetic receptors that recognize specific tumor antigens. In contrast, TIL therapy relies on expanding naturally occurring tumor-infiltrating lymphocytes that have already recognized cancer cells (312, 313). Using a patient’s own immune cells, ACT offers high specificity with minimal rejection risk. It has shown strong efficacy in blood cancers, with CAR T-cell therapies targeting CD19 achieving high remission rates in leukemia and lymphoma (314–316). However, outcomes in solid tumors remain less impressive due to challenges such as tumor heterogeneity, antigen escape, and the immunosuppressive nature of TIME (317–319). Regulatory T cells, MDSCs, and inhibitory cytokines in the TIME can limit ACT by suppressing T-cell function. To enhance efficacy, strategies like combining ACT with immune checkpoint inhibitors help counter immunosuppression and prevent T-cell exhaustion (320). Additionally, approaches targeting the TIME itself, such as depleting immunosuppressive cell populations (321) or modulating the tumor vasculature (322), are being investigated to create a more favorable environment for ACT.





7 Discussion

The TIME coordinates cell behavior, shaping the tumor and immune environments both individually and collectively. This review highlights how these microenvironments adapt to evade current immunotherapies and treatments in patients and clinical trials.

Regulating the TIME by balancing activation and suppression is key to improving therapies that boost the host immune response reducing tumor burden and prevent immune evasion (9). Despite ongoing advancements in treatment development, a deeper understanding of the mechanisms by which the TIME adapts to therapies is still needed to overcome treatment resistance and improve therapeutic efficacy. Advances in science and AI have driven personalized cancer therapies by enabling tailored screening and early diagnostics from patient samples (258, 286). Understanding TIME behavior allows researchers and clinicians to combine immunotherapies, AI-driven early detection, and dual treatments to reduce tumor burden and counter immune suppression.



7.1 Current challenges caused by the TIME

A key challenge currently being explored by researchers and clinicians is how to monitor the complex and heterogeneous cell populations that comprise the TIME.

The TIME consists of diverse cell types including immune, fibroblasts, epithelial, endothelial and matrix components that interact with tumor vasculature to promote growth and invasion. Variations in cell composition across TIME regions create distinct functional profiles that impact treatment response (15). Tumor heterogeneity includes intratumoral heterogeneity, which refers to the diverse cancer cell populations within a single tumor that can exhibit distinct genetic, molecular, and phenotypic traits. In contrast, intertumoral heterogeneity refers to differences observed across tumors from different individuals, even when diagnosed with the same cancer type (323). The variation within the heterogenous population leads to various treatment responses which can lead to resistance highlighting the difficulties of using standard of care treatments compared to more targeted therapies in PM.

TAAs are the target for specialized CAR T cell therapies used to activate T cells and the destruction of tumor cells (315). Within the heterogeneity of an individual TIME, tumor antigenic heterogeneity will reduce and impair the therapeutic efficiency of adoptive cell therapies, CAR T cell therapy is known for having significant implications of antigen escape occurs within a patient undergoing treatment (324). This escape mechanism can lead to the antigen escape and potential tumor recurrence and immune therapy resistance due to the heterogeneous TIME having the ability to downregulate the targeted antigen of the adoptive cell therapy for treatment (325). Demonstrating that antigen escape driven by TIME heterogeneity has shown to be a predictor of resistance and recurrence, with implications for therapy design and or monitoring (324). A potential tool to overcome this escape mechanism is to target multiple TAAs using CAR T therapy to improve treatment, called 4dem CARs (TanCARs). The development of TanCARs is using a CAR construct with two antigen recognition domains to target two different TAAs simultaneously (326). TanCARs have shown promise in preclinical and clinical studies, demonstrating more durable responses and lower relapse rates compared to monospecific CARs, particularly in cancers prone to antigen escape. Additionally, certain TanCAR designs enhance safety by requiring engagement of both antigens for full activation, increasing specificity and potentially reducing off-target effects such as cytokine release syndrome (326, 327). In a 2020 study, Tong and colleagues developed a series of TanCARs targeting CD19 and CD20, demonstrating that TanCAR7 T cells provide dual antigen coverage and induce a potent, durable anti-tumor response—helping to prevent relapse due to antigen escape following CD19- or CD20-targeted therapies. Notably, no cases of grade 3 or higher CAR T-cell-related encephalopathy syndrome (CRES) were reported during treatment of relapsed/refractory non-Hodgkin lymphoma (r/rNHL) (13, 328). While TanCARs offer enhanced activation through bivalent engagement, this increased signaling strength can sometimes lead to T cell exhaustion, reduced persistence, or heightened toxicity. Their effectiveness also depends on a minimum threshold of antigen expression; if one or both target antigens are present at low levels, the therapeutic response may be diminished. Moreover, in rare cases, tumors may escape treatment by downregulating or losing both antigens, leading to potential resistance even with TanCAR therapy (13, 327). TanCARs are currently in development at various stages within clinical trials. One such trial is NCT07032129, which targets BCMA/GPRC5D in patients with relapsed/refractory multiple myeloma (BAH2573).

TIME can inhibit anti-tumor immune responses by attracting immunosuppressive cells, such as regulatory T cells and myeloid-derived suppressor cells, and by enhancing the expression of inhibitory molecules on immune cells. The TIME can cause tumor-infiltrating T cells to become exhausted, impairing their ability to recognize and destroy cancer cells effectively (21, 127). Additionally, the TIME can increase the expression of immune checkpoint proteins, such as PD-1 and CTLA-4, on immune cells, further suppressing their activity. A study using the incorporation of doxorubicin with nivolumab showed a benefit, metastatic triple-negative breast cancer (TNBC) patients with a 23% objective response rate compared to PD-1/PD-L1 blockade in phase II clinical trial showed no benefit. This study also found that doxorubicin and cisplatin treatment induced the upregulation of genes involved in the T cell cytotoxicity pathway, establishing a link between the clinical activity of these agents and their capacity to regulate systemic immunity (329).

The potential barriers of the TIME have been linked to chemotherapy treatment and metabolic constraints, limiting the effectiveness of treatment and physical barriers created by the TIME (186). Decompression is another method used to reduce physiological pressure, improving oxygenation and reducing drug resistance (330). To overcome T cell exhaustion, strategies include blocking inhibitory receptors (e.g., PD-1, CTLA-4) and using epigenetic, transcriptional, metabolic, and cytokine-based therapies (331).




7.2 Future directions

Immunotherapies often work well with other therapies like surgery, chemotherapy, or radiation, which has become an effective treatment due to a simultaneous targeting mechanism that stimulates a host immune response to disrupt the TIME and overcome the immune suppression (332). This approach helps reduce drug resistance while offering multiple anti-cancer benefits, including slowing tumor growth, lowering metastatic potential, targeting mitotically active cells, decreasing cancer stem cell populations, and inducing apoptosis (333). However, the use of combination therapies has become a new line of treatment, due to the clinical benefits in certain cancers that previously had a poor prognosis (334, 335). Combination therapies tend to consist of one or more FDA-approved therapy agents that target similar pathways or mechanisms of cell death as they aim to improve patient outcomes. Combination therapy can reduce treatment costs through full or partial FDA-approved agents and repurposing existing drugs alongside novel therapies shows promise in reducing tumor burden (283). Nivolumab, a well-known immunotherapy and the first PD-1 inhibitor to be paired with classic chemotherapy, demonstrated superior overall and progression-free survival. The clinical trial showed benefits regarding an acceptable safety profile in combination with chemotherapy compared to chemotherapy alone and is now a new standard of first-line treatment for previously untreated patients with advanced gastric, gastro-esophageal junction, or esophageal adenocarcinoma (336).

The incorporation of AI into monitoring approaches for the TIME of cancer patients before, during, and after the treatment duration which can help prevent recurrence of various cancer types by detecting when tumor cells become less responsive to previous therapies in near real time (255). While traditional cancer monitoring remains standard, integrating early relapse detection, adaptive precision medicine, and real-time toxicity prevention can greatly improve outcomes. This requires better data interoperability and machine learning models that ensure privacy, explainability, safety, and accountability. With improved data integration and collaboration, AI can reduce treatment complications and enhance cancer care effectiveness. The use of immunotherapy in cancer treatment is rooted in significant advancements in understanding the key mechanisms behind T-cell activation and suppression. Innovative therapies, such as CAR T cells, CAR NK cells, and CAR M cells, are showing potential in effectively targeting solid tumors (312). The complex TIME poses significant challenges for developing universal cancer therapies and can lead to unintended side effects, such as immune-related adverse events, complicating treatment efforts. Our understanding of the TIME is still incomplete, with many aspects of its biology yet fully explored. These challenges underscore the importance of ongoing research to deepen our knowledge of the TIME and develop safer, more effective therapies.
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ESCC PD-L1 cohort

PD-L1<50%
(N=188)

PD-L1> 50%
(N=32)

Age (years)

Mean + SD 66.5 + 8.1 66.7 + 8.1 654 7.0
Gender, n (%)

Female 45 (20.5) 37 (19.7) 8 (25.0)

Male BMI 175 (79.5) 151 (80.3) 24 (75.0)

Mean + SD 22.56 + 3.31 22.53 +3.28 22.76 + 3.51
Smoking history, n (%)

No 127 (57.7) 109 (58.0) 18 (56.2)

Yes 93 (42.3) 79 (42.0) 14 (43.8)
Drinking history, n (%)

No 136 (61.8) 115 (61.2) 21 (65.6)

Yes 84 (38.2) 73 (38.8) 11 (34.4)
Hypertension, n (%)

No 7 124 (56.4) 106 (56.4) 18 (56.2)

Yes 96 (43.6) 82 (43.6) 14 (43.8)
TNM Stage, n (%)

I 19 (8.6) 16 (8.5) 3(9.4)

il 95 (43.2) 83 (44.1) 12 (37.5)

111 94 (42.7) 78 (41.5) 16 (50.0)

v 12 (5.5) 11 (5.9) 1(3.1)
Grade, n (%)

G1 20 (9.1) 15 (8.0) 5 (15.6)

G2 139 (63.2) 124 (66.0) 15 (46.9)

G3 61 (27.7) 49 (26.1) 12 (37.5)
Neurovascular invasion, n (%)

No 123 (55.9) 104 (55.3) 19 (59.4)

Yes 97 (44.1) 84 (44.7) 13 (40.6)
Tumor size

Mean + SD 1231 +9.48 1221 +9.76 12.89 + 7.74
Adjuvant radiotherapy, n (%)

No 135 (61.4) 117 (62.2) 18 (56.2)

Yes 85 (38.6) 71 (37.8) 14 (43.8)
Adjuvant chemotherapy, n (%)

No 121 (55.0) 107 (56.9) 14 (43.8)

Yes 99 (45.0) 81 (43.1) 18 (56.2)
Overall survival (months)

Median 24.65 2443 26.03
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Age (years)

ESCC immunotherapy cohort

Non-responder
(N=39)

Responder
(N=36)

Mean + SD 67.04 + 856 | 6823 +8.73 65.75 + 8.31
Gender, n (%)

Female 10 (13.33) 4(10.26) 6 (16.67)

Male BMI 65 (86.67) 35 (89.74) 30 (83.33)

Mean + SD 2198 +2.88 | 2193 +295 22,02 + 2.86
Smoking history, n (%)

No 49 (65.33) 28 (71.79) 21 (58.33)

Yes 26 (34.67) 11 (28.21) 15 (41.67)
Drinking history, n (%)

No 55 (73.33) 30 (76.92) 25 (69.44)

Yes 20 (26.67) 9 (23.08) 11 (30.56)
Hypertension, n (%)

No 49 (65.33) 27 (69.23) 22 (61.11)

Yes 26 (34.67) 12 (30.77) 14 (38.89)
TNM Stage, n (%)

il 49 (65.33) 25 (64.10) 24 (66.67)

v 26 (34.67) 14 (35.90) 12 (33.33)
Treatment strategy, n (%)

Immunotherapy = 4 (5.33) 4(10.26) 0 (0.00)

Immunotherapy | 71 (94.67) 35 (89.74) 36 (100.00)
+Chemotherapy
PD-L1/PD-1 inhibitor, n (%)

Sintilimab 59 (78.67) 30 (76.92) 29 (80.56)

Camrelizumab 10 (13.33) 4 (10.26) 6 (16.67)

Tislelizumab 6 (8.00) 5(12.82) V 1(2.78)
Progression-free survival (months)

Median 1427 13.33 14.42

(95%CI) (11.97-16.56) | (9.64-17.03) (11.76-17.08)
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Antibody Manufacturer Catalogue OPAL

# dye assigned
CD20 Cell Marque 120M-84 Opal 480
CD3 Cell Marque 103R-95 Opal 520
Foxp3 Biolegend 320102 » Opal 570
Foxp3 Abcam ab450 Opal 570
CD4 ‘ Novus NBP2-46149 Opal 620
Ki-67 Cell Marque 275R-15 Opal 690
CD8 | Cell Marque 108M-94 » Opal 780
DAPI (nuclei)

The order of the antibodies listed is the order that the antibodies were added used in the
cyclical staining procedure Opal procedure.
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